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KEY DEFINITIONS
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1 Basis risk in disaster risk financing for humanitarian action: Potential approaches to measuring, monitoring, and managing it, Harris, C. and Cardenes, I., Centre for Disaster Protection  
 Insight paper, Centre for Disaster Protection, London (2020).

A model is a simplified representation of reality, often used to help us understand what 
might happen in the future. Models and modelling are used across scientific, business 
and financial fields.

In Disaster Risk Financing (DRF), we develop risk models to tell us the likelihood of a 
damaging event occurring. A risk model might use biophysical indicators of a hazard 
(e.g. a drought) that have themselves been derived from climate or weather forecast 
models. The risk model might combine this with information on impacts. It then 
predicts the chance of an event occurring, and its likely socioeconomic impacts over  
a particular period.

Refers to both hazard data (e.g. rainfall, temperature) and impact data (e.g. yields, 
health data).

In the DRF context, “providers” are the data scientists collecting, analysing and 
calibrating the data.

Refers to the humanitarian practitioners, and others including at-risk groups, who are 
utilising the data provided by the scientists to build decision-making systems such as 
a DRF system.

To build a successful DRF system it is essential that the humanitarian practitioners 
and data scientists work in partnership with the at-risk communities that their risk 
models seek to represent and support. At-risk groups can act as both providers 
– of information on which the model is based and validated – and users, working 
with practitioners to develop and apply the model and utilise the risk information 
themselves. At-risk communities should always be at the forefront of decision-making 
and supported to be able to define their own needs and acceptable levels of risk.

In the finance and insurance industry, ‘basis risk’ means the risk that a trader might 
accept in terms of a product not performing as it should when hedging positions. In  
DRF and the use of parametric solutions, the term applies to situations where statistical  
models are used to predict the outcome of a current or likely event to trigger financing 
(the payout is not indemnity-based but a predicted or modelled loss). The basis risk 
lies in the combination of:

l  model error—the inherent errors found within a model’s data and calculations;
l  outcome uncertainties—the uncertainty within which the model operates  
 (the difference between the model results and real-world results);
l  social miscommunication or misinterpretation of a model and product’s capabilities.1

MODEL

DATA

PROVIDERS

USERS

AT-RISK
COMMUNITIES

 
BASIS RISK



EXECUTIVE SUMMARY
DISASTER RISK FINANCING (DRF) HAS HUGE POTENTIAL TO IMPROVE THE HUMANITARIAN  
SYSTEM BY ENABLING US TO ANTICIPATE AND PROACTIVELY MANAGE DISASTER RISK.  
DRF IS BASED ON THREE PILLARS:

UNDERSTANDING THE RISKS AND HAZARDS 
faced in different countries, ensuring  

at-risk communities have access to this 
information, and using scientific models to 

quantify the risks and agree triggers  
or danger thresholds.

PLANNING THE INTERVENTIONS 
in advance of disasters.

PRE-POSITIONING THE FUNDING 
so action can occur in 
anticipation of a crisis.
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The DRF approach increases the efficiency, speed and predictability of crisis management. Critically, it al-
lows humanitarians to act before a risk turns into crisis, reducing costs, lessening impact and saving lives. 
Because DRF requires actions to be designed and planned before the worst happens, it has the added 
benefit of creating more participatory space, enhancing transparency and accountability – downstream 
towards those at risk, and upstream towards the donors.

However, any DRF system will only be as effective as the scientific models on which it is based. Scientific 
modelling is an attempt to predict what might happen in the future; a degree of uncertainty will always be 
inherent in this process. The difference between what a scientific model predicts and what actually occurs 
is often referred to as the basis risk.

Basis risk exists because our ability to replicate or measure the complexities of natural and human process-
es through modelling is limited: a model will always be a simplification of reality. There are three categories 
of basis risk:2

l  model error—the inherent errors found within a model’s data and calculations;
l  outcome uncertainties—the uncertainty within which the model operates  
 (the difference between the model results and real-world results);
l  social miscommunication or misinterpretation of a model and product’s capabilities.

It is important that these potential sources of error are managed. See table in Appendix 5, which outlines the 
risk management steps that can be taken.

2 Basis risk in disaster risk financing for humanitarian action: Potential approaches to measuring, monitoring, and managing it, Harris, C. and Cardenes, I., Centre for Disaster Protection  
 Insight paper, Centre for Disaster Protection, London (2020).
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Using the worked examples provided by the Drought Risk Finance Science Laboratory (DRiSL) project, we 
have developed this guide to aid the responsible and effective use of scientific data and modelling in hu-
manitarian decision-making. The guide aims to provide an interface between the “providers” of data and 
models and humanitarian organisations and at-risk groups – the “users” of the models to take decisions 
– giving each group a better understanding of the other. It supports users to ensure due care is taken in the 
design of their data and analytics in their DRF systems, and helps providers to better understand what will 
be needed for their work to be applied responsibly and effectively to achieve humanitarian goals.

The guide sets out a pathway of eight checkpoints for users and providers to take together. Working through 
this sequence of steps collaboratively will ensure the strongest datasets are selected and that basis risk is 
kept to a minimum.

Ultimately, the success of this work depends not just on providers and practitioners working together, but 
on the ability of humanitarian organisations to connect and collaborate with the at-risk people that their DRF 
systems seek to support. Effective anticipatory action demands a system-wide approach that integrates 
at-risk groups, who are at the forefront of both observing and generating risk information and responding to 
hazards. It is critical that these groups contribute to the quality of the data going into the DRF system, and 
are then able to see and use its outputs quickly and easily. Establishing a high level of community prepared-
ness – the aim at the heart of DRF – can only be achieved through a two-way dialogue with local end-users.

The focus of this guide is on the work of data scientists and practitioners on the technical development of 
DRF systems but it should be read alongside:

l  Information is Power: Connecting Local Responders to the Risk Information that they need 3 and
l  Basis risk in disaster risk financing for humanitarian action: Potential approaches to measuring,  
 monitoring, and managing it.4

3 Information is Power: Connecting Local Responders to the Risk Information that they need, Start Network policy brief (2021).
4  Basis risk in disaster risk financing for humanitarian action: Potential approaches to measuring, monitoring, and managing it,  
 Harris, C. and Cardenes, I., Centre for Disaster Protection Insight paper, Centre for Disaster Protection, London (2020).

https://startnetwork.org/resource/information-power-connecting-local-responders-risk-information-they-need
https://static1.squarespace.com/static/5c9d3c35ab1a62515124d7e9/t/5e8f0e05fd9b3f73d879246b/1586433542875/Centre_Policy_Paper7_5April.pdf
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INTRODUCTION TO  
DISASTER RISK FINANCING  
AND FORECAST-BASED FINANCING
Disaster Risk Financing (DRF) and Forecast-based Financing (FBF) are new forms of humanitarian action 
that move away from a solely reactive approach to crisis, and instead encourage the humanitarian and 
development sectors to take a more systematic and robust approach to managing and financing activities 
to address emerging risks.

One key reason why humanitarian action has traditionally arrived late is that it is often triggered by indicators 
that are based on impact and loss, and is responding to an event that has already occurred.5 Equally, the 
development sphere has traditionally failed to recognise the dynamism of the context in which longer-term 
work is implemented.

DRF and FBF take a different approach. These techniques focus on monitoring the early risk indicators of a 
forecasted, impending or imminent crisis, and using those indicators to release financing earlier than would 
usually be possible. DRF and FBF therefore provide the opportunity both to avert and mitigate the crisis, 
and to prepare for more timely emergency responses, thereby minimising losses and saving lives. These 
approaches enable us to act earlier, either before the shock has occurred to enable households to prepare 
and manage the consequences (“early/anticipatory action”), or very soon after (“early” or “timely response”) 
to limit the impact.

DRF and FBF are similar in that they bring together scientific risk analytics, contingency planning and risk-
based funding. They can be developed across both relatively slow-onset and predictable natural hazards, 
such as drought, flooding, heat and cold waves, and more sudden-onset crises, such as landslides, 
earthquakes and tsunamis. Conflict and other human-induced crises can also be 
monitored, and in some cases predicted, allowing the risks to be better managed.

Using DRF increases the efficiency, speed, and predictability of crisis manage- 
ment, and allows humanitarians to act before risks turn into crises, thereby  
reducing costs and the lives lost in any disaster. However, any DRF 
system will only be as effective as the scientific models on which it is  
based. Scientific modelling is an attempt to predict what might 
happen, and a degree of uncertainty is inherent in any prediction 
process. The difference between what a scientific model 
predicts and what actually happens is often referred to as 
the basis risk (see Key Definitions, page 4, and Appendix 5).

This guide advises on how to establish the optimal risk 
model to trigger funding, whilst identifying the range of 
data needed within a comparative monitor to manage 
real-time basis risk. This falls under the first pillar of 
the DRF system approach (Appendix 5).

5  For additional reasons see: A Dangerous Delay: The cost of late response to  
 early warnings in the 2011 drought in the Horn of Africa, Oxfam (2012).

https://policy-practice.oxfam.org/resources/a-dangerous-delay-the-cost-of-late-response-to-early-warnings-in-the-2011-droug-203389/
https://policy-practice.oxfam.org/resources/a-dangerous-delay-the-cost-of-late-response-to-early-warnings-in-the-2011-droug-203389/


PURPOSE OF THIS GUIDE
SUPPORTING DATA SCIENTISTS 
AND HUMANITARIAN PRACTITIONERS

SCIENTIFIC DUE DILIGENCE FOR HUMANITARIAN DISASTER RISK FINANCING08



This guide was developed by the Drought Risk Finance Science Laboratory (DRiSL) (Appendix 1) to provide 
a tool for both scientist and humanitarian practitioners to aid responsible and effective use of scientific data 
and modelling in humanitarian decision-making.

The guide aims to act as an interface between providers of data and models, and the humanitarian users of 
those products. It supports users so they can ensure that due care is taken in the design of DRF systems, 
and it allows providers to better understand what users require for the responsible application of their work 
to humanitarian ends. This guide focuses on the early roles and interface between providers and practition-
ers in the development of DRF systems. It should be read alongside Information is Power: Connecting Local 
Responders to the Risk Information that they need6 which focuses on the importance of integrating at-risk 
communities in the development and application of DRF systems. The guide sets out a pathway of eight 
checkpoints which data scientists and humanitarian practitioners can follow together. Working through this 
sequence of steps and questions will ensure that the best possible datasets are selected and that basis risk 
is reduced (see Key definitions, page 4, for more information on basis risk). The result will be a more robust 
DRF system founded on the collective knowledge and expertise of both the practitioner and data scientist.

Using this guide will help you identify where data failures are most likely to occur, and under what condi-
tions. It will help you bring to light sources of uncertainty and limitations so that they can be understood and 
hopefully, mitigated. The guide also aims to demonstrate why it might be appropriate to integrate a wider 
suite of data sources into your DRF system for different decision-making purposes.

This guide advocates that all learnings gathered during testing and validation of a DRF system are com-
municated clearly and openly to all stakeholders so that they can understand and evaluate the system. It is 
an important principle of DRF that those who design the system are accountable and responsive to those 
who will ultimately rely on it. 

 

AGREEING THE USE OF THE GUIDE WITH ALL PARTIES 
 

Throughout the process it is critical that the de-
cisions taken are reviewed and agreed by both 
the practitioners and the scientists involved, 
ensuring roles and responsibilities are clearly 
communicated at each checkpoint.

Also key is the involvement of at-risk communi-
ties – from the outset. Decentralised, inclusive 
and participatory processes should be used to 
capture on-the-ground forecasting knowledge 
and empower local responders, make use of 
local capacity and give agency to those at risk.

6 Information is Power: Connecting Local Responders to the Risk Information that they need, Start Network policy brief (2021).
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https://startnetwork.org/resource/information-power-connecting-local-responders-risk-information-they-need


CHECKPOINT 01 

At the start of the journey, it is critical that users work with all relevant stakeholders, including at-risk com-
munities, to agree a clear impact statement.7 This should set out the point at which the data will be used to 
trigger funding and the actions and outcomes that funding will seek to achieve. 

CREATING A DATA AND DECISION FRAMEWORK: 
IDENTIFYING OPERATIONAL NEEDS AND THE
QUESTIONS THE MODEL SHOULD LOOK TO ANSWER
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At this point you may well not be an expert in the hazard you are trying to mitigate. Try to think in broad 
terms about what, in an ideal world, you would like your model to tell you and at which point. You are essen-
tially creating a wish list of the practical information you would want to know and when.

The information you generate at this stage can be refined later as the availability and skill level of the data is 
better understood. The specifics, including what can be reliably achieved in what timescale, can be decided 
at later checkpoints.

With this advance thinking done, the users can now work with the providers to explore the system to be built, 
basing this on three elements: 

01. QUESTIONS 
WHICH QUESTIONS DOES THE DATA SYSTEM NEED TO ANSWER TO ENABLE EFFECTIVE DECISIONS TO BE MADE?
This should include working closely with at-risk groups to identify and assess the real-life impacts of the 
risks you are addressing. Impact forecasting is key to at-risk communities building their ability to anticipate 

7 For more information on working with at-risk groups, see: Information is Power: Connecting Local Responders to the Risk Information that they need, Start Network policy brief, 2021.

ACTIONS? • WHAT ACTIONS WILL BE NEEDED TO MITIGATE THE HAZARD IN QUESTION?
 • WHAT OUTCOME DO WE SEEK?
 • WHICH ACTIONS ARE ESSENTIAL AND WHICH ARE ONLY IDEAL OR “NICE TO HAVE”?

INFORMATION? • WHAT INFORMATION DO WE NEED TO KNOW IN ORDER TO TRIGGER THOSE  
  ACTIONS AT THE RIGHT TIME?

WHEN? • WHEN DO WE NEED TO KNOW THIS INFORMATION TO TRIGGER PRE-EMPTIVE  
  AND PROTECTIVE ACTION?

KEY QUESTIONS FOR THE PRACTITIONERS TO POSE:

https://startnetwork.org/resource/information-power-connecting-local-responders-risk-information-they-need
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and respond to hazards. Examples of questions are: how much rain has fallen and is this normal or above 
or below normal? Will this impact the crops? Will this level of crop loss effect people’s food security?

02. DECISIONS  
WHICH DECISIONS NEED TO BE TAKEN AND WHEN DO QUESTIONS NEED TO BE ANSWERED? 
Working with at-risk communities, practitioners should investigate to understand the impact the systems 
need to have to address the local impacts of the hazard.

03. DATA  
WHAT DATASETS ARE AVAILABLE TO ANSWER THE QUESTIONS?
Models and indices will be tested to see if they can reliably answer the questions that have been identified. 
In some instance, you will begin with a blank slate, in others there may be a proposed system that needs 
testing and verifying. The provider and users should seek to jointly surface and investigate all of the pos-
sible existing data sources.

Before getting too deep into the analysis, take 
time to research your country risks including 
developing your understanding of the risks 
from the perspective of at-risk communities.

Each hazard will be shaped by different 
factors: for drought induced food insecurity 
for example, crops, seasons, climates as 
well as human influence on the system, 
such as river dams or irrigations, land use, 
etc. For example: Zimbabwe has quite a 
uniform climate and rain-fed agriculture; 
Pakistan makes widespread use of natural 
and artificial irrigation; Madagascar has a 
complex climate which varies dramatically 
over the country, and its available data quality 
can vary. These are the types of things you 
need to understand before embarking on your 
analysis as they will influence the outcomes 
you are seeking to achieve. As a first step, map 
out these characteristics fully so they can be 
included in the data system as it develops.

Agreements and responsibilities on this 
scoping need to be established and should lay 
the foundations of the remaining checkpoints.

Most drought monitoring programs in 
Pakistan focus on the summer monsoon 
and yet the secondary winter growing 
season (“Rabi”) is also of significant 
economic and agricultural importance and 
key for food security of the poorest.

Humanitarian practitioners (users) want to 
build a DRF system that can trigger action 
in advance of the lean season, to protect 
people from food insecurity. To do so, they 
will need to know the number of people 
forecasted to be affected – over what area 
and time period – by food insecurity arising 
from a poor harvest in the Rabi season.

The practitioners know that Pakistan is 
highly irrigated but do not know the best way 
to develop the trigger system/framework 
that reflects this. They therefore work with 
Reading University (the scientific data 
providers) who can assess the available 
data options and identify those that will 
work best in this context, providing the 
most reliable predictor of the Rabi harvest 
levels, through investigation and evidence.

l

l

l

l

l

l

TIPS:EXAMPLES:



CHECKPOINT 02 
COLLECTING AND TESTING THE DATA 
THROUGH DIFFERENT LENSES – GEOGRAPHICAL, 
SPATIAL, TEMPORAL, SEVERITY AND IMPACT8
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Many variables can be applied in the testing of data and models. It will not be practical to test a DRF system 
from every possible angle and it is therefore important to identify the most informative variables. The key 
variables for a humanitarian DRF system are:

 
Testing these factors will be a significant task for the provider and the user should therefore do what they 
can to narrow the focus and make the analysis more targeted. For example, it may be acceptable to test 
just three severity scenario return periods (1 in 3 years, 1 in 10 year and 1 in 20 years) rather than half a 
dozen or more.

By the time checkpoints 1 and 2 are complete, the users and providers will have created a clear due dili-
gence framework.

8 This refers to the input and output of data, meaning both hazard (e.g. rainfall, temperature) and impact data (e.g. yields, health data). You need to decide what you are trying to predict.
9  The return period is the interval – generally measured in years – between events of a particular magnitude.

WINDOW OF ACTION
 

The time period for which the system will trigger, including: forecast and  
anticipation, impact, response and recovery. For some hazards, annual  
seasonal periods will come into play, and it is likely that the strength of  
data and skill will vary at different times of the year.

SEVERITY AND FREQUENCY OF EVENTS 
 
How good is the data or the models when applied at different return periods  
(RP)?9 In other words, a model that performs well for 1 in 10 year event (a  
moderate event), may not work so well for a 1 in 4 year event (a mild event).  
Which severity levels – mild, moderate of extreme – can be easily identified? 

GEOGRAPHICAL RESOLUTION

Based on the data and decision-making framework, the resolution or scale  
of any geographical testing. For example, does the model work best at  
country level, district level, provincial or another denomination, such as 
livelihood zone or biome? Some models may perform well at a high level  
but poorly at a more granular resolution and vice versa.



w
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In the DRiSL project, the uncertainty in drought finance/action triggering was assessed for an 
‘anticipation window’10 at the end of the local wet season, over the last ~40 years, based on a range 
of plausible drought metrics (derived from various models and sources including rainfall, soil 
moisture, Water Requirement Satisfaction Index and Normalised Difference Vegetation Index).

Triggering events were identified in the event that drought indices (during the trigger window, tied to  
the annual livelihood calendar) exceed pre-defined return period scenarios values.

In this case, the range of severity scenarios comprised 3, 7, 10 and 20-year return periods.

l

l

 

 
l

10 In this instance, the trigger windows lay towards the end of the main growing season, specifically in February-March.

The most appropriate metric of a hazard, and 
the ability to anticipate it, may be highly region-
specific and depend on the climatic regime. 
This means that protocols need to be adjusted 
for different climatic regimes, and that hazard 
indicators must be carefully evaluated.

It is very important to check multiple data 
sources, or you are likely to miss important 
errors, biases or omissions. For example, you 
might suspect that WRSI could be a good 
drought indicator but you still check other 
possible predictors and compare the skill.

Discuss and agree on what classifies as a  
hazard ‘event’. Your definitions will be more 
robust if you involve at-risk groups in this  
work - mapping impacts, defining triggers  
and early actions, identifying vulnerable 
groups and defining needs.

Examples of indicators of a hazard event could  
include, for example, the WRSI value dropping  
below 60; flood depths being >0m; temperatures  
exceeding the 90th percentile; and a hurricane  
reaching within a mile of a particular land boundary. 
 
Factor in model processing time, especially  
where the model relies on another data source  
to calculate an output. This will affect the 

lead time and contingency plans/activities.

Quality may be more important than quantity, i.e. 
shorter periods of more recent data may be more  
informative than longer periods of older and less 
detailed data (for example pre-1950 data when  
science and technology were less advanced).

Ensure all users are familiar with the concept of 
return period and the probability of occurrence 
(inverse of Return Period) terminology: what each 
return period means in terms of reliability or odds  
that a catastrophe will not occur within a given  
timeframe.

Does the past predict the future? Factors such 
as population growth, increased crop resilience, 
climate change and development, can mean that 
return periods for particular magnitude events 
— which are often based on records dating back 
less than a century — change over time. For this 
reason, it is important to use the most up-to-date 
records and data that is also labelled clearly. 

If there are trends in the data that are not of 
interest (e.g. a decrease in yield caused by 
changes in land use rather than by climate), you 
should de-trend the data or remove it so you 
can study the influence of other factors (e.g. a 
large observed trend in production and yield).

l

l

l

l

l

l

l

l

l

TIPS:

EXAMPLES:



CHECKPOINT 03 

Models are tested by essentially running them backwards and comparing what the model depicts as hav-
ing happened to what was actually observed and measuring the difference.

Providers and users need to agree which historical datasets, and the period they span, will be used for 
validation. Often the strongest approach will include use of multiple sets of historical data variables so 
that different aspects of the model can be tested – from physical hazards through to human impact.

Across all hazards, a common problem in risk modelling work is the lack of historical observed data 
from past events, such as actual rainfall, the number of houses destroyed or the number of deaths. To 
address this, providers and users should agree what historical data can be used for testing, and where 
there are opportunities to strengthen the data by filing in the gaps in a justifiable and auditable way. Once 
agreement is reached, this work should be undertaken. The user can support this work but ultimate 
responsibility for data testing and collection rests with the provider and this should be included in any 
contractual agreements.

Efforts to enhance the testing data could include, for example, crowdsourcing information on historical 
drought impact using mobile phone surveys or interviews with the at-risk communities and local elders. 
There will always be significant limitations to this work, but where there are opportunities to strengthen 
historical data they should be taken. When working with communities to form more comprehensive his-
torical event profiles, it is essential that time and attention are given to communicating what and how in-
formation they provide will be used. It is also important to provide a way for those communities to receive 
the results of the model and risk data testing so they can further validate it. Efforts should be made not 
to be extractive, but to use the information provided, under checkpoint 3 to begin a dialogue with at-risk 
communities which can be followed through in the later checkpoint stages.

Always make a note of any enhancements made to historic data or of any proxies used. Store both the raw 
data and the enhanced data so that they can be easily understood and used by others. Enhancements to 
historical data should also be shared with others who may also be looking to test models against histori-
cal outcomes. To be clear, here we are talking only output data (e.g. yields). It is not possible to magically 
produce any input data (e.g. rainfall) if it was not observed at the time.

OPTIMISING THE AVAILABLE TESTING DATA: 
CREATING STRONGER HISTORICAL DATASETS

SCIENTIFIC DUE DILIGENCE FOR HUMANITARIAN DISASTER RISK FINANCING14
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11 Factor analysis is the practice of condensing many variables into just a few so that your research data is easier to work with.

Historical data varies in both its availability and  
usability. It can be biased, trended, missing, not  
spatially detailed and often does not go back  
many years. As a result, factor analysis may not  
be possible.11

Really simple things can trip you up. For example, 
in Madagascar the growing season spans two 
calendar years. When sharing data labeled “1991”, 
it needs to be made crystal clear to other project 
participants whether this means data from the 
1990-91 season, or from the 1991-92 season.

Another common error is categorising a past  
hurricane event (using the Saffir-Simpson 
Hurricane Wind Scale) incorrectly by using its  
landfall windspeed instead of its maximum  
windspeed, which could have been over open  
water.

It may be useful to weight incomplete or  
less reliable data sources more lightly, while  
still using them as a factor in predictions.

In the DRiSL project, the main datasets used 
to asses drought impacts were: the Integrated 
Phase Classification (IPC); socioeconomic 
datasets from secondary sources including 
agricultural, health and economic indicators 
that have a direct or indirect relationship with 
food security; crowdsourced information from 
Interactive Voice Response (IVR) surveys (and 
from focus group discussions when available); 
and disaster information from EMDAT. This 
created an historical profile of what was 
observed in terms of food insecurity in the 
period in question. This was then compared 
to incidents of drought and the various 
depictions provided by drought model metrics.

For flood DRF initiatives, you may want to 
enhance flood maps by integrating any local 
flood mapping or historical high-level data and  
local knowledge of past flood events and the  
areas impacted (where these exist and you  
have permission to use them).

l

l

l

l

l

l

TIPS:EXAMPLES:



CHECKPOINT 04 

With the first three checkpoints completed, the data providers can now undertake the first round of testing. 
Uncertainty tests should provide a comparison between datasets to identify the extent to which they agree 
or disagree with each other, and how much information some give about the others.

This testing does not consider which datasets and models are performing best; the point is simply to com-
pare results across multiple data sources to assess the level of agreement. The results will then indicate the 
uncertainty or level of agreement across the possible model and data choices depicting similar processes, 
such as rainfall or wind speed.

The uncertainty testing may also reveal some years and conditions where there is a high degree of agree-
ment and disagreement between models and data, indicating the influence of these external conditions 
on potential basis risk. For example, El Niño years may affect the natural systems and cause more or less 
agreement between the datasets.

UNCERTAINTY TESTING: TESTING AND COMPARING 
MODELS AND DATA, AND PRESENTING THE RESULTS
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7 For more information on working with at-risk groups, see: Information is Power: Connecting Local Responders to the Risk Information that they need, Start Network policy brief, 2021.

In the DRiSL project, the uncertainty in DRF ‘triggering’ was associated with the choice of biophysical  
drought metrics. We assessed 15 different drought metrics including soil moisture (SM) and other  
commonly used agricultural and meteorological drought indicators. For a given event magnitude, expressed  
as a particular event return period, the degree of uncertainty in triggering between two biophysical 
datasets was assessed by calculating the Jaccard score. This is the number of times both datasets 
trigger at the same time as a proportion of all triggers across the two datasets. A Jaccard score of one 
means the two datasets agreed in every triggered event, and a score zero means there was no agreement 
in any triggered events. The 15 biophysical metrics were compared against one another to provide a 
matrix of Jaccard scores, as shown in the example below for the Masvingo province of Zimbabwe.

l

EXAMPLES:
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JACCARD SCORE FOR THE MASVINGO PROVINCE, ZIMBABWE DROUGHT MODELS FOR THE 1 IN 3 YEAR, 1 IN 
7 YEAR, 1 IN 10 YEAR AND 1 IN 20 YEAR RETURN PERIODS. THE DIAGRAM REFLECTS THE DEGREE OF CER-
TAINTY BETWEEN 15 DATASETS (SOME OF WHICH ARE WIDELY USED, AND OTHER POTENTIALS). THE BLUE 
SQUARES INDICATE POOR AGREEMENT; THE RED SQUARES SHOW STRONG AGREEMENT.

There is one matrix for each event magnitude: 1 in 3 year, 1 in 7 year, 1 in 10 year and 1 in 20 year return 
periods. The Jaccard score of triggering agreement between any two datasets (shown on the X and Y axes) 
can be read from the intersection of rows and columns. Shades of blue indicate poor agreement; shades of 
red and orange indicate strong agreement.

The diagrams indicate that 1. Agreement in triggering between equally valid drought indicators is often low 
e.g. Consider events with return period of 1 in 3 years (top left). Over the 40 year period there will be about 
13 events. The Jaccard score from two widely used metrics WRSI vs NDVI is about 0.5, such that only 
about half the events triggered using one metric will also be triggered in the other 2. Agreement of drought 
triggering generally declines with increasing RP - until RP20 when scores become unstable as a result of 
the small sample size of events. This suggests that triggering of more extreme events may be inadvisable 
unless a certain drought index is particularly trusted. It also indicates that above RP20 more instances of 
basis risk are likely and so if triggered at this level, additional checks and verification should be considered.
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12 A dekad is a period of 10 days.

Weighting is important. In drought models you need to know the important dekads12 for predicting 
the success of the crops, but assessing how to weight them is difficult. You could weight evenly 
over the season, use weights from a vendor, or you could weight based on which dekads have  
the most rain historically and/or by speaking to the at-risk community.

Ensure that the data being assessed stays aligned with the actions defined in checkpoint 1. For  
example, there may be much more agreement and lower uncertainty in end-of-season measures,  
but these are no use for triggering DRF systems at the appropriate time.

In composite measures such as the category of cyclone, the various sub-indicators, such as surge  
level, wind speed, rainfall volumes, should be compared across the different storm forecast products.  
Comparing the uncertainty of just the categorisation at various time intervals will be less useful. 
 

l

l

l

TIPS:



CHECKPOINT 05 
Skill testing involves inputting data from past events into a model to test how well it predicts what actually 
happened (hence the need for checkpoint 3). The process is also known as “hindcasting” or “back casting” 
and it reveals the difference between what the model predicts should have happened and the reality of the 
actual event. The performance of the model is referred to as its “skill” and it gives an indication of how well 
the model is likely to perform as a predictor of future events. For instance, in rainfall forecasts, you would 
compare the hindcast against historical rainfall datasets to assess the skill of your forecast. The process 
should also indicate any instances of low skill and high uncer-
tainty and what the drivers of this might be.

Specific statistical tests can be used to provide a skill score. 
The higher the skill score the better performing the data or mod-
el is. However, the lack of comprehensive and reliable observed 
test data means that skill scores should not be taken in isolation 
as an indicator of the best data. The quality of historical data 
and the levels of uncertainty and complexity from checkpoint 4 
should also be considered.

SKILL TESTING
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The following standard metrics of skill were calculated when validating the Pakistan drought 
model (which uses NDVI to predict wheat yield and production) against district-level observations 
of yield and production. (The metrics were calculated for hindcasts performed for each year for 
which NDVI and yield data were available). To view the full set of results please see the validation 
report, produced by Professor Emily Black and Dr Ross Maidment, Reading University.

I. Pearson correlation coefficient between observed and simulated data: a measure of the closeness  
of the relationship between the observations and simulations. A score of ‘1’ indicates a perfect  
linear positive relationship; a score of ‘-1’ indicates a perfect linear negative relationship and a score  
close to ‘0’ indicates no relationship.
II. Mean absolute error (MAE): a measure of the errors between the observed and simulated data  
points. A mean absolute error of 0 indicates a perfect match; a high mean absolute error indicates  
severe differences between the observed and simulated data.
III. Bias between observed and simulated data: a measure of systematic bias between observed and  
simulated data. A positive value indicates that the simulations tend to be greater than the observations;  
a negative value indicates that the simulations tend to be smaller than the observations; a zero value  
indicates that the simulations are neither systematically greater nor less than the simulations. Note  
that it is possible to have a large mean absolute error, with a near zero bias.

l

EXAMPLES:

https://startprogrammes.app.box.com/s/atpgklo4ziv1njrt69b690k8ba0g62q9
https://startprogrammes.app.box.com/s/atpgklo4ziv1njrt69b690k8ba0g62q9
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EXAMPLE OF PEARSON CORRELATION COEFFICIENT

Correlation between 
observed and predicted 
yield production, plotted 
for hindcasts carried 
out between mid-
November – end-April 
for 1982-2018 (wheat)

The figures below show the correlation between observed and predicted yield production for the years 
1982-2018 (wheat). The hindcasts were carried out for the following dates: 15 November, 15 December, 15 
January, 31 January, 15 February, 28 February, 15 March, 31 March, 15 April, 30 April.

It can be seen that the correlations are low until January and continue to improve during February and 
March. These results show the model’s ability to capture observed yield production, how it improves 
steadily through the early part of the growing season. The improvements then level off in the later part 
of the season. This is because, for most of the districts, the optimal period of interest selected during the 
modelling process does not extend into later March and April.

Between the provider and user there needs 
to be someone who is good at statistics!

Some tests are highly sensitive. Gather as much  
information about the datasets used as you can,  
and check the model parameters. If model 
parameters (e.g. crop calendars or resolution 
used) do not align, your results could vastly vary.  
Check how sensitive the results are to the way  
you have asked the question.

Too many variables can muddy the waters. Try  
to use ones that are directly relevant (i.e. do not  
use yield data for all crops, only the ones you  
are interested in).

When comparing different types of datasets (for 
example in the DRiSL project: agriculture/health/
economic indicators to the biophysical data) it is  
hard to decide what is “correct” as a point of truth  
for identifying humanitarian needs.

Check imagery resolutions between the model  
and observed data marry up. 

Make sure the temporal and spatial scales 
used are appropriate. A model’s skill can 
decrease significantly when the prediction 
window (area and lead time) increases.

Selecting the most appropriate historic event  
section is important. Ideally, model calibration 
should be completed using multiple historic events  
of varying magnitude.

It is hard to turn historical data into a binary “event 
/ no event” indicator. How do you combine them 
into indices in order to apply ranks and return 
periods? How do you decide which biophysical 
data source is “good”? In DRiSL, Jaccard scores 
were used (see checkpoint 4 above) to compare 
the number of years in which models agreed 
divided by the total number of years analysed.  
The results indicated that, especially at high return 
periods, there was a high level of disagreement 
between models. The level of uncertainty when 
picking which year is a “drought” year is high.  
This is disappointing but nonetheless vital to know.

l

l

l

l

l

 

22 
 

less than the simulations. Note that it is possible to have a large mean absolute error, with a 
near zero bias. 
 

Example of Pearson correlation coefficient  
The figures below show the correlation between observed and predicted yield production for the 
years 1982-2018 (wheat). The hindcasts were carried out for the following dates: 15 November, 15 
December, 15 January, 31 January, 15 February, 28 February, 15 March, 31 March, 15 April, 30 April.  
 
It can be seen that the correlations are low until January and continue to improve during February 
and March. These results show the model’s ability to capture observed yield production, how it 
improves steadily through the early part of the growing season. The improvements then level off in 
the later part of the season. This is because, for most of the districts, the optimal period of interest 
selected during the modelling process does not extend into later March and April.  

 
Correlation between observed and predicted yield production, plotted for hindcasts carried out 
between mid-November – end-April for 1982-2018 (wheat)  
 

Tips 

• Between the provider and user there needs to be someone who is good at statistics! 
• Some tests are highly sensitive. Gather as much information about the datasets used as you can, 

and check the model parameters. If model parameters (e.g. crop calendars or resolution used) 
do not align, your results could vastly vary. Check how sensitive the results are to the way you 
have asked the question. 

• Too many variables can muddy the waters. Try to use ones that are directly relevant (i.e. do not 
use yield data for all crops, only the ones you are interested in). 

• When comparing different types of datasets (for example in the DRiSL project: 
agriculture/health/economic indicators to the biophysical data) it is hard to decide what is 
“correct” as a point of truth for identifying humanitarian needs.  

• Check imagery resolutions between the model and observed data marry up. 
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TIPS:
l

l

l
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CHECKPOINT 06 

Once the model’s levels of uncertainty and skill have been identified, these should be communicated in a 
simple and logical way so that all stakeholders, including at-risk communities, are aware of the findings and 
able to provide feedback. This should include communicating the model’s strengths and limitations.

COMMUNICATING COMPLEXITY CLEARLY: 
PRESENTING RESULTS TO SUPPORT DECISION-MAKING 
BY NON-TECHNICAL USERS13

Heatwave analysis: Annual time-series for yearly occurrences of temperature exceeding 35ºC, 40ºC, 
45ºC and 50ºC for the Punjab province (left) and city of Karachi (right). View full technical report here

l

13 Users being humanitarians and at-risk people/communities.
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Examples

 
 
Heatwave analysis: Annual time-series for yearly occurrences of temperature exceeding 35ºC, 40ºC, 
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Examples

 
 
Heatwave analysis: Annual time-series for yearly occurrences of temperature exceeding 35ºC, 40ºC, 
45ºC and 50ºC for the Punjab province (left) and city of Karachi (right). View full technical report here 
 

 
Flood validation analysis: comparison of reported and JBA modelled number of people affected 
(millions) by 2010 Pakistan Flood. View full technical report here.  

EXAMPLES:

https://startprogrammes.app.box.com/s/boqx7hxllgkkilhgh3m408hcsxdkiilc
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Flood validation analysis: comparison of reported and JBA modelled number of people 
affected (millions) by 2010 Pakistan Flood. View full technical report here.

l

Some recommendations of how 
providers can communicate results 
in an efficient way that ensures 
stakeholders and at-risk people have 
the information that they need to act.

First ask the users how they would like the information  
communicated, or if they have thoughts about what will  
work best, or not work well.

Complex data plots which cannot be understood at first  
glance will not help the building of robust systems. 
Simple tables of data with colour coding can be have 
much greater impact. Dividing data into simple numerical 
groupings – or other categories such as normal, mild, 
moderate, poor, severe and extreme but with underlying 
quantification – can help cut through the complexity.

Create a logical “story” – with the data in one chart or 
graph leading to the next with an explanatory narrative 
that a lay person would be able to follow and understand.

Innovative methods, such as animations, infographics  
and dialogue sessions with users, can help to get your 
message across clearly and with more impact to a range  
of stakeholders.

Consider turning the results into a training session  
covering how you got them and what they mean for the  
system. This is a key point in the system design.

l

l

l

l

l

TIPS:

25.2

REPORTED POPULATION AFFECTED - 2010 FLOOD EVENT (NATIONAL)
COMPARISON TO MODELLED POPULATION AFFECTED
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https://www.jbarisk.com/flood-services/maps-and-analytics/global-flood-maps/
https://startprogrammes.app.box.com/s/f10qgea6ueil654qza1a46ydwuqjacjp


CHECKPOINT 07 

The completed sets of hindcasts and data testing can now be reviewed by both providers and users, who 
should next agree which models and datasets most reliably predict historical outcomes (for example, agree-
ing which rainfall estimates correlate most closely to observed rainfall and crop yield data and to nutritional 
needs based on the data tested). This process will highlight which data and models offer most support in 
answering the initial questions set out in the decision framework in checkpoint 1 and should therefore form 
the risk model (known as the primary model or funding model)14 used to trigger funding and the basis on 
which the main trigger is set.

The analysis will also indicate limitations and how often the system may over or under-trigger. It may also 
identify other risk drivers that could contribute to basis risk in the funding-triggering data, (see Key defini-
tions, page 4 and Appendix 5).

It is critical that these limitations and uncertainties are highlighted so that users build a strong system and 
link models with humanitarian need and manage the limitations in the data. For this to happen, the following 
questions should be understood and answered by the provider and user:

01 WHAT WILL BE THE KEY SOURCES OF BASIS RISK IN THE DRF DESIGN? 
02 WHAT ARE THE OTHER DRIVERS OF HUMANITARIAN IMPACT?
03 WHAT IS THE STRENGTH OF INFLUENCE OF EACH?
04 WHAT ADDITIONAL DATA MONITORING 
 (e.g. other models, data streams and additional dynamic vulnerability data)  
 should be included in a comparative monitor to attempt to identify basis risk operationally?

This information can be used to form comparative monitors, which monitor the wider risk picture, and be 
added to (or compared with) the selected risk model used for triggering the funding.

Ensuring the best response relies on building a rich data system that uses static indices and robust verifi-
able data where needed, combined with softer and more localised live data to provide a comparison to the 
funding (primary) risk model to manage basis risk and decision-making in real time.

AGREEING THE OPERATIONAL DATA 
AND DECISION FRAMEWORK
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14 The primary model is the model we use to trigger funds, not action. In this document it is generally referred to as the funding model.
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The general lessons from the DRISL project 
work were that both the most appropriate 
metric of drought and the ability to anticipate 
agricultural drought are highly region-specific 
and depend on climatic regime. This means 
that drought models need to be adjusted for 
different climatic regimes, and that drought 
indicators must be carefully evaluated. This 
may mean that the risk model selected to 
trigger the funding will be best in most areas 
but have limitations in others, and this will need 
to be factored into basis risk management. 
Alternatively, multiple indexes may be selected 
as the funding (primary) risk model in different 
areas but this may be prohibitively costly 
and will therefore need to be a longer-term 
development plan within the wider data system.

Research the various drivers of risk to 
understand attribution of outcomes and all 
the risk drivers that need to be monitored 
(e.g. conflict, market prices, El Niño, or pests 
on food security impacts, and drought).

Challenge: We need more finely-tuned drought  
models specific to each locality. For example,  
for Pakistan, we need a number of models: one 
for winter and one for summer cropping; one  
for irrigated (e.g. use WRSI) and non-irrigated  
areas (use NDVI).

Limitations: IPC data was used as a primary 
impact dataset when available, but this did not  
cover the whole time series that DRiSL was 
studying (1980-2019). IPC data was available 
for 2009-19 for Zimbabwe, and for 2016- 19 for 
Madagascar. To supplement the missing years, 
we studied various indicators and metrics of  
vulnerability to characterize the relationships 
between food security and drought. Socio-
economic indicators were gathered, from 1980 
onwards, for each case study country in terms of 
agriculture, health, and economic data. Socioe-
conomic indicators were then combined to 
generate an Agriculture Index, Health Index, and 
Economic Index. The socioeconomic indicators 
were de-trended before being standardised.

l l

l

l

TIPS:EXAMPLES:
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CHECKPOINT 08

By this stage, you will have a well-designed 
funding (primary) model to trigger the DRF sys-
tem, one that is based on critical analysis, and 
appropriate for the level and type of financing 
and response. However, basis risk will never be 
eliminated with a funding model alone. Efforts 
can be made to minimise it, but mainly to under-
stand it more fully so that it can be better man-
aged.

For the system to become operational and flexi-
ble for action, the funding (primary) model must 

be complemented by a comparative monitor, consisting of a set of independent and near real-time data 
sources, potentially with secondary triggers. The secondary monitor should be compared with the funding 
(primary) model to manage basis risk and decision-making in real time.

There are three sets of data indicators that the comparative monitor could look at: 

ALTERNATIVE MODEL DATA/CUSTOMISATION INDICATORS FROM THE TESTING CHECKPOINTS (IDENTIFYING ERROR):
the collection and review of data that is comparable to that in the risk model used to trigger funding (primary 
model). For example, if satellite rainfall data was used in the funding (primary) model, reviewing alternative 
remote rainfall sources would fall into this category. If you were using a specific earthquake or storm win-
dow model, you may look at available alternative models.

ALTERNATIVE CRISES VIEW INDICATORS (IDENTIFYING ERROR):
additionally, the hazard and associated vulnerability that you are trying to ascertain through the model could 
be viewed from other data perspectives. For example, instead of satellite rainfall and water saturation re-
quirements, a soil moisture indicator from a global circulation model could be looked at. Or in the case of 
potential impact, other measures of vulnerability and impact. The magnitude of divergence and conver-
gence of these data sets could be used to quantify operational and financial adjustment. This could come 
from one or more instruments or funds. These harder third-party verifiable indicators would have to be used 
to adjust any instrument payout as they would remain objective.

ADDITIONAL DRIVER INDICATORS (UNCERTAINTY):
the third set of indicators in the comparative model should be linked to risk drivers that are separate from 
the hazard of the model. In the case of some hazards this will not be so important. For example, if half a 
town’s houses collapse at the point of an earthquake, it is pretty certain that the earthquake was the cause. 

COMPLETING THE DESIGN OF THE DRF SYSTEM: APPLYING 
THE ANALYSIS TO OPERATIONAL HUMANITARIAN DRF DESIGN

15 Basis risk in disaster risk financing for humanitarian action: Potential approaches to measuring, monitoring, and managing it, Harris, C. and Cardenes, I.,  
 Centre for Disaster Protection Insight paper, Centre for Disaster Protection, London (2020). Page 19.

https://static1.squarespace.com/static/5c9d3c35ab1a62515124d7e9/t/5e8f0e05fd9b3f73d879246b/1586433542875/Centre_Policy_Paper7_5April.pdf
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A balance should be reached between the range of sources in the comparative monitor and also operation-
ally making comparison manageable.

Protocols will also need to be in place to manage the governance around how the comparison is made 
operationally, and agreements made on how to identify and then manage the basis risk financially and op-
erationally in implementation.

The final data system design should include:

01 A ROBUSTLY SELECTED FUNDING MODEL OR DATASET CHOSEN ON THE BASIS OF SCIENTIFIC DUE  
 DILIGENCE RESULTS – APPROPRIATE FOR THE LEVEL AND TYPE OF FINANCING REQUIRED
02 A COMPARATIVE MONITOR PROVIDING INDEPENDENT BUT COMPARABLE DATA, TO CROSS-CHECK  
 THE FUNDING MODEL, AS WELL AS ADDITIONAL WIDER RISK INDICATORS WHICH MAY IMPACT THE  
 HUMANITARIAN OUTCOME, AND TO BE USED TO TAILOR A LIVE RESPONSE AND FINANCE.
03 A SET OF PROTOCOLS COVERING HOW BASIS RISK WILL BE IDENTIFIED AND MANAGED OPERATIONALLY,  
 BASED ON THE TECHNICAL FINDINGS OF THE SCIENTIFIC DUE DILIGENCE PROCESS.

END NOTE

Following this guide through its eight checkpoints will ensure the development of a robust and well-designed 
DRF system with identified and understood limitations. This is the first pillar of Disaster Risk Financing (see 
Executive summary and Appendix 5 for more on the three-pillar approach). The limitations identified can 
be compensated for through use of more diverse real-time data monitors and live risk decision-making 
arrangements that anticipate basis risk and can flex accordingly. Along the pathway, it is vital that hu-
manitarian users connect with the relevant at-risk groups, seeking their risk knowledge and expertise and 
communicating DRF information clearly and prompted so that they are empowered to act. This will lead to 
a more coordinated, predictable, and efficient humanitarian system that better protects vulnerable people 
and ensures that help is focused where it is needed most.

There is an animation to complement this guide. Please see Appendix 2 for the link.
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APPENDIX 01:
PURPOSE OF THE DROUGHT RISK FINANCE SCIENCE
LABORATORY (DRiSL)
THE PURPOSE OF DRiSL WAS: 
l  To provide an innovative ‘due diligence’ assessment of globally applicable drought risk models  
 and data, including the assessment of the assumptions and processes underpinning the Disaster  
 Risk Finance drought model recently developed by the Start NGO network.

l  To quantify and understand both the uncertainty in drought risk data and models, and the  
 relationship of such proxies (and other risk drivers) to humanitarian food security, across a  
 range of space and time scales and contexts.

l  To explore the potential for developing new indices to identify and understand the other risk  
 drivers beyond drought that lead to humanitarian events, for operational application in drought-risk  
 and Forecast-based Financing initiatives.

l  To provide guidance for the application of this new knowledge to two specific initiatives:  
 1) the Start Network Disaster Risk Finance drought project, and  
 2) the Madagascar Drought Risk Finance project operated by Welthungerhilfe (WHH).

l  To document and demonstrate the innovative “scientific due diligence” approach in order to  
 support and promote its development and replication in Disaster Risk Financing work globally. 

BACKGROUND TO THE DRiSL PROJECT
Whether on television, newspapers, the internet or first-hand, we have all seen the damage that floods, 
droughts and other weather hazards can have on people’s lives and livelihoods. It is a sad fact that such 
hazardous events disproportionately impact developing countries and vulnerable people. However, it is also 
increasingly evident that acting before a disaster occurs can reduce costs and save lives.

Actions undertaken by humanitarian organisations and government agencies will depend on the lead time 
of a forecast – the time period between a forecast of an event and the event itself. For example, a possible 
drought event may have a long lead time, allowing a variety of preparedness actions to be taken over time 
in anticipation of the event: the distribution of money, short-cycle seeds, and animal fodder to communities. 
Given the logic of acting in anticipation rather than in response, there is a growing momentum within the 
humanitarian system to move away from the traditional ‘begging bowl’ funding model of post-disaster ap-
peals, and towards obtaining and distributing humanitarian funds before a disaster occurs. 

This new approach can enable humanitarians to mobilise more collaboratively and more predictably, ahead 
of crises, but for this to occur we need reliable forecasts of hazards such as storms, floods and droughts, 
and credible information on the condition of the people and systems exposed to them.

Forecast-based Financing and DRF initiatives utilise information to anticipate potential disasters and set 
pre-agreed triggers for the release of disaster prevention finance. The advantage of this approach is that it 
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is data-driven and objective. It thereby circumvents long debates around potentially conflicting early warn-
ing signs which tend to paralyse humanitarian action. It puts in place a robust predictable process to re-
lease funding or initiate action before a disaster occurs. Humanitarian agencies working on developing 
these systems face a problem however: they are neither scientists nor social scientists but need to be able 
to use – with confidence – information from both these realms of research to trigger the systems.

Humanitarian agencies must also be accountable to the people that their systems look to support and the 
donors that finance them. Start Network’s DRF drought initiative and the Welthungerhilfe (WHH) Madagas-
car Forecast-based Financing project are both at the stage of selection and development of scientific data 
to apply to these initiatives. In particular, Start’s drought project began with a Global Parametric model as a 
prototype, which required testing and evaluation, whereas the WHH Madagascar Forecast-based Financing 
project started without any model. However, currently, no process or method exists to provide an independ-
ent review of the scientific credibility of these systems in an operational context. This presents a barrier to 
other organisations wishing to adopt these initiatives.

The DRISL project looks to meet the needs of humanitarian agencies. In particular it will provide “scientific 
due diligence” to the forecast and action components of these proactive schemes and hence ensure that 
the information going into them is as trustworthy as possible. It will test a range of global drought models 
on their uncertainty and ability to identify emerging food security crises. Global data products will be ex-
plored alongside field ‘local’ data of drought and food security events in the three test sites (Pakistan, Zim-
babwe and Madagascar). The outcomes of this project will help the humanitarian practitioners understand 
the limitations of the science for decision-making and the fundamental risk of acting proactively when act-
ing with forecast and monitoring information.

APPENDIX 02:
ANIMATION
AN ANIMATED VIDEO WAS PRODUCED BY ROBB ELLENDER AND CAN BE SEEN HERE:  
HTTPS://STARTNETWORK.ORG/RESOURCE/DISASTER-RISK-FINANCE



APPENDIX 03:
COLLABORATION AND PARTNERSHIPS
Drought Risk Science Finance Facility Lab (DRiSL) was part of the Science for Humanitarian Emergencies 
and Resilience (SHEAR) programme jointly funded by the UK’s Foreign, Commonwealth and Development 
office (FCDO), and the Natural Environmental Research Council (NERC).

SHEAR is an interdisciplinary, international research programme. It aims to support improved disaster resil-
ience and humanitarian response by advancing monitoring, assessment and prediction of natural hazards 
and risks across sub-Saharan Africa and South Asia. SHEAR is working with stakeholders to co-produce 
demand-led, people-centred science and solutions to improve risk assessment, preparedness, early action 
and resilience to natural hazards. 

Drought Risk Science Finance Facility Lab (DRiSL) was an 18-month project (2018-1916). DRiSL brought togeth-
er a world-leading team of natural and social scientists, third sector organisations and humanitarian practi-
tioners highly experienced in inter-disciplinary research and research-practitioner cooperation, and with exten-
sive networks and traction within science, operational humanitarian agencies and wider development policy. 
 

Start Network is a transformational network of over 50 leading national and international NGOs with  
a shared belief that the current humanitarian system is not fit for purpose; a common understanding  
that collaboration is needed to improve the way that aid is delivered; and a commitment to work  
together towards that end. Through members, the Network extends to thousands of partner agencies  
comprising of over a quarter million staff working in 200 countries and territories.

In 2013, the Start Network made a significant step in pursuit of these aims by setting up the world’s first 
NGO-managed multi-donor pooled fund. Over these years, the Start Fund has responded to many small 
or neglected crises that would have received little attention in the traditional humanitarian system. The 
Start Fund can disperse money to crises within 72 hours (many times faster than any other pooled fund), 
and even in advance of emerging crises through a newly launched ‘crisis anticipation window’. Start have 
developed this further, through application of structured DRF approaches, using tools such as parametric 
insurance to ensure timely availability of funding in droughts to protect communities at risk. The Start 
Pakistan DRF system and the African Risk Capacity (ARC) Replica in Senegal are examples of these 
initiatives 
 
Start has recently gained funding and support from HIF and Rockefeller Foundation to further develop  
its DRF and other risk financing elements. In 2022, Start Network will launch the Start Financing  
Facility, which will aim to transform the way the world deals with crisis. This new financial  
infrastructure will house a range of innovative crisis financing mechanisms, enabling a faster, more  
efficient, and more effective global humanitarian action.

Key team members: Clare Harris (Co-Investigator), Rachel Haldane and Elizabeth Rees.
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16 No cost extension granted until September 2020.
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Welthungerhilfe (WHH) is one of the largest private aid organisations in Germany. Politically independent 
and non-denominational, it is fighting for “Zero Hunger by 2030”. Since its establishment in 1962, more than 
8,500 overseas projects in 70 countries have been supported with 3,27 billion euros. Welthungerhilfe works 
on the principle of help for self-help: from fast disaster relief to reconstruction and long-term development 
cooperation projects with national and international partner organisations. 
 
People involved: Dominik Semek 

University of Sussex (UoS) is a leading research university, known for its inter-disciplinary research and  
real-world impact. In partnership with the Institute for Development Studies (IDS), Sussex is ranked  
number one in the world for development studies in the QS world university rankings (2016-17). In the  
latest REF exercise, Geography at Sussex was assessed to have the most top-rated impact of any  
geography submission across the UK.

Key team members: School of Global Studies department: Professor Martin Todd (Principal Investigator),  
Professor Dominic Kniveton (Co-Investigator), Pedram Rowhani, Monika Novackova, Seshi Kolusu.

University of Reading TAMSAT group has been working with national hydrometeorological services  
(NHMSs) and other organizations in Africa since 1977, to provide climate services to stakeholders across 
multiple sectors, including agriculture, finance, and health. TAMSAT rainfall estimates and value-added 
services, such as metrics of meteorological drought, are also integral to the FEWSNET early warning  
explorer and several other platforms, including the ENACTS map rooms. TAMSAT has recently led  
several successful innovation/research projects on weather index insurance.

For example, NERC/Innovate-UK project, SatWIN-Tools, developed a toolbox for designing II indices  
based on satellite-based rainfall estimates.17 A NERC innovation follow-on project, SatWIN-Scale,  
addressed an issue that arose in SatWIN-Tools, namely the spatial and temporal scale at which insurance  
can be provided.18 As a result of these two projects, insurance based on TAMSAT rainfall estimates has been  
provided to over 300,000 people in several countries in Africa. TAMSAT sits in the Department of  
Meteorology at Reading, widely recognised as one of the world’s top research departments, as the latest  
REF amply demonstrates.

Key team members: Professor Emily Black (Co-Investigator), Dr Tristan Quaife (Co-Investigator),  
Dr Ross Maidment.

International Research Institute for Climate and Society (IRI) was established in 1996 by the U.S.  
National Oceanic and Atmospheric Administration (NOAA) and Columbia University as the world’s first 
international institute with a mission to apply climate science in the service of society. As a world leader in 
 its field, IRI uses a science-based approach to enhance society’s capability to understand, anticipate and 
manage the impacts of climate in order to improve human welfare and the environment, especially  
in developing countries. IRI works with U.S. scientific institutions and federal agencies such as NOAA,  
the National Aeronautics and Space Administration, the National Science Foundation, and Climate and  
Society the U.S. Agency for International Development (USAID). IRI partners with international organisations, 
such as the Red Cross, Oxfam America, and the World Food Programme, as well as countries such as India  
and Brazil. Private sector partners include Google and SwissRe. A full range of IRI past experience can  
be found at http://iri.columbia.edu/about-us/fact-sheets/ 

Key team member: Daniel Osgood (Co-Investigator), Rahel Diro (Senior Research Associate), Nitin Magima  
(Research Associate) and Max Mauerman (Research Associate).

Lilongwe University of Agriculture and Nat Resources: Agricultural and Applied Economics

Key team members: Dr Thabbi Chilongo (Co-Investigator).

Global Parametrics (GP) is a for-profit social venture with investments from the UK’s Department for  
International Development (DFID) and the German Foreign Ministry Climate Insurance Fund. As part of  
the G7 InsuResilience, GP offers innovative data services and risk management products that increase  
wresilience and expedite recovery in emerging economies threatened 
by natural disasters and extreme weather events.

Key team members: Dr Jerry Skees.

17 Black et al, 2016 DOI: 10.1175/BAMS-D-16-0148.1.
18 Black et al, 2016 DOI: 10.3390/rs8040342
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APPENDIX 04:
OTHER WORK
DRiSL also contributed to the RMSG 
Insurance Development Forum (IDF) paper,  
Theory of change for Anticipatory Action.19  
DRiSL shared key outcomes and learnings  
from the project, in addition to the  
challenges organisations can face when  
building finance mechanisms for drought  
and consequent food security outcomes.

19 The Development Impact of Risk Analytics, Insurance Development Forum

https://www.insdevforum.org/wp-content/uploads/2020/12/IDF_Risk_Analytics_21Dec.pdf
https://www.insdevforum.org/wp-content/uploads/2020/12/IDF_Risk_Analytics_21Dec.pdf


DRF THREE-PILLAR APPROACH 

01 BASED RISK MODELLING
Allows us to understand and quantify the risks of shocks in our areas of operation. The model allows a 
trigger to release financing based on a risk threshold. It often comprises hazard, vulnerability, and coping 
capacity components, and includes a way to quantify the financial need.

02 CONTINGENCY PLANNING
(Also known as “scenario-based response planning”) - outlines the activities that will be carried out, when 
and by whom, in different crisis scenarios thereby facilitating a coordinated and appropriate response in an 
early warning timeframe. The plan creates a line of sight between what people at risk are doing and need 
at a specific point in time, the response actions to meet that need, and the scientific trigger and financing 
required.

03 PRE-POSITIONED FINANCING
Can include a suit of financing instruments, such as insurance mechanisms, as well as traditional humani-
tarian pooled funds. These instruments automatically release funding according to pre-defined triggers 
based on data. Financing takes a risk-layering approach, with contingency funds used for more frequent but 
relatively minor events and insurance payouts made only for less frequent but more severe events.

BASIS RISK
Basis risk is a significant issue for humanitarian DRF, one that translates into people at risk left unprotected 
and needs left unmet. In the worst circumstances the implications of basis risk can be life or death. Basis 
risk exists because our ability to replicate or measure the complexities of natural processes through scien-
tific modelling is limited. A model is always a simplification of reality. Basis risk cannot be removed but it 
can be managed through triangulation with other, independent sources of information to track the likelihood 
and extent of basis risk in real time.

There are three categories of basis risk: model error, outcome uncertainty and misunderstanding and mis-
communication. Examples of each category are detailed below (taken from Basis Risk in Disaster Risk 
Financing for Humanitarian Action.20)

MODEL ERROR
In Malawi 2016, despite clear evidence that a major drought was taking place, affecting an estimated  
6.5 million people, the Africa RiskView (ARV) model failed to identify a severe drought and trigger a  
payout. Following a basis risk review, African Risk Capacity made a payment to the government some  
nine months later. The key technical source of basis risk was the selection of the wrong variety of  
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APPENDIX 05:
GLOSSARY

20 Basis Risk in Disaster Risk Financing for Humanitarian Action, Harris C. and Cardenes I., Centre for Disaster Protection (2020).

l

https://static1.squarespace.com/static/5c9d3c35ab1a62515124d7e9/t/5e8f0e05fd9b3f73d879246b/1586433542875/Centre_Policy_Paper7_5April.pdf
https://static1.squarespace.com/static/5c9d3c35ab1a62515124d7e9/t/5e8f0e05fd9b3f73d879246b/1586433542875/Centre_Policy_Paper7_5April.pdf
https://www.africanriskcapacity.org/
https://static1.squarespace.com/static/5c9d3c35ab1a62515124d7e9/t/5e8f0e05fd9b3f73d879246b/1586433542875/Centre_Policy_Paper7_5April.pdf


maize, with a different growing period, which caused the drought risk to be missed – a major parameter  
setting error (ActionAid, 2017).

Another example of a model error stems from the use of satellite remote sensing data, where rainfall is  
a key parameter. Rainfall is estimated by satellites – not by measuring actual rain falling from the ob-
served clouds, but rather through proxies related to this, such as the temperature taken at the top of 
the clouds, albedo, cloud column height, and lightning flashes. Data limitations and approximation play 
a clear role in basis risk in satellite rainfall driven models (Sarumathi, Shanthi and Vidhya, 2015).

OUTCOME UNCERTAINTY
In Senegal, drought models attempt to model the impact of drought on households but the number of 
people at risk of food insecurity, as reported in the Cadre Harmonisé, often differs. One reason for this 
is that the reporting process looks not only at the drought driver on household food insecurity but also 
more qualitatively at other drivers such as food prices, antecedents or latent vulnerability due to other 
hazards and impacts, as well as pests and social issues, such as access and commodity prices. While 
these information sources are uncertain and can contain error, they demonstrate how a hazard outcome 
cannot be fully attributable to a single driver, and yet most quantitative models are framed in this way.

The Solomon Islands withdrew from the Pacific Catastrophe Risk Assessment and Financing Initiative  
(PCRAFI) after the country experienced a failed payout for flash flooding in March 2014, as well for an 
earthquake (Newton Cain, 2014). The flooding losses were estimated at 9.2% of gross domestic product  
but no payout was triggered because the disaster was caused by a tropical depression when the policy 
only covered tropical cyclones (World Bank, 2015). The method of modelling depressions and major cy-
clones requires a different tailored risk and triggering model, which was not part of the triggering system, 
and yet both a depression and a fully-fledged cyclone may create the same flash flooding outcome.

In Jamaica, flooding in May 2017 caused US$400 million in damage (Muir-Wood 2017, cited in Hillier,  
2017) but the Caribbean Catastrophe Risk Insurance Facility (CCRIF) model estimated damages at only 
US$100 million – below the threshold for payout. The difference was due in part to the fact that the  
CCRIF impact model only covered housing and infrastructure loss and not agricultural loss  
(The Gleaner, 2017; Hillier, 2017).

MISUNDERSTANDING AND MISCOMMUNICATION
Malawi has had two drought insurance policies (now both discontinued), while having no disaster risk re-
duction (DRR) budget, and no emergency reserves. A good proportion of countries with sovereign DRF 
policies have no, or inadequate, national DRR funds and emergency contingency funds to complement their 
coverage, which only covers a small percentage of risk (Hillier, 2017).

BASIS RISK MANAGEMENT 
To manage basis risk and allow the system to flex to the uncertainties in data, a management system is 
set up. This includes the scientific model in which the funding is triggered by (also known as the funding 
model; see below) and a comparative monitor (see below). The comparative monitor collates and reviews a 
much wider and richer set of data, ranging from other scientific model through to data coming directly from 
communities. The funding model is continuously compared to the comparative monitor to try to identify 
divergence and agreement between the two; to ascertain what is happening; and to identify any basis risk. 
This comparison and triangulation are used for decision-making in real-time, i.e. to adjust the financing and 
the response, preventing a data failure from becoming a response failure.
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20 Basis Risk in Disaster Risk Financing for Humanitarian Action, Harris C. and Cardenes I., Centre for Disaster Protection (2020).

The table below shows the technical risk management steps that can be taken, for these three categories.

FUNDING MODEL
The funding model, which is often based on a robust index statistical model, is used to build out the opera-
tions and release the finances of a DRF system. It is data-driven and based on critical analysis, which should 
be appropriate for the level and type of financing and response.

COMPARATIVE MONITOR
The comparative monitor should complement the funding model – consisting of a set of independent and 
near real-time data sources , potentially acting as secondary triggers.

A comparative monitor helps the users understand the uncertainties, and minimises them where possible. 
It also allows for more diverse information and some level of voice from at-risk people to be integrated into 
the system. The monitor needs to strike a balance between objective and subjective indicators and to allow 
for rapid integration and use of both, blending local/indigenous and external scientific knowledge when 
possible. There also needs to be a balance between what might be termed ‘soft’ and ‘hard’ indicators and 
‘global and ‘local’.

BASIS RISK

MODEL ERROR 

CONTEXT OUTCOME 
UNCERTAINTY 

MISUNDERSTANDING 
OF MODEL ERROR  
& CONTEXT OUTCOME 
UNCERTAINTY 

Develop an R&D plan for each model  
component, including planned 
improvement to source data, re-analysis 
of real-time data and calculations.

Research and understanding of the  
various drivers of risk to understand  
attribution of outcomes and all risks 
that need to be monitored.

E.g. Conflict, El Niño, pests on food, 
security impacts and drought.

Increased investment in training and 
learning on hazard science and modelling.

Greater investment in communicating  
science tools.

Simplification of contractual wording in  
respect of model performance and basis risk.

REDUCE THE  RISK

Comparative monitor of similar metrics  
to triangulate the primary triggering model.

Basis risk assessment, measurement 
protocols and review panel.

Comparative monitor of diverse risk 
metrics to review impact with regard to 
the various drivers to contextualise the 
outcome to the primary triggering model.

Basis risk assessment, measurement 
protocols and review panel.

Continual updates and basis risk 
assessment over the live risk period.

Clear protocols for monitering and measuring 
basis risk, and a clear objective way to 
resolve data divergence and conflicts and 
disagreements at the end of the risk period 
as a standard part of data processes.

Identification of a global arbitrator.

MANAGE THE  RISK LIVE

Basis risk in disaster risk financing for humanitarian action: Potential approaches to measuring, monitoring, and managing it, Harris, 
C. and Cardenes, I., Centre for Disaster Protection Insight paper, Centre for Disaster Protection, London (2020).



HOUSEHOLD ECONOMY ANALYSIS
An important component of any DRF and Forecast-based Financing system is completing a HEA analysis. 
A Household Economy Analysis is a unique methodological framework that determines whether house-
holds have the food and cash they need to survive and prosper. It can be used as an impact model, in the 
contingency planning, and in the pre-positioning of financing and financial layering of risk. It creates a clear 
line of sight between risk modelling and risk response actions, as well as common assessment of impact 
that can be corrected and improved throughout the system. Moreover, it is expected that by modelling likely 
scenarios, actions can be triggered before households face the impact of the shock within an FBF and an-
ticipation window (or as soon as they feel it in more timely response), ultimately safeguarding food security 
and livelihoods from the worst effects of the shock (i.e. the loss of livelihood or extreme hunger). For more 
information and for full details of a HEA, please see Disaster Risk and Forecast-based Financing – a guide to 
using Household Economy Analysis.21
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21 Disaster Risk and Forecast-based Financing – a guide to using Household Economy Analysis, Harris C. and Swift L., Start Network (2019).

https://startnetwork.org/resource/disaster-risk-forecast-based-financing-guide-using-household-economy-analysis
https://startnetwork.org/resource/disaster-risk-forecast-based-financing-guide-using-household-economy-analysis
https://startnetwork.org/resource/disaster-risk-forecast-based-financing-guide-using-household-economy-analysis
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