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Abstract 

While there is immense support for the concept of “early warning early action” 

around the world, predictable extreme weather and climate events continue to wreak 

havoc every year. Recognizing that much more can be done for those events that have 

a reasonable level of predictability in the window of time between a forecast and a 

potential extreme event, humanitarians have developed Forecast-based Financing 

(FbF) systems, which guarantee funding for forecast-based actions. In such a system, 

forecast “triggers” are defined in advance, and specific actions are pre-approved to be 

funded immediately when the forecast trigger shows a high enough probability of the 

extreme event.  

 

This thesis covers the development and rapid growth of FbF in the humanitarian 

sector, beginning with the first Red Cross pilots in 2015, and concluding with a 

summary of the most challenging ethical decisions facing FbF as it is now implemented 

at scale around the world.  

 

We begin with a theoretical framework from 2015, written before any of the FbF 

pilots, explaining the rationale and expectations for the development of an FbF system. 

Following the FbF projects that have grown to more than 20 countries, the main four 

chapters tackle operational questions from the ground on how to connect forecasts to 

disasters. This includes an analysis of seasonal rainfall forecasts in Africa, to estimate 

how much early indication they can give for both floods and droughts. Looking globally, 

we analyze where heatwaves and coldwaves are predictable before they happen, and 

what type of early actions can be taken in which regions. In the context of one pilot 

project in Uganda, we verify a forecast with limited data, to set triggers for action. We 

conclude with a review of FbF in the context of humanitarian principles and decision 

making. 
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Preface  

 

 

 

 

 

The problem with forecasts, A letter to disaster managers 

 

Now, I know that you are a disaster manager, but let’s pretend for a minute that 

you are an air traffic controller.  

As an air traffic controller, you are responsible for ensuring that airplanes land 

safely at the airport. At the moment, there is a Boeing 787 Dreamliner scheduled to 

land at the Nairobi airport at 8:00. To ensure that everything goes well, you check the 

weather forecast for that airport. For this airplane, the Dreamliner, the manufacturer’s 

note says that it needs a visibility of 3 miles or more. The forecast says that visibility 

is likely to be less than 3 miles at 8:00, but it is likely to be higher than 3 miles by 

9:00. You therefore call the pilot and tell her to slow down and make the landing at 

9:00. 

You did a great job; the landing was perfect.  

 

This seemed like a very simple task, but it had 4 critical components. 

1 You knew what level of visibility was a problem for the airplane. 

2 You got the forecast, which turned out to be good. 

3 You compared the forecast to the level of visibility and you identified the likelihood 

of a problem. 

4 You told the pilot what to do to avoid the potential problem, in time for them to 

act. 

 

This sounds fantastic, and there are a lot of people, possibly including yourself, who 

are very excited to use forecasts to avoid potential disasters. See chapter 2 for an 

introduction to the theory of Forecast-based Financing, which is designed to take early 

action automatically when a forecast arrives. 

So, let’s return to your job, and the world of disasters. Can we achieve this? 

The first step in the airplane story is to identify what would be a problem; in our 

case, it is to identify disasters. This is not too hard - there are unfortunately a lot of 

them. When we began work on Forecast-based Financing, we identified many 

hydrometeorological disasters that could potentially benefit from forecast-based action. 

You might remember some of these: 

• In Mozambique in 2000, there was a devastating flood, in which 700 people 

lost their lives.  
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• In Peru, a cold wave in 2015 killed 65,000 alpacas and devastated the 

livelihoods of the farmers in the Andes.  

• In Bangladesh, at least 30 people died in a cold wave in 2018.  

• In East Africa, a drought in 2011 affected 9.5 million people.  

• In northeast Uganda, a 2007 flood displaced 58,000 people. 

 

To anticipate these disasters, the next step is for us to get the forecast. This one, 

you have covered. You receive forecasts from your government, often over email, but 

you also get information from the news and forwarded from colleagues. Sometimes they 

are seasonal forecasts, sometimes forecasts for rain or temperature in the coming days. 

You can understand them; the text is written in plain English. You trust the forecasts, 

and you are aware that they are not certain; there is a probability that the extreme 

event will happen, and a probability of the extreme event will not happen. You are 

aware of the risk of acting in vain. 

 

Perfect. Next, you compare the forecast to the disaster. And suddenly, everything 

falls apart. 

  

First, some forecasts do not seem to be saying anything about the disaster itself. 

• Seasonal rainfall forecasts are talking about “total seasonal rainfall”. You 

have no idea how that relates to the floods in Mozambique and Uganda. In 

fact, higher total seasonal rainfall is linked to more flooding, but the strength 

of this link can be rather small depending on the location. See chapter 3 for 

a more detailed explanation. 

• Maybe seasonal rainfall forecasts are important for drought, such as the 2011 

East Africa drought, which seems like a seasonal phenomenon. You are 

correct about this, but most seasonal forecasts do not give a very strong 

indication of drought on their own, and it might be more useful for you to 

combine these forecasts with observed rainfall. See chapter 4 for more 

information. 

 

Second, many other forecasts are specifically talking about disastrous events, like 

heatwaves or floods, but it is not clear whether you should use them to take action. 

• Forecasts of extreme cold in the next few days seem extremely important, 

but can weather models really predict a cold wave in the Andes or in 

northwest Bangladesh? Unfortunately, it turns out that the forecasts do not 

have the ability to predict cold waves well in those regions. We learned this 

the hard way, trying to do a Forecast-based Financing project for coldwaves 

in these regions! However, extreme heat and extreme cold are predictable in 

many other places; see chapter 5 for more information. 
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• In north-eastern Uganda, where the floods happened in 2007, there are no 

local flood forecasts. You are wondering whether forecasts from a global 

producing centre could be useful. In fact, the Global Flood Awareness system 

can give an indication of a likely food in northeast Uganda, with about 50% 

chance of acting in vain. See chapter 6 for more information. 

 

The point of this letter is that these two problems are not your fault, but they need 

to be researched further to help set up Forecast-based Financing systems.  

To address the first problem, it is becoming more common for scientists to develop 

“impact forecasts”, in collaboration with sectoral agencies and disaster managers such 

as yourself. These forecasts combine the forecast of a flood, for example, with 

information about where people live and how vulnerable they are. This allows you to 

identify and support the people who are most likely to be affected, before the hazard 

strikes, and to save lives and livelihoods. Impact forecasts now form the basis of many 

Forecast-based Financing systems. Collaboration between you, the national hydro-met 

services and other national and international agencies involved in the production and 

dissemination of these forecasts can help advance the development, which will provide 

tailored information about extreme events and their likely impacts. 

To address the second problem, forecasters are comparing their forecasts with what 

happened in the past. It is critical to request this verification information when setting 

up a Forecast-based Financing system, to understand the likelihood of acting “in vain” 

when using a forecast to take action. 

Ultimately, the interest from disaster managers such as yourself in being able to 

take action before a disaster event has been overwhelming, and it has inspired an entire 

movement of people. This collection of works explains the theory behind Forecast-based 

Financing as a technique to ensure that we do reliably take action when we receive a 

forecast of potential impact. It focuses on overcoming some of the barriers in connecting 

forecasts with disaster events, intending to inform the operations of several Forecast-

based Financing projects around the world. Forecast based financing allows taking 

action before the actual disasters occur, which can not only save lives but also protect 

livelihoods and save resources. 
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1 Introduction 

1.1 Overview and reading guide 

“Forecast-based Financing” as a concept was first inspired by index insurance, which 

offers automatic insurance payments to farmers when a hydrometeorological extreme 

event happens. The idea that automatic humanitarian financing could be made 

available ahead of disasters based on forecasts of extreme events has captured the 

attention of many practitioners and policy makers since 2012. Despite some lack of 

enthusiasm for the (mouthful) name “Forecast-based Financing (FbF)”, the idea has 

rapidly gained traction. 

At the time of writing, there are more than 16 National Red Cross and Red Crescent 

Societies developing FbF protocols. In terms of funding, the Red Cross Red Crescent 

Movement established a global funding mechanism in 2018, the UN Food and 

Agriculture Organization has developed an Early Action Fund, and the START 

Network of non-governmental organizations (NGOs) has an Anticipation Fund. At the 

national level, many governments now have funding streams that can be accessed to 

prepare for disasters, such as in the Philippines, where the government has instituted 

a local disaster risk management fund that can be used for preparedness and response. 

Chapter 2, the first paper in this thesis, provides an overview of the FbF concept. 

This article reviews the literature that existed in 2015 when the first pilots in the Red 
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Cross Red Crescent Movement began, and it describes FbF as it was envisioned at the 

time of publication. While Chapter 2 provides a formal introduction to the FbF 

concept, the remainder of Chapter 1 provides an update on relevant literature that has 

been published since 2015, as well as experiences from FbF projects on the ground over 

the last few years. 

The following Chapters 3-6 cover several scientific questions that emerged during 

the pilot FbF projects around the world.  

In Chapter 3, we start with the seasonal timescale, examining the connection 

between seasonal rainfall and local flood hazards of interest. While there is great 

interest in using seasonal forecasts for flood preparedness, this paper reflects on some 

of the changes that can be made to develop seasonal forecasts that are a better 

indication of hazard probability than the original forecasting systems. 

In Chapter 4, we consider drought forecasting at the seasonal timescale. Drought is 

complex because the link between the hydrometeorological event (lack of water) is 

mediated by a chain of factors (e.g. accessibility of imported food) before it results in 

human impacts. In this paper, we examine the role of other risk factors in mediating 

the link between rainfall and impact, quantifying the results for several areas of East 

Africa. 

Chapter 5 takes a global view of heatwaves and coldwaves, which have major 

impacts around the world. Many actions can be taken in the short term to prepare for 

these events, and in this paper, we examine the skill of temperature forecasts around 

the world to identify areas where early warning systems are likely to make a big 

difference. 

Chapter 6 describes a real-world application of FbF, in one of the first pilot locations 

in Uganda. This paper evaluates the skill of a global hydrological forecast for a data-

scarce region of Uganda, and it identifies a trigger level that has been used operationally 

since that time. 

Based on these experiences, the concluding Chapter 7 takes a step back and provides 

a critical reflection on the concept of FbF. We take a sociological and ethical 

perspective on the barriers to early action, discuss the difficulties that have been 

encountered by our FbF teams, and outline ethical challenges that are faced by 

humanitarians in this line of work. 

The rest of this introductory chapter provides an update on the scientific literature 

and the real-world projects that have happened since 2015. We focus on three major 

areas of interest, and we provide a reflection on future priorities in each area: 

• Hydrometeorological forecasting 

• Linking forecasts to impact 

• Early action. 
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1.2 Hydrometeorological forecasting 

Weather forecast skill continues to improve at a steady pace, including skill in 

forecasting extreme events (see Bauer et al. 2015 for a review of advances in numerical 

weather prediction). Some of the recent advances have been due to the increased 

resolution of numerical models, as well as improvements in cloud feedbacks (Bony et 

al. 2015; Murakami et al. 2016). Seasonal forecasts have seen a less rapid improvement 

in skill over time; skill remains highly dependent on region and season (Barnston et al. 

2010). A comprehensive review of how forecast skill has changed over time, across 

forecast timescales, hazards, and world regions, would be of interest to the FbF 

community. 

One of the key contributions towards improved forecasting capability has been an 

improvement in “observational” data, for use in both assimilation and verification of 

model results. There are now several products available that combine both observation 

and satellite data, with the aim of providing services to society (Dinku et al. 2017). 

Reanalysis data is a simulated record of weather/climate over time based on the 

observations that are available, and the reanalysis is used as proxy for observations in 

many data-scarce areas. These datasets have also continued to improve, and there have 

been specific studies evaluating how well they capture extreme events (Hodges et al. 

2017). 

Beyond weather and climate forecasting, the last few years have seen the advent of 

global hydrological models, enabled by advances in computing power. An overview of 

the usefulness and limitations of these models is provided by Ward et al. 2015), 

including an example from FbF. One of the most prominent of these models, largely 

due to the open access of its data, is the Global Flood Awareness System (GloFAS) 

(Alfieri et al. 2013), which has in recent years expanded to seasonal lead times (Emerton 

et al. 2018). 

GloFAS formed the basis of the flood trigger for Uganda Red Cross in one of the 

first FbF pilots in the Red Cross Red Crescent Movement. Funded by the German Red 

Cross and the German Government, this was part of a larger Climate Change 

Adaptation project in northern Uganda. The first activation happened in late 2015, in 

which communities received non-food items to prepare for floods. Surveys indicated a 

marginal improvement in outcomes among the recipient population, and Jjemba et al. 

2018 provide a full description of the event and ideas for improvement. A new FbF 

programme in Uganda is starting in 2018; funded by the IKEA Foundation, this 

programme aims at scaling FbF across the country so that the most vulnerable people 

will be supported when there is an extreme forecast. 

Uganda Red Cross also demonstrated how FbF yields learning from practice. For 

instance, Uganda was the first to experience a “false alarm” in a forecast-based financing 

system, as a GloFAS forecast triggered action in 2016 but no flooding happened. After 

the items (chlorine tablets, soap, jerry cans) had been distributed, the consensus among 

the Uganda Red Cross was that the items would be useful anyway to the local 
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population. Another example of how these systems have been tested is the most recent 

flooding event in 2018, which was indeed forecasted by GloFAS. However, due to a 

glitch in the communication system there was no warning sent to Uganda and therefore 

no early action was taken. In the next stage of scaling up FbF, the team intends to 

carefully review the warning protocols to ensure this does not happen again. 

The other “first” pilot took place in Togo, focused on flooding on the Mono river. In 

this situation, the water flow is mediated by a hydropower dam on the river. The 

project teams developed a collaboration with the hydropower dam operators to ensure 

that early warnings now reach the people living downstream of the dam before it opens 

the floodgates. Collaborating with the meteorological and hydrological services, they 

also developed a self-learning algorithm to help forecast which locations are likely to 

be inundated based on the amount of water forecasted to move downstream. This 

project took advantage of the ability of community members to pass information about 

water levels to downstream neighbours, which has proven effective in other regions as 

well (Smith et al. 2017). 

These pilots focused specifically on short and medium-term forecasts (less than 2 

weeks), but many other locations have expressed a need for longer lead times. One of 

the major trends of recent years has been a move towards “seamless” forecasting, in 

which models are unified to forecast weather and climate across lead times, from days 

to decades (see Wheeler et al. 2017 for an example of current predictability as a function 

of lead time in two models). Extended lead times in the “seasonal-to-subseasonal” range 

(S2S) is highly welcomed by the humanitarian sector. An overview of applications of 

S2S forecasts, including a review of the humanitarian sector, is available in White et 

al. 2017. Recent studies have also examined the predictability of extremes at the S2S 

timescale e.g. (Doss-Gollin et al. 2018). 

The FbF project in Peru put a strong emphasis on S2S and seasonal forecasts 

because of useful predictability of heavy rainfall caused by El Nino in the region. During 

the El Nino of 2015-2016, the FbF project successfully triggered early action based on 

seasonal and sub-seasonal forecasts. Heavy rainfall did not materialize, but residents 

were grateful that their reinforced homes did withstand heavy rainfall in 2017.  

S2S forecasts that forecasted an extreme event at a long lead time, and then 

“changed their mind”, showing no forecast of the event at a shorter lead time, was a 

surprise to humanitarian practitioners in Peru. This experience was instrumental in the 

development of a “Stop Mechanism” explicitly in FbF plans, so that teams are 

instructed to stop acting if an updated forecast shows that there is no longer a 

probability of the extreme event. This mechanism is quite useful when acting based on 

low-probability long-lead-time forecasts, such that the teams can, for example, begin 

transporting materials but return to the warehouse if the forecast changes direction. 

For the future, the experiences from these FbF programmes have helped identify 

several priorities for the development of improved hydrometeorological forecasts, 

alongside many lessons on how to select actions at different lead times and forecast 
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confidence levels. First, forecast verification information should be made publicly 

available by both global and local forecasting centres. This is critical for humanitarians 

understand the risk of “acting in vain”, to assign appropriate actions to the skill of the 

forecast. Attention should be paid to appropriate benchmarking for skill assessment 

(Pappenberger et al. 2015), and forecasters should assess skill specifically for extreme 

events (Coughlan de Perez et al. 2014). Forecasts that are made publicly available for 

people to use should be recalibrated for reliability, so that the probability issued to the 

public is the probability of the event happening (e.g. when there is a forecast of 50% 

chance of rain, it will rain 50% of the time) (Barnston et al. 2010). 

Once we understand the skill of current forecasts for extreme events, there are many 

possibilities for improving the quality of forecasts. The WMO World Weather Research 

Programme (WWRP) has committed to improving numerical methods, coupling 

strategies, assimilation methods, and observational and model data information 

exploitation, including post-processing (WMO 2017). In terms of major changes to 

climate models, the ongoing debate about how best to improvements presents three 

options: unified high-resolution models, hierarchies of models, and a pluralist approach 

to developing many diverse models (Katzav and Parker 2015). The integration of 

currently-siloed earth system models, e.g. combining volcanic models with atmospheric 

models to forecast ash fall, and research into compound events, will also be a major 

advancement in future years (Zscheischler et al. 2018). 

Continued investment in observational data, satellite data assimilation, and local 

hydrometeorological capacity will be important to improve forecasts in many of the 

most under-served regions of the world (Venäläinen et al. 2016). Inclusive governance, 

data sharing, and forecast communication will be critical considerations when designing 

future technological improvements, essential to fully capture the societal benefits of 

investments in meteorological forecasting capacity. 

 

1.3 Linking forecasts to impact 

In the past few years, one of the largest trends in the forecasting community has 

been a focus on climate and weather “services”. This acknowledges the importance of 

the user community in co-developing forecast products, and the connection between 

weather and climate timescales (Coughlan de Perez and Mason 2014; Goddard 2016; 

van den Hurk et al. 2016). 

Because user communities are interested in weather impacts, the forecasting 

community has moved slowly towards exploring “impact-based forecasting”. Instead of 

forecasting what the weather will be, the goal is to forecast what the weather will do. 

In the UK, this has been piloted for several hazards; for example, mortality curves are 

combined with temperature forecasts to communicate the risk of heatwave and  

coldwave deaths (Masato et al. 2015). Researchers have also experimented with direct 
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forecasting of winter weather impacts using large-scale climactic drivers (Palin et al. 

2016). 

This type of impact-based forecasting is an essential support to FbF work. In the 

first FbF pilots, research teams identified a specific “danger level” that was associated 

with impact in a single community. This, however, does not capture the different types 

of impact that can be expected with different magnitudes and duration of weather 

events, nor is it feasible to calculate a single danger level for each hazard for each 

community in the world. Therefore, FbF pilots have slowly moved towards impact 

forecasting, combining hazard information with vulnerability curves to anticipate the 

places that are likely to see the largest impacts. 

One of the most significant events that helped establish this change in paradigm 

was Cyclone Dineo that hit Mozambique in early 2017. The FbF Mozambique project 

had defined specific cyclone danger levels for several communities in the north, but 

Dineo made landfall in the south, and therefore the FbF actions were not triggered. 

Learning from this, new FbF programming has focused on “forecast-scale” interventions, 

to ensure that they are ready to act anywhere that is forecasted to see impact from an 

extreme event. 

Later that year, the Mongolia Red Cross FbF pilot implemented this new approach. 

During the winter of 2017-2018, the Mongolian government released a national impact 

forecast that combined local vulnerability information about livestock conditions with 

information about forecasted winter conditions. This “dzud risk map” was used to 

trigger humanitarian intervention for the most vulnerable families across the country, 

marking the first use of a new large-scale trigger methodology that differed from the 

first Uganda and Mozambique experiences. Both the Mongolia Red Cross and the Food 

and Agriculture Organization supported vulnerable communities based on the forecast, 

and preliminary evaluation results from FAO indicate that the early intervention 

corresponded to a return on investment of 7 times the invested funding. 

To do such impact forecasting, people need information on the relationship between 

hazard magnitudes and impact. Recent research in this field has explored depth-damage 

functions (Huizinga et al. 2017) and vulnerability functions (Porter and White 2016). 

Beyond simple one-to-one relationships, there have also been recent advances in more 

complicated impact modeling applications. This includes crop modeling for index 

insurance (Sharma and Hohl 2015) as well as infectious disease modeling (Metcalf et 

al. 2017). Separating events into sub-hazards, such as storms into wind/rain/storm 

surge, can also help identify the types of impacts associated with different combinations 

of sub-hazards (Mahar Francisco Lagmay et al. 2015). Graphical interfaces that 

combine vulnerability and exposure data with long-term hazard information have also 

become more popular in recent years (e.g. Pranantyo et al. 2016).  

In terms of future priorities, it seems likely that impact-based forecasting will 

become a large theme in the forecasting world. It is a priority of the World 

Meteorological Organization (WMO 2015), and the European Centre for Medium 
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Range Weather Forecasts has included this in their bid for the next 10 years’ 

investment in forecasting. 

One of the critical priorities for FbF in this context is the ability to meaningfully 

reduce the impact of extreme events before they happen. In recent years, disasters are 

causing less mortality, while causing greater material costs (CRED 2018). Some of the 

most impactful extreme events happen in conflict situations, where people are especially 

vulnerable due to the extenuating circumstances. FbF will need to design meaningful 

actions that are appropriate for the most vulnerable contexts and address the most 

damaging impacts of extreme events. 

In the context of long-term climate change, FbF can be a critical adaptation to 

increasing probabilities of extreme events. It is also relevant to the discussions on loss 

and damage from climate change, as many stakeholders see disaster risk management 

as the way to address loss and exposure, using a combination of risk reduction, risk 

transfer, and risk retention (Boyd et al. 2017). 

 

1.4 Early Action 

In recent years, there has been a growing push to stop using the term “natural” 

disaster, because disasters only happen when there is vulnerability and exposure to 

extreme events, and these factors are not “natural” but at least partly the result of 

human choices (e.g. Sandstrom and Juhola 2017). One of the most recent influential 

pieces on this topic has been the Dull Disasters book by Clarke and Dercon (Clarke 

and Dercon 2016), which has shaped the strong push towards early action and risk 

management in the humanitarian sector. 

In recognition of this, there have been several new funding models developed in the 

humanitarian sector to ensure that resources are available for early action. After the 

recent Ebola crisis, humanitarians developed the Pandemic Funding Facility to ensure 

that rapid financing is available to tackle emerging pandemics before they spread. 

Similarly, a new Forecast-based Action fund was launched in 2018 by the Disaster 

Relief Emergency Fund of the International Federation of Red Cross and Red Crescent 

Societies. First capitalized by the German government, this multilateral fund ensures 

that rapid financing is available to all pre-approved Early Action Protocols (EAPs) in 

the Red Cross Movement. In the NGO sector, the START Network, a network of 42 

NGOs, has developed an Anticipation Fund that is available to all member 

organizations. This fund does not pre-agree on triggers; instead it has a rapid consensus 

process to release funding whenever an alert is raised by one of the member NGOs. 

Wilkinson et al. 2018 provide an overview of the current state of Forecast-based Action 

in the humanitarian sector. 

When it comes to the early actions, cash transfers have become an increasingly 

popular form of support by both humanitarians and development organizations 

(Bastagli et al. 2016). The FbF pilot by the Bangladesh Red Crescent agreed to make 

http://www.extremeearth.eu/
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cash transfers to vulnerable people based on cyclone and flood forecasts in recent years. 

While the advent of mobile money has helped enable these cash transfer systems, the 

set up required careful planning. In 2016 the transfer system was not set up in time to 

deliver cash transfers based on a forecast, but it did enable rapid cash transfers after 

the event. In 2017, cash was successfully delivered to people based on the forecast of 

Cyclone Mora and again based on a forecast of flooding along the Brahmaputra River. 

Recent analysis (Gros et al., publication in preparation) has indicated that the people 

who received cash before flooding were less likely to take out high-interest loans, and 

they were more likely to eat healthy and sufficient food during the disaster. 

The Peruvian team developed two Early Action Protocols (EAPs) for FbF; one for 

cold waves in the Andes and one for floods in the Amazon. After a series of false alarms 

for the cold waves in 2016, the team analysed additional data from historical forecasts 

and observations to update the trigger with a higher threshold. In June 2018, this 

successfully activated a distribution of veterinary kits in the mountains, and when the 

cold wave occurred after the distribution, the government declared a state of 

emergency. Evaluations are currently ongoing as to the impact of the distribution. In 

the Peruvian Amazon, there has been no flooding in the last three years, and there 

have been (correctly) no triggers either. 

To select appropriate actions that will reach those who need support, humanitarians 

working on FbF have collaborated with governments and development agencies. There 

is increasing interest in the overlap between FbF and “anticipatory” social protection 

systems. Because social protection systems already have mechanisms to provide support 

to the most vulnerable members of society, it is hoped that they could provide a 

platform to increase support when there is a forecast of an extreme event. For further 

analysis of this potential opportunity, see Costella et al. 2017. Crisis modifiers have 

also been introduced in many development programmes, and these offer a mechanism 

for development workers to act on forecasts of extreme events that could otherwise 

derail their work (Peters and Pichon 2017). 

Beyond international humanitarian and development groups, however, country and 

local governments are needed to sustain and develop effective FbF systems. The World 

Food Programme has been piloting FbF work around the world, and it has supported 

the capacity of government institutions to analyse and use early warnings. Their 

FoodSecure programme released funding in 2015 when drought risk was high in 

Guatemala and Zimbabwe; this programme also provides early response and recovery 

funding to support the entire cycle of disaster response. FbF is one component of an 

entire disaster risk management cycle, which should include long-term risk reduction, 

forecast-based action, and disaster response/recovery. 

In terms of priorities for future research, the greatest current need is information 

on what actions are both feasible and valuable to do based on an early warning. While 

there is evidence that early action can be beneficial, it is difficult to identify which 

actions are worth implementing in specific contexts. For example, in Bangladesh, it is 

not clear whether distributing cash based on a forecasted disaster is just as good as 
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distributing cash immediately after the disaster hits. The evidence base on early actions 

is small, often lacking comparison benchmarks to what would have happened without 

the early action, and whether the early action was better than a very quick response 

after the event happens (recognizing that in many cases, significant response funding 

currently only arrives much later). While the theory in Chapter 2, written about FbF 

in 2015, applies a quantitative cost-benefit analyses, in practice most of the FbF pilots 

have relied on qualitative assessment of costs and benefits due to this paucity of 

information. 

Within early action programming, there are also certain regions and hazards that 

are particularly under-addressed. Urban areas are often not the focus of FbF 

programmes, but they contain most of the world’s population and suffer enormously 

from disasters. Heatwaves are steadily increasing in frequency and severity in most of 

the world due to climate change, and FbF systems for heatwaves have the potential to 

save many lives. Increased attention to both urban areas and heatwaves in future FbF 

programming would support many of the world’s most vulnerable people. 

 

1.5 Conclusion 

Ultimately, there is enthusiasm for early action, and the development of FbF 

programming has benefited from a great deal of learning and piloting over the last few 

years. These recent experiences have guided current investments and highlighted the 

areas in which FbF has potential to reduce disaster impact. The desire to ensure there 

are no “natural” disasters will continue to motivate investment in the disaster risk 

management portfolio, of which FbF forms a small part, in a spectrum that still needs 

a much larger effort to reduce disaster risk as part of regular development, but will also 

continue to require disaster response, recovery and reconstruction for the hazards that 

cannot be forecast, or where it’s simply not possible to cost-effectively reduce 

vulnerability and exposure. FbF programming has also helped shape recent investments 

and priorities for forecasting architecture, and these pilot projects have created 

meaningful interdisciplinary collaborations to design early warning systems. 

The following papers will begin with an introduction to the FbF concept and review 

of the literature at the time that it was beginning in the Red Cross Red Crescent 

Movement (Chapter 2), followed by several of the scientific questions that the pilot 

projects grappled with over the years (Chapters 3-6). We finish with a conclusion 

reflecting on some of the more difficult behavioural and ethical challenges in this field 

of work. 
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2 Forecast-based Financing: An approach for catalyzing 

humanitarian action based on extreme weather and 

climate forecasts1 

Abstract 

Disaster risk reduction efforts traditionally focus on long-term preventative measures 

or post-disaster response. Outside of these, there are many short-term actions, such as 

evacuation, that can be implemented in the period of time between a warning and a 

potential disaster to reduce the risk of impacts. However, this precious window of 

opportunity is regularly overlooked in the case of climate and weather forecasts, which 

can indicate heightened risk of disaster but are rarely used to initiate preventative 

action. Barriers range from the protracted debate over the best strategy for intervention 

to the inherent uncomfortableness on the part of donors to invest in a situation that 

will “likely” arrive but is not certain. In general, it is unclear what levels of forecast 

probability and magnitude are “worth” reacting to. Here, we propose a novel forecast-

based financing system to automatically trigger action based on climate forecasts or 

                                      
1 The contents of this chapter are based on: Coughlan de Perez, E., van den Hurk, B., van Aalst, M. 

K., Jongman, B., Klose, T., & Suarez, P. (2015). Forecast-based financing: an approach for catalyzing 

humanitarian action based on extreme weather and climate forecasts. Natural Hazards and Earth System 

Sciences, 15, 895–904. doi:10.5194/nhess-15-895-2015 
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observations. The system matches threshold forecast probabilities with appropriate 

actions, disburses required funding when threshold forecasts are issued, and develops 

Standard Operating Procedures that contain the mandate to act when these threshold 

forecasts are issued. We detail the methods that can be used to establish such a system, 

and provide illustrations from several pilot cases. Ultimately, such a system can be 

scaled up in disaster-prone areas worldwide to improve effectiveness at reducing the 

risk of disaster. 

 

2.1 Introduction 

“Early warnings” of heightened risk, such as storm forecasts indicating enhanced 

risk of flooding, are often available at several lead times prior to an extreme weather 

event. These provide a window of time to reduce the potential societal consequences 

from such an event. Different types of action can be taken in this time window, such 

as evacuation, or distribution of water purification tablets. Each of these actions has 

its own level of cost, focus scope and preparation needs; a mixture of such actions can 

increase resilience to hazards, both prior to and during the immediate threat of a 

disaster. Most evaluations of preventative action demonstrate that avoided disaster 

losses can at least double or quadruple the investment in risk reduction (Mechler 2005). 

However, the chance exists of a “false alarm” in which the most likely forecasted scenario 

does not materialize. What is the process by which stakeholder can select an 

appropriate action in the time frame allowed by an early warning, given this risk of 

acting in vain at a false alarm? Here, we offer a methodological approach to answer 

this question, addressing the gap that exists in the use of hydrometeorological early 

warning information to trigger disaster risk reduction actions in timescales of hours to 

months between a climate-based warning and a disaster. 

Originally, humanitarian institutions were created with a mandate to respond to 

disasters only after they had occurred. Over the last few decades, the discourse has 

shifted to acknowledge disaster risks in long-term development projects and plans; 

particularly after the Hyogo Framework for Action was signed in 2005 (Manyena 2012). 

Currently, disaster-related programming focuses on these two areas: post-disaster 

response and reconstruction, and long-term disaster risk reduction; the greater part of 

the latter has historically been invested in large flood prevention infrastructure projects 

(Kellett and Caravani 2013). 

However, there is a valuable window of time that exists after the issuance of science-

based early warnings but before a potential disaster materializes. We argue here that 

the current humanitarian funding landscape does not make sufficient use of this window 

of heightened risk, in which a variety of short-term activities become worthwhile to 

implement and can provide a large return on investment. Opportunities range from 

reducing vulnerability, such as distributing mosquito nets before heavy rainfall, to 
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preparedness for disaster response, such as training volunteer teams on first aid 

procedures or prepositioning relief items before roads become impassable. However, 

according to a recent review of disaster-related financing by the Overseas Development 

Institute and the Global Facility for Disaster Reduction and Recovery, only about 12% 

of funding in the last 20 years was invested in reducing the risk of disaster before it 

happens; the rest was spent on emergency response, reconstruction and rehabilitation 

(Kellett and Carvani 2013). 

In this paper, we elaborate a method to invest a portion of this financing at times 

of heightened disaster risk, when triggered by forecast information. This framework 

quantifies the intuitive notion that many practitioners already have about when acting 

early may be worth it. This quantification also helps them make the case to donor 

agencies for such early action, which is currently often not implemented because the 

financing for it is not available. First, we review the context behind why forecast-based 

opportunities are routinely missed and discuss the use of short-term early warnings to 

trigger action. To operationalize this, we suggest a forecast-based financing model for 

the development of procedures to act based on probabilistic warnings, illustrated with 

a simple example from a surface water flooding alert in England and Wales. We then 

describe two pilot applications of the financing system in Togo and Uganda 

implemented with technical support from the German Red Cross and the Red Cross / 

Red Crescent Climate Centre. We conclude with further discussion of the concept and 

its potential for replication, as well as further research that will enable this to be applied 

widely.  

 

2.2 Context 

We will first explore types of decisions that can be funded to prepare for an 

unusually likely disaster event, followed by background on the types of warnings 

available. In the following section we will present the concept of our proposed 

methodology to link these two. 

2.2.1 Decisions 

A variety of disaster risk reduction actions are available to be implemented in 

contexts of increased risk; the most frequent example is evacuation based on very short-

term storm forecasts. For example, during Hurricane Sandy in New York City, 1000 

patients were evacuated from two hospitals in Manhattan, and the Federal Emergency 

Management Authority (FEMA) pre-positioned urban search and rescue committees 

before the storm (Powell et al. 2012). In the 48 hours before Cyclone Phailin hit India, 

as many as 800,000 people were evacuated based on weather forecasts (Ghosh et al. 

2013). These actions are not viable in the context of long-term risk, but they become 

appropriate in the context of a short-term warning of heightened disaster risk. 
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Similarly, there are several risk reduction actions that can be taken at the seasonal 

lead time to prevent disaster losses in coming months. In the International Federation 

of Red Cross and Red Crescent Societies’ regional office in West Africa, disaster 

management supplies were sourced ahead of time based on a 2008 seasonal forecast of 

above-normal rainfall, which improved supply availability from about 40 days to 2 days 

when flooding did occur in the region (Braman 2013). In other locations, volunteers 

have used information about heightened risk at seasonal time scales to fortify 

vulnerable structures, such as reinforcing latrines to reduce the risk of diarrheal disease 

outbreaks when above-normal rainfall is likely to occur (Red Cross / Red Crescent 

Climate Centre 2013).  

In contrast with these specific cases, most forecast information does not routinely 

trigger early action in the humanitarian sector to reduce disaster risk. For example, 

the devastation from extreme flooding in Pakistan in 2010 affected 20 million people. 

Heavy rainfall had been predicted several days in advance, and if forecasts had been 

used to trigger action, the humanitarian sector could have averted many of the impacts 

(Webster et al. 2011). In the case of drought, the 2011 famine in southern Somalia was 

preceded by 11 months of early warning, including a specific famine warning three 

months before the event (Hillbruner and Moloney 2012).  

In all the above situations, a warning was issued and a disaster situation followed; 

the distinction was whether action had been taken to prevent disaster effects. However, 

this is not always the case; warning information is probabilistic (expressed in terms of 

risk) rather than deterministic. Inevitably some early warnings are not followed by a 

hazard event, and some hazards are not preceded by a warning. In the former case, 

any action taken based on the early warning may be seen as action “in vain”, and 

organizations often believe that money and time would have been better spent on other 

activities. 

Such a situation had negative consequences in Southern Africa when the drought 

anticipated due to the 1998 El Niño event did not materialize. Farmers reduced their 

cropping area, and public backlash after the event made it clear that many people had 

understood the seasonal forecast as a deterministic prediction of drought, rather than 

a forecast of increased chance of below-normal rainfall (Dilley 2000). Similarly, in the 

Netherlands, about 200,000 people were evacuated in 1995, after which the dykes did 

not fail (Swinkels et al. 1998). 

To evaluate the usefulness of an early warning system, both the number of disasters 

that are “hits” (a) and “false alarms” (b) are of interest, expressed in the 2x2 contingency 

table below, Table 1 (Suarez and Tall 2010; Buizza et al. 1999). In this case, “forecast-

based action” refers to whether or not there was a forecast of increased risk of the 

disaster in question that led to action being taken, and “disaster” refers to whether a 

disaster happened within the forecasted lead-time. We will come back to the elements 
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in this table in later sections when discussing funding disbursements relative to the 

frequency of each of these categories. 

2.2.2 Warnings 

For many actions, the risk of acting in vain is outweighed by the likely benefits of 

preventing or preparing for disaster; for example, if a life-threatening hurricane has an 

80% chance of making landfall, many people would choose to evacuate, even given the 

one in five chance of a false alarm. How can decision-makers navigate the attributes of 

forecast information, ranging from location to lead time to magnitude, and pair them 

with appropriate actions? Several major prerequisites to the use of early warning 

information for disaster risk reduction exist: warnings, opportunity for action, and 

mandate.  

First, there must be a relevant early warning available. In this paper, we focus 

specifically on hydrometeorological disasters, and the early warnings that are available 

through weather and climate forecasting. Rainfall and temperature forecasts for coming 

months, weeks, or days, exhibit some skill in many parts of the world (Hoskins 2013). 

These forecasts, where available, can indicate heightened risk of disaster. According to 

a Foresight expert evaluation of forecasting capacity, current science has “medium to 

high” ability to produce reliable forecasts for the timing of storms and floods in a 6-day 

lead time in many locations (Foresight 2012). At the seasonal level, research indicates 

that an increased probability of above-normal seasonal rainfall totals in standard 

forecasts is correlated with increases in the chances of heavy rainfall events (Hellmuth 

et al. 2011). Indices of the El Niño Southern Oscillation (ENSO), which are responsible 

for much of the predictability in seasonal forecasts, have also been linked to flooding 

frequencies in more than one third of the world’s landmass (Ward et al. 2013). The 

Famine Early Warning System (FEWS) provides detailed forecasts using both short 

and long-term information in Africa and the Caribbean (Ross et al. 2009). 

Secondly, the opportunity for early action is not always available within routine 

humanitarian operations; about 88% of humanitarian financing is delivered only after 

disaster effects have already commenced (Kellett and Caravani 2013). In the case of 

Somalia in 2011, the Consolidated Appeal Process for Somalia was funded at only 47% 

during several months of urgent early warnings. In contrast, secured funding shot up 

to exceed 100% of the original request within two months after famine was declared. 

Ultimately, the appeal was revised to nearly double the request for funding, because 

the situation had deteriorated so far (Maxwell and Fitzpatrick 2012). 

Lack of funding based on early warnings is attributed to protracted debate over the 

best strategy for intervention, inherent uncomfortableness on the part of donors to 

invest in a situation that will “likely” arrive but is not certain, the high consequences 

of “acting in vain”, and the lack of responsibility or accountability to act on early 

warnings (Ali and Gelsdorf 2012; Hillbruner and Moloney 2012; Lautze et al. 2012). 
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Post-disaster evaluations of the humanitarian responses to this event call for 

mechanisms to trigger and incentivize consistent early action based on available early 

warning information, with responsible persons clearly designated (Bailey 2013; Ali and 

Gelsdorf 2012; Hillbruner and Moloney 2012). 

Thirdly, the mandate to act based on early warning systems is not well-defined. It 

is often unclear who would be responsible for making this type of decision, and what 

decision is appropriate based on the early warning. If the anticipated hazard does not 

materialize after the early action is taken, the decision-maker is considered culpable for 

his or her poor decision-making. This risk of “acting in vain” is inherent in probabilistic 

risk information; many employees are consequently reluctant to make decisions without 

100% certainty that the hazard will happen (Demeritt et al. 2007; Suarez and Patt 

2002).  

Should someone be willing to assume the risk of acting based on an early warning, 

it is not clear at which threshold of forecasted probability it is “worth” taking action. 

Powell et al. (2012) conclude that many losses during Hurricane Sandy could have been 

averted had Standard Operating Procedures (SOPs) been in place in more 

organizations, which designate specific duties and responsibilities for hypothetical 

situations.  

Such SOPs would be based on thresholds of climate variables, similar to those 

calculated for post-disaster payments in index insurance programs (Leblois and Quirion 

2013; Hellmuth et al. 2011; Barnett and Mahul 2007). In fact, forecast-based financing 

is informed by precedents that integrate seasonal forecasts into index insurance 

products. For example, Osgood et al (2008) propose a mechanism to influence the 

amount of high- yield agricultural inputs given to farmers according to whether 

favourable or unfavourable rainfall conditions are expected for the season. An El Niño 

contingent insurance product was developed for the region of Piura (northern Peru): A 

business interruption insurance policy was designed to compensate for lost profits or 

extra costs likely to occur because of the catastrophic floods as predicted by a specific 

indicator of El Niño (known as “ENSO 1.2”). Indemnities were based on sea surface 

temperatures measured in November and December, which were taken as a forecast of 

flood losses that would occur a few months into the future (February to April). The 

insured entity chooses the amount to insure (which must not be larger than a maximum 

amount determined by an estimation of the largest plausible flood losses). Designers of 

this instrument specifically targeted risk aggregators: firms that provide services to 

numerous households or businesses exposed to El Niño and related floods, such as loan 

providers and the fertilizer sector. This is likely the first “forecast index insurance” 

product to receive regulatory approval. (GlobalAgRisk Inc. 2010). For a comprehensive 

analysis of insurance-related instruments for disaster risk reduction, see Suarez and 

Linnerooth-Bayer (2011).  



 2.3 Concept 
 

 

17 

2.3 Concept 

We address these barriers of opportunity and mandate by proposing a forecast-

based financing mechanism coupled to risk-based operating procedures. Based on the 

successes and failures of previous efforts to act based on climate-based early warning 

information, we elaborate three components of a system for early warnings to become 

operational: (a) information about worthwhile actions, (b) available funding 

mechanisms, and (c) designated entities that are responsible for taking the pre-planned 

actions. A systematic forecast-based financing system integrates each of these three 

elements, contingent on the availability of (skilful) forecasts for the region in question. 

The case of a surface water flooding alert in England and Wales is used to demonstrate 

the application of this framework. 

2.3.1 Matching forecasts with actions 

Depending on the impacts in question, there are several actions that could be taken 

to prevent humanitarian outcomes (Figure 1); however, only a subset of actions will be 

appropriate based on a specific piece of early warning information. Of all the possible 

actions, we undergo a matching process to select those that are most appropriate given 

the lead time and the probability of the forecast. 

In the case of England and Wales, the Surface Water Flooding warning service 

issues an alert based on the probability (p) of rainfall intensity exceeding a 1-in-30 year 

return period. Based on this an Extreme Rainfall Alert pilot was disseminated directly 

to professional emergency responders (Hurford et al. 2012). Of all the actions that could 

be taken by the recipients, not all are possible to complete given the lead-time of a 

specific forecast. From the larger list, actions will be eliminated if they cannot be 

completed in the available time frame before the anticipated disaster. For example, 

people are not able to build drainage canals based on a short-term forecast but could 

create teams to clear existing drainage canals based on a seasonal forecast. In 

comparison, flood response drills could be carried out within a few hours or days of the 

forecasted disaster (Figure 1). Many emergency responders receiving the pilot alert 

indicated that a lead time of more than two hours is necessary for most actions (Parker 

et al. 2011). 

Subsequently, actions need to correspond to the strength of the specific forecast, 

such that high-regret actions are not taken based on a very small increase in disaster 

likelihood. For example, it would not make sense to evacuate based on a low probability 

forecast, but perhaps flood response drills would be appropriate as they can withstand 

“acting in vain“ (Figure 1). Assuming that action will be taken every time a forecast 

reaches probability p, how often will the actor take “worthy action”, in which the action 

was followed by a disaster?  

In the forecast verification literature, there are several studies using Table 1 to 

evaluate forecasts for their likelihood of achieving “hits” for the variables that they are 
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forecasting (i.e.: mm of rainfall). In this paper, we consider this 2x2 table iteratively 

for each probability that could be issued by a single forecasting system to identify 

thresholds at which it is “worth” acting (i.e.: 10% chance of 10mm of rainfall in the 

coming 24 hours, vs. 20% chance, etc). Therefore, forecast-based action will be triggered 

(top row of Table 2) when the forecast issued shows a probability >=p; table 1 therefore 

varies as a function of p. Using the results, we will determine threshold levels of p that 

can be used to trigger humanitarian action to reduce the risk of disaster. n is the sum 

of all boxes in the table, representing the total number of units (i.e.: days) in which a 

forecast could be issued. 

For a forecast lead time and probability p, we derive the variables in Table 1, to 

answer the following question: “if we act every time the forecast exceeds the threshold, 

how often our action be followed by a disaster, and therefore be worthwhile?“. To do 

this, we estimate the correct alarm ratio R(p) (fraction of all forecasts of probability 

p) as: 

     [-] (1) 

In forecast verification literature, this term is referred to alternatively as the 

“frequency of hits” (Doswell et al. 1990) and the “correct alarm ratio” (Mason and 

Graham 2002). In the UK, emergency responders indicated that if the correct alarm 

ratio was less than 70%, “awareness raising” would be the only feasible action (Parker 

et al. 2011). 

In the case of advisory forecasts in the UK, 9 out of 36 advisories were followed by 

flooding in Hurford et al. (2012) case study areas. If action had been taken based on 

each advisory, the correct alarm ratio is about 25% (2011). The remaining 75% (1-

R(p)) corresponds to the likelihood of acting “in vain”. 

Such actions will have economic consequences, which are given by Table 3 

(Richardson 2012). Costs are represented as C, and losses as L; they do not vary 

depending on the forecast probability. For the “act in vain” category, there is often a 

change to the original cost, ΔC, perhaps reputational risk or the need to dismantle 

preparations and move them back to storage. The additional cost, ΔC may be very 

significant; the reputational risk of a false alarm could outweigh (qualitatively) the 

benefits of a worthy action.  This is, of course, a simplified representation of reality, 

not capturing, for example, the probability that an action will be successful at 

preventing the target loss. The cost of acting in vain might also be different than the 

cost of worthy action, given that supplies might need to be returned to warehouses, 

and efforts made to address the “cry wolf” effect.  

The discount rate is not acknowledged here, as most of the actions take place on a 

timescale of less than a year. Time discounting would therefore have an insignificant 

𝑅 𝑝 =
𝑎(𝑝)

𝑎 𝑝 + 𝑏(𝑝)
 1 
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impact compared to the existing uncertainties. If the actions lasted for many years, it 

would be appropriate to include the discount rate, which could decrease the relative 

weight of the benefits, assuming that they occur less frequently than the costs. A more 

complicated version would also consider the probability density function of different 

magnitudes of disaster, but the general principles outlined here will remain in effect. 

Given this, we select actions for forecasted probability p in which the losses in a 

Business-As-Usual scenario (no forecast-based action at all) exceed the combined costs 

and losses in a scenario with forecast-based action. All worthwhile actions should 

satisfy: 

 

  [$] (2) 

Not all disaster consequences can be expressed in economic terms, therefore this 

relationship will also need to be acceptable in qualitative terms by implementers. In 

addition, many of these actions will have long-term benefits, regardless of disaster 

incidence (i.e.: educational interventions to promote hand-washing).  

2.3.2 Funding mechanisms 

The second component is a Preparedness Fund, a standard funding mechanism for 

forecast-based financing that is designated for use before potential disasters. Funding 

from this mechanism will be disbursed when a forecast is issued, supplying enough 

money to carry out the selected actions, with the understanding that occasionally 

funding will be spent to “act in vain”. Financial procedures need to be in place to ensure 

the rapid disbursement of the fund when an early warning is issued, and accountability 

measures such that the funding is only used for designated early actions that correspond 

to that early warning.  

The most basic method to determine how much funding is needed for this 

mechanism over a specified time period is to assume that all actions that were possible 

at the forecast lead time and also satisfied Equation 2 are funded every time the 

corresponding forecast probability is issued. If C represents the cost of acting based on 

one warning, the total needed for the Preparedness Fund (T) would therefore be 

represented as: 

  [$] (3) 

 

If there are several forecast probabilities, or several different types of forecasts, at 

which action is advisable, the total funding required would sum the funding needed for 

each of the individual forecasts. Note, however, that consecutively occurring forecasts 

do not need to repeatedly fund the same action, and stipulations need to be made for 

the autocorrelation of forecasts. In the UK, the Emergency Rainfall Alert had three 
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forecast levels: advisory, early, and imminent, that corresponded to 10%, 20%, and 40% 

probabilities of exceeding the given rainfall threshold. Because each forecast should be 

matched with different actions based on lead time and probabilities, the Preparedness 

Fund should account for the likelihood of each probability being issued, as well as their 

correlation in time. If the forecast probability is defined as p, the total amount of 

funding needed to react to all possible forecast probabilities is represented as: 

[$] (4) 

In operations such as the one from the example above, the equation is simplified to 

the sum of the costs to act on each of the three categorical forecast alerts. 

When disaster risk is substantially increased, R(p) increases and more actions are 

eligible to be selected in Equation 2 for that particular forecast, and therefore greater 

amounts of funding are disbursed when the chances of a disaster are higher. In practice, 

additional factors will be included to specify external drivers, such as the political 

repercussions of repeatedly acting in vain, and the interaction effect between actions. 

For example, if sand-bagging will prevent flooding for three months, then it is not 

eligible to be carried out again within three months of the original action, even if a 

“matching” forecast is issued in the interim. In other cases, certain actions are 

prerequisites for others; evacuation can only be carried out if evacuation shelters have 

been identified ahead of time.   

In many cases, there might be a ceiling on the amount of money initially allocated (T) 

to pilot this mechanism over a specified amount of time. In this situation, the amount 

of funding in the Preparedness Fund must be distributed among the possible forecasts. 

Each forecast of probability p would have a corresponding disbursement amount (D) 

proportional to the probability of disaster conditional on that forecast, and this 

disbursement amount will need to be divided among all actions that could be 

implemented based on that forecast. If D is small, only the most priority actions will 

be implemented. Statistically, the D will be calculated such that T will be fully spent 

at the end of the allocated time period. This is represented as: 

 [$] (5) 

where  should be equal for all values of p. 

Using this method, there could be several categorical forecast probabilities (p) 

calculated to receive a very small disbursal amount, which might not suffice to carry 

out any selected actions. This could be the case for a very commonly forecasted event. 

Comparing the disbursal results to the cost of actions C(p), we eliminate categories of 

p for which D(p) < C(p). We then re-solve the above equations for the reduced number 
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of probabilities (p) until all disbursements are greater than the cost of at least one of 

the actions that should be implemented at each remaining probability p. 

This method assumes that funding should be allocated according to the likelihood 

of disaster, although this assumption could be replaced by other priorities, such as 

allocating funding according to the effectiveness of the actions. It would also be possible 

to set time-varying thresholds to be more conservative in spending at the beginning of 

available time period, and freer with spending the remaining amount as the end of the 

budget period draws near. When calibrating the system over a longer period, we 

recognize that thresholds may vary to reflect progress in insights or changing drivers. 

 

2.3.3 Responsibility 

Once the forecast alert levels have been paired with appropriate actions, the actions 

must be taken every time the forecast alert is issued. In England and Wales, 86% of 

emergency responders who received pilot Extreme Rainfall Alerts in 2008-2009 said 

that the alerts were useful to them, but only 59% reported that they took any action 

because of receiving the advisories. Organizational processes need to be defined to 

assign responsibility to act based on warnings; in this case, emergency responders 

indicated that they were still clarifying internal plans to react to these warnings (Parker 

et al. 2011). 

In response to this, we propose the development of an organization-specific set of 

Standard Operating Procedures that specify each selected forecast, the designated 

action, the cost, and the responsible party. Whenever the alert is issued, such as a 

forecast of a certain amount of rainfall, the designated action is taken by the responsible 

party, using funds from the financing mechanism that will be immediately made 

available. It is assumed that there will be instances of acting in vain. Based on the 

results of each action, stakeholders can continually evaluate and update the information 

used to create the SOPs, ensuring ongoing effectiveness of the mechanism. 

 

2.4  Pilot Applications 

In Uganda and Togo, the National Red Cross Societies will be piloting this approach 

to quantify the relationship between forecast probability and resource disbursement 

with technical support from the German Red Cross and the Red Cross / Red Crescent 

Climate Centre from 2012 to 2018. Research and development of the Standard 

Operating Procedures is funded by the German Federal Ministry for Economic 

Cooperation and Development (BMZ), complemented by project funding for long-term 

disaster risk reduction activities to address disaster risk at longer as well as short time 

scales. 

In both countries, the pilot application of this Preparedness Fund will focus on flood 

disasters. In Northeastern Uganda and along the Mono River in Togo, flooding disasters 
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are recurrent and a major source of humanitarian losses. In five target districts of 

Northeastern Uganda, flooding and extreme rain account for more than half of all 

disasters recorded in Desinventar databases (UNISDR et al. 2011). In Togo, the Red 

Cross has developed a set of colour-coded river gauges, such that communities upstream 

observing the river move to a “red” level volunteer to notify communities downstream 

that the water is on its way; the actions taken based on the existing information will 

form a basis for the larger variety of “early actions” that will be financed under the new 

system. 

To assess possible actions that could be funded in anticipation of a flood, the Red 

Cross / Red Crescent Climate Centre designed a participatory game that can be played 

both with disaster-prone communities and with humanitarian staff; these types of 

“serious games” can be used to foster discussion and creativity in a collaborative setting 

(Mendler de Suarez et al. 2012; Maenzanise and Braman 2012). The game begins with 

a brainstorm of actions to prevent specific disaster impacts and designates a portion of 

the participants to represent “a flood”, who penalize unrealistic actions and note which 

actions require funding. This panorama of possible actions ranges from planting a 

variety of crops to stocking water purification tablets; actions are grouped according 

to whether each one is possible to accomplish at specific lead times that correspond 

with available early warning information: observed rainfall, short-term rainfall 

forecasts, and seasonal rainfall forecasts (Figure 2). Clearly, cropping decisions cannot 

be made with a lead time of days before a disaster, while purchasing medical supplies 

might be possible within 24 hours. 

For each possible threshold of early warning information, we evaluate the risk of 

flooding conditional on the forecast by using a coarse hydrological model to simulate 

the change in likelihood of inundation. In the participatory game, disaster managers 

and community members will be asked to describe the consequences of worthy action 

and acting in vain for each action that is suggested, in both qualitative and quantitative 

terms. In the case of purchasing water purification tablets, acting in vain will result in 

an opportunity cost relative to investment in other activities, but worthy action could 

prevent the loss of life in a cholera epidemic. Ultimately the assessment of whether 

consequences and likelihood of acting in vain outweigh the consequences and likelihood 

of worthy action (Equation 2) will be a decision on the part of disaster managers based 

on economic and social assessments. Combining those results with the consequences 

elicited in the simulated flooding game, we will match forecast thresholds with relevant 

actions. 

In comparison with the flood alert system from England and Wales that is described 

above, the actions developed for Standard Operating Procedures in Uganda and Togo 

are likely to be somewhat different. In particular, the UK alert system focused on 

surface water flooding, while riverine flooding and water logging are likely to be of 

greater interest in Uganda and Togo. For the latter, longer lead-times can be expected 
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for forecasts, although the forecasting skill might not be optimal for lack of 

observational data. This will likely allow for actions that target the spread of water-

borne disease, for example, which are less of a problem in the UK.  In addition, there 

are differences in forecast skill between the UK and equatorial Africa; the latter has 

less data available, but potentially larger skill at the seasonal level due to 

teleconnections with the El Nino Southern Oscillation. 

Funding for this pilot mechanism has been provided by the German Red Cross, and 

a set amount is secured for each country (100,000 Euro and 50,000 Euro for Uganda 

and Togo, respectively) in a Preparedness Fund. Because the funding amount is pre-

determined, this will be used as a constraint on how many of the eligible actions can 

be funded each year (Equation 5). Matches of forecasts and actions will be reviewed 

and adjusted by disaster management staff familiar with the region. When a final 

product is acceptable to everyone, results will be codified in SOPs that indicate forecast 

levels of alert, corresponding actions, responsible parties, and the funding that will be 

released to ensure the actions are taken. The funding in this case is intended as a pilot 

and is not a sustainable stream post-2018; mechanisms to refill and expand this pilot 

will be investigated. 

With the methodology proposed here, specific actions can be selected that are 

worthwhile investments based on early warning information. While standard funding 

mechanisms and operating procedures are necessary to ensure consistent action based 

on forecasts, it is yet unclear what portion of total disaster funding should be allocated 

to such forecast-based financing operations. While results vary depending on the 

programme itself, positive benefit-cost ratios have been shown for a variety of long-

term disaster risk reduction programmes (Mechler 2005).  Based on the initial results 

from pilots of this concept, a similar probabilistic benefit/cost ratio (B/C) can be 

assessed for this methodology, as in Equation 6 (not corrected for discount rate). 

  [-] (6) 

Comparing results to the B/C ratios for long-term disaster risk reduction will 

indicate the marginal benefit of additional funding spent in either category, thus 

reshaping the funding landscape for disaster risk reduction and preparedness and 

focusing on the most impactful actions at each timescale. 

 

2.5 Discussion 

As incentives emerge to use forecasts for disaster prevention and preparedness, 

forecasting capability will be a major constraint in maximizing the potential of such 

early warning systems. Individual cases of “missed events“ could draw criticism to such 

investments in forecasting; it is key to weigh the investment in forecasting capacity or 

𝐵

𝐶
=

 𝐿 ∗
𝑎
𝑛
 𝑝 − 𝐶 ∗

𝑎 + 𝑏
𝑛

 𝑝 
1

0
𝑑𝑝

𝑇
 1 



Chapter 2 Forecast-based Financing: An approach for catalyzing humanitarian action 
based on extreme weather and climate forecasts 
 

 

24 

other aspects of an enabling environment for forecast-based financing with the possible 

benefit of such a system over time. Africa in particular has a lack of functional weather 

stations, including synoptic stations, which limit our ability to forecast meteorological 

events with skill (Rogers and Tsirkunov 2013). Investments in both hardware and 

software in developing country meteorological and hydrological services is needed to 

address this gap. In the interim, recent research to merge existing sparse observations 

with satellite data can aid in developing more precise understandings of climate given 

the information available historically (Dinku et al. 2012). Any increase in the percent 

of disasters foreseen (also known as the hit rate) 
𝑎

𝑎+𝑐
 or an increase in the correct alarm 

ratio 
𝑎

𝑎+𝑏
 due to increase in forecast skill will directly increase our ability to prevent 

and prepare for disasters; this increase can be estimated directly using Equation 7. 

This framework quantifies the intuitive notion that many practitioners already have 

about when acting early may be worth it. This quantification also helps them make 

the case to donor agencies for such early action, which is currently often not 

implemented because the financing for it is not available. 

Of course, such quantification is not trivial – it does require context-specific 

analysis. In that analysis, the lack of historical disaster data will pose certain 

constraints. The impact of uncertainty in probability estimates, both of disaster 

impacts and of forecast probabilities, needs to be assessed, and thresholds of certainty 

established for identifying meaningful results. Local knowledge about the recurrence 

period and impact of extremes can be incorporated when calculating the fund, even if 

it carries inherent uncertainty. 

In this vein, additional research will be required to achieve a large-scale application 

of forecast-based financing schemes. Calculating the risk of hazards based on forecasted 

rainfall should be assessed and verified with hydrological estimates using statistical and 

dynamical techniques. 

Most of the variables considered here, from action options to forecast skill, vary 

sharply between regions, and therefore forecast-based financing systems must be 

designed for a specific hazard at a specific geographical scale. Standard Operating 

Procedures developed in one area are unlikely to have value if applied indiscriminately 

elsewhere. Further research should study the effect of varying each of these parameters, 

and the resulting differences in forecast-based financing potential across regions and 

hazards. 

Calibrating cost and benefit estimates will be difficult. For example, the cost of 

acting or the cost of acting in vain might need to be estimated iteratively, based on 

whether the actor had recently acted in vain, and would therefore be reluctant to take 

a risk again. Similarly, a “miss” by the system could cause a lack of confidence in the 

system itself. The equations here could be extended with a “risk perception” factor that 

changes in response to false alarms or successful interventions. This would be calibrated 
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with information from the practitioners. All cost estimates should undergo sensitivity 

analyses in order to assess the robustness of the value of this funding mechanism: if we 

perturb our estimates of probabilities and costs in the above equations, how does this 

affect the results? At what point does uncertainty in these values greatly influence the 

selection of actions and the estimation of their benefits? In addition, there will be 

interaction effects between short-term and long-term investments, the latter often 

constraining the ability to make decisions in the short-term. 

 

2.6 Conclusion 

Climate information presented as early warnings are only as valuable as the actions 

that are taken in response to the information, even if the information is a perfect 

warning of future events. While weather and climate forecasts do not exhibit perfect 

skill, tailoring of forecast information to the operational contexts of the humanitarian 

sector can dramatically increase the uptake of existing forecast products. 

In this light, innovations need to lead to improved tailoring of the information itself 

to better serve the needs of the target decision-makers sector, rather than simply 

tweaking the visual display of existing information (Rodó et al. 2013; Johnston et al. 

2004). Currently many disaster warnings issued by established early warning systems 

in developed countries go unheeded for lack of standard plans for forecast-based action 

(Kolen et al. 2013). At the seasonal level, standard forecasts provide little information 

on the likelihood of extreme events. The Global Framework for Climate Services has 

made Disaster Risk Reduction a thematic priority area and seeks to encourage dialogue 

between forecast producers and users to better identify opportunities and needs for 

tailoring this information (Hewitt et al. 2012).  

Forecast-based financing systems are an excellent opportunity to foster and 

operationalize such dialogues. The system outlined above makes use of existing forecast 

verification methods in conjunction with user-defined information on risk reduction 

costs and disaster losses. When housed in such a system, this information can break 

down the barriers of opportunity and mandate that currently prevent the systematic 

use of forecasts in the humanitarian sector and develop SOPs that ensure ongoing 

return on investment. The net benefit of such a system will only be clear in the long 

term, as the hits and false alarms begin to accumulate and converge on their true 

frequency. 

Ultimately, the value of forecast-based financing systems will be greater than simply 

the losses avoided when the fund is released. If such a system is in place, actors in that 

region will be aware that many disaster effects are likely to be prevented due to 

forecast-based action. Because of this, actors can focus on development investments 

with less concern that a disaster event will suddenly demolish their investment. Further 

pilots and research to quantify the value added of forecast-based financing schemes is 
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needed to provide the evidence base for forecast-based funding and the widespread 

development of climate-based SOPs. 
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3 Should seasonal rainfall forecasts be used for flood 

preparedness? 2 

Abstract 

In light of strong encouragement for disaster managers to use climate services for flood 

preparation, we question whether seasonal rainfall forecasts should indeed be used as 

indicators of the likelihood of flooding. Here, we investigate the primary indicators of 

flooding at the seasonal timescale across sub-Saharan Africa. Given the sparsity of 

hydrological observations, we input bias-corrected reanalysis rainfall into the Global 

Flood Awareness System to identify seasonal indicators of floodiness. Results 

demonstrate that in some regions of west, central, and east Africa with typically wet 

climates, even a perfect tercile forecast of seasonal total rainfall would provide little to 

no indication of the seasonal likelihood of flooding. The number of extreme events 

within a season shows the highest correlations with floodiness consistently across 

regions. Otherwise, results vary across climate regimes: floodiness in arid regions in 

Southern and Eastern Africa shows the strongest correlations with seasonal average 

soil moisture and seasonal total rainfall. Floodiness in wetter climates of West and 

                                      
2 The contents of this chapter are based on: Coughlan de Perez, E., Stephens, E., Bischiniotis, K., 

van Aalst, M., van den Hurk, B., Mason, S., Nissan, H., and Pappenberger, F. (2017). Should seasonal 

rainfall forecasts be used for flood preparedness ? Hydrology and Earth System Sciences. 

doi:10.5194/hess-2017-40 
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Central Africa and Madagascar shows the strongest relationship with measures of the 

intensity of seasonal rainfall. Measures of rainfall patterns, such as the length of dry 

spells, are least related to seasonal floodiness across the continent. Ultimately, 

identifying the drivers of seasonal flooding can be used to improve forecast information 

for flood preparedness, and avoid misleading decision-makers. 

 

 

3.1 Introduction 

Humanitarians have been investing significant attention and resources in the uptake 

and use of climate services to inform their work in disaster risk management. For 

example, disaster managers regularly participate in Regional Climate Outlook forums 

and climate service partnerships (Hewitt et al. 2012; ICPAC 2016; Mwangi et al. 2014). 

While many early warning systems focus on short-term hydrological flood warnings, 

these climate service initiatives promote the use of forecasts of seasonal total rainfall. 

The use of such forecasts have yielded mixed results when used to prepare for 

heightened flood risk in Africa, such as prepositioning flood relief items (Braman et al. 

2013) and evacuating vulnerable people (“Kenya : Slum Residents in Nyeri Refuse to 

Relocate Ahead of El Nino Rains” 2016). In this article we question whether seasonal 

rainfall forecasts have been over promoted for their usefulness in flood preparation. 

To clarify whether seasonal total rainfall forecasts indeed indicate increased risk of 

flooding, we identify the dominant indicators of seasonal flooding in different locations 

of sub-Saharan Africa. In many locations, it is likely that total rainfall is not the 

dominant driver, and other seasonal descriptors would give a better indication of the 

risk of flood hazards. Cumulative rainfall is not the dominant flood-generating process 

for floods in most river basins in the United States (Berghuijs et al. 2016), and monthly 

total rainfall has not been shown to be a good indicator of regional river “floodiness”, 

or the percentage of regional rivers with extreme flooding (Stephens et al. 2015). We 

provide further discussion of “floodiness” in section 2.2. 

In the context of sub-Saharan Africa, we quantify the relationship between seasonal 

total rainfall and floodiness, and we explore whether there might be alternative 

variables with a stronger relationship to floodiness at the seasonal level. In each river 

basin, the catchment size and the climate regime will affect the influence of hydraulic 

routing, soil dynamics, and precipitation patterns; we therefore identify which 

hydrometeorological variables are most related to seasonal flood risk in each location. 

We investigate the association between seasonal percentage floodiness and seasonal 

total rainfall, as well as the relationship with 14 other variables and their combinations. 
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3.2 Methods 

Given the scarcity of hydrological data available for many parts of Africa, we offer 

an alternative methodology to that used by Berghuijs et al. (Berghuijs et al. 2016) for 

assessing the indicators of flood intensity and frequency in a region. Rainfall estimates 

from ERA-interim Land (Balsamo et al. 2015) are used to force the Global Flood 

Awareness System, a global hydrological model (Alfieri et al. 2013). We calculate 

anomaly correlations between rainfall input and the predicted flooding, which is defined 

as the proportion of river cells that have extreme discharge in a region in a given time 

period (Stephens et al. 2015). We repeat this analysis with the 14 alternative variables 

and develop a generalized linear model (glm) to identify which combinations of 

variables provided the greatest indication of flood hazard in each region. 

Our methodology depends on the reanalysis for a climatology of rainfall and focuses 

on the hydrological model to estimate the consequences of this rainfall on river flows. 

This approach is not limited by a patchy observational network, and results can be 

compared across regions to inform regional policies. While the rainfall has been bias-

corrected with observations, we would encourage the replication of this methodology 

using local rainfall observations for more detailed study of the local indicators of 

floodiness. 

 

3.2.1 Rainfall 

To calculate the rainfall indices, we use daily gridded reanalysis rainfall estimates 

from 1980 – 2010. The rainfall estimates are 24-hour totals from the ERA-Interim Land 

reanalysis, which is adjusted from ERA Interim calibrated using GPCP v2.1 data 

(Balsamo et al. 2015). Due to patchy observational networks, uncertainties in 

precipitation datasets over Africa are large (Sylla et al. 2013), and this bias correction 

was shown to improve the performance of river discharge simulations from ERA-

Interim Land over Africa (Balsamo et al. 2015). The soil moisture estimates are also 

taken from the ERA-Interim Land dataset.  

The area of study we have selected is sub-Saharan Africa, 16N – 35S, 17W – 52E. 

Because flooding primarily happens during the wet seasons, we applied a dry mask by 

eliminating all 3-month seasons that have an average of less than 15% of the total 

annual rainfall and also less than 50cm of rainfall in that season (Mason et al. 1998). 

To calculate seasonal total rainfall, we sum the daily rainfall estimates for each 

overlapping 3-month season (JFM, FMA, etc.) over a 2.5 degree gridbox, as this is the 

resolution of many seasonal forecasting products from the Global Producing Centres 

for Long-Range Forecasts (Barnston et al. 2003; WMO n.d.). 
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3.2.2 Flooding 

We use daily rainfall from ERA-Interim Land to drive a hydrological model to 

estimate river discharge. The system used here is the Global Flood Awareness System 

(GloFAS), which is comprised of a HTESSEL land surface model to generate surface 

and subsurface runoff and a Lisflood model to complete the routing and groundwater 

flows at a 0.1 degree resolution for the entire global land surface (Alfieri et al. 2013). 

In this study we focus on river flooding only, therefore we only consider GloFAS river 

gridpoints which have greater than 1000km2 upstream basin area. These river pixels 

are aggregated to the 2.5 degree resolution to match the rainfall scale. 

There are several ways to define whether a location experienced “flooding”, which is 

the variable of interest to the disaster manager. Here, we define flooding according to 

the return period of the discharge, such that extreme floods happen at approximately 

the same frequency throughout the study area. We focus on the 1 in 5 and 1 in 50 year 

events; these return periods are defined by fitting a Gumbel extreme value distribution 

to the daily flows (Alfieri et al. 2013). 

To understand the magnitude of flooding in a 2.5 degree gridbox, we calculate 

“floodiness” as defined in Stephens et al (2015). Percentage floodiness is the percent of 

river pixels that have at least one day of flooding above the return period, and duration 

floodiness is the number of pixel-days that have flooding during that season. Our results 

were very similar between percentage and duration floodiness, therefore duration 

floodiness is not shown here. 

 

3.2.3 Predictor variables 

While seasonal total rainfall has demonstrated some predictability in this part of 

the world (Barnston et al. 2010; Weisheimer and Palmer 2014), there are other 

variables that might be predicted at the seasonal level: frequency of extreme events 

within a season, sub-seasonal rainfall patterns, soil moisture, and rainfall intensity. 

Here, we investigate whether variables in each of those categories could serve as a 

better indicator of flood risk in sub-Saharan Africa. In addition to seasonal total 

rainfall, we calculated 14 predictor variables at the seasonal level. These are defined as 

follows: 
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Extreme events within a season: 

1 Day Above 95th Number of days in the season during which daily precipitation is greater 

than the 95th percentile of daily precipitation of the entire timeseries 

1 Day Above 99th Number of days in the season during which daily precipitation is greater 

than the 99th percentile of daily precipitation of the entire timeseries 

3 Days Above 75th Number of 3-day events in the season during which 3-day precipitation is 

greater than the 75th percentile of 3-day precipitation of the entire 

timeseries 

3 Days Above 99th Number of 3-day events in the season during which 3-day precipitation is 

greater than the 99th percentile of 3-day precipitation of the entire 

timeseries 

5 Days Above 99th Number of 5-day events in the season during which 5-day precipitation is 

greater than the 99th percentile of 5-day precipitation of the entire 

timeseries 

 

Patterns of rainfall within a season: 

Rainy days Seasonal count of number of days in which daily precipitation is greater 

than 1mm (Sillmann et al. 2013) 

Mean wet spell length Average length of all wet spells in that season, where a wet spell is 

defined as the length of consecutive days in which daily precipitation is 

greater than 1mm 

Median dry spell length Median length of all dry spells in that season, where a dry spell is defined 

as the length of consecutive days in which daily precipitation is less than 

1mm 

Dry spell 

autocorrelation 

Spearman rank lag-1 autocorrelation of successive dry spell lengths 

(Schleiss and Smith 2016) 

3 Day autocorrelation Spearman rank lag-3 autocorrelation of daily rainfall amounts 

 

Soil moisture and intensity: 

Soil moisture Volumetric soil water layer 1: Top soil layer 0-7cm. Average daily soil 

moisture for the season in kg/m3,  

Intensity Total seasonal rainfall divided by the number of rainy days (see definition 

above) 

Contribution of 

extremes 

Total rainfall falling in days of 95th percentile or higher, divided by total 

seasonal rainfall (Alexander et al. 2013) 

Burstiness 15day Burstiness as defined in (Schleiss and Smith 2016): 
𝜎𝜇−𝜇

𝜎𝜇+𝜇
 where 𝜇 is the average time between a specific amount of rainfall 

(interamount time), held at 15 days, and 𝜎 is the standard deviation of 

interamount times 

 

3.2.4 Comparison 

We examine whether anomalously high values of these variables correlate with 

greater floodiness. Using seasonal anomalies for each variable, we calculate the 

Spearman rank correlation between the rainfall anomalies and floodiness at every 

gridpoint, as the data is not normally distributed. To assess our confidence in these 
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results, we bootstrap the timeseries to generate 1000 replicates using a block bootstrap 

of 5 seasons. If less than 5% of the rank correlations of these bootstrapped replicates 

have an opposite sign as the original result, we have confidence in our result. Only 

results with this level of confidence are plotted in the figures. 

Basin hydrology can also lead to complex relationships between rainfall and 

flooding. We therefore explore the correlation between basin-level rainfall with basin-

level floodiness. We average the rainfall variable and floodiness variable across Food 

Producing Units (FPU) (Cai and Rosegrant 2002), which are defined by a combination 

of hydrological basins and geopolitical regions and are therefore relevant for decision-

making purposes. We apply a drymask for an entire FPU if more than half of the 

gridpoints in the FPU are in a dry season. With these aggregated results, we then apply 

the same correlation methods as for the gridpoints above. 

Lastly, we fit a generalized linear model (glm) to three of the predictor variables 

from different categories that showed improvements in correlation relative to seasonal 

total rainfall. For the dependent variable, we use a binary dataset indicating the 

occurrence or not of floodiness above the 50-year return period. The model uses a 

binomial distribution with a logit link and uses 10-fold cross-validation to fit the glm. 

We select the most parsimonious model within 1 standard error of the model with the 

minimum standard error, using the glmnet package for R (Friedman et al. 2010). 

 

3.3 Results and Discussion 

Three-month seasonal total rainfall anomalies show significant correlation with 

floodiness in several regions (Figure 1). The relationship is weakest in West and Central 

Africa, and also weakens as flood severity increases.  

When the rainfall and floodiness are aggregated by FPU and then correlated, the 

correlations improve in almost all locations, suggesting that seasonal total rainfall 

forecasts for FPUs (Figure 1 c and d) might be of greater use than gridbox forecasts 

(Figure 1 a and b) as a predictor of flood hazard. Different regional forecast 

aggregations could also be explored to determine whether this can be further optimized. 
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While the correlations are significant in many regions, there is considerable variation 

in floodiness that remains unexplained by this variable. To demonstrate this, we 

calculate the probability of flooding (floodiness greater than 0) conditional on seasonal 

rainfall being in the top tercile of the distribution, which is the focus of many seasonal 

forecasts. Ultimately, even if a top-tercile rainfall forecast were given with 100% 

certainty, it would represent only a small increase in the probability of flooding relative 

to climatology (Figure 1e). 

 

 

Figure 1: Anomaly rank correlations between seasonal total rainfall and percentage 
floodiness (Stephens et al. 2015) at the 5-year (a), and 50-year (b) return periods. 
Anomaly rank correlations between seasonal total rainfall for a 2.5 degree gridded Food 
Producing Unit (FPU) and floodiness for that FPU at the 5-year (c) and 50-year (d) 
return periods. Correlations are only shown here if more than 95% of all boostrapped 
replicates agreed on the sign of the result. The increase in probability of floodiness 
above the 5-year return period conditional on seasonal total rainfall falling in the top 
tercile (e), expressed as the difference in probability relative to climatology. 

 

In Figures 2-4 we display results from three different sets of possible predictor 

variables. In Figure 2 we plot the anomaly rank correlations with floodiness for five 

different measures of extreme precipitation events within a season. None of these 

rainfall variables are a better predictor of floodiness in all locations (Figure 2 second 

row); however, the number of rain events above the 99th percentile (1-day, 3-day, and 
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5-day events) tend to outperform seasonal total rainfall in the areas of West and 

Central Africa (where seasonal total rainfall had the weakest correlations; see Figure 

1).  

 

 
Figure 2: Correlation of number of extreme events within a season and floodiness for 
FPUs in Africa. The top row shows the anomaly rank correlations between each 
variable and percentage floodiness at the 5-year return period at the FPU level. The 

bottom row is the improvement relative to seasonal total rainfall – locations in blue 
show a higher anomaly correlation for this variable than for seasonal total rainfall 
anomalies. Areas in which seasonal total rainfall has a higher or equal correlation are 
shown in grey. Note that results are only plotted for locations where more than 95% of 
the boostrapped replicas agree on the sign of the change. 

 

 
Figure 3: Same as figure 2 for the following variables (a) Rainy days: number of days 
with more than 1mm of rain (b) Mean wetspell length: mean length of consecutive days 
of rain greater than 1mm, (c) Median dryspell length: median length of consecutive dry 
days, (d) Dryspell autocorrelation: Spearman rank lag-1 autocorrelation of successive 
dry spell lengths, (e) 3-day autocorrelation: Spearman rank lag-3 autocorrelation of 
daily rainfall amounts. 
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Figure 4. Same as figure 2 for the following variables (a) Soil Moisture: seasonal average 
moisture in topsoil (b) Intensity: total rainfall divided by the number of rainy days, (c) 
Contribution of Extremes: total rainfall divided by the amount of rain contributed by 
the top 95th percentile days, (d) Burstiness 15day: Intermittency measure (Schleiss and 
Smith 2016). 
 

 

Next, we analyzed five different measures of rainfall patterns within a season, 

including the length of dry spells and wet spells. Apart from in isolated locations, these 

measures do not have coherently stronger correlations with floodiness than seasonal 

total rainfall (Figure 3). 

The last set of variables we explored included soil moisture and several measures of 

seasonal rainfall intensity. Figure 4a shows that in most regions seasonal total rainfall 

is more strongly correlated with floodiness than soil moisture. In comparison, seasonal 

rainfall intensity shows a slightly higher correlation with floodiness across the continent 

(4b), defined as the total precipitation divided by the number of rainy days. Similarly, 

the percent of seasonal rainfall occurring in the top 95th percentile days, here called the 

“contribution of extremes”, shows higher correlations in the West and Central Africa 

region (4c).  Both variables show less variation across Koppen climate regions, 

compared to seasonal total rainfall (Figure 1). Burstiness (Schleiss and Smith 2016) of 

a 15-day interamount time (4d) does not show better correlations with floodiness than 

does seasonal total rainfall. 

It is possible that a combination of these variables would outperform any of them 

in isolation, so we also test the combination of three different types of variables that 

each have strong correlations with floodiness: (1) 3 days above 99th, (2) soil moisture, 

and (3) contribution of extremes. To test whether a combination of these variables is 

better able to predict 50-year return period floodiness, we fit a logistic regression model 

for each gridpoint using these three variables. Because these variables are correlated 

with each other in several regions, we select the generalized linear model (glm) fit with 

the fewest variables that is still within one standard error of the optimal fitted model. 
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Results of the glm generally confirm the spatial patterns reflected in the correlation 

figures above, and indicate that a combination of these variables could be a useful 

indicator of floodiness in many regions. Figure 5 shows that the number of 3-day events 

above the 99th percentile was a meaningful contributor when added as a predictor 

independently, or in conjunction with another variable, in most of sub-Saharan Africa. 

Soil moisture is included as an additional predictor primarily in Southern Africa, while 

the contribution of extremes was included primarily in Central Africa. A combination 

of all three variables was recommended in East Africa and parts of Southern Africa, 

while none of the predictors was selected as a meaningful contributor for much of West 

and Central Africa. 

 
Figure 5. Results of optimizing a logistic regression model using a combination of the 
high-performing variables considered earlier. The model predicted whether there was 
any floodiness at the 50-year return period by using the following predictors: number 
of 3-day events in the 95th percentile (crosses), soil moisture (yellow), and the 
contribution of extremes (red). To optimize the model, we selected the most 
parsimonious combination of these three predictors that formed a glm that is within 
one standard error of the standard error that could be achieved by the maximum fit. 
FPUs that are plain white showed no value in using any of the predictors, while 
locations with colors/symbols show which predictors were retained in the optimized 
model, either alone or in combination with other predictors. 
 

3.4 Conclusions 

In the analysis above, we have demonstrated that indicators of floodiness differ 

widely across the African continent, using a methodology that can be replicated for 

other data-scarce regions to assess the key indicators of flooding. Improvements both 

to the climatology of reanalysis rainfall and to the skill of global hydrological models 

could further improve the understanding of predictability of these processes, and we 

encourage replication of this methodology using observations to further describe and 

validate the flood-generating processes in specific locations. 

Seasonal total rainfall is not a reasonable proxy for floodiness in most of West 

Africa, Central Africa, and Madagascar. Large portions of these regions fall in the 
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“equatorial” Koppen classification, which includes tropical savannahs. Floodiness in 

these regions demonstrated a stronger relationship with measures of the intensity of 

rainfall during a season than in the rest of the continent. In these regions, the climate 

services community should reconsider their association of seasonal total rainfall with 

flood risk and flood preparation measures (Braman et al. 2013). When using forecasts 

in an operational context, imperfect forecast skill of the rainfall proxy itself further 

reduces the usefulness of this information for flood preparedness.  

On the other hand, much of East Africa, Southern Africa, and the Sahel tend to 

show similar patterns in the dominant indicators of flooding. Seasonal total rainfall had 

some of the highest correlations in these regions, as well as the number of extreme 

events within a season. There are large “arid” areas in each of these regions, and these 

findings are consistent with studies done in other arid areas. Berghuijs (2016) found 

that daily and multi-day rainfall events were the dominant flood-generating processes 

for river basins in arid regions of the United States, similar to the results in Figure 2d. 

To maximize usefulness in these regions, forecasters could consider simple 

formatting alternatives to current forecasts that would provide a better indication of 

floodiness, such as replacing tercile forecasts with forecasts of the top percentiles of the 

distribution (Grieser 2014), and offering aggregate forecasts for river basins or FPUs. 

The latter could also lend itself to greater forecast skill than for rainfall itself and 

encourage regional-scale disaster preparedness. 

Researchers developing new forecast products should consider several of the 

predictor variables discussed here. Forecasts of the frequency of extreme rainfall events 

would likely provide a better indication of floodiness, compared to seasonal total rainfall 

forecasts, for much of Sub-Saharan Africa. Studies have shown potential predictability 

of this variable in several locations (Anderson et al. 2015; Higgins et al. 2000; Verbist 

et al. 2010). Seasonal forecasts of soil moisture could give a useful indication of flood 

risk in dry regions of Africa (Figure 4), and these forecasts are also likely to have 

seasonal predictability in areas where they can be well initialized, notably due to the 

persistence of soil moisture (Kanamitsu et al. 2002; Koster et al. 2010; Poveda et al. 

2001). This also takes evaporation into account. 

Forecasts of rainfall intensity could give a better indication of flood risk in West 

and Central Africa (Figure 5). However, intensity is the least spatially coherent and 

therefore least likely to be predictable (Moron et al. 2007). Further research into the 

area is merited, as there are a few examples showing some potential predictability of 

rainfall intensity (Pineda and Willems 2016). 

Seasonal skill in forecasting total 3-month rainfall anomalies is varied around the 

world; highest skill has been achieved during ENSO events in areas that have ENSO 

teleconnections (Barnston et al. 2010; Weisheimer and Palmer 2014). Given the low 

correlations we have found here between floodiness and either seasonal total rainfall or 

other rainfall indicators, forecasts of any of these proxies are unlikely to provide strong 

signals of increased risk. However, there have been several studies using large-scale 
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climate patterns and Sea Surface Temperatures (SSTs) as predictors of flood risk, most 

focusing on the role of ENSO in changing global flood risk (Emerton et al. 2017; Ward 

et al. 2014; Ward et al. 2016). Further research on using SSTs and other climate 

patterns to directly forecast changes to flooding is merited, to explore whether such 

forecasts would give stronger indications of change in flood hazard than seasonal 

climate models of rainfall. 

Ultimately, the most informative forecasts of flood hazard at the seasonal scale could 

be seasonal streamflow forecasts using hydrological models calibrated for individual 

river basins (Sahu et al. 2016). While this is more computationally and resource 

intensive, investments in better forecasts of seasonal flood risk could be of immense use 

to the disaster preparedness community. 

In their work, disaster managers can support these forecasting efforts by better 

defining the meteorological and hydrological variables that relate to disaster. Sharing 

this information with forecasters can inform the development of forecast products that 

provide specific information about these “danger levels”, thus better enabling 

stakeholders to take appropriate preparatory actions. Forecast-based finance initiatives 

are underway globally, with the aim to take action and release financing proportional 

to the risk information in a forecast, before the potential disaster (Coughlan de Perez 

et al. 2016). Changes to forecast products to provide clearer and more targeted risk 

information can support this process and enable humanitarians to better anticipate and 

prepare for disasters before they strike. 
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4 

 

4 From rain to famine: Assessing the utility of rainfall 

observations and seasonal forecasts to anticipate food 

insecurity in East Africa3 

Abstract 

In 2011, famine was declared for the first time globally in almost 10 years. Given that 

much can be done to prevent this level of extreme suffering before it happens, 

humanitarian agencies monitor early indicators of food insecurity to trigger early 

action. In this paper, we present a qualitative narrative of the chain of events that led 

to food insecurity in East Africa in 2011, and we focus on isolating how low rainfall 

affects livelihood groups differently depending on their vulnerability. Factors beyond 

rainfall, such as conflict, are key determinants of the vulnerability that makes lack of 

rainfall a problematic hazard. Based on a quantitative analysis of rainfall amounts and 

food security classifications, we demonstrate the increased chances of food insecurity 

when rainfall is low. Results differ dramatically between livelihood groups; pastoralists 

in East Africa more frequently experience food insecurity than do non-pastoralists, and 

12 months of low rainfall greatly increases the chances of “crisis” and “emergency” food 

security in pastoralist regions. In non-pastoralist regions, the effects are less. Similar 

results were obtained for pastoralists in Kenya, Ethiopia, and Somalia. To anticipate 

food insecurity, we demonstrate that six months of rainfall observations can already 

give a strong indication of heightened risk, a full six months before conditions 

deteriorate. Combining rainfall observations with seasonal forecasts can further change 

                                      
3 The contents of this chapter are based on: Coughlan de Perez, E., van Aalst, M., Choularton, R., 

van den Hurk, B., Mason, S., Nissan, H., and Schwager, S., From rain to famine: Assessing the utility 

of rainfall observations and seasonal forecasts to anticipate food insecurity in East Africa. Submitted to: 

Food Security. 
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the range of possible outcomes, but the added value of seasonal forecasts is noticeable 

only when they show a strong probability of below-normal rainfall. 

4.1 Introduction 

Food insecurity is a recurrent crisis in East Africa. Because impacts happen 

gradually over many months, humanitarians and government agencies closely monitor 

warning signs to anticipate impacts. Rainfall is a commonly used early warning 

indicator, because many of the most vulnerable people in the region depend on rainfall 

for their livelihoods. Here, we investigate the extent to which rainfall, and rainfall 

forecasts, can provide early warning information on potential food insecurity for 

different vulnerable groups in East Africa.  

The amount of rainfall required to sustain livelihoods varies across local populations. 

In agricultural areas, crop models can be used to anticipate harvest outcomes, based 

on the exact rainfall requirements of the crop planted in a specific location. Financial 

mechanisms have been developed to deliver humanitarian finance before expected 

negative outcomes of a failed crop (Kehinde 2014). In pastoralist regions, intra-seasonal 

rainfall patterns that are important for successful crops are less important than general 

rangeland productivity, which is linked to cumulative rainfall amounts over multiple 

seasons. 

However, the link between rainfall deficits and food insecurity involves several 

intermediate steps, including reduced production, low livestock prices, high food prices, 

and ultimately a reduction in food access. In addition to rainfall, the humanitarian 

system monitors several socio-economic factors that are indicators of this chain of 

problems. Indicators of household stress include decisions to migrate, payment of school 

fees, distress sale of assets, reduced food consumption, malnutrition, increased 

morbidity, and livestock mortality (Brown 2008; Cuny and Hill 1999; IPC Global 

Partners 2012). Food security monitoring services also factor in the impact of changes 

to terms of trade of staple foods, food transportation networks, as well as local and 

regional patterns of conflict. 

Given this variety of indicators, the contribution of low rainfall to food insecurity 

is unclear. To describe the potential effect of a hazard (in this case low rainfall) on 

societal outcomes (in this case food security), the accepted practice in Catastrophe Risk 

Modeling, or CAT modeling, is to use a vulnerability function. This function plots the 

relationship between hazard magnitude and potential impact (Pineda-Porras and 

Ordaz-Schroeder 2003; Porter and White 2016). This relationship can also be called a 

risk curve (Grunthal et al. 2006), fragility curve (Okuyama and Chang 2004), or 

damage curve (UNFCCC 2012), and it is commonly used in the design of infrastructure. 

Because vulnerability varies across people and regions, different vulnerability curves 

can be developed for different groups. 
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Here, we focus on isolating the impact of a rainfall hazard on food security 

conditions. First, we identify different regions of vulnerability in East Africa, based on 

historical food security outcomes. Then, we quantify how rainfall constrains the types 

of food security outcomes that could be expected for that population. Lastly, we 

identify the extent to which observations and forecasts of rainfall can allow these 

impacts to be anticipated in advance. 

To illustrate this relationship, we begin with a literature review of the drought in 

2011 in East Africa, exploring not only the rainfall hazard but also the variety of factors 

that contributed to the food insecurity after that event. Following this review, we 

introduce methods and results of a quantitative analysis, which compares forecasted 

rainfall, observed rainfall, and combinations of the two with food insecurity across 

regions. This quantitative analysis is not intended to provide a method to forecast food 

insecurity by using rainfall as the only predictor, but rather envisioned as a way to 

quantify the importance of rainfall in our ability to anticipate food insecurity. The 

relationship between rainfall and food insecurity can be used by agencies who forecast 

food insecurity in real-time, in a quantitative or qualitative combination with socio-

economic monitoring indicators. 

4.2 Case study 

In 2011, East Africa suffered extreme levels of food insecurity, which were widely 

associated with drought conditions. The impact pathway began with low rainfall, 

proceeded to low crop and livestock yields, and resulted in high food prices and 

depressed income. Due to limited purchasing power and several conflict situations, 

people found it difficult to access food, and food insecurity was observed throughout 

the region (Hillbruner and Moloney 2012). 

The 2011 rainfall deficit had begun more than a year earlier, in 2010, and spread 

across a large area of the Horn of Africa. The worst rainfall anomalies were in southern 

Ethiopia, northern Kenya, and southern Somalia. While there are a number of different 

definitions of drought, standardized anomalies of total rainfall have frequently been 

used in East Africa (Ntale and Gan 2003). Figure 1 shows the Standardized 

Precipitation Index (SPI) for a 12-month period beginning in May 2010.  

  

Fig. 1 Standardized Precipitation Index 
(SPI) for East Africa during the 2011 
drought. Total rainfall amounts between 
May 2010 and April 2011 are used to 
calculate a 12-month SPI, showing 
depressed rainfall over much of the region. 
Rainfall is CHIRPS from 1981-2018 (see 
methods). 
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Crop yields in East Africa covary with rainfall (Hansen and Indeje 2004); 

approximately 50% of the variability in maize yields in Kenya can be explained by 

interannual temperature and precipitation fluctuations (Iizumi et al. 2013; Ray et al. 

2015). The drought of 2011 followed this pattern, and Kenyan regions of marginal 

agriculture saw harvests of approximately 20% of normal yields (FEWS NET 2011c). 

Crop yields in southern Somalia were similarly poor, with the lowest production of 

sorghum and maize in 15 years (FSNAU 2011). In pastoralist regions of northern 

Kenya, 70-80% of livestock migrated out of the region and livestock prices dropped 

dramatically (FEWS NET 2011b). 

Several factors influence whether local food production affects local food prices, 

especially the ability to trade with other regions, any fluctuations of global food prices, 

and the level of urbanization of a region (Brown 2014). In 2011, high international 

prices of wheat and high costs of fuel and transportation both coincided with the low 

rainfall conditions in East Africa (FAO 2011). In rural pastoralist areas of Kenya, maize 

prices doubled in pastoralist regions by September 2011 (FEWS NET 2011b), and in 

Ethiopia, the government set price ceilings to control inflation (FEWS NET, 2011a). 

In Somalia, the average retail cost of sorghum almost doubled over the course of the 

year (FEWS NET, 2011d). 

Beyond price, actual access to food is mediated by a number of additional factors, 

such as economic status, livelihood options, conflict, and safety nets (Fraser 2007; 

Simelton et al. 2012). In conflict situations, damaged infrastructure and outbreaks of 

violence can reduce access to markets and agricultural lands, and conflict can prevent 

life-saving access by the international humanitarian system (Maxwell and Hailey 2018). 

In 2011, Ethiopia’s Productive Safety Net Programme increased their feeding program 

to support people who were otherwise unable to access food. In Somalia, conflict was 

the major contributor to reduced food access, and it inhibited the delivery of relief food 

to several regions. Farm laborers who did not have 

assets or income during the drought period were least 

able to access food (FSNAU 2011). Small areas of 

conflict in northern Kenya also contributed to 

reducing food access. 

Ultimately, 2011 resulted in famine in Somalia, 

affecting 3.1 million people (Maxwell and Fitzpatrick 

2012). In Ethiopia, 11% of the rural population was 

estimated to be food insecure (Zappacosta et al. 

2012), and Kenya recorded global acute malnutrition 

rates up to 20% in the northern pastoralist regions 

(FEWS NET 2011b). The food security 

classifications for East Africa in October 2011 are 

shown in Figure 2. 

 

Fig. 2 Food security 
classifications for October 
2011. The categories are: 1-
Minimal, 2-Stressed, 3-Crisis, 
4-Emergency, and 5-Famine, 
colored from light to dark on 
the map. (FEWS-NET) 
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4.3 Quantitative methods 

Food security outcomes for East Africa have been monitored by the Famine Early 

Warning Systems Network (FEWS NET) since 2009. Food security is classified on a 

scale from 1 (minimal threat) to 5 (famine), compatible with the Integrated Phase 

Classification (IPC) (IPC Global Partners 2012). Assessments are released in map form 

every 3-4 months, and there have been 33 food security updates between 2009-2018. 

There was a change to the FEWS NET classification structure in March 2011, after 

which the classification system allowed for an overlay showing where the food security 

would likely be worse without current or planned humanitarian assistance. The 

classifications prior to 2011 could therefore overestimate food insecurity. However, both 

the earlier and the later system used the main 5 classification categories, and therefore 

we use the entire dataset for the purpose of this analysis, representing food security 

outcomes. 

FEWS NET also produces shapefiles of the livelihood zones of each country, based 

on a household economy approach (FEWS NET n.d.). For the purposes of this analysis, 

we categorize each livelihood zone based on the extent to which its population relies 

on animal husbandry and crops, using the following categories: “pastoral”, “agro-

pastoral”, “cropping”, and “other”. 

To characterize the influence of rainfall on food insecurity outcomes across a diverse 

region, we calculate a standard index of rainfall at each location. For rainfall estimates, 

we use the Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) 

dataset, which was developed specifically for drought monitoring and combines satellite 

observations with available station data (Funk et al. 2014). This is a gridded product 

at 1-degree resolution, approximately 111 km at the equator. The timeseries of rainfall 

is available from 1981 to the present. For temperature data, we use a gridded 2 meter 

temperature dataset from the Global Historical Climatology Network version 2 and the 

Climate Anomaly Monitoring System (Fan and Dool 2008). 

To create a standardized comparable index of “drought” across the entire region, we 

use the Standardized Precipitation Index (SPI) and the Standardized Precipitation-

Evapotranspiration Index (SPEI) for a 12-month period (Vicente-Serrano et al. 2009). 

While SPI uses only rainfall as an input, SPEI also includes the effect of temperature 

on water availability through evaporation. For the SPEI calculation, we use the 

Thornthwaithe equation to estimate monthly potential evapotranspiration 

(Thornthwaite 1948). 

We then compare the timeseries of rainfall with the food security outcomes of 

FEWS-NET. We re-grid the food security data to match the rainfall 1-degree resolution 

by recording the food security outcome of the center of each 1-degree gridpoint. We 

then calculate the SPI for the 12-month period up until, and including, the month in 

which FEWS released their food security outcomes (dated from the last day of the 

month). The number of pastoralist gridpoints falling in Kenya, Somalia, and Ethiopia 

are: 34, 44, and 44, respectively. For non-pastoralist gridpoints, there are 15, 4, and 49, 
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respectively. For each location, we compare its SPI with its food security classification, 

creating a table of counts indicating the frequency of each type of food security outcome 

when SPI fell in each of the ranges in Table 1. 

 

SP(E)I range 

Probability of 

rainfall falling in 

range 

Less than -2 0.023 

-2 to -1 0.136 

-1 to 0 0.341 

0 to 1 0.341 

1 to 2 0.136 

Greater than 2 0.023 

Table 1: SPI and SPEI ranges used in this study, and the frequency of occurrence of 
each range. 

 

We use a chi-squared test for categorical data to estimate the strength of the 

relationship between ranges of SPI values and the 5 possible food security outcomes. 

However, any apparent relationship between the two could be due to random chance 

because of the large amount of spatial and temporal autocorrelation in the data. To 

estimate the likelihood of the relationships being due to chance alone, we bootstrap 

1000 alternative timeseries in which we randomize the order in which the rainfall 

happened while preserving the spatial maps. To account for the temporal 

autocorrelation, we use a 12-month block bootstrap. For each bootstrapped timeseries, 

we calculate the chi-squared statistic, and then count how many of the randomized 

replicates have a relationship that is stronger than that found in the original data. If 

fewer than 2.5% of boostrapped replicates show a stronger relationship than the original 

data, we have confidence that the relationship is not due to random chance. 

Lastly, we also investigate the potential for rainfall observations and forecasts to 

provide an indication of future food insecurity. For this analysis, we focus on the 

pastoralist regions, most of which have a seasonal cycle with two rainy seasons. Given 

the observations from a first rainy season (typically March-May), we examine the 

probability of different food insecurity outcomes for the end of the upcoming, second 

rainy season. For example, if the March-May rainy season has ended and we have 

observations from that season, we then estimate the potential food insecurity outcomes 

for the end of the upcoming October-December rainy season. 

To be able to compare outcomes across regions, we define two half-year segments: 

January-June and July-December, each of which should contain one rainy season and 

several dry months. For each 6-month observation, we combine it with either 

climatology or a forecast rainfall distribution for the following 6 months and calculate 

the SPI of the result.  
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To create the forecast rainfall distribution, we take 100 samples of the observed 

historical rainfall data for the second 6 months, according to the forecast probabilities 

of above-normal (top tercile of rainfall), near-normal (middle tercile), and below-normal 

(bottom tercile). These terciles are the standard format of seasonal rainfall forecasts 

used across the region.  We then combine each resampled timeseries with the timeseries 

of the first 6 months and calculate the SPI. The result is a probability distribution 

function (pdf) of what the 12-month SPI could look like, given the observed SPI of the 

first 6 months. We categorize the SPI of the first 6 months into different categories, 

low to high, and fit a normal distribution of the SPI of 12-month rainfall conditional 

on the first 6 months SPI being in that category. We then multiply the rainfall 

distribution by the relationship derived between 12-month rainfall and the food security 

indicator IPC, to estimate the shift in probabilities of IPC outcomes based on this 

sample of rainfall. 

 

4.4 Results 

Using the livelihood zones from FEWS NET, the majority of East Africa is 

pastoralist, agro-pastoralist, and agricultural, as seen in Figure 3a. Food insecurity of 

IPC 3 or above is more frequent in pastoralist regions (Figure 3b). 

 
Fig. 3 (a) Livelihood zones of East Africa, with pastoralist regions in dark blue, agro-
pastoralist regions in light purple, and cropping regions in pink. Regions that do not 
fall in these categories are in grey. (b) The frequency of IPC food security classifications 

of “crisis” or higher (numbers 3-5) since 2009. 
 

The frequency of each food insecurity outcome is shown in Figure 4b and 4c for two 

different livelihood classes, “pastoralist” and “non-pastoralist”. In pastoralist areas, IPC 

phase 2, or “stressed,” is the most common outcome and happens nearly 60% of the 

time. Phase 1, “minimal food insecurity,” is observed just over 5% of the time. Results 

were similar across “pastoralist” and “agro-pastoralist” regions, and we therefore group 

these together and refer to them as “pastoralist” for the purposes of this analysis. In 

contrast, non-pastoralist areas are most commonly classified as “minimal” food 

insecurity, approximately 50% of the time, and rarely see an outcome above phase 3.  
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In pastoralist areas, rainfall has a strong effect on food security. High rainfall values 

are much more likely to result in IPC 2 (green lines in Figure 4e), while low rainfall 

greatly increases the chances of IPC 3 and 4 (brown lines in Figure 4e). Observed SPI 

values offer a constrained set of possibilities of what the food security outcome could 

be. The actual food security for a specific year will be affected by socio-economic factors 

mentioned earlier, including those governing food production, food prices, and food 

access. 

Based on the bootstrapped results, we are confident that this relationship between 

SPI and food security in pastoralist regions is not due to random chance. The 

relationship between SPEI and outcomes was similar in shape and significance to that 

of SPI in pastoralist regions. We therefore choose to continue the analysis of pastoralist 

regions using SPI since it is the simpler index for operational purposes.  

For non-pastoralist areas, the relationship between rainfall and food security was 

weaker than that in pastoralist regions. The SPI results for non-pastoralists cannot rule 

out random chance. However, the SPEI results for non-pastoralists were stronger than 

97.5% of all bootstrapped replicates, so we are confident this relationship is not due to 

random chance. Non-pastoralist areas tend to have more surplus water available than 

drier, pastoralist, regions, and this could be one reason why non-pasotralist areas might 

be more sensitive to evaporation of the surplus water. Figure 4f shows the results for 

SPEI. There is a change in probabilities of positive food security with greater water 

availability in this region. To improve on this analysis, crop models that use daily 

rainfall observations and specific crop requirements could be explored, instead of the 

measures of total 12-month rainfall used here.  
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Fig. 4 Regions that are (a) pastoralist and (b) non-pastoralist. The middle row shows, 
for each region, the aggregate food security outcomes since 2009. The bottom row 
shows, for each region, the distribution of food security outcomes contingent on 
drought. Each color represents a probability distribution function of food insecurity 
outcomes, showing the probability of having an outcome of 1-5 conditional on that SPI 
or SPEI category. (e) For pastoral regions, when SPI is observed to be in in one of 6 
different color-coded bins, the probability of food security outcomes 1-5 are shown in 
each color, and connected with a line of that color. (f) Same as in (e), but for non-
pastoral regions using SPEI. 

 

Focusing on the pastoralist regions, we repeat this analysis for pastoralists in each 

individual country in the region (Ethiopia, Kenya, and Somalia), to identify whether 

the general relationship is affected by differences in regional trade or national policies. 

Figure 5d-f shows the distribution of food security outcomes in the pastoralist regions 

of each country, which do not differ substantially between countries. The similar 

relationship across national borders likely indicates that food insecurity is localized to 

the area of low rainfall. The relationships between SPI and food security in Figure 5g-

i also show similar shapes between countries. Based on the results of the bootstrap 

analysis (not shown in figure), we can be confident that the individual results for 

Ethiopia and Kenya are not due to random chance, but we cannot be confident in the 

same for Somalia. 
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Fig. 5. As in Figure 4, but for pastoralist regions only in Ethiopia, Kenya, and Somalia. 
All relationships use SPI. 

 

Here we have demonstrated a relationship between rainfall over a 12-month period 

with food insecurity, and we would like to see whether it is possible to anticipate food 

security outcomes halfway through the 12-month period. A longer window of 

anticipation could provide additional time for people to react before the food insecurity 

happens. Therefore, we estimate how much can be known about 12-month SPI in 

advance, by only observing one rainy and dry season in one half of the year and then 

forecasting the results of the next rainy season to ultimately estimate the 12-month 

rainfall for the end of that year. 

First, given the observed 6 months of rainfall, including one rainy season, the 

possible outcomes for the total rainfall for the end of 12 months (6 months observed 

plus 6 months unknown) is shown in Figure 6a. Results are generated by combining 

the observed rainfall with a random sample of historical observations for the second 

half of the year. For example, we start with a 6-month observed rainfall total and 

combine this with a randomly selected rainfall total for the second half of the year, and 

then repeat, combining it with several random samples from the historical distribution 

to see what the total 12-month rainfall might look like, given the observed 6-month 

rainfall at the beginning. In the case where the observed 6-month total was very high 

(green line in Figure 6a), the range of potential outcomes for 12-month rainfall would 

be on the wet side, even if the rest of the year were rather dry.  

Knowing this range of possible outcomes, we can then estimate the possible food 

security outcomes for the end of the 12-month period (Figure 6b). For example, if we 
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know that the first 6 months were very wet, and so the probability of pastoralist regions 

being in IPC 2 by the end of the year is almost 80%. This outcome is affected not only 

by the rainfall of the upcoming season but also by socio-economic factors governing 

food access, which can themselves be exacerbated by drought. 

 
Fig. 6 Left column shows the possible rainfall outcomes for a 12-month period, if the 
first 6 months have been observed. Each color represents a probability distribution 
function of 12-month rainfall outcomes, showing the probability of having SPI values 
from -4 to 4, conditional on observed SPI values for the first 6 months in combination 
with a perfectly reliable seasonal forecast for the upcoming 6 months. Each row 
represents a different seasonal forecast, which is labeled by the probability of the lower, 
middle, and upper rainfall tercile. Right column shows the IPC food security outcomes 
for pastoralist regions that could be expected in each case, at the end of the 12-month 
season (using relationship from Figure 4e). 

 

Figure 6a-b uses the climatological probability of possible rainfall amounts, which 

assumes that there is no information about what the upcoming rainy season will be like 

(probability of rainfall is equally distributed over lower, medium and higher terciles).  
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However, seasonal forecasts are available in East Africa, and can provide an early 

indication of potential rainfall before the season starts. Figure 6 also shows the potential 

rainfall outcomes that would result from a combination of observed 6-month rainfall 

and forecast seasonal rainfall. 6c shows a forecast of 100% chance of below-normal 

tercile of rainfall, and 6e shows 100% chance of above-normal tercile of rainfall. 6g and 

6i provide more common seasonal forecasts, with the highest probability being 50% 

chance below-normal or above-normal rainfall. 

In the right column of Figure 6 we can see that the distribution of possible food 

security outcomes based on this combination of rainfall and forecast is noticeably 

different for forecasts of 100% below/above-normal rainfall (compare second and third 

row of figure 6), but nearly indistinguishable for forecasts of 50% chance below/above-

normal rainfall (compare fourth and fifth row of figure 6). In all cases, food insecurity 

is affected by factors other than rainfall, and therefore there is still a wide distribution 

of possible outcomes. 

 

4.5 Discussion 

In East Africa, food insecurity outcomes differ dramatically between different 

pastoralist and non-pastoralist livelihood zones. Pastoral and agro-pastoral populations 

are chronically food insecure, and investment in these regions should address long-term 

food insecurity as well as periods of increased food stress. While Somalia is the only 

pastoralist region that has seen instances of IPC 5 famine in the last ten years, chronic 

food insecurity in pastoralist areas of Somalia has been otherwise similar to outcomes 

for pastoralists in Kenya and Ethiopia. 

In agricultural regions, cumulative 12-month rainfall does not give a strong 

indication of food insecurity; tailored crop models are likely to be more useful for their 

ability to better anticipate harvest changes based on choice of cultivars and more 

localized information. In pastoralist regions, however, total rainfall amounts are indeed 

related to outcomes and consequently can provide a significant source of information 

for anticipating crises. For example, the long-term frequency of “Emergency” food 

insecurity in pastoralist regions is 8% (Figure 4c), but if 12-month rainfall SPI is below 

-1, then the probability of “Emergency” rises to close to 30% (Figure 4e). 

Vulnerability to rainfall is high in pastoralist regions, and periods of increased food 

insecurity are strongly associated with 12-month periods of low rainfall. This paper 

provides a quantitative estimate of how much the probability of adverse outcomes 

increases as rainfall decreases. To achieve the best forecast of food insecurity, this 

rainfall information should be integrated qualitatively or quantitatively with indicators 

of prices, conflict, trade, and negative coping mechanisms. Given the distribution of 

potential outcomes based on the rainfall, these additional socio-economic factors can 

be used to narrow the range of possible outcomes. 
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The vulnerability relationships presented here for both pastoralists and non-

pastoralists represent a historical snapshot of vulnerability for this region in the past 

10 years. Both these relationships and the reliance on rainfall changes with time should 

be continually updated with new information on livelihoods and vulnerability. Such 

vulnerability relationships also do not adequately characterize possible outcomes from 

shocks that were not experienced in the past 10 years, and therefore are outside the 

data sample used here. 

However, these quantitative relationships between rainfall and food insecurity show 

promise in supporting early warning systems in East Africa, for example to be 

incorporated into the Famine Early Warning System forecasts (FEWS). With the 

observations from only one rainy season, there is already a good indication of the range 

of possible food security outcomes that could be expected by the end of the following 

rainy season. Using these observations allows for 6 months of lead-time, without waiting 

for the second rainy season to fail. For example, if 6-month rainfall SPI in a pastoralist 

region is observed to be below -1, then the probability of “Emergency” food insecurity 

more than doubles. 

Seasonal forecasts, in combination with the observed rainfall information from the 

past season, can provide additional information to constrain this space of probability. 

The skill of seasonal rainfall forecasts in East Africa is stronger than many other regions 

of the world, because East Africa is influenced by the El Niño – Southern Oscillation 

(Manzanas et al. 2014). The reliability of seasonal rainfall forecasts from the European 

Centre for Medium Range Weather Forecasts was categorized as “marginally” or “still 

useful” in most of the year for this region (Weisheimer and Palmer 2014), and the 

forecasts from the International Research Institute for Climate and Society show similar 

results (Barnston et al. 2010). 

However, because most seasonal forecasts are not very “sharp”, meaning that they 

do not have very strong probabilities for what will happen in the upcoming season, 

they are unlikely to make a meaningful difference in the probability of food insecurity 

outcomes. In the past 20 years of IRI forecasts, more than one-quarter of calendar years 

did not have a single location in East Africa with a strong forecast of 50% chance or 

higher. Therefore, observed rainfall should be used as a basic input to predict potential 

food insecurity outcomes, and little weight should be given to seasonal forecasts unless 

they show extremely high probabilities of specific outcomes. During El Niño and La 

Niña years, however, seasonal forecasts can provide much sharper probabilities, 

especially for the October-December rainy season. 

4.6 Conclusions 

In the pastoralist regions of East Africa, the combined rainfall from two rainy 

seasons is strongly related to food security outcomes, and this rainfall can be used to 

support early warnings in advance of major shocks. With 6 months of lead-time, many 
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actions can be taken to prepare for potential food insecurity. These actions can include 

scaling up of social protection systems, as done in Ethiopia in 2011, to respond to a 

potentially deteriorating food security situation in the coming months.  

While the bulk of forecasting for food security is focused on avoiding negative 

outcomes, this analysis has shown that observations of high rainfall can also provide 

an indication of a particularly good year. Humanitarians and governments working in 

these regions can explore opportunities to take advantage of such food security forecasts 

based on observed rainfall to support socio-economic growth and agricultural 

productivity in unusually wet years. 

To facilitate the use of rainfall for food security forecasts, climate service providers 

should consider methods to provide combined observed and forecasted rainfall to 

decision-makers in the region. In many cases, using only observed data can give a strong 

indication of potential food insecurity outcomes, and in years where forecasts present 

an unusually strong signal, such as El Niño or La Niña years, rainfall forecasts can be 

combined with the observed data to improve predictions of food insecurity. Presenting 

this information as a change in the range of potential food insecurity outcomes can 

help humanitarians combine such findings with other relevant factors for food security 

and further narrow the range of possible outcomes. 

Advances in impact forecasting can help estimate possible outcomes for different 

groups of people and provide tailored forecasts for particularly vulnerable populations. 

Because different livelihood zones have dramatically different relationships to rainfall, 

further understanding of differential vulnerability across livelihood zones and socio-

economic groups can allow for tailored support to those who are most likely to be 

impacted by a particular hazard.  
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5 Global predictability of temperature extremes4 

Abstract 

Extreme temperatures are one of the leading causes of death and disease in both 

developed and developing countries, and heat extremes are projected to rise in many 

regions. To reduce risk, heatwave plans and cold weather plans have been effectively 

implemented around the world. However, much of the world’s population is not yet 

protected by such systems, including many data-scarce but also highly vulnerable 

regions. In this study, we assess at a global level where such systems have the potential 

to be effective at reducing risk from temperature extremes, characterizing (1) long-term 

average occurrence of heatwaves and coldwaves, (2) seasonality of these extremes, and 

(3) short-term predictability of these extreme events three to ten days in advance. 

Using both the NOAA and ECMWF weather forecast models, we develop global maps 

indicating a first approximation of the locations that are likely to benefit from the 

development of seasonal preparedness plans and/or short-term early warning systems 

for extreme temperature. The extratropics generally show both short-term skill as well 

as strong seasonality; in the tropics, most locations do also demonstrate one or both. 

In fact, almost 5 billion people live in regions that have seasonality and predictability 

of heatwaves and/or coldwaves. Climate adaptation investments in these regions can 

take advantage of seasonality and predictability to reduce risks to vulnerable 

populations. 

 

                                      
4 The contents of this chapter are based on: Coughlan de Perez, E., van Aalst, M., Bischiniotis, K., 

Mason, S., Nissan, H., Pappenberger, F., Stephens, E. Zsoter, E., van den Hurk, B. (2018). Global 

predictability of temperature extremes. Environmental Research Letters, 13. 

doi:https://doi.org/10.1088/1748-9326/aab94a 
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5.1 Introduction 

Extreme temperature is a leading contributor to morbidity and mortality for many 

of the world’s most vulnerable people, including infants and the elderly (Bai et al. 2014; 

Egondi et al. 2015; Fouillet et al. 2006; Gosling et al. 2008; Hashizume et al. 2009; 

Huynen et al. 2001). Temperature extremes account for 75% of weather-related deaths 

in high-income countries (CRED et al. 2015), as well as increases in morbidity (Astrom 

et al. 2011; M. Li et al. 2015). For example, the 2003 heatwave in France was estimated 

to cause 15,000 excess deaths, and in Bangladesh, mortality increases approximately 

20% on heat-wave days (Fouillet et al. 2006; Nissan, Burkart, Coughlan de Perez, et 

al. 2017). In India, a cold wave in 2003 killed more than 900 people, and unusual cold 

temperatures were responsible for 370 excess deaths in Moscow in 2006 (De et al. 2005; 

Revich and Shaposhnikov 2008). 

However, temperature can be considered to be one of the most predictable 

meteorological surface variables (Haiden et al. 2015), and extreme temperature early 

action systems have proven that they can save lives around the world (Ebi et al. 2004; 

Tan et al. 2007; Toloo et al. 2013; Weisskopf et al. 2002). 

 Heat Health Action Plans and Cold Weather Plans lay out roles and responsibilities 

for seasonal preparedness measures, short-term early action, and response and recovery 

measures (Public Health England 2015). For heatwaves, disaster managers provide 

drinking water, cooling shelters, and visits to isolated community members (Hajat et 

al. 2010; Knowlton et al. 2014a). For coldwaves, typical interventions include provision 

of blankets, shelter, and financial support for heating costs to vulnerable households 

(Daiski 2005; Fazel et al. 2014; Hwang et al. 2005; Wolf et al. 2010).  

Much of the world’s population is not currently covered by such systems (Bittner 

et al. 2013; Republique Francaise 2015). Implementation of extreme weather plans 

requires substantial capacity by local agencies, and many governments and civil society 

organizations have shown growing interest in these plans in recent years (Coughlan de 

Perez et al. 2014; Fouillet, et al. 2008; IFRC 2009),  

The goal of this study is to identify areas in the world that can benefit from extreme 

temperature early warning systems. To assess where such early action systems are likely 

to be impactful, we analyze the following three factors for all inhabited areas of the 

world: (1) long-term occurrence of heatwaves and coldwaves, (2) seasonality of 

heatwaves and coldwaves, and (3) short-term predictability of heatwaves and 

coldwaves, 3-10 days in advance. 

First, to develop maps of the long-term occurrence of heatwaves and coldwaves, we 

need to define a heatwave and a coldwave. The definition of an impactful extreme 

event depends on local acclimatization, demographics, state of health, cultural norms, 

clothing, levels of physical activity, and access to temperature-controlled shelter (Hajat 

et al. 2010; Reid et al. 2009). In a review of studies on heatwaves and morbidity, (Li 

et al. 2015) found that effects range from 163.7% increase in cardiovascular disease in 

the elderly in Australia to 19% increase in preterm births in Italy. A review of global 
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studies found that mortality rates increase by at least 5% on heatwave days in many 

cities, and are responsible for more deaths in the United States per year than all other 

natural disasters combined (Astrom et al. 2011; Klinenberg 2015). Cold waves have 

been associated with an average of 4% increase in risk in US cities; one study found a 

13% increase in mortality in Shanghai (Ma et al. 2013; Wang et al. 2016). A meta 

review of studies of two-day cold spells show an overall agreement of an increase in 

mortality, especially among the elderly (Ryti et al. 2016). 

Temperature-mortality curves are normally used to model the relationship between 

different magnitudes of temperature extremes and local impact. Even with access to 

health data, determining detailed temperature-mortality relationships is not 

straightforward, because of the time-varying nature of population vulnerability to heat 

and cold. Where such relationships have been assessed, simple indices of relative heat 

and cold tend to have equal association with local impacts as do more complicated 

heatwave and coldwave definitions (Barnett et al. 2010; Dixon et al. 2005; Nissan et 

al. 2017). In fact, most heatwave and coldwave definitions that have been derived from 

local mortality relationships tend to show impact at the most extreme percentiles of 

the local temperature climatology (Astrom et al. 2011; Gasparrini et al. 2015).  

We therefore define heat and cold as extreme temperatures relative to the local 

climate; when temperatures are persistently above/below this relative extreme, we 

assume that there will be an increase in morbidity or mortality in the most vulnerable 

local groups.  These impacts will still be mediated by local context, including the 

availability of effective public health responses and early warning systems. 

In the second factor, we investigate where seasonality can provide opportunities to 

take early action, by identifying areas that have a distinct annual cycle of temperature. 

Preparedness in advance of the high-risk months (e.g. summer) would be particularly 

important if short-term forecast skill is poor or if capacity is limited to maintain an 

early warning system.  

For the third factor, we analyze short-term weather forecasts, which allow for early 

action immediately before and during an extreme event. Here, we use the word “skill” 

to refer to the ability of the model to forecast heatwaves or coldwaves correctly, 

sometimes also called “accuracy” or “goodness” of the forecast. We are not aware of any 

existing global verifications for temperature forecasts that show skill for relative 

extremes. Several evaluations of extreme event forecasts have been done for specific 

locations, most commonly over data-rich areas, such as the US (Hamill et al. 2013; 

Koster et al. 2010). Areas with patchy observational data have rarely been researched, 

including much of Africa, as observations are needed both for initialization and 

evaluation.  

Extreme events by definition have small sample sizes, so global forecasts tend to be 

evaluated for non-extremes or for extremes aggregated across space, to increase sample 

size (Barnston and Mason 2011; Gilleland et al. 2010; Haiden et al. 2015; Skok and 

Roberts 2016).  However, forecasts are produced, and action is taken based on these 
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forecasts, at scales much smaller than these aggregations. Variations in skill within the 

spatial aggregate would be very relevant for districts and other small locations, where 

skill differs from the aggregate. Overall, there is a considerable gap between current 

meteorological verification practice and societal need (Pappenberger et al. 2008).  

To understand local variability in forecast skill, we calculate the short-term skill of 

forecasts of extreme temperature for individual 1-degree gridboxes around the world. 

Large sample sizes are generated from two reforecast products of 20 and 31 years of 

daily data, respectively. We first verify each forecast model against its own analysis 

product, thereby generating a global map of gridbox-level results that is not affected 

by observational data availability. To verify the spatial patterns of predictability, we 

then carry out point evaluations in locations with available station data. This paper 

does not aim to establish the sources of predictability in all locations; it rather maps 

the predictability itself.  

In this study, we identify where in the world temperature extremes happen, whether 

they can be anticipated as part of a seasonal cycle, and whether they can be predicted 

by weather forecasts. We use reforecast datasets from two major forecasting 

institutions: the US National Oceanic and Atmospheric Administration (NOAA) and 

the European Centre for Medium Range Weather Forecasts (ECMWF), and therefore 

our results are a first-order approximation of the global patterns forecast skill. Based 

on the results of the seasonality and short-term predictability analysis, we identify the 

optimum mix of preparedness measures for different regions of the globe.  

 

 

5.2 Methods 

Where do heatwaves and coldwaves occur? 

Risk materializes due to a combination of hazard, vulnerability, and exposure. To 

see where these hazards occur, we define an extreme event threshold relative to the 

local climatology. A daily temperature value that is labeled as, say, the 95% percentile 

value implies that the temperature is higher than this value on 5% of the days in the 

climatological record. While the threshold represents an extreme event relative to what 

the general population is acclimatized to, vulnerability will vary between groups of 

people and will be affected by public health capacity.  

Individual heatwaves are therefore defined as the maximum daily temperature 

(Tmax) exceeds the 95th percentile of all maximum daily temperatures derived from 

the local climatology AND the minimum daily temperature (Tmin) exceeds the95th 

percentile of all minimum daily temperatures, for two consecutive days. Coldwaves are 

episodes during which the maximum daily temperature (Tmax) is less than the 5th 

percentile of all maximum daily temperatures AND the minimum daily temperature  is 

less than the 5th percentile of all minimum daily temperatures for two consecutive days. 

The percentiles are relative to the climatology of each model in each location. We 
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evaluated alternative percentiles and durations in the sensitivity analysis. Any two-day 

period that fulfills this definition is considered a single event, regardless of whether it 

overlaps with another two-day “event”.  

Both global models used here produce “reforecasts”, or hindcasts, using the current 

model version to forecast historical dates. These data can then be used to evaluate the 

skill of the current forecast model in operation. The NOAA “GEFS Reforecast v2” 

product is produced at 3- and 6-hourly intervals from 1985-2015 (31 years), at 1-degree 

resolution. The ECMWF reforecasts are produced at the resolution of the current 

operational forecast (~18km in this study) at 6-hourly timestep for only two days per 

week; they are run on Mondays and Thursdays for the past 20 years from the date the 

forecast is issued (ECMWF 2017). We then regrid these forecasts using a bilinear 

method to the 1-degree resolution. For both products, we calculate the daily minimum 

and daily maximum temperatures, assuming that the magnitude of the 

maxima/minima are well captured by data at this time resolution. 

To estimate whether heatwave and coldwave hazards occur in a particular location, 

we calculate the frequency of heatwave and coldwave days in Day 0 (first lead time) of 

the NOAA reforecast, which is later used for the verification. Because the ECMWF 

reforecasts are only available for two days per week, we use the ECMWF analysis 

product, which is available daily and is used to initialize the forecast. Heat and cold 

“waves” of consecutive extreme hot/cold days rarely occur in some places, therefore this 

study focuses on areas that have an average of more than 5 heatwaves/coldwaves in a 

31-year period.  

Lastly, we combine hazard frequency with UN-adjusted population density 

estimates for 2015, from the Center for International Earth Science Information 

Network (CIESEN, Center for International Earth Science Information Network 2016), 

to identify locations that have human exposure to these hazards. 

 

Where do heatwaves/coldwaves follow a distinct seasonal pattern?  

In this section, any 90-day period is defined as a “season”, to avoid the use of 

calendar months. We want to identify how many heatwaves happened, on average 

across the years, in each season. Starting with January 1, we identify how many years 

had a heatwave/coldwave during the 90 days starting on January 1. We then repeat 

for the 90 days starting on January 2, etc., until we have done this for 366 possible 

seasons. We map locations with a distinct annual cycle, in which at least one of those 

possible 90-day seasons had a heatwave/coldwave, as defined above, in more than half 

of the years of analysis. The data used is the Day 0 (first lead time) of the NOAA 

reforecasts and the analysis product of the ECMWF forecasts. 

 

Where is there skill in short-term forecasts of heatwaves/coldwaves? 

Here, we analyze how well the two global models can predict heatwaves and 

coldwaves at lead times of 3 days and 10 days, to provide a global perspective. National 
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forecasts and limited area models might perform better than these results, due to local 

data assimilation or topographic resolution. They might also perform more poorly, in 

cases where there are data and technology gaps. Therefore, our results provide a first 

indication, and can also serve as a point of departure and comparison for local model 

results. 

Because station data for temperature are limited in many places of the world, we 

carry out two verifications, one verification comparing each model against its own 

analysis, and the other verifying each model against station data from sample locations 

around the world. For the first, we analyze the NOAA and ECMWF forecasts by 

verifying heatwaves and coldwaves at lead times 3 and 10 days against the first lead 

time of the forecast (NOAA), and ERA-Interim Land reanalysis (ECMWF), as 

mentioned above. Some biases may exist; for example, the ECMWF hindcast system 

is derived from a more recent model version with a higher resolution than the reanalysis 

against which it is compared. 

For the second verification, we selected 57 freely-available stations from the Global 

Historical Climatology Network Daily Database, version 2, to provide a sample from 

different regions and climates. Many large cities were selected; cities are often areas 

that suffer the largest impact of heatwaves due to the concentration of vulnerability 

and exposure, as well as the urban heat island effect. Urban preparedness actions can 

also reach many people relatively quickly. All stations selected have at least 5 

heatwaves or coldwaves during the 1985-2015 period. To compare station data with 

forecasted temperatures, we extract lead times 3 and 10 days of the gridded forecast 

products using nearest neighbor interpolation to the coordinates of the station. Because 

the heatwave and coldwave definitions use percentiles relative to the climatology of the 

data itself, we do not carry out a correction for the urban heat island effect, which is 

likely not picked up in the reanalysis but would occur in the station data, or any 

elevation differences between the station and model.  

Both forecasts have 11 ensemble members, and we calculate the probability of the 

extreme event as the number of ensembles that forecast the event divided by the 

number of members. This is based on several assumptions, including that the ensembles 

represent equally likely future scenarios and that there are enough ensembles to 

represent the full range of possible futures. However, with such a small number of 

ensembles, it is not possible for them to represent the full range of possible futures. For 

example, if all 11 ensemble members show a heatwave in 10 days, this would be 

recorded as a 100% chance of a heatwave. To avoid an overconfident forecast, in which 

all ensembles forecast the event or non-event, we have added a single “naïve ensemble 

member” as a benchmark that always forecasts the event at 0.5, instead of 0 or 1 in 

the normal ensemble members, as in (Broecker 2012). With the addition of this 

member, the probability of the event will never be 0% or 100%. In our example, if all 

ensembles forecasted a heatwave in 10 days, the forecast would be 11.5/12, or a 96% 

chance of a heatwave.  
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There are many ways to calculate the “skill” of a forecast. Here, we calculated the 

Area Under the Receiver Operating Characteristic Curve (AUC) to assess the skill for 

each location at each lead time, which assesses both the false alarms and the correct 

forecasts (Mason and Graham 2002). Results range from 0.5 (not skillful) to 1 

(essentially perfect). We determine 95% confidence intervals using 2000 stratified 

bootstrap replicates to generate resampled AUCs (Robin et al. 2011). 

We carried out a sensitivity analysis on the forecast verification, to estimate the 

impact of the parameters used in this study. First, we perturbed the definition of a 

heatwave and coldwave, changing the temperature percentiles and duration. Second, 

we used deterministic skill scores (Symmetric Extremal Dependence Index and False 

Alarm Ratio) to verify the ensemble mean forecast. Lastly, we repeated the NOAA 

analysis using the same time period as was used for the shorter ECMWF analysis. In 

all these cases, the global maps of skill were very similar to those shown here, leading 

to the same conclusions about which locations tend to have more predictability than 

others. 

 

5.3 Results 

Where do heatwaves and coldwaves occur? 

Heatwaves and coldwaves occur in different regions. Almost the entire world 

experiences heatwaves (blue areas in Figure 1a), with the exception of isolated locations 

in the tropics, including Indonesia, Central Africa, and Western South America. In 

contrast, large areas of the world do not experience sustained extreme cold, according 

to both models. This includes northern South America, Central Africa, parts of East 

and West Africa, the south east of India, and much of the Maritime Continent.  

There are fewer extreme heat and cold events in areas with tropical climates 

(intensity of blue in Figure 1). The northern latitudes and the Eastern coast of India 

tend to have the largest number of heatwaves. For coldwaves, the higher latitudes tend 

to have the greatest number.  

There are no significant differences between the NOAA and ECMWF climatology, 

therefore we plot here only the NOAA results (Figure 1). There are some minor 

discrepancies in the Pacific Islands, with NOAA modeling more events than ECMWF. 

 



Chapter 5 Global predictability of temperature extremes 
 

 

60 

Figure 1: Climatological occurrence 
and human exposure of (a) 
heatwaves and (b) coldwaves for the 
NOAA model. Results are similar to 
ECMWF model output. Cream areas 
have a population density of less 
than 1 person per km^2, and do not 
show heatwave/coldwave 
information. Brown areas indicate 
locations with fewer than 5 
heatwaves/coldwaves in a 31-year 
period, and therefore excluded from 
this analysis. Blue areas are the 
regions where heatwaves or coldwave 
do occur, and the shade of blue 
indicates the average number of 
heatwave-days or coldwave-days per 
year. 
 
 

 

 

 

 

Where is there seasonality of heatwaves/coldwaves? 

Focusing on areas where heatwaves and coldwaves occur and there is human 

exposure, we identify regions that have a distinct seasonality that could be used for 

seasonal preparedness. In both the NOAA and ECMWF datasets, almost all of the 

northern extratropics has such a distinct seasonality (dark green areas, Figure 2). Parts 

of East and Southern Africa, Southern South America, and the Pacific Islands also 

show a distinct seasonality; however, the climatology of the two models displays 

differing estimates of the size of these Southern Hemisphere regions. 

For coldwaves, there is a clear latitudinal divide. Regions that are poleward of 15 

degrees latitude have distinct seasons of coldwaves, with exceptions including the 

interior of Central America, parts of Mozambique, and southern Australia.  

 

(a) 

(b) 
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Figure 2: Seasonality of heatwaves (top row) and coldwaves (bottom row) in areas with 
exposure for the NOAA (left column) and ECMWF (right column) models. Dark green 
indicates regions that have a distinct seasonality that could be used for seasonal 
preparedness. In these regions, there is at least one 90-day season in which there was a 
heatwave/coldwave in half of the years analyzed. Light green areas do not have this 
seasonality. Cream colored areas have low human exposure to heatwaves or coldwaves, 
a combination of having fewer than 1 person/km2 or few extreme events (combination 
of cream and brown in Figure 1). 

 

Where is there skill in short-term forecasts of heatwaves/coldwaves? 

To summarize the results of the short-term predictability, we define several 

categories of forecast characteristics (lead time, skill level), suggestive for the type of 

preparatory action that could be considered. These “categories” should be adjusted 

based on the lead-time and skill levels needed for specific local actions, and they are 

used here only as a general guide to the global results (full results available in 

supplementary information). 

For heatwave forecasts at long lead times of 10 days or more, both models show the 

highest skill in much of Eastern Europe, the Middle East, Eastern India, most of Russia, 

and Central US/Canada (Figure 3a and 3b). In these areas, we expect that there should 

be time for “advance action” to be taken to prepare for an extreme event (dark red 

color in Figures 3a and 3b). The ECMWF forecasts see a greater portion of land area 

covered by this category than NOAA: 44% and 34% of populated areas, respectively. 

In particular, ECMWF shows higher skill than the NOAA forecasts at longer lead times 

for much of the US, China, and Southern Europe. 

These patterns are confirmed in the station data verification (Figure 3c), in which 

the skill obtained by verifying the model against its analysis product is strongly 

correlated with the skill calculated by verifying the model against station data. While 

(a) (b) 

(c) (d) 
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the model analysis verification overestimates skill relative to the station verification, 

both sets of results generally agree about which cities have better skill than others.  

Skill across the tropics is varied, ranging from little skill at any lead time in Central 

Africa and the Maritime Continent to high skill at long lead times in much of Brazil 

and parts of East Africa. While the two models show differing results for many 

locations, there is an indication that at least one of the models could have skill in parts 

of East Africa, Southern Africa, and South America. Neither model can skillfully predict 

heatwaves in the Caribbean, much of Central Africa, and much of the Maritime 

Continent. In summary, predictability for heatwaves at 3-10 days is generally high in 

the extratropics but varies from location-to-location in the tropics. 
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Figure 3: Skill in predicting extreme heat events in the (a) NOAA and (b) ECMWF 
models, classified by how the model could be used to take action. In the top two plots, 
skill is calculated per gridbox by verifying each model against its own analysis. Dark 

red indicates areas with good skill at the 10-day lead time, classified as “advance action” 

(AUC of ROC > 0.8). Red indicates remaining areas with good skill at the 3-day lead 

time, classified as “rapid action” (AUC of ROC > 0.8). Pink indicates remaining areas 

with limited skill at the 3-day lead time, classified as “minimum rapid action” (0.7 < 
ROC < 0.8). Grey areas have little skill (AUC of ROC < 0.3), and cream-colored areas 
have no human exposure. The bottom plot (c) shows a comparison of verification results 
of the model against its analysis (x-axis) with verification of the model against station 
data (y-axis). The Area under the ROC Curve is plotted for all cities marked with a 
black star on the global maps, for NOAA (blue) and ECMWF (purple). Error bars 
indicate 95% confidence intervals. 

 

  

(a) 

(b) 

(c) 
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Figure 4: As in Figure 3, for coldwaves. 
 

When it comes to coldwaves (Figure 4), the NOAA and ECMWF models show 

broadly similar patterns of skill. In both models, “advance action”, or good skill at the 

10-day lead time, is possible in much of the US, Canada, North and Eastern Europe, 

China, Russia, and Southeast Asia. Good skill at the 3-day lead time, or “rapid action”, 

is possible in Southern Africa, Southern South America, Central America, and 

Australia. While the NOAA model shows areas of patchy skill in the Maritime 

Continent, this is not reflected in the ECMWF model.  

One of the largest gradients of skill occurs in India, where both models have good 

skill in forecasting coldwaves in Western India, transitioning into little to no skill in 

and near Bangladesh.  

(a) 

(b) 

(c) 
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5.4 Discussion 

Where should we be investing in extreme temperature early action plans, and what 

should they look like? 

A large percentage of the world’s inhabited surface area could benefit from heatwave 

and coldwave plans that incorporate both seasonal preparedness actions as well as 

action based on shorter-term early warnings (see black areas of Figure 5). The sum of 

population living in areas with both seasonality and short-term predictability is 5 

billion people for heatwaves, and 4.9 billion for coldwaves. This combination of 

seasonality and short-term predictability is ideal, as seasonal preparedness can lay the 

groundwork for supplies and training needed to ensure short-term action is as extensive 

and rapid as needed.  

 
Figure 5: Compilation of Figures 1-4, indicating what type of preparation could be 

possible for (a) heatwaves and (b) coldwaves around the world. Black areas offer both 
skillful short-term forecasts and seasonality of heatwaves/coldwaves in either the 
NOAA or ECMWF models. Green areas are regions where only seasonality could be 
used for preparation. Red areas are regions where only skillful short-term forecasts can 
be used for preparation. Cream colored areas have no exposure or have neither distinct 
climatology nor forecast skill. 

(a) 

(b) 
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In the extratropics, seasonality and predictability are almost uniformly available. 

In these regions, atmospheric blocking causes persistent heat and cold events, as does 

feedback from dry soils and snow, both of which increase predictability of extreme 

events, even offering the potential to extend lead-times into sub-seasonal timeframes 

that would be valuable for enhanced preparedness (Fischer et al. 2007; Nissan et al. 

2017; Purich et al. 2014). 

In the Caribbean, many locations of the Maritime Continent, and many Pacific 

Islands, there is little predictability in the short-term for heatwaves. This lack of 

predictability is likely due to the fact that many islands are too small to be accurately 

represented by the resolution of these global models, and heatwaves can be extremely 

localized. There is low variability in temperature in maritime areas, such that changes 

in large-scale circulation do not bring remarkably different temperatures to the region. 

Higher resolution models might be able to better resolve the microclimates and small 

temperature variations in these areas. Further research is needed to determine the 

health impacts of relative extremes in these regions, where absolute variability is not 

as large as in the extratropics. 

However, many island locations do show good short-term predictability for 

coldwaves. Station data from Cuba demonstrate this contrast; coldwave predictability 

is much greater than heatwave predictability, likely because the coldwaves are caused 

by larger features such as extratropical troughs that have ventured equatorward. In 

regions that have this contrast, cold weather early warning systems would be an 

impactful investment.  

The opposite is true on the small west coast strip of South America, where some of 

the highest skill in predicting heatwaves overlaps with the lowest skill in predicting 

coldwaves, reflected both in the model analysis and in station data from Lima, Peru. 

The predictability for heatwaves is likely derived when the region occasionally receives 

anomalously warm water off the coast in El Nino events, which has health implications 

on the local population (Checkley et al. 2000). 

In many regions in the east of South America, there is no strong seasonality for 

either heatwaves or coldwaves, but there is good short-term predictability for these 

events. In these cases, early warning systems would need to be ready throughout the 

entire year to activate short-term preparedness actions at short notice, especially to 

support those who might not be adequately preparing for such events.  

Across most of the low latitudes in Africa, the climatology of heat extremes is 

remarkably different between the NOAA and ECMWF models (Donat et al. 2014). 

Each model identifies specific locations across the continent where there is seasonality 

(Figure 3) or skillful heatwave prediction (Figure 4). Therefore, model validation and 

selection will be critical for heat early action in those regions, and multi-model results 

might be more skillful than single models. There are limits to using global data for local 

action, and local observations should be used in locations seeking to verify these results. 

The Sahel stands out as an area that is likely to have excellent predictability for 

coldwaves, as well as a distinct seasonal cycle that could be used for preparedness. Such 
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short-term forecasts could be used to take preparedness actions for climate- and 

weather-sensitive health effects e.g. influenza or respiratory illnesses in the region 

(Jusot et al. 2012). 

In much of India and Bangladesh, there is a strong seasonality and predictability 

for heatwaves. Heatwaves tend to be confined to the pre-monsoon summer season, 

before the rains arrive, which suppresses high temperatures. Predictability on weather 

timescales arises from a characteristic atmospheric circulation pattern and a deficit of 

normal rainfall at the beginning of the monsoon, which is reflected in anomalously low 

soil moisture for this time of the year (Nissan et al. 2017). Models that better represent 

land-surface interaction are likely to perform better in predicting heatwaves in this 

region.  

For coldwaves, however, Bangladesh does not see predictability in either model. 

Coldwave patterns that are associated with large-scale variability such as the El Niño 

Southern Oscillation do not extend eastward to Bangladesh (Ratnam et al. 2016). 

Diagnostic climate research is needed to understand the possible reasons for this 

discrepancy, which may pertain to dynamic weather patterns responsible for coldwaves 

in the Ganges Delta that are not well-captured by the models. 

 

Areas for further research 

While the maps produced here provide a first indication of regions in which seasonal 

preparedness and/or early warning systems could be beneficial, our hazard definitions 

were generalized over large areas, and should be tested with local morbidity and 

mortality data where possible. In particular, it would be important to assess the 

differential vulnerability of at-risk groups. For example, migrants are not necessarily 

adapted to the same temperatures as the local population, and they may be both 

vulnerable and exposed to hazardous weather. In addition, climate change could 

increase or decrease risk in many locations, particularly for regions that currently have 

low risk (Forzieri et al. 2017). These regions should use local temperature data to 

monitor any changes to temperature distributions in a changing climate. 

In addition, current forecast skill of these two global models does not represent the 

full predictability that could be realized with further research in many regions. For 

example, soil moisture is known to improve predictability in many regions of the world, 

such as Bangladesh, but reliable initialization of soil moisture in the models is not 

straightforward. Africa, the Maritime Continent, and South Asia saw patchy and 

inconsistent skill between the models; further research is needed to understand the 

limits and drivers of predictability of temperature extremes in these regions. Targeted 

research in areas where there are clear drivers of predictability and poor model skill 

could enable the development of early warning systems in less-served areas. 

While global models tend to be the only information available for the world’s most 

vulnerable locations, locally-calibrated models that combine local observations with 

forecasts are likely to increase skill in locations that can implement this technology. 
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Improvements in temperature observation systems will be necessary in many places to 

enable this verification and calibration, and post-processing and multi-model ensembles 

could further improve local skill. These results should be treated as a first 

approximation of global patterns in skill and should be verified locally. 

The model evaluation carried out here focused on current model skill, which would 

be achieved by using these models without alteration. Operational skill on the ground 

could be more limited than this, as ECMWF forecasts, for example, are not freely 

available in many countries, and operational forecasts could be derived from unverified 

or hedged forecasts that do not reach the skill levels found here.  

While we do evaluate seasonality as a tool for preparedness, we do not evaluate 

seasonal temperature forecasts in this study. With a few exceptions, most seasonal 

forecasts do not estimate the probability of extreme heat or cold events during the 

season but focus on seasonal average temperatures. Seasonal forecasts of extreme 

events, however, could be developed, evaluated, and integrated into early warning 

systems where useful. 
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5.5 Conclusions 

Extreme temperatures remain responsible for significant spikes in morbidity and 

mortality, yet we have shown that, for much of the world, information on seasonality 

and/or short-term forecasts can help to anticipate extreme events with enough time to 

act. Nearly 5 billion people can take advantage of this for heatwaves and for coldwaves. 

For these regions, policies to build resilience and adaptation to (changing) extremes 

should not be confined to structural adaptation, but also build the capacity to act on 

seasonality and early warnings.  

As the climate warms, increased impact from heat extremes is expected in much of 

the Earth’s land surface, even while taking into account gradual acclimatization to 

higher temperatures (Huang et al. 2011; IPCC 2012). Early warning systems are a 

powerful tool to adapt to a potential rise in risk. The development of heat-health early 

warning systems should be considered for implementation at scale in the regions with 

predictability (see Figure 5a). Such systems have the potential to save many lives. 

These should be underpinned by an evidence base on the efficiency of different 

preparedness measures for heatwaves and coldwaves in different climates and levels of 

urbanization, as well as research on the success factors for well-functioning early action 

systems. Here, we indicate where early warning systems may potentially work, but 

many localities might require resources or capacity to take action on these warnings. 

Investment in such capacity, such as the establishment of Forecast-based Financing 

systems (Coughlan de Perez et al. 2015), can ensure that early action is taken when an 

extreme event is predicted. 
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6 

 

6 Action-based flood forecasting for triggering 

humanitarian action5 

Abstract 

Too often, credible scientific early warning information of increased disaster risk does 

not result in humanitarian action. With financial resources tilted heavily towards 

response after a disaster, disaster managers have limited incentive and ability to process 

complex scientific data, including uncertainties. These incentives are beginning to 

change, with the advent of several new Forecast-based Financing systems that provide 

funding based on a forecast of an extreme event. Given the changing landscape, here 

we demonstrate a method to select and use appropriate forecasts for specific 

humanitarian disaster prevention actions, even in a data-scarce location. This action-

based forecasting methodology considers the parameters of each action, such as action 

lifetime, when verifying a forecast. Forecasts are linked with action based on an 

understanding of (1) the magnitude of previous flooding events and (2) the willingness 

to act “in vain” for specific actions. This is applied in the context of the Uganda Red 

Cross Society Forecast-based Financing pilot project, with forecasts from the Global 

Flood Awareness System (GloFAS). Using this method, we define the “danger level” of 

flooding, and we select the probabilistic forecast triggers that are appropriate for 

specific actions. Results from this methodology can be applied globally across hazards, 

                                      
5 The contents of this chapter are based on: Coughlan de Perez, E., van den Hurk, B., van Aalst, M. 

K., Amuron, I., Bamanya, D., Hauser, T., Jongman, B., Lopez, A., Mason, S., Mendler de Suarez, J., 

Pappenberger, F., Rueth, A., Stephens, E., Suarez, P., Wagemaker, J., Zsoter, E. (2016). Action-based 

flood forecasting for triggering humanitarian action. Hydrology and Earth System Sciences, 20, 3549–

3560. doi:10.5194/hess-20-3549-2016 
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and fed into a financing system that ensures that automatic, pre-funded early action 

will be triggered by forecasts. 

 

6.1 Introduction  

Taking preparedness actions in advance of a disaster can be both effective in saving 

lives and assets, as well as efficient in reducing emergency response costs. Practitioners 

and forecasters have mobilized around the concept of “Early Warning Early Action” 

based on weather information (Alfieri et al. 2012; IFRC 2009; Krzysztofowicz 2001; 

Webster 2013), also in light of rising risks in a changing climate (e.g., IPCC, 2012). In 

this context, there is considerable demand for decision-relevant climate and weather 

information. The humanitarian and development sectors collaborate with forecasters 

on early warning for disaster risk reduction, for instance in the context of the Global 

Framework for Climate Services (Hewitt et al. 2012) and the regional Famine Early 

Warning System Network (Ross et al. 2009). Indeed, the critical moments in between 

a forecast and a disaster represent an opportunity to bridge the traditional 

humanitarian and development spaces. 

Disaster managers have indeed been highly successful in using forecasts in cyclone-

prone areas of the world: actions based on early warning systems have saved millions 

of lives and prevented significant damage (Galindo and Batta 2012; Harriman 2013; 

Lodree 2011; Rogers and Tsirkunov 2013). This is partly because people can take action 

when they know that a cyclone is nearly certain to strike, and cyclones can have 

enormous impact on society. In addition to cyclones, heat wave early warning systems 

also trigger action to reduce mortality; these are most commonly established in 

developed countries (Ebi et al. 2004; Fouillet et al. 2008; Knowlton et al. 2014a).  

These advances contrast sharply with the systematic lack of humanitarian action 

before other predictable natural hazards, including flooding. The barriers to early action 

are particularly apparent in data-scarce areas of the developing world (Brown et al. 

2007; Houghton-Carr and Fry 2006).  

One major barrier is the lack of funding available when a disaster is likely, but not 

certain. This incentive structure is beginning to change with the advent of new 

Forecast-based Financing systems (Coughlan de Perez et al. 2015). These systems 

allocate resources prior to a hazard occurring based on a preselected forecast. This 

accounts for the possibility of acting “in vain” if the hazard does not occur, ensuring 

that the long-term gains of preventative action will outweigh the costs of false alarms. 

Here, we explore two specific challenges for the development of such a system in the 

context of a probabilistic flood forecast, and offer a forecast evaluation methodology 

tailored to specific actions. This builds on existing methodologies to match forecasts 

with actions in light of the costs and benefits of these actions (Coughlan de Perez et 

al. 2015; Lopez et al. 2018). 
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First, translating flood magnitudes into damages is a non-trivial task in a data-

scarce location. Dale et al. (2012) proposed a method to convert forecast probabilities 

from an ensemble system into likelihoods of damages using a magnitude-damage curve, 

aggregated proportionally by each ensemble member. However, the data requirements 

of creating such stage-damage curves (Merz et al. 2010; Michel-Kerjan et al. 2013; 

Philip J. Ward et al. 2013) are often prohibitive, as the precise amount of flooding that 

will cause impact is often unknown. Here, we offer an alternative methodology to 

identify the critical flood magnitude that needs to be forecast to inform humanitarian 

action. 

Secondly, flood forecasts, especially in data-scarce areas, have high uncertainties. 

While there may be demonstrable probabilistic skill in flood forecasts (Alfieri et al. 

2013), probabilities themselves open the possibility of action “in vain”. Here, we consider 

action “in vain” as action that is taken after a forecast, but is not followed by the 

extreme event. In many cases, pre-agreed actions that are “in vain” because the extreme 

event did not materialise can have a longer-term positive impact, strengthening 

resilience and supporting ongoing development efforts in the area. However, in such a 

case of action “in vain”, the humanitarian actor would have chosen an alternative use 

of resources if he/she had known that the extreme event would not materialize.  

Therefore, humanitarian actors are often unsure of when it would be worthwhile to 

take action and spend resources based on a probabilistic forecast. Analyses of 

prepositioning of stocks rarely consider how forecast probabilities could be used to 

trigger such action – or “action-based forecasting” (Bozkurt and Duran 2012; Bozorgi-

Amiri et al. 2011). Without a confident answer that links specific actions to specific 

forecast probabilities, disaster managers find themselves immobilized in discussions at 

the moment of receiving a forecast of likely extreme conditions, with little criteria or 

clarity on how to make a decision and take action.  

Hence, the aim of this paper is to develop a methodology to link together forecasts 

and appropriate humanitarian actions; in doing so, we acknowledge the challenge of 

using forecasts in data-scarce areas. Specifically, we address two questions: 

1. Given limited observational data and historical forecasts, how should the 

hydrometeorological danger level threshold that represents an impactful flood 

be chosen? 

2. Given the limitations of assessing forecast skill using limited observational data, 

how should the forecast probability to trigger early action be identified?  

In this paper, we illustrate the practical application of this methodology for a pilot 

Forecast-based Financing project in rural Uganda. We evalute river discharge forecasts 

from the Global Flood Awareness System (GloFAS), a global hydrological model run 

daily using rainfall forecasts from the European Centre for Medium Range Weather 

Forecasting (ECMWF). After introducing the context of the project region, we 

elaborate a method for selecting the danger level and trigger, including constraints that 
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need to be included to ensure the method is applicable to a humanitarian situation. 

We then share results from two locations in North Eastern Uganda, and estimate the 

probability that a system predicated on such limited data will be “intolerable“, or cause 

disaster managers to act “in vain“ more often than was expected. Based on this, we 

discuss implications for North Eastern Uganda and other regions. We conclude with 

proposed next steps for Forecast-based Financing systems, and application of global 

flood models elsewhere. 

6.2 Context 

6.2.1 Region 

The Uganda Red Cross Society, with support from the German Red Cross and the 

Red Cross Red Crescent Climate Centre, is implementing a Forecast-based Financing 

pilot in the North Eastern part of the country. As part of this pilot, the German Red 

Cross established a novel Preparedness Fund that can be disbursed to take predefined 

preparedness actions when a triggering forecast is issued in this region. At the time of 

writing, there are more than a dozen such Forecast-based Financing projects 

operational globally. 

The Teso region of North Eastern Uganda is a swampy region, prone to river 

flooding and waterlogging during the two rainy seasons centred in May and October. 

The Uganda Red Cross Society project areas are in the sub-districts of Magoro and 

Ngariam in Katakwi district on the Apapi River, and Kapelebyong in Amuria district 

on the Akokoro River (see Figure 1). Unfortunately, there is no calibrated hydrological 

model available for these rivers. Both rivers drain into Lake Bisina and eventually into 

the Nile.  
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Figure 1: Map of Uganda; Kapelebyong and the gauge are marked by the top red 
square, and Magoro and Ngariam are located at the bottom red square. 

 
 

The Uganda Red Cross Society selected this pilot region based on vulnerability to 

floods. As regional conflict subsided in the 1990s and 2000s, this region was gradually 

re-settled, and nowadays many of the current residents practice farming and raise 

livestock. Since that time, several flood events have impacted the area. The floods 

typically cause impassable roads, loss of crops, outbreaks of waterborne diseases, and 

collapse of houses and latrines (OSSO and LA RED 2009). 

Whenever a flood is reported, Uganda Red Cross Society has a mandate to assess 

the situation and respond. In past events such as the 2007 floods, they have provided 

post-disaster shelter and relief items to the affected population (Jongman et al. 2015). 

Both the flood losses and the disaster response expenses could be reduced if anticipatory 

measures were deployed before the flood, after unusual conditions are forecast. Based 

on the methodology articulated in this paper, Forecast-based Financing thresholds were 

operationalized in mid-2015, consisting of Standard Operating Procedures for Forecast-

based Action. In November 2015, a “triggering” forecast successfully initiated action 

(Red Cross Red Crescent Climate Centre 2015). This was the first time the local branch 

had used a Preparedness Fund to take action before flood disaster reports were issued, 

and while the impacts are still being analyzed, the region reported flooding after the 

trigger had been reached in one of the project areas. 
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6.2.2 Actions 

To set up the Forecast-based Financing system to initiate early action, the Uganda 

Red Cross Society project team identified preparedness actions that could be taken 

prior to a flood event, through consultations with people living in the affected areas as 

well as internal discussions and two facilitated workshops. Participants at the 

workshops included disaster managers, volunteers, the Uganda Meteorological 

Authority and district officials (Jongman et al. 2015). In each of the workshops, the 

disaster managers from Uganda Red Cross Society discussed the quantitative and 

qualitative costs and losses associated with three scenarios: (1) taking successful action, 

(2) failing to act before a flood, and (3) acting “in vain”. For each action, they first 

answered questions individually before discussing collectively. Lastly, disaster managers 

estimated their willingness to “act in vain”, expressed as a number of times out of 10.  

Ultimately, the team selected a set of actions that were seen as both impactful and 

implementable by the Uganda Red Cross Society. One action (evacuation), was 

eliminated because about one-quarter of the respondents indicated that they would not 

be willing to act in vain at all. The political and reputational costs of evacuating in 

vain are considerable. The remaining selected actions are specified in Table 1. For these 

three actions, the disaster managers came to a consensus that they would be willing to 

act in vain approximately 50% of the time. Here, we use this as the “tolerable” amount 

of acting in vain to establish the Forecast-based Financing system for this set of actions. 

Later in the paper, we estimate the probability that the GloFAS forecast triggers are 

an “intolerable” system, or one that causes disaster managers to act “in vain” more than 

50% of the time. 

For each action, the Uganda Red Cross Society specified how many days would be 

needed to carry out the action, which should correspond to the forecast lead-time 

(Jongman 2015). The specified lead-times are contingent on the assumption that several 

of the procurement and volunteer training steps would be carried out at the beginning 

of the flood season, to enable quick action based on a short-term forecast. 

Secondly, they identified the “action lifetime”; the period of time after the action is 

completed during which it offers preparedness or protection from the extreme event. 

Traditional flood forecast evaluations are specific to the time period forecasted, 

evaluating whether a single forecasted day did indeed flood. Humanitarians would 

count this as a “hit” and, unlike forecasters, they would also consider it to be a “hit” if 

the flood instead occurred 5 days after the forecasted date and the action lifetime was 

30 days: In such a case, the action would still be effective in reducing impacts, even 

though the flood occurred slightly later than the forecasted date. 

Therefore, the methodology detailed in this paper avoids re-triggering an action if 

the “action lifetime” of a previous action is still ongoing. For example, after digging 

drainage, the team would not re-trigger digging of trenches until the first set of trenches 

could be assumed to have degraded, likely about 90 days after digging. While the end 



 6.2 Context 
 

 

77 

of the “lifetime” is not a strict transition from useful to non-useful, it is an estimation 

of the date at which the Uganda Red Cross Society would find it acceptable to re-

trigger the action in the region. We posit this constraint throughout the paper; an 

action cannot be re-triggered until the action lifetime of the preceding action is over. 

The selected actions are listed in table 1 (note that this is subset of all actions that 

were originally considered). 

 

Action 
Time required to 
complete the action 
(implementation time) 

How long the action will 
benefit the community 
after completion (action 
lifetime) 

Water storage and 
purification: distribute jerry 
cans, soap, and a 30-day 
supply of chlorine tablets to 
vulnerable households 

4 days to complete 30 days after completion 

Water drainage: dig trenches 
around homes to divert water 

4 days to complete 90 days after completion 

Food Storage: bag vulnerable 
items and move to storage 
facilities on high ground 

7 days to complete 30 days after completion 

Table 1: Actions selected for a Forecast-based Financing system. See (Jongman et al. 
2015) for more information on the actions and their associated costs. Note that the 
implementation time of an action should equal the lead-time of the forecast selected to 
trigger that action. 

 

6.2.3 Forecasts 

This paper proposes a method for identifying a forecast that could trigger one or 

more of these actions before a potential flood, given the constraint of acting in vain 

less than 50% of the time. As mentioned earlier, there is no locally available flood 

forecasting system, and there is only one river gauge with recorded discharge in the 

pilot area. Unfortunately, the large upstream catchment area dictates that rainfall in 

a specific village is not a useful proxy for flood risk in that village. Given these 

constraints, we choose to examine whether river discharge forecasts from the Global 

Flood Awareness System (GloFAS) can be used to trigger action in this data-scarce 

location in ways that are compatible with stakeholder priorities. Probabilistic 

hydrometeorological forecasts have been evaluated globally, and have been shown to 

have limited skill (e.g. Alfieri et al., 2012; Li et al., 2008; Wu et al., 2014). 

GloFAS is an operational global ensemble flood forecasting system developed in 

partnership between ECMWF, the European Commission Joint Research Centre, and 

the University of Reading (Alfieri et al. 2013). Currently in a pre-operational 

development phase, calibration of the model with river flow observations, where 

available, is being carried out in a research mode. The model version used here is not 

calibrated for the North Eastern Uganda catchments. GloFAS is run once a day to 

produce probabilistic discharge estimates over the entire globe at a resolution of 0.1 
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degrees (approximately 11km at the equator). Here, we use daily historical GloFAS 

forecasts from 2009-2014, as well as gauge data from the (the only) local Akokoro 

Gauge from 2009-2013, which overlap for 2,014 days. The gauge is located at 

approximately 1.86N, 33.85E. 

GloFAS is driven by the ECMWF ensemble forecasting system, with 51 ensemble 

members at lead-times of 0 to 45 days. The first 15 days include rainfall forecasts, and 

the following days are river routing only. The probabilistic flood forecasts are available 

free of charge on a password-protected website (http://www.globalfloods.eu/). GloFAS 

takes a ‘model climatology’ approach, aiming to forecast extremes or anomalies in river 

flow relative to historical ‘climatology’ runs of the model (Hirpa et al. 2016). This 

approach addresses the problems of the lack of representation of local scale channel 

geometry and bias in the precipitation forcing. However, one of the major challenges is 

to link the model climatology to the real world, focusing on the percentiles rather than 

absolute values of the forecast. 

6.3 Methods 

To define a forecast probability that could be used to trigger early action in the 

Uganda Forecast-based Financing system, we (1) estimate the quantity of discharge 

that represents a “flood” and (2) identify the forecast probability that will make it 

worthwhile to take preparedness actions (less than 50% chance of acting in vain).  

 

What hydrometeorological “danger level” represents a flood? 

While the relationship between water levels and flood risk will vary over time due 

to trends in vulnerability and exposure, here we define a percentile of discharge that is 

qualitatively associated with reported flood events of the past few years, when 

avoidable losses were observed. For flood reports, we use two sources of information: 

humanitarian records and media reports. 

With regards to the humanitarian records, we combine records from the Desinventar 

database (UNISDR 2011) with an internal record system of disasters that are reported 

to the Uganda Red Cross Society. Between the two humanitarian datasets, they contain 

8 distinct records of floods in the Magoro area from 2009 to mid-2014; these floods 

occurred in 2010, 2011, and 2012. 

For the media analysis, we analysed two national Ugandan newspaper repositories: 

Daily Monitor and New Vision. We filtered each repository on 40 flood-related 

keywords6. From Daily Monitor we downloaded a total 2974 news articles between 2004 

                                      
6 The keywords are: flood, floods, flooding, inundation, inundations, landslide, dam break, dam burst, 

dam bursting, dam breached, dam fail, dam failed, dam failing, dam failure, dam broken, dam collapse, 
dyke break, dyke burst, dyke bursting, dyke breached, dyke fail, dyke failed, dyke failing, dyke failure, 
dyke broken, dyke collapse, embankment break, embankment burst, embankment bursting, embankment 
breached, embankment fail, embankment failed, embankment failing, embankment failure, embankment 
broken, embankment collapse, submerged, overflowed, breach, water-logging. 

 



 6.3 Methods 
 

 

79 

and 2015. From New Vision we downloaded 752 news articles between 2001 and 2015. 

Unfortunately the database for New Vision could not be fully accessed, since the news 

repository allows access to only the top 200 newspapers per query, without possibility 

for advanced search. 

Within the database total of 3726 news articles, we clustered the sentences in the 

articles using a K-means clustering algorithm (Hürriyetoglu n.d.; Kaufman and 

Rousseeuw 1990). Next we annotated the clusters using four classes: 1. Current flood 

event 2. Past event or flood warning 3. Mixed and 4. Unrelated. After annotation we 

found that a total of 1721 news articles held relevant flood information (annotated as 

class 1 or 2). To obtain geographical information, we filtered the sentences for any 

“marker” terms that are often used when the writer specifies a location7, and within 

this subset we looked for mentions of district and sub-county names. As a result, for 

the district of interest (Katakwi) we found a total of 27 news articles with flood 

sentences AND geographical reference. Applying the same approach to all districts in 

Uganda we found a total of 1173 of such articles (except in this case we did not only 

use the sentences containing geographical related keywords).  

With these results from the algorithm, we validated the result manually for the 

districts of our interest by reading the articles. For 85% of the events we had found an 

actual flood event described in the text, meaning that the flood event was automatically 

detected for the correct month/ year in the correct location(s). Conversely, 15% were 

false positives, meaning the text was describing a non-flood event. The result of this 

data mining of the news repositories is a historical flood overview with dates of flood 

occurrences in Katakwi district (it can be accessed here: 

https://www.floodtags.com/historic-floodmap-uganda/). There are 13 newspaper 

reports of flooding within our timeseries. 

While this accounts for many events, not all disasters are included in these 

databases, and some of those included may have had less impact than others. The effect 

of this under-representation is an overestimation of acting in vain, which renders our 

trigger selection conservative. In addition, impact is not perfectly correlated with flood 

magnitude, given that vulnerability can change over time. Therefore, we only attempt 

a qualitative comparison of discharge and reported flood events, which adds additional 

(unquantified) uncertainty to the calculation of false alarms in the following section. 

As we do not have a gauge for the Apapai River, where Magoro and Ngariam sub 

counties are located, we use the daily ensemble median of GloFAS forecasts at lead 

time of 0 as a proxy for actual discharge and compare this with the above datasets of 

reported disasters in those two locations. We qualitatively select a threshold percentile 

of discharge to be considered the “danger level” or “flood” for this region, rather than 

an absolute value. The exact percentile is a subjective selection to approximate the 

                                      
7 They are: affected NOT not, hit NOT not, situation AND bad, situation AND worse, situation 

AND worst, cut off, displaced, destroyed, submerged, collapsed 

https://www.floodtags.com/historic-floodmap-uganda/
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base rate of reported floods, ideally including the maximum number of exceedances 

that were indeed followed by a reported flood event. 

 

What forecast probability should trigger action? 

Using this selected “danger level” percentile as a proxy for the amount of discharge 

that causes a flood, we calculate what probability of exceeding the danger level should 

trigger action. Here, we calculate probabilities using the forecast ensemble, evaluating 

them against the gauge discharge. 

The forecast verification score of interest to humanitarian actors is the False Alarm 

Ratio (FAR) (Hogan and Mason 2012; Lopez et al. 2018), defined as the number of 

forecast-based actions that were not followed by a flood, divided by the total number 

of actions that were triggered by the system. It thus represents the proportion of actions 

that are taken “in vain”. Here, we take into account the action lifetime, so any action 

that was followed by a flood during its lifetime is considered a “hit”, and only actions 

that have no flooding at any point during their lifetime are “in vain”. Similarly, a second 

action is never triggered during the lifetime of another action. 

To estimate the FAR, we compare the nearest gridbox of the GloFAS forecast with 

the river gauge on the Akokoro river, for which we have an overlapping time period of 

daily data from 10 January 2009 to 31 December 2014 The correlation of these two 

datasets is 0.52. In the context of a Forecast-based Financing system, the Red Cross 

or other humanitarian actors will take action when the forecast meets or exceeds a 

triggering probability of flooding. The FAR is therefore calculated as follows: (1) any 

forecast meeting or exceeding the trigger probability is considered an action (2) any 

action followed by a flood within the action lifetime of 30 days is counted as a “hit”, 

otherwise an action “in vain”. 

Our first goal is to estimate whether a forecast indicating a 50% chance of flooding 

would indeed correspond to a 50% chance of flooding in the real world. We plot 

reliability diagrams (Broecker 2012) for the forecast at 4-day and 7-day lead times at 

the gauge location, as well as the GloFAS forecasts in the two non-gauge project 

locations, comparing 4-day lead time forecasts with the 0-day forecasts to approximate 

actual discharge. However, in such a small sample, the incidence of forecasts of rare 

events is low, and therefore the confidence intervals on these reliability diagrams are 

very wide. 

Given such a small number of years to calculate the performance of forecasts with 

regards to extreme events, however, we cannot be sure that the estimate of FAR in the 

sample is representative of the true value. For example, if the estimate from our sample 

yields a FAR of 30%, it is still possible that the real value is actually greater than 50%. 

This means that, in reality, the selected trigger level for our Forecast-based Financing 

system would cause the Uganda Red Cross Society to act “in vain” more than 50% of 

the time, which is not considered “tolerable”. To estimate the risk of setting up an 
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“intolerable” system, we calculate confidence intervals around the FAR by using 

bootstrap resampling. To account for the autocorrelation of the discharge time series, 

we use a 60-day fixed block bootstrap to generate 10,000 samples by resampling with 

replacement the time series (n=2014) of forecast-observation pairs. Given a trigger 

forecast probability, for each sample we calculate the FAR and generate a distribution 

of all the sample FARs. This is repeated for each trigger probability, and we 

demonstrate results for three triggers: forecast probabilities of 30%, 50%, and 70%. 

Based on these results, we estimate the likelihood that taking action when one of these 

forecast probabilities is exceeded will lead to a FAR above 50%, which would fail to 

satisfy the decision-maker requirements for action “in vain”. 

6.4 Results 

What hydrometeorological danger level represents a flood? 

To estimate the percentile of discharge that is associated with flooding in the project 

region, we plot the historical median water levels forecasted at lead time of 0 by the 

GloFAS model. Here, we focus on the Apapi River, where two project districts are 

located and several disaster records exist. Because Ngariam sub county is directly 

upstream of Magoro sub county, we plot simulated discharge at Magoro and reported 

flood events in both sub counties (Figure 2). Comparing this with historical floods 

(dark blue lines), and media reports from the district (light blue lines) we qualitatively 

select the 95th percentile (horizontal red line) as a proxy for disaster.  

 

 
Figure 2: Forecasted discharge (circles) at Magoro sub county, Uganda represented by 
GloFAS forecasts ensemble median at lead-time 0. Dates of disasters in the regions 
along the Apapai river are indicated by dark blue vertical lines, as per the databases 
of Uganda Red Cross Society and Desinventar. Newspaper reports of flooding in the 
district of Katakwi are indicated by light blue vertical lines. Small tick-marks on the 
x-axis correspond to months within a year. The horizontal dashed red line indicates 
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the 95th percentile of estimated discharge; dates with discharge above this threshold are 
colored in red. 

 

In the 6 years of 2009-2014, this danger level would have been exceeded in 2010, 

2011, and 2012 (see Figure 2). In April 2010, reports indicate that 12 secondary schools 

and 7000 people were affected by flooding in the area, followed by crop losses due to 

waterlogging in May 2010. Flooding continued to be reported through September and 

October of that year, affecting several regional roads. This corresponds well with the 

simulated discharge for those years. 

In 2011, simulated discharge again accords well with reported flooding that affected 

both people and infrastructure in the area. In 2012, waterlogging reports to Uganda 

Red Cross Society arrived in August, which is substantially after the peak modeled 

discharge, and the newspaper reports are concentrated in October and November. It is 

possible that the peak discharge did correspond with the model data and was not 

reported, or was reported at a later time. Our threshold was not crossed in 2013 and 

2014, which accords well with the lack of reported floods in those years. 

We begin to see other years (with no disasters) counted as “floods” if we lower the 

danger level below 93%, and if we raise it above the 99th percentile very few years 

exceed the threshold. Therefore, we assume from the limited data available that 

discharge above the 95th percentile is likely indicative of flood conditions in this location, 

and in the following analysis, anything above the 95th percentile is defined as a “flood”. 

In Kapelebyong sub county, the other project location in this region, the only recorded 

disasters are from the devastating floods of 2007, which are not available in GloFAS 

reforecasts. Therefore, we also assume this percentile applies to Kapelebyong, as the 

infrastructure and vulnerability are similar in the two areas.  

 

What forecast probability should trigger action? 

We consider forecasts of 4-day and 7-day lead-times, aiming to identify a trigger 

that corresponds to a FAR of 0.5 or less. If the forecast probability of exceeding the 

flood danger level is 50%, then the observed frequency of exceeding the flood threshold 

should be 50% for a reliable forecast.  
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Figure 3: Reliability diagram for the gauge location (left) and the two project locations 
(right). This shows how many times a flood occurred for each forecast probability 
category. For the gauge location, GloFAS forecasts at two lead-times on the Akokoro 
River are compared with gauge discharge (left). At the two project locations, GloFAS 
4-day lead-time forecasts are compared with 0-day forecasts. 7-day forecasts are not 
shown in the right panel, as results are very similar to the 4-day plots. The frequency 
of forecast probabilities of 0% are 1688, 1655, 1702, and 1658, for Gauge 4-day, Gauge 
7-day, Kapelebyong, and Magoro, respectively. These are not plotted in the frequency 
bar graph as they would extend past the scale. Lastly, due to sampling uncertainty, 
95% confidence intervals extend nearly from 0 to 1, and are therefore not plotted. 
 

In Figure 3, we plot the reliability of the forecast at both lead-times when compared 

to gauge discharge on the Akokoro River. In the project locations with no gauge, we 

also examined the ability of GloFAS to forecast itself 4 days in advance (Figure 3, 

right-hand reliability diagram). In both cases, we are unable to establish the reliability 

with confidence given the small sample size. 

If we set the trigger given this limited data, how likely is it that we developed a 

system that is “intolerable” to the Uganda Red Cross Society, actually leading disaster 

managers to act “in vain” more than 50% of the time? Figure 4 shows the FAR from 

10,000 resamples as a probability distribution function. This assumes that action is 

triggered when the forecast probability of flooding reaches or exceeds a 30%, 50%, or 

70%, and that there is a 30-day action lifetime. 

The bootstrapped results indicate a high chance of a “tolerable” system, especially 

at higher forecast triggers. Only 24%, 19% and 18% of all the bootstrapped samples 

returned an “intolerable” system (grey bars) for a threshold of 30%, 50%, and 70%, 

respectively. This is true for a sample size of 2,014 days. This represents the chance 
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that the system does not pass the required specifications, and would cause 

humanitarian actors to act “in vain” more than 50% of the time in the long run. While 

increasing the forecast trigger does reduce this risk, the effect is not substantial given 

the small dataset available. 

 

 
 

Figure 4: Histogram of False Alarm Ratio calculations from a block bootstrapped 
resample of a timeseries of 2014 days of forecast-observation pairs. The vertical axis 
depicts probability density. Each sample is calculated for 4-day lead times at different 
forecast trigger values. The black bin contains the value of FAR from the original 
timeseries, and bins exceeding a FAR of 0.5 are grey. All FAR calculations assume a 
30-day action lifetime. 
 

6.5 Discussion 

The calculations and estimations used here build on established forecast verification 

methods, combining information on both actions and forecast skill to enable the use of 

forecasts by the humanitarian community. Without incorporating information about 

the action, it is unlikely that the humanitarian community would be willing or able to 
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plan for preparedness actions using existing seemingly-arbitrary forecast verification 

measures.  

As illustrated here, there are two major components of action-based forecasting. 

Forecasters and disaster managers (1) select the appropriate danger level of a hazard 

that causes avoidable losses and (2) calculate the FAR for specific trigger probabilities 

based on willingness to act in vain.  

These two components can be readily applied to most other forecastable natural 

hazards. First, there are many possibilities for defining the “danger level” of river floods 

both spatially and temporally; Stephens et al. (2015) has suggested several different 

definitions of “floodiness” that could correspond to danger levels in varying river 

situations. Outside of riverine flood hazards, “danger levels” of rainfall are available for 

flash flood events (Bacchini and Zannoni 2003; Yang et al. 2015).  Beyond floods 

altogether, heat waves are an example of hazard where there are many epidemiological 

studies to identify temperatures that are linked to increase morbidity and mortality 

(Hajat et al. 2010; Knowlton et al. 2014b; WMO and WHO 2015). The same applies 

to storm surge heights, drought indices, wind speeds, etc. (Muir Wood et al. 2005; Ross 

et al. 2009). 

Although the methods for defining the “danger level” for each type of hazard can 

and do differ, many do rely on reports of historical disaster events (Bacchini and 

Zannoni 2003; Loughnan et al. 2010). The method of news repository data mining used 

here is a scalable method to identify approximate dates of impacts. This can be 

enhanced by improving the geocoding database, (e.g. correcting errors in the 

OpenStreetMap database for Uganda), improving the clustering methods (e.g. isolating 

different flood incidences including blocked roads and improving geocoding) and 

negotiating access to more newspapers (e.g. better access to the New Vision 

repository). Further qualitative research on the news articles related to flooding in the 

region of interest can also help guide the selection of what types of forecast-based action 

would be most appropriate for the region. 

The second component of action-based forecasting is calculation of the FAR at the 

specified danger level. Instead of static forecast verification metrics, the FAR for any 

hazard forecast should be calculated according to these context-specific parameters, 

including the action lifetime. The World Meteorological Organization has issued 

guidance on impact-based forecasting, which includes information on selecting 

threshold danger levels that then can be forecasted for target recipients (WMO 2015). 

This guidance does not address probabilities, using deterministic terminology such as 

“winds are expected”. It does not include information on how to select trigger 

probabilities for a specific action and could therefore be complemented by the 

techniques described here.  

Critical to selection of triggers based on the FAR results is the estimation of 

willingness to act "in vain". When it comes to the risk of an "intolerable" system that 

has too many false alarms, donors will also need to consider the implications of such a 
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risk for their portfolio. In the Uganda example, disaster managers estimated that they 

would be willing to act “in vain” 50% of the time. It should be noted that there is 

evidence that when people are asked to express probabilities, their choice of 50% is 

often an expression of not being sure as to the answer (Fischhoff and Bruine de Bruin 

1999; Tetlock and Gardner 2015). While the 50% constraint from local stakeholders 

was respected in this study, further research into decision science could improve how 

this answer is elicited. Such research, in collaboration between forecasters, users, and 

behavioural scientists, could identify any biases that humanitarian decision makers 

should actively avoid.  

Almost all the steps in this analysis contained unquantifiable uncertainties. On the 

side of the forecasts, uncertainties can be reduced with longer reforecast timeseries for 

each model update, as well as the implementation of local record-taking devices for 

calibration. On the side of the actions, uncertainties are likely larger and much more 

difficult to quantify. The lives and vulnerabilities of the people living in the target 

villages are constantly evolving, as are the capabilities and priorities of the 

humanitarian sector. While these are difficult to reduce, continual updates to danger 

levels and triggers as well as simulations with all relevant actors can confirm that the 

critical values and assumptions still hold. 

6.6 Conclusion 

Forecast-based Financing aims to link forecasts to actions in advance of disasters. 

In this applied research, we have illustrated the development of such a system in a 

vulnerable context, where calibrated local forecasts do not exist to support such 

decision-making. Examining the application of Forecast-based Financing in a data-

scarce region of Uganda, we have proposed an action-based forecasting methodology to 

answer two critical questions to enable early action based on flood warnings:  

1. Given limited observational data and forecast availability, how should the 

danger level threshold be chosen that represents an impactful flood? 

2. Given the limitations of assessing forecast skill using limited observational data, 

how should the forecast probability to trigger early action be optimized to avoid 

intolerable levels of false alarms? 

Using this action-based forecasting methodology, we demonstrate that global flood 

products can already trigger worthwhile actions, even in data-scarce locations. 

Assuming that a specific extreme value of forecasted discharge is a valid proxy for a 

“danger level” in an area with limited data records, the GloFAS model can be used to 

trigger timely humanitarian action in advance of an extreme event. Not only is there 

early action that can be justified based on the False Alarm Ratio of the GloFAS forecast 

in this area, the probability of triggering an unacceptable level of false alarms is less 

than 25% in this region. Part of the reason for such skill in the model is that the actions 
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taken by humanitarians have long “lifetimes”, and therefore are forgiving if the forecast 

is early and the flood comes late. 

It is encouraging that a global flood forecasting system has the potential to support 

decisions, although this is not a replacement for better observational data or the 

development of calibrated catchment-scale models. While this method can successfully 

forecast many instances of extreme river flow, it is only able to trigger actions that can 

in practice withstand many false alarms. Indeed, better observational datasets and 

catchment-scale models could enable us to estimate the hazard-damage curve in a 

specific locality, modeling the precise level of discharge that causes inundation and 

associated impact in specific areas. This type of modeling could allow for the selection 

of more specific and targeted preparedness actions, including actions specific for “small” 

floods that would no longer be useful in a major flood (e.g. storage of water, which 

would not be useful if one needed to later evacuate). Similarly, forecast-based actions 

could be crafted for different “types” of flooding, such as long-duration or single high 

flows (Stephens et al. 2015). Data constraints are often cited as the barrier to forecast-

based action in rural areas of the world, and longer data sets over time will indeed 

allow for more precise calculation of flood thresholds and the inclusion of additional 

triggers for action.  

Model changes are continually implemented in real-time forecasting systems, and 

the experimental GloFAS model version used for this study has already been updated 

several times. These dynamic changes to the forecasting system add additional 

uncertainty to the implementation. In each model update, the danger level and triggers 

need to be recalibrated with additional reforecasts, to assess how the danger level and 

FAR might have increased or decreased in each Forecast-based Financing project 

location. To partly avoid this cumbersome requirement of constant reforecasts, 

forecasters developing an operational product can consider forecast corrections to 

ensure that the climatology of the model does not change with model updates. This 

will ensure that the danger level stays constant even if the FAR does change. 

However, “the perfect should not be the enemy of the good”. With relatively limited 

local and global data available, effective humanitarian action can be triggered in 

advance of potential flooding. Humanitarian actors have a mandate to serve vulnerable 

people and cannot wait to engage in flood preparedness measures until enough local 

data is collected over the years to establish ‘conventional’ predictive models, especially 

when global models may give signals of likely extreme conditions in the foreseeable 

future. Moreover, the Forecast-based Financing system based on this method of 

analysis did indeed trigger action for the first time in Uganda in November 2015, when 

water purification tablets, soap, shovels, and storage bags were distributed to the at-

risk population. Evaluation of the entire system, including the effectiveness and 

timeliness of these actions, is ongoing.  

This simple methodology can easily allow for improvement over time, adjusting 

parameters such as danger levels or probability thresholds as experience reveals to 
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stakeholders’ the desirability of redefining parameters based on objective calculations 

or valid subjective preferences. Additionally, this approach can be extended to other 

locations, and potentially scaled up to regional or national mechanisms that 

systematically trigger early action to address flood risks among vulnerable people 

around the world. In particular, the innovation of Forecast-based Financing can 

encourage the collaboration between development and humanitarian actors to 

deliberate relevant forecast-based actions; these can both promote and protect long-

term development efforts. 

In the long-term, there are opportunities to reduce the lead-time needed for 

preparedness measures, to offer more choices of actions that can be taken in the window 

of time between a forecast and the potential disaster. Such innovations include 

everything from unmanned aerial vehicles to rapidly deliver health materials to rural 

locations (Bamburry 2015) to blockchain and smart contract technologies allowing 

instant transfers of programmable money (Currion 2015; Forte et al. 2015).  

Operationalizing Forecast-based Financing systems is within reach. First, more 

flexible humanitarian financing is needed that allows and incentiveses early action 

despite the risk of acting in vain; this is currently being considered by various 

humanitarian and development donors. Successful implementation of such funding 

requires improved incentives towards early action and enabling an iterative learning 

process toward more effective links between early warning and early action. To achieve 

this, further investments are needed at the practitioner interface between scientific and 

humanitarian organizations. Humanitarian actors need to identify risk reduction and 

preparedness actions that can be taken before a potential flood, and agree on their level 

of willingness to act “in vain” for each action. By the same token, natural scientists 

(e.g. forecasters and flood modelers) need to continue deepening their engagement with 

humanitarians and other stakeholders who can help turn scientific knowledge and skills 

into societal benefits. A closer collaboration between these groups and the international 

development community should ensure the relevance and success of forecast-based 

actions. There is also a need for decision science expertise, to advance the design of 

processes that can help to better engage stakeholders in understanding and defining 

thresholds. Further collaboration among researchers and practitioners on the 

development of such systems can unlock the potential to greatly reduce the 

consequences of recurrent disasters around the world. 
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7 Conclusion: a human perspective on Forecast-based 

Financing 

Abstract 

After we began working on FbF in late 2013, we wrote an explanation of the 

hypothetical costs and benefits of the concept, which forms Chapter 2 of this thesis. 

While Chapter 2 explains the theoretical cost-benefit case for forecast-based action, the 

rapid growth and deployment of FbF systems between 2013 and the present has 

demonstrated that sociological and ethical decision-making is critical for the success of 

FbF. In this concluding chapter, we reconceptualize the barriers to early action, 

focusing on incentives and underlying psychology that impede people from using 

forecasts to prepare for disaster, including barriers related to processing information, 

prioritizing decisions, and taking action. We then present FbF as a solution to some of 

these barriers, and we explain why it ensures early action by requiring advanced 

planning of what early actions are valuable. We review experiences from the roll-out of 

FbF, both in terms of scientific research priorities and pilots of early action. Lastly, we 

reflect on the ethical questions that arise when developing a FbF system, and the 

interdisciplinary dialogue that has developed to work towards a solution. 

 

Overview 

1. Introduction 

2. The barriers: why we systematically fail to take early action 

3. A solution: Forecast-based Financing 

4. Experiences from Forecast-based Financing 

5. New challenges at the forefront 

6. Conclusion 
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7.1 Introduction 

As a concept, “early warning early action” in its different forms has essentially 

unanimous support throughout the humanitarian and development sectors. Many 

reports and policies have been written to encourage early action based on climate and 

weather forecasts, including the 2009 World Disasters Report, the 2015 World 

Humanitarian Summit, the Sustainable Development Goals, the Paris Agreement on 

Climate Change, and the Sendai Framework on Disaster Risk Reduction. 

However, disaster statistics tell a different story. Almost 90% of disaster-related 

deaths in 2017 were from weather events. Heatwaves and coldwaves, two of the most 

predictable disasters, cause 75% of all weather-related deaths in high-income countries 

(CRED 2018; CRED et al. 2015). In 2013, more than 6,000 people died in Typhoon 

Haiyan. 

Forecast-based early action does happen in certain events, but it is surprisingly 

limited. Several years ago, the Red Cross Red Crescent Climate Centre developed a 

hypothesis that the lack of action was due to a lack of pre-agreed responsibilities and 

resources.  

In this essay, we will detail the elements of this hypothesis, focusing in section 1 on 

several reasons why there is such a shortfall in early action, when people are forced to 

make quick decisions. In section 2, we offer a potential solution: “Forecast-based 

Financing” (FbF), and we outline the reasons why we believe this solution can address 

some of the aforementioned problems by planning ahead. In section 3, we detail the 

growth and outcomes of the first FbF pilots around the world, between 2013 and 2018. 

Lastly, we reflect in section 4 on the new challenges and ethical questions about how 

and who to help when designing FbF plans, and how these challenges can be considered 

in the growth and expansion of Forecast-based Financing. 

This conclusion provides the larger context behind scientific work from the earlier 

chapters of this thesis, painting a picture of the socio-political context in which FbF 

operates. This situates our recommendations for further scientific research in an 

understanding of some of the qualitative questions that also need to be considered in 

the development of each application of FbF around the world. 

 

7.2 The barriers: why we systematically fail to take early action 

Here we identify three major categories of barriers to early action in the 

humanitarian and development sectors. First, there are barriers related to the access 

and interpretation of the forecast information itself. Second, people have a propensity 

to prioritize current over future suffering. Third, there are systematic incentives and 

individual propensities to avoid acting on potential, but unconfirmed, impacts. In this 
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section, we will explore all three of these categories, which also apply in many situations 

of post-disaster action as well. 

Several of these barriers are affected by cognitive biases, which are decision rules 

people use to make quick decisions. Often, these quick decisions result in choices that 

would not be predicted by an economic model. For example, people tend to assign a 

greater value to an object that they already possess, compared to how much they would 

offer to buy that same object. While the concept of a “bias” has a negative connotation, 

these mental shortcuts are usually beneficial in everyday life. For example, in the case 

of small sample sizes, using mental shortcuts can result in better decisions than 

gathering more information (Gigerenzer and Gaissmaier 2011).  

However, biases and mental shortcuts are particularly apparent when people make 

decisions quickly and under pressure, such as during disasters (Kahneman 2011). In 

the case of FbF the propensity to not take early action quickly based on forecasts runs 

counter to the cost-benefit analyses showing long-term benefits if people act based on 

forecasts. The FbF hypothesis is that planning ahead will remove the need to make 

spur-of-the-moment decisions, and instead prescribe the “default” approach as the one 

with greatest benefits. 

While psychology does not seem to be immediately relevant to the questions of 

forecast accuracy and the science of early warnings, we encounter these decision rules 

not only in the decisions by individual disaster managers, but also in the decisions 

made in their institutions and in the reaction of the media and the public. These 

contribute to a wider system of incentives for or against early action. It is critical to 

understand decision-making in order to design scientific research for effective early 

warning systems.  

 

7.2.1 Barriers related to information 

Forecast information is often cited as a barrier to early action, and the letter to 

disaster managers in Chapter 1 explains the frequently missing link between forecasted 

variables and extreme events. Even if the forecast information was perfectly clear about 

the potential disaster, however, we see several additional barriers to the understanding 

and use of this information.  

1. Misunderstanding probabilities: Research has shown that people exhibit several 

mental shortcuts when dealing with uncertain information. When faced with a 

new situation, people neglect historical information about long-term event 

frequencies and often fail to remember which events are usually most likely. 

People can misunderstand chance, such as believing a coin flip of heads is “due” 

after several flips of tails. In any given forecast situation, several of these biases 

could surface, many of which are summarized in the seminal piece by Tversky 

and Kahneman (1974).  
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2. Looking for more information: People tend to seek additional information, even 

when it does not affect the action that they will take. For example, 

humanitarians held meeting after meeting to discuss forecasts of the Somalia 

famine of 2011, and the primary decision was to gather more information, rather 

than take preparatory action. Many of the forecast documents at the time 

correctly forecasted potential impacts, but recommended only continual 

monitoring of the situation (FEWS NET 2010). In Dull Disasters, Clarke and 

Dercon identify procrastination as a major source of delay in humanitarian 

action, by individuals and groups (Clarke and Dercon 2016). 

3. Focusing on recent or memorable events: People tend to be influenced by events 

that are easily retrievable from memory or that happened very recently (Tversky 

and Kahneman 1974). These memorable events can obscure the fact that a 

forecast shows many possible outcomes. Nearly all actors interviewed in a study 

on early action for El Nino-related events mentioned that they used memorable 

“analogue years” to anticipate impacts (Tozier de la Poterie et al. 2018). 

However, actors who used the memorable flooding of 1998 as an analogue year 

for El Nino in East Africa were surprised at the lack of flooding during the 2015 

El Nino. 

When it comes to forecast information, people tend to spend unnecessary time 

seeking new information, and they risk misinterpreting probabilistic information. These 

are some of the problems that served as the impetus for forecast verification work in 

Chapters 3-6, to clearly characterize forecast probabilities and skill. 

7.2.2 Barriers related to prioritization 

Traditionally, humanitarian funding is limited to disaster resilience measures and 

post-disaster appeals and is not able to be released for (a forecast of) potential future 

suffering. One of the most memorable examples of this include the 2011 drought in 

Somalia, in which total funding tripled only after the declaration of a famine emergency, 

not based on the forecasts. When Hurricane Irma was forecasted in the Caribbean, the 

Red Cross Red Crescent released 120,000 Swiss Francs for preparedness. After the 

storm had passed, they ended up spending more than 10 million on response through 

emergency appeals.  

Currently, there are hundreds of thousands of refugees in Bangladesh, who present 

a real and immediate need for humanitarian assistance. If there is a flood forecast for 

another part of the country, however, it represents potential future suffering for a group 

of people, while current humanitarian needs are immediate in the refugee camps. 

Ultimately, this trade-off can lead to little action in response to the flood forecasts. 

Humanitarian and development teams are notoriously overstretched, and they are 

mandated by their institutions to attend to current-day needs that often go unmet. 

There are several reasons why the individuals, their institutions, and the public make 

the choice to prioritize current, rather than future, suffering: 
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1. Affect: People tend to have more sympathy for those who are closest to us in 

space and time (Roeser 2012). Media campaigns showing human faces from 

current disasters motivates greater support than simply presenting statistics 

(Slim 2015). This is made worse by the perverse incentive for the humanitarian 

sector to exaggerate media attention to disasters in order to raise response 

funding. Without photos of suffering yet in the media, it is unclear why donors 

and others would prioritize spending on potential future impact (Clarke and 

Dercon 2016). In addition, donors are also incentivized to demonstrate their 

generosity to real people, and disaster response has been shown to “buy votes”. 

Such media attention to the generosity of specific actors also dis-incentivizes 

coordination. Investing in early warning systems does not draw similar public 

attention (van Aalst et al. 2013). 

2. Hyperbolic discounting: People prefer benefits that are sooner rather than later, 

which makes intuitive sense, as there is some uncertainty about the future. 

However, the discount rate that is used to make these value judgements is not 

constant over time (Frederick et al. 2002). People are much more interested in 

receiving a benefit today rather than tomorrow, while they do not show as strong 

of a discount when deciding between two subsequent days one year from now. 

This is partly responsible for the “shortsightedness” characteristic of voters who 

do not want to vote for public officials who will make investments for the future. 

Governments investing today to prevent future disasters can be concerned that 

a future administration will take the credit when the disaster eventually occurs 

(Clarke and Dercon 2016). 

In the case of forecast-based action, humanitarian organizations are explicitly 

mandated to prioritize existing humanitarian needs rather than prepare for a potential 

future disaster, even if that disaster could be devastating. Better understanding the 

actual impact of future disasters, such as impact-based forecasting, can help make the 

argument for this prioritization, and is illustrated in Chapters 4 (Drought in East 

Africa) and 6 (FbF in Uganda). 

 

7.2.3 Barriers related to action 

The last category of barriers relates to the incentive structures in humanitarian 

institutions that heavily penalize acting “in vain”. This is related to how decisions are 

usually evaluated: 

1. Avoidance of regret: An action that causes harm is seen to be worse than 

inaction that causes the same harm. This is perhaps best illustrated by the 

common thought experiment: A runaway train is headed towards a group of 

people, and it will kill two people if it continues. You can flip a switch to put 

the train on a new track, where it will only kill one person. Will you flip the 
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switch? Causing a death is felt more painfully than failing to prevent a death, 

and the potential for regret is a large motivating factor (Suarez and Patt 2004). 

2. Hindsight: When reflecting afterwards on the success of a forecast-based 

decision, people are swayed by the outcome that is now known, rather than only 

considering the information that was known at the time when the decision was 

made (Baron and Hershey 1988; Kamin and Rachlinski 1995). Decision-makers 

are aware that they will be evaluated by others after the event, to whom the 

“best decision” of no action would be obvious in hindsight. 

3. Status quo: people tend to select the “default” option; it is more difficult to 

convince people to switch away from the status quo. In the case where the 

default is inaction, such as before a disaster, the effort necessary to “switch” to 

action is larger than that needed to maintain the status quo. 

These barriers prevent early action on several levels. At the level of the investor, 

donor governments considering investing in FbF are concerned about negative 

judgement from their media and citizens if there are no outcomes for a disbursal of 

humanitarian funding, intended to save lives. Humanitarian organizations are 

guaranteed to receive post-disaster funding should there be a major emergency, and 

they are therefore not interested to be seen wasting funding when they could just wait 

to do response. 

At the individual level, even when disaster managers are provided with access to 

early action funds, people are often still reluctant to be the person who makes the 

decision to act. In Dull Disasters, Daniel Clarke identify that the ambiguity of who is 

responsible to take early action can cause a situation in which everyone maintains the 

status quo of inaction (Clarke and Dercon 2016). In Togo in 2017, the Togo Red Cross 

disaster managers decided not to apply for early funding, for fear that they would if 

the forecast was a false alarm, or the needs were greater than anticipated, the donors 

would not agree to provide any further support to Togo. 

Ultimately, when presented with a forecast that a disaster is likely but not certain, 

people are primarily concerned about the organizational repercussions of “failure”. 

Knowing that they will be judged heavily for a useless action, they prefer to maintain 

inaction in the face of uncertainty (which is the norm for forecasts of extreme events). 

Chapter 6 deals specifically with the development of default action thresholds that will 

avoid this “analysis paralysis”. 

 

7.2.4 Summary 

When it comes to forecast information, it is easy to imagine a hypothetical situation 

as it usually plays out. People start by losing time while trying to obtain additional 

information, and they frequently interpret probabilistic information incorrectly. When 

prioritizing available time and resources, humanitarian organizations are often not 

allowed to prioritize future suffering, even if the potential future impact is larger than 
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current humanitarian needs. Finally, when deciding whether to act, system-wide 

repercussions for making the wrong decision cause people to avoid the potential for 

regret.  

While these are not a comprehensive set of all barriers, our hypothesis is that these 

barriers to action need to be addressed before we can see systematic and widespread 

scale-up of early action based on climate and weather forecasts. Addressing these 

barriers requires the development of new ways of working in the humanitarian sector, 

for which we propose Forecast-based Financing.  

 

7.3 A solution: Forecast-based Financing 

Forecast-based Financing (FbF) is a potential solution to overcome these barriers 

to early action; it has two components: the finance and the plan of action. In Chapter 

2 we presented the quantitative argument for FbF, explaining how it can offer a return 

on investment compared to disaster response. Since that paper was written, however, 

it has become clear that the socio-political arguments for FbF are equally important. 

Most practitioners conceptually understand the return on investment from forecast-

based action, and easily agree that “prevention is better than cure”, but they continue 

to fail to act in the heat of the moment. Here, we complement Chapter 2 to explain 

how FbF can combat many of these barriers to early action. 

These barriers are not only relevant in the case of early action, but also in the case 

of post-disaster action. When it comes to disaster response, one of the ways that 

organizations have tried to combat these barriers is to design contingency plans, which 

state roles and responsibilities and assign funding for specific actions to respond to 

disasters. FbF attempts to provide the same solution for pre-disaster early action in 

the form of an Early Action Protocol. The goal is to cut down on a huge number of 

decisions that need to be made in real time by individuals and instead replace them 

with a pre-agreed plan that is decided in advance as a group. 

7.3.1 The finance 

The first component, the financing, is simply to make available the means to act on 

a forecast. In most cases, this would be funding that is pre-allocated, such that it is 

available to be released when there is a forecast of large-scale impact. In this analysis, 

we focus primarily on international humanitarian financing; however, resource 

allocations can also be made by government agencies at different levels, as well as civil 

society organizations and private companies. Rather than having funds on standby at 

all locations at all times, international risk pooling mechanisms, including insurance, 

can be used to ensure that funding is available from a common pool when needed in 

any given location. 
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7.3.2 The plan 

The second component of FbF is the development of a plan for action, which is 

often called a Standard Operating Procedure (SOP) or Early Action Protocol (EAP). 

The action plan should specify the forecast that will trigger action, the action that will 

be done, who will do it, and how it will be evaluated. Because FbF is only one 

component of comprehensive disaster risk reduction, this EAP should be designed to 

complement long-term resilience investments as well as disaster response plans. 

The FbF hypothesis is that having this plan will combat several of the barriers to 

action as described above. In medicine, doctors have implemented “clinical decision 

rules” to try to de-bias their work (Croskerry 2002). In the disaster response sector pre-

agreed rules-based plans are recommended to ensure effective response (Clarke and 

Dercon 2016). The FbF plan of action contains these decision rules; action plans are 

designed in advance to avoid many of the disincentives explained above. 

 

Solutions to barriers related to information 

To develop an FbF plan, or EAP, a team of experts reviews forecast information 

sources and their proven ability to predict the disaster in question (called a Menu of 

Forecasts). Based on the results of this review, the team selects a forecast product and 

probabilities to use as the trigger.  

 

In their review of forecasts, however, humanitarians require statistics on the skill of 

the products. Forecast verification details, especially for extreme events, are few and 

far between, and the heatwave/coldwave study (Chapter 5) tried to address this gap 

for one hazard. In cases where data is limited, novel techniques to verify forecasts 

against historical events can give a “good enough” indication of skill to help 

humanitarians set up an FbF system, such as was done in Chapter 6 in Uganda. 

Use of these skill results should eliminate the delay that is often caused by seeking 

new information and forecast verification details at the time of receiving the forecast. 

A predefined probability threshold will also encourage people not to re-interpret the 

forecast probabilities afresh every time, to avoid being unduly influenced by recent 

events. However, the EAP should be retuned on a regular basis to ensure it is updated 

when we have new information about the forecast quality or effectiveness of actions.  

 

Solutions to barriers related to prioritization 

Designing an EAP in advance ensures that we will act to prevent future suffering, 

even if our institutional and instinctual priorities focus on current suffering. Because 

disaster response for current suffering will continue to receive media attention, 

humanitarians can incorporate the design of new FbF protocols into post-disaster 

response and recovery operations. This encourages the available disaster response 

funding to build resilience against this disaster happening again (van Aalst et al. 2013). 
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One technique used in FbF programmes is impact-based forecasting, which 

combines exposure and vulnerability information with information about the forecasted 

hazard to estimate potential future impact, e.g. Chapter 4 about drought in East Africa. 

Tailoring forecasts so they provide impact information allows humanitarians to 

explicitly set up FbF plans that acknowledge future suffering, and people can assign 

responsibilities for taking preventative action. Ideally, having a plan in place will ensure 

that if a certain level of impact is forecasted, people are required to act to prevent 

future impact. 

 

Solutions to barriers related to action 

Lastly, an EAP is developed by a large group of people, requiring input from 

scientists, humanitarians, and finance experts. Joint responsibility for the actions is 

encoded in the co-developed EAP, so that no one person is judged harshly or will regret 

his/her decision if there is an instance of “action in vain”. In the new plan, early action 

is now the default option, at least on paper, and an organization would need to justify 

why it failed to act when a forecast was released. If an FbF fund was available and did 

support a small amount of preparedness before a disaster, donors will also be questioned 

after the event as to why they did not invest in this fund, and instead waited to invest 

in disaster response, thereby changing accountability structures (van Aalst et al. 2013). 

In the following section, we present actual experiences of triggered actions, in which 

people did follow through on the new early action protocol. These new protocols are 

designed based on the outcome that we want to see, assigning responsibility to specific 

groups to protect against specific hazards. This marks a transition in the framing of 

early action, moving from the optional philanthropy of the person who decides to help, 

towards the entitlement of the person who is affected by disaster. 

 

7.4 Experiences from Forecast-based Financing 

Given the hypothesis that Forecast-based Financing could address many of the 

barriers to early action, the German government funded the first two FbF pilots in 

2013. These were led by the German Red Cross in partnership with the Uganda Red 

Cross and Togo Red Cross. These pilots generated several scientific questions that 

formed the basis for the papers in Chapters 3-6. Results and recommendations from 

the papers themselves have provided the groundwork for later pilots and new research 

consortiums. 

FbF has since been scaled to over 20 countries between 2013 and 2018 (see Figure 

1 for Red Cross Red Crescent projects), and forecast-based action more generally has 

been mainstreamed in several organizations. For a more thorough review of the state 

of forecast-based action, see (Wilkinson et al. 2018).  
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Figure 1: Location of Red Cross Red Crescent FbF work as of May 2018. 

7.4.1 Finance 

In terms of funding, several new sources have been made available for forecast-based 

early action. Within the Red Cross Red Crescent Movement, the International 

Federation of Red Cross and Red Crescent Societies (IFRC) launched the Forecast 

based Action fund in 2018 that is specifically to be used for FbF. It is a window of the 

existing Disaster Relief Emergency Fund, and it is available to all national Red Cross 

and Red Crescent Societies. The START Network of Non-Governmental Organizations 

has similarly set up an early action fund for its members, which is called an 

“Anticipation Window”. There are several similar funds being established in other 

humanitarian organizations. 

For development actors, funders are increasingly making available “crisis modifiers” 

designed to release funds quickly for early action if needed during the course of normal 

development projects (Peters and Pichon 2017). However, the availability of finance is 

not a guarantee that worthwhile action will be taken when an early warning arrives 

(Clarke and Dercon 2016). 

7.4.2 The plan 

In the FbF pilot projects, Early Action Protocols (EAPs) have been successfully 

developed in several countries. Based on these pilot EAPs, forecasts have triggered 

action by the Red Cross Red Crescent Movement in several countries: twice in Uganda, 

Togo, and Bangladesh, five times in Peru, and once in Mongolia, as of the time of 

writing. While there have been several cases of action “in vain” and cases where the 

forecast misses an event, there have also been several “hits”, where the early action was 

beneficial before the disaster occurred. For more information, see the Red Cross Red 

Crescent Climate Centre and IFRC webpages on FbF. 

http://www.forecast-based-financing.org/fund/
http://www.forecast-based-financing.org/fund/
https://www.climatecentre.org/programmes-engagement/forecast-based-financing
https://www.climatecentre.org/programmes-engagement/forecast-based-financing
http://www.forecast-based-financing.org/fund/
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The content and methods used to develop EAPs continue to evolve, both in the 

selection of forecasts and actions. At the beginning, the development of EAPs required 

a substantial investment by a team of experts, but with more available guidance, the 

investment needed is gradually reducing. In 2018, the IFRC developed a series of 

guidelines for EAPs, based on lessons learned from the first pilot projects.  

 

Forecasts 

On the forecast side, the guidance recommends that forecasts should be combined 

with vulnerability and exposure information, to anticipate potential impact. While this 

does not improve the skill of predicting the hydrometeorological event, it provides a 

much more useful indication of what might happen to society. The first pilot in Uganda 

(Chapter 6) focused on a specific location and identified danger levels specific to the 

vulnerability and exposure of that community. To scale this up to larger regions, 

further research is needed on impact-based forecasting, which allows forecasters to 

estimate impact in many locations across the country by using local vulnerability. An 

example of how this could be done is in Chapter 4, for drought in East Africa. 

Integration of hazard information with vulnerability and exposure is a clear priority for 

the scientific community, to support FbF, but also to address wider questions relating 

to climate risk management (including, for instance, development of insurance 

products, and planning for climate change adaptation). Investments in data 

interoperability are necessary to enable to combination of forecast and vulnerability 

information. Many times, the forecasted variable (e.g. monthly average temperature) 

that is forecasted is not clearly related to a hazard of interest (e.g. heatwaves), and 

this should be considered when developing hazard-impact relationships. Chapter 3 

demonstrated how forecasts can be tailored to be more useful to humanitarians by 

focusing on extreme events. 

After an extreme event happens, incorporating FbF into disaster response plans can 

be a way to increase investment in early warning systems, examining retrospectively 

what could have been forecasted. Similarly, scientists have started analyzing the impact 

of climate change on the likelihood of extreme events, and extreme event attribution 

employs several techniques that can be useful for people developing FbF. First, 

attribution focuses on the change of the return period of the event in a changing 

climate, which can help update any memories from recent lack of events or a climate 

that has now changed. Secondly, the impact of extreme events cannot be explained 

only by the hazard (and changes to the likelihood of the hazard), so the extreme event 

attribution community has been simultaneously analyzing vulnerability and exposure 

information (Otto et al. 2015), in a similar way to how this is being done in FbF. 

In addition, forecast verification information is in constant demand by FbF 

programmes. Further evaluation of model results, such as was done in Chapter 5 for 

temperature extremes, is needed, especially using local forecasts and local observations. 

Investment in reforecast data, or archives of historical forecasts, can enable forecast 

evaluation in many institutions that do not currently store this information. 
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Actions 

The types of early actions that have been triggered in EAPs differ by country and 

hazard. In many places, the National Red Cross or Red Crescent Society has focused 

on delivering non-food items, especially for risk of waterborne disease during floods. 

Water purification tablets have been a common choice, similar to what is seen in 

disaster response, but an innovative EAP in Togo also included plastic bags for people 

to store important documents. 

Cash transfers have also been a popular choice, largely due to the growing evidence 

base of their effectiveness in post-disaster response operations (Bailey and Harvey 

2015). Forecast-based cash transfers have been distributed to herders in Mongolia 

before the peak of a tough winter season, as well as to Bangladeshi residents living near 

a river that was forecasted to flood. Information is being gathered in both cases to 

determine whether people were able to use the additional cash to prevent disaster 

impacts, or to avoid negative coping strategies when the disaster did happen. In order 

to scale such cash transfer systems, practitioners are considering collaborations with 

social protection systems, which have existing mechanisms to target the most 

vulnerable people (Costella et al. 2017). 

In other cases, case-specific interventions, such as agricultural support, have been 

selected as forecast-based interventions. For cold waves in both Peru and Mongolia, 

the Red Cross societies designed specific agricultural inputs, such as hay and veterinary 

supplies, that would be of greatest use to herders during the emergency. 

Since the first pilots in 2013, country teams are now moving towards larger-scale 

systems, with the aim of being able to respond geographically anywhere within national 

boundaries. With the establishment of these new early action funds, the next chapter 

of FbF will focus on scaling up and out. 

 

 

7.5 New challenges at the forefront of FbF 

While the concept of Forecast-based Financing seems theoretically useful, it has 

come with its own challenges in implementation. The hypothesis of FbF is that making 

decision rules for forecast triggers and early actions in advance will avoid the existing 

lack of early action. However, with no immediate time pressure to make a quick 

decision, the planning of an EAP becomes a deliberative process. 

This pre-planned approach has presented several challenges, similar to the ethical 

dilemmas faced when designing self-driving cars. In a normal car accident, a human 

driver makes an instant decision about how to swerve. When programming a self-

driving car, however, the car designers need to decide in advance whether the car 

should hit a group of pedestrians or swerve to kill its own driver. Pre-determining the 

answers to these ethical questions has presented a formidable challenge for the 
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development and roll-out of automated vehicles (Bonnefon et al. 2016; Contissa et al. 

2017). In the same way, pre-determining the forecast triggers and early actions have 

presented several ethical questions that need to be answered in the design of any EAP. 

In this section, we use the same categories of barriers that presented an initial 

problem for forecast-based action: barriers in information, prioritization, and action. 

For each category, we outline the challenges and ethical questions that have arisen 

when trying to make forecast-based action plans in advance. We present the scientific 

research challenges from Chapters 3-6 in a wider context of ethical decision-making, 

and we identify additional complexities of forecast-based action.  

This section serves as a reflection on the complexities that are not included in 

Chapter 2, the introduction to FbF that was published in 2015. That paper focuses 

only on the analysis of costs and benefits of FbF, without acknowledging the more 

difficult moral questions inherent to setting up an FbF system. Here, we provide a 

rebuttal to the idea that FbF is only about objective and science-based decision-making 

but present it as a more complex moral problem that requires interdisciplinary 

collaboration. 

 

Information 

In a FbF system, a team of practitioners selects the forecast in advance that will be 

used to trigger action. Forecast-based decisions are no longer a question of quickly 

finding out what information is available and making the best decision possible in a 

limited amount of time. Instead, the deliberative process allows for research and 

dialogue around forecast information – how do we decide which forecast should be the 

one that is used?  

One criterion that can be used in this case is the “skill” or ability of the forecast to 

predict the event of interest. However, information on forecast skill is often not readily 

available, especially for extreme events, as mentioned in Chapter 5 on 

heatwaves/coldwaves. Extreme events are rare per definition, and so an adequate 

observational record is usually lacking. What amount of “proof” should be adequate to 

show that a forecast has skill? The answer to this question is affected by the risk 

tolerance of the actors as well as the donor. For example, a donor might be less willing 

to release a million euro on a forecast that has not had a rigorous skill analysis, while 

a humanitarian practitioner might be satisfied to deploy teams to a region if someone 

can remember the forecast having one correct instance in the past. In Peru, the 

humanitarian teams do not have snowfall observations to verify a snow forecast, but 

they would like to trigger on the unverified forecast anyway, because cold waves with 

snowfall cause major impact in the Andes. This is under active debate with the FbF 

funding mechanism, which needs to be careful about repeatedly acting in vain and 

draining global resources if the forecast gives a lot of false alarms. Missed events, 

however, also represent major consequences. 
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Even if rigorous skill information is available, practitioners need to determine what 

skill metric is most important to them, e.g. whether they are looking for a forecast that 

avoids false alarms, or a forecast that does not miss any events. For more details on 

some of the optimization criteria that have ethical dimensions, see Lopez et al. (2018), 

which was written as a follow-up to the simple equations of Chapter 2. 

Another ethical consideration when selecting a forecast trigger is the source of the 

forecast. The Red Cross Code of Conduct specifies that humanitarians should build 

local capacity and collaborate with local government where appropriate. While this is 

the goal of humanitarian agencies, local forecasts often do not have the greatest ability 

to predict disasters. What should be done in the case where a global forecasting centre, 

such as the European Centre for Medium Range Weather Forecasts, is more skillful 

than the model of the local meteorological service, for example in Australia (Wheeler 

et al. 2017)? This problem has come up frequently in our Red Cross projects. 

 

These dialogues around forecast verification often uncover needs for analysis and 

capacity building in the forecasting sector. For example, in order to assess the skill of 

their forecast, a meteorological service needs archives to store historical forecasts, or 

computing power to create hindcasts. Chapter 5 on heatwaves and coldwaves used 

global forecasts due to the lack of archived local temperature forecasts in many 

locations. This opens a further question on capacity building: if humanitarians are 

providing the demand for this information, how can we ensure that scientists have 

funding and support to archive forecasts and research return periods and forecast skill? 

 

Prioritization 

When making quick decisions, people often de-prioritize interventions to prevent or 

address potential future suffering, in favor of focusing on real and current problems. 

FbF plans agree to act in the case of potential future suffering, but this suddenly opens 

several moral questions in terms of how much potential suffering should cause 

humanitarians to act, and which actions would be justified. 

First, an Early Action Protocol needs to specify what level of potential impact 

should trigger action. This opens the recurrent question of what constitutes 

humanitarian action – what is really a “disaster”? The boundary of the humanitarian 

mandate is continually debated even in post-disaster assistance, and it is not surprising 

that this also arises in FbF. Should humanitarians provide minor support to people if 

there is a forecast of a small flood? Should this be the role of national humanitarian 

actors, or does this justify international aid? It is not always clear which actions are 

the responsibility of humanitarians, and which the responsibility of local governments 

and development agencies. In our FbF pilots, we are still hotly debating this question, 

and have currently compromised on a return period of 5 years as the minimum size of 

a forecasted event that can access the IFRC Forecast-based Action DREF fund. EAPs 

are required to consider how FbF fits within the wider risk management landscape, to 

complement resilience investments and align with post-disaster response planning. The 
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deliberation around this question can help catalyze a larger conversation on the 

appropriate mix of risk management investments for a particular situation. 

Further complicating the boundary problem, forecasts predict more than disasters. 

If the forecasted conditions show ample rainfall that could benefit certain people such 

as farmers, is it a humanitarian responsibility to support those people with seeds to 

benefit from the rain? If so, which people with which types of livelihoods are eligible 

for such positive support? Kenya Red Cross has taken several actions to distribute 

seeds to farmers based on a forecast of a productive season, but this does not fulfill the 

criteria of a 5-year return period disaster to be able to be included in the FbF plans 

they are currently designing. 

To answer these questions about when to act, much of the literature around 

forecast-based action turns to a cost-benefit analysis, comparing the costs and benefits 

of forecast-based action with the costs and benefits of disaster response or other types 

of interventions. The ethical questions around this type of analysis have been well-

studied, including questions around whose costs and benefits matter, how to measure 

nonmonetary costs, and how to account for indirect impacts (Mechler 2005). Lack of 

data on humanitarian impacts makes it difficult to answer these questions in a way 

that can contribute meaningfully to the development of triggers. In our FbF systems, 

we have set up several impact evaluations, and we are in the process of gathering 

evidence on impacts of recent triggers. However, national Red Cross societies often 

don’t have much experience with such impact evaluations, requiring intensive support. 

The evaluations have also suffered from difficulties in random sampling (which presents 

ethical challenges) and capturing non-monetary impacts. 

But is it appropriate to simply pick the cheapest and most beneficial action? Even 

if we were able to have an accurate balance sheet, using a cost-benefit analysis alone 

to set triggers is likely not to be acceptable in a humanitarian ethic. Cost-benefit 

analysis is a primary tool of a “consequentialist” ethic, which maintains that actions 

should be judged only based on their outcomes. Taken to its logical conclusion, this 

type of ethics prioritizes the greatest good for the greatest number. In the case of 

Forecast-based Financing, therefore, such an ethical framework could suggest 

responding to the greatest number of easy-to-access people, for maximum impact, 

leaving the most destitute without support. 

In contrast, humanitarian ethics are based on a set of principles, the most basic of 

which are that all humans have value, and they should receive support according to 

their needs. This ethic would not be satisfied by serving many affluent people, for 

example, but would want to ensure that people with greatest needs are being 

prioritized. Encoding these choices into an Early Action Protocol is not only 

complicated, but often impossible to solve perfectly. In FbF deliberations, for example, 

Red Cross societies have carefully chosen to consider what percent of the population is 

likely to be affected by an event, rather than the total number of people, to avoid 

consistently de-prioritizing action in rural areas. 
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In summary, designing an EAP requires that people deliberate answers to these 

difficult questions: how much forecasted suffering should trigger which types of action 

for which people? There are no hard-and-fast rules that can be applied to easily answer 

these questions of prioritization, but existing ethical frameworks can guide the 

discussions. FbF teams are constantly developing creative compromises and learning 

from their results. 

 

Action 

To combat the last set of cognitive biases, FbF offers a plan of action that has been 

endorsed by all stakeholders and represents a shared responsibility to act. While this 

might reduce the individual reluctance to take early action for fear of acting in vain, it 

requires that an interdisciplinary set of actors all agree on what should be in the plan. 

These actors are an unusual cast of characters, ranging from humanitarian actors to 

weather scientists, and they bring impressively diverse sets of expertise to the table. 

Because of this incredible diversity of expertise, FbF Early Action Protocols suffer 

the requirement of incorporating all best practices at once. While FbF itself is a 

relatively new and innovative concept, those who are designing EAPs each suggest that 

the EAPs also incorporate innovation and cutting-edge work from each of their sectors. 

In our existing pilots, examples of these cutting-edge approaches include self-learning 

algorithms, control groups for rigorous impact evaluations, mobile data collection 

techniques, cryptocurrency, attention to gender/youth, and mobile cash transfers, 

among others. Selecting appropriate actions is particularly complex in situations that 

also include conflict. 

While each of these techniques has increased the ability for FbF to be successful, 

they can create onerous requirements for the implementation of FbF in a particular 

context. The training and capacity building opportunities to develop FbF with the gold 

standard of each of these components are enormous for Red Cross Red Crescent 

societies, but it is ethically questionable to agree to do FbF without these “gold 

standards”. For example, in a Red Cross society that does not have the capacity to do 

cash transfers to potentially affected populations, is it better for that Red Cross society 

to refrain from acting based on a forecast, or choose a possibly less effective action such 

as distribution of chlorine tablets? This is a question facing our first pilot in Uganda, 

for which the impact evaluation indicated that chlorine tablets gave only a minor 

benefit to the population. Our team has decided to temporarily maintain the EAPs for 

chlorine distribution, while investing in a larger project to evaluate other actions and 

develop capacity for cash transfers in Uganda Red Cross. Once this is in place, the 

team will revise the EAPs. 

Further, this question of the effectiveness of actions opens a Pandora’s box of 

deliberation. Article 8 of the Red Cross Red Crescent Code of Conduct says that “relief 

aid must strive to reduce future vulnerabilities to disaster as well as meeting basic 

needs”, explicitly acknowledging that humanitarians need to consider the long-term 
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consequences of providing aid. Consequences to consider include environmental impact, 

supply chain impacts, and health impacts, among others. Given ample time to 

deliberate the actions that should be included in an Early Action Protocol, the short-

term and long-term impacts of each action need to be considered and weighed, and 

care should be taken to avoid cognitive biases leading to inaction. 

Ultimately, the design of an EAP requires a diverse group of people to determine 

what is good enough, which risks causing “analysis paralysis”. Chapter 6 demonstrates 

such a “good enough” analysis for Uganda, which is based on limited data and unusual 

data sources, to set up a system that is better than failing to act. In his book 

Humanitarian Ethics (2015), Hugo Slim writes that “humanitarian professionals can 

carry an inappropriate and disproportionate sense of their own responsibility for bad 

things that happen around them”. In the world of FbF, shared responsibility for action 

has fostered dialogue between diverse groups, creating a sort of inter-disciplinary ethics. 

In the operationalization of the FbF fund in the IFRC, one solution to the potential 

for analysis paralysis has been to issue conditional approvals for EAPs that are “good 

enough”. These EAPs become immediately active in an imperfect state, but the 

submitting teams have one year to revise and incorporate the most important best 

practices that are missing. Along the lines of a suggestion in Dull Disasters, the EAP 

does not need to be perfect to be better than doing nothing (Clarke and Dercon 2016). 

In this way, a commitment to continuous improvement, compromise, and dialogue has 

allowed the FbF community of practice to tackle many of these ethical questions and 

develop solutions that serve the most vulnerable. 

 

7.6 Conclusion 

As one solution to the problem of lack of early action, FbF addresses barriers by 

providing both forecasts and a plan of action. The elegance of the solution has likely 

contributed to the worldwide interest; the Red Cross Red Crescent Movement alone 

has 17 countries implementing FbF projects at the time of writing. FbF provides one 

“layer” in disaster risk financing, complementing long-term investments in disaster risk 

reduction and post-disaster response efforts. Current FbF projects have also encouraged 

investment in these other layers of disaster risk management, including the 

development of infrastructure and the writing of post-disaster contingency plans. With 

the growth of the FbF concept, however, challenges and ethical dilemmas mean that 

implementation is far from simple, and FbF projects require deliberation among inter-

disciplinary teams in every new situation. 

In the scientific world, researchers have been quick to understand the research 

priorities of FbF, and there are several new programmes and consortia tackling the 

priorities identified in these chapters. This includes everything from basic requirements, 
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such as forecast verification, to more complicated methods in impact-based forecasting 

and modeling of vulnerability functions around the world. 

To face the challenges in implementing FbF, we have cultivated a vibrant 

community of practice in the last 5 years, that has not only encouraged the use of best 

practices from other sectors in FbF plans but supported the deliberations that are 

needed to come to conclusions on effective EAPs. This includes researchers who are 

assessing the impact of early action, forecasters who are verifying their forecasts, branch 

managers who are training their volunteers, affected populations who have provided 

feedback on early actions, and donors who are willing to learn from both success and 

failure.  

FbF will always require intensive deliberation, this process is critical for its success. 

In the medical field, researchers have found that teams who create their own safety 

protocols are much more successful than those who have protocols imposed from the 

top down (Anthes 2015). In the humanitarian sector, Hugo Slim explains how the 

process of deliberation, as a process of deciding how to act, is a critical component of 

humanitarian ethics (Slim 2015). In this deliberative process, the FbF community of 

practice has encoded their learning in several guidance materials, methodologies, and 

an FbF manual, to facilitate the process for new projects. 

When considering cognitive biases in this deliberative process, however, we should 

also point to the biases in those of us who are enthusiastically promoting FbF and 

participating in this community of practice. A “pro-innovation bias” has been widely 

documented in psychological studies, demonstrating that champions of an innovation 

are less likely to see the limitations and weaknesses of their innovation, suggesting it 

should be widely implemented without alteration. The well-known “planning fallacy” 

also explains that people tend to underestimate the time needed to roll out a new idea. 

Considering both of these biases, the FbF community of practice should pay careful 

attention to beneficiary feedback and any discontinuance of FbF interventions, as well 

as encourage the growth and re-invention of the concept. 

While the problem of lack of early action still exists today, FbF systems are slowly 

scaling up to counter the visible and invisible barriers to forecast-based action. These 

systems will continue to evolve and grow, developing workable solutions for complex 

ethical questions and evaluating our ability to reduce suffering from predictable natural 

disasters. 
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