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CHAPTER 2

Climate Information: 
Towards Transparent Distillation

Christopher D. Jack, John Marsham, David P. Rowell, 
and Richard G. Jones

Abstract Constructing climate information to inform climate change 
risk-related decision-making is challenging and requires a rigorous inter-
rogation and understanding of multiple lines of evidence and an assess-
ment of the values, limits and uncertainties involved. Critically, there is no 
definitive approach agreed on by all climate scientists. Rather, a range of 
approaches and assumptions are used, with implications for robustness, 
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reliability and uncertainty. Often these choices and assumptions are 
informed by the values and objectives of climate science rather than the 
decision context. We propose an approach, information distillation, that 
makes explicit and open for deliberation many of the implicit decisions 
and value judgements that occur throughout the process of constructing 
information. We argue that this approach must engage substantively with 
the decision context and open up choices and assumptions in a transparent 
manner to deliberation across climate scientists and context experts. This 
should ensure relevance and usability, and build understanding and trust 
to form an important basis for effective uptake of information. Two case 
studies are described demonstrating the effectiveness of these approaches 
and illustrating several important principles for transparent information 
distillation.

Keywords Information distillation • FRACTAL • HyCRISTAL • 
Co-production • Uncertainty

IntroductIon

Responding effectively to the complex challenge of climate change requires 
well-informed decision-making. Climate science is crucial to the process, 
for describing and understanding past changes and projecting possible 
changes in the future, under different greenhouse gas emission scenarios. 
However, climate science involves many value judgements and choices, 
with consequences for the resultant information, decision-makers and 
stakeholders. Therefore, robust decision-making in the face of uncertain-
ties requires transparent interrogation and deliberation of values and 
choices in order to distil reliable information and manage risk.

Scientific understanding of climate change globally and for Africa has 
progressed significantly over recent decades. Two key drivers of progress 
have been improvements in observations and modelling. First, new obser-
vational platforms, primarily satellite based, have generated an unprece-
dented volume of data on atmospheric, land surface and ocean variables. 
Regrettably, however, the availability of primary surface observations from 
weather stations is declining in many countries, particularly in Africa. 
Satellite observations are not enough on their own—they generally require 
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cross-checking (calibration) against surface observations and for some 
variables such as near surface air temperature, obtaining accurate satellite 
estimates is challenging (Hooker et al. 2018).

Second, climate model complexity has advanced with the inclusion of a 
greater number and more realistic representations of climate processes. 
Global Climate Models (GCMs) included in the first Coupled Model 
Intercomparison Project (CMIP) that provided key evidence in the 
Intergovernmental Panel on Climate Change (IPCC) First Assessment 
Report (1990) were far simpler than the GCMs contributing to CMIP6 
and the ongoing IPCC Sixth Assessment Report. For example, the GCMs 
participating in CMIP6 are predominantly Earth Systems Models (ESMs) 
which include coupling of models of the atmosphere and its chemistry, the 
oceans and their biology, sea-ice, and the land surface vegetation, with 
grid spacings generally in the range of 100–200 km (Eyring et al. 2016). 
Moreover, advances in computational capacity and scientific understand-
ing have enabled the latest limited area Regional Climate Models (RCMs) 
to run with grid spacings of 4 km or less, allowing them to resolve features 
at spatial scales of around 25 km, and explicitly capture deep convection—
a key feature of climate in Africa. Such models can reproduce realistic 
convection, one of the long-standing challenges of climate modelling 
(Stratton et al. 2018; Kendon et al. 2019; Jackson et al. 2020).

These major advances in climate science through observations and 
modelling provide increasingly robust evidence that the climate is chang-
ing and that mitigation is crucial for constraining the extent of future 
climate change and associated impacts. However, there remain significant 
barriers to providing climate information in the format and level of 
accuracy often desired to support local-scale adaptation decision-making. 
Indeed, participants at the 1st African Climate Risks Conference (ACRC 
2019) emphasised the need to better integrate climate science research 
into decision-making, while noting the ongoing challenge that uncer-
tainty in climate projections represents to this goal.

This challenge is being approached from two related perspectives: 
Vincent et al. (Chap. 3) adopt the perspective of integrating climate infor-
mation more effectively into decision-making through co-production, 
while this chapter considers the potential for climate science and model-
ling to provide more considered and defensible information. In the next 
section, we describe the basis for constructing climate information, high-
lighting the important concepts of robustness and reliability and the asso-
ciated assumptions. In particular, we consider the role of value judgements 
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in characterising and reducing uncertainty, and how trade-offs between 
different types of error arise. This leads into the following section where 
the concept of climate information distillation is introduced. Climate 
information distillation strives to facilitate greater transparency and inclu-
sion of decision-makers and stakeholders in the value judgements and 
trade-offs that are generally only considered within the climate science. 
This is followed by two case studies of climate science information devel-
opment designed to aid decision-making, supported through the Future 
Climate for Africa (FCFA) programme. We end with brief conclusions.

constructIng robust and relIable 
clImate InformatIon

One of the most common requests from climate risk management and 
adaptation exercises is for robust and reliable climate information with low 
uncertainty. It is worthwhile to step back and consider these terms, how 
we understand them, and how they are crucial to support the improved 
use of climate information in decision-making. First, we will consider 
robustness, or the strength of the evidence behind the information. For 
climate projections, this relates to climate models and their complexity 
and realism, and how we evaluate their realism. We then consider the 
closely related concepts of reliability and uncertainty which relate to the 
possibility of error—understandably a key concern for decision-making.

Robust Information

The IPCC Fifth Assessment Report guidance note on uncertainties 
(Mastrandrea et al. 2011) describes robust messages as those supported by 
multiple, consistent and independent lines of high-quality evidence. High- 
quality evidence rests on strong and well-tested assumptions, rigorous 
analysis and statistical testing, and validation against observations. 
However, different lines of high-quality evidence can and do result in dif-
ferent conclusions. Evaluation of multiple lines of independently produced 
evidence and their agreement or disagreement provides a strong basis for 
establishing robustness.

Mastrandrea et  al. (2011) also note that evaluation of the degree of 
robustness involves expert judgement. For example, assessment of histori-
cal trends of extreme rainfall events over Africa are often reliant on 

 C. D. JACK ET AL.



21

spatially and temporally sparse weather station data with uncertain quality 
control. Even where multiple independent analyses exist and are consis-
tent (e.g. from different gridded datasets of temperature and rainfall in 
Africa), they might all assume that the underlying primary data are reliable 
enough to draw conclusions. Whether this is indeed the case can often not 
be objectively determined but requires a level of expert judgement which 
is subjective and may vary from one climate scientist to another.

Establishing robustness of information based on future climate projec-
tions is particularly challenging to determine because, as we will discuss 
later, we cannot verify projections of the future. In this case, robustness 
rests on three bases:

 1. Comprehensive representation of physical process understanding in 
models: Current understanding of climate system dynamics and 
feedbacks is both informed by and informs model development. We 
know that models must realistically represent the fundamental 
dynamics as well as important physical processes such as convection, 
land surface, ice-albedo and cloud feedbacks.

 2. Ability to reproduce relevant aspects of historical climate variability: 
We cannot validate model simulations of future climate change, 
instead we validate their simulations of past climate modes of vari-
ability or trends that are deemed relevant to future projected changes.

 3. Multi-model ensemble agreement: In line with the IPCC guidelines, 
if multiple models simulate the same future changes, then this pro-
vides multiple lines of evidence in support of a message. If multiple 
models diverge, they provide less support for any particular mes-
sage. However, as will be discussed in the subsequent section on 
uncertainty, models are not completely independent and multi- 
model agreement is not a sufficient basis for robustness.

These three bases of robustness are closely interrelated. As models are 
developed in order to represent more processes, or improve their realism, 
model evaluations tell us how these developments affect the model’s simu-
lation of observed climate variability.

Model Realism

Model realism is advancing through two main avenues: improved realism 
of model components and parameterisations; and increased spatial 
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resolution. The latter allows for more realistic representation of the land 
surface, including the crucial roles of topography, oceans and atmospheric 
convection. Until recently, higher resolution climate information has been 
restricted to RCMs or statistical downscaling (SD) to generate more local 
detail from coarser GCM grids. However, RCMs and SD are dependent 
on the realism of the driving GCM and it is not always clear under what 
conditions RCMs improve the realism of the climate simulation (Dosio 
et  al. 2019). Among other limitations, SD methods also assume that 
observed climatological relationships will hold in the future warming 
world (statistical stationarity) which is not necessarily the case (Jack and 
Katragkou 2019). The added value or realism of regional modelling and 
SD is another area where multiple viewpoints are held, and expert judge-
ment is deployed.

Computational capacity has now reached the point of enabling 
convection- permitting resolutions in atmospheric models—a major 
advance—because climate models generally use convection parameterisa-
tions that, while based on physical principles, are significant simplifications 
of reality and are a cause of much model disagreement or uncertainty 
(Sherwood et al. 2014). Explicitly permitting convection is an important 
advance in model realism and initial experiments have demonstrated sig-
nificant improvements, particularly in the simulation of tropical convective 
rainfall characteristics over Africa (Stratton et al. 2018).

Model Evaluation

Guiding and understanding advances in climate model realism rests 
strongly on approaches to model evaluation. At the global scale, we have 
high confidence in the ability of contemporary climate models to repro-
duce observed global aggregate trends such as global mean near-surface 
air temperatures. Most models also realistically simulate responses to cli-
mate events such as large volcanic eruptions. Such comparisons have 
proven a mainstay for defending climate model realism.

At the regional to local scale, in the context of constructing informa-
tion to inform decision-making, a key element of model evaluation is 
determining which climate features are relevant to robust future climate 
change projections. While there has been a call for greater focus on model 
evaluation in Africa and other regions (James et al. 2018), care must be 
taken to ensure that models are evaluated with respect to features across 
multiple scales that are likely to be relevant to future climate changes 
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rather than just contemporary climate means and variability. Importantly, 
there has been a strong drive towards process-based evaluations which focus 
on key regional processes such as regional moisture transport dynamics, 
rather than surface variables (diagnostics) such as rainfall amounts. One 
framing developed under the Future Resilience for African Cities and 
Lands (FRACTAL) project is that of process chains which recognises and 
helps characterise the many interlinked processes that are relevant to cli-
mate change in a region (Daron et  al. 2019). Another, used in the 
Integrating Hydro-Climate Science into Policy Decisions for Climate- 
Resilient Infrastructure and Livelihoods in East Africa (HyCRISTAL) 
project, is a ‘future-centric’ approach to constraining the spread amongst 
model projections (Rowell 2019, and reference therein).

Advances in model complexity coupled to ongoing and more sophisti-
cated process-based evaluations of model realism are critical foundations 
for the construction of robust climate information. However, even as the 
realism and performance of models have improved, the spread (or diver-
gence) of projected changes from different models (referred to as multi- 
model ensembles) has often not reduced (Knutti and Sedláček 2013). 
Model advances, thus far, are not producing clear multi-model conver-
gence in future projections, particularly of rainfall and for large parts of 
sub-Saharan Africa (see Chap. 1). Analysis of multi-model ensembles and 
characterization of uncertainty therefore remain critically important in 
constructing reliable messages about future climate change.

Reliable Information and Reducing Uncertainty

Unlike robustness, which relates to the characteristics of the evidence, reli-
ability relates to the probability of error—a challenging concept for future 
climate projections. More formally, in weather and seasonal forecasts, reli-
ability is one important measure of the track record of a forecast system 
over multiple forecasts. Reliability refers to the ability of the forecast sys-
tem, over multiple forecasts, to reproduce the probabilities of climate 
variations. For example, forecasts of a 60% chance of dry conditions 
should, if perfectly reliable, be matched by actual dry conditions 60% of 
the time (Wilks 2011). Reliability of weather and seasonal forecasts can be 
evaluated retrospectively, but we do not have that luxury for climate 
change projections and therefore must rely on less empirical measures of 
reliability. In practice, decision-makers interpret reliability to mean that 
the information should not turn out to be wrong.
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There are fundamentally two ways that climate information can be 
wrong; we can fail to identify a climate future that does occur and so risk 
not planning adequately, or we can identify a future that does not occur 
and plan unnecessarily. It is conceptually simple to avoid the first type of 
error. We can present a very wide range of future changes and be highly 
confident that reality will lie somewhere inside the range. However, we 
then cannot avoid the second type of error as we are almost certainly iden-
tifying future climates that will not occur. This approach can force decision- 
making towards no-regrets approaches that while robust under any 
plausible future climate, can be very expensive (requiring finance to cover 
conditions that are never reached) and have other undesirable conse-
quences. There is therefore a strong argument for and motivation to con-
strain the uncertainty range associated with multiple climate model 
projections and reduce the risk of identifying futures that are not going to 
occur (e.g. Chap. 6). This requires drawing on elements of robustness 
described previously to provide a basis for excluding some futures. 
However, first we need to understand and characterise different sources of 
uncertainty and the scope for reducing uncertainty.

Sources of Uncertainty

Any model, regardless of its complexity and resolution, or even its ability 
to reproduce past climate features, remains a simplified and imperfect rep-
resentation of the real climate and so there is inherent uncertainty about 
any simulation of future climate. To characterise this uncertainty, ensem-
bles of semi-independent models (Knutti et  al. 2013) are used to con-
struct a range of possible future changes. Models are only semi-independent 
because many models share core components and parameterisation 
schemes. The assumption being that a sufficiently large set of independent 
models will produce a range of future projected changes that approximates 
the actual uncertainty due to model weaknesses. The extent to which this 
is true is unclear and there are several associated concerns regarding model 
independence and their coverage of different processes that generate 
uncertainty (Parker 2013). Furthermore, where processes relevant to a 
particular regional climate change response, such as aerosol feedbacks, are 
inadequately represented in all models from an ensemble, it is possible that 
the ensemble range does not even include the real future (Rowell 
et al. 2015).
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Additionally, the climate system has an inherent stochastic component 
that we call natural variability. This means that any particular year, or 
decade, or even multiple decades can be warmer or cooler, wetter or drier, 
for no other reason than the interacting internal processes that generate 
semi-stochastic (or randomly determined) variability. Two to three decades 
into the future, natural variability is typically the largest source of uncer-
tainty because other drivers, such as greenhouse gas concentrations, will 
be relatively small and difficult to distinguish from natural variability. 
Beyond one- or two-decades, changes in greenhouse gas concentrations 
relative to the present become much larger, depending on mitigation 
progress, and models project larger changes. Beyond around 50 years into 
the future, the proportion of uncertainty arising from unknown future 
greenhouse gas concentrations increases substantially (Hawkins and 
Sutton 2011).

Reducing Uncertainty

The uncertainty associated with natural variability is essentially irreducible. 
Uncertainty in emissions scenarios is not reducible through climate sci-
ence; however, when constructing information to inform decisions, it 
should either be clear why particular emissions scenarios have been 
selected, or stakeholders should be involved in the selection. These choices 
often represent the value judgements of climate scientists rather than 
decision-makers.

A common approach to reducing model derived uncertainty is to decide 
which simulated futures are less plausible. Simple approaches to this 
involve discarding the most extreme changes by, for example, only pre-
senting the 25th to 75th percentile range (e.g. as done in the IPCC AR5 
Atlas, Van Oldenborgh et  al. 2013) under the assumption that more 
extreme changes are less plausible. However, there is very little basis for 
this and more defensible approaches involve evaluating model realism 
under historical climate conditions, with respect to variables or regional 
climate features of relevance to future regional climate change (e.g. 
McSweeney et al. 2012). Here, process-based model evaluation, described 
earlier, can play an important role. For example, Rowell (2019) evaluates 
the realism of models in the CMIP5 ensemble with respect to observed 
important linkages between clouds and ocean temperatures in the south-
ern Indian Ocean and regional rainfall. This observational constraint 
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provides a basis for excluding one particular model and reducing the 
spread of projections by one third.

Models that fail to meet some subjective threshold of realism could be 
excluded from the ensemble. In some cases, these models turn out to be 
those projecting changes at the extremes of the multi-model range and 
their removal reduces the range. In southern Africa, for example, research 
shows models that simulate far too much rainfall in the current period 
project more drying (Munday and Washington 2019). If it is assumed that 
the error in current climate generates the high climate change, those mod-
els can be removed. In other cases, the excluded models are not outliers, 
and removing them does not greatly reduce the ensemble range (Rowell 
et al. 2016; Chap. 6).

It is important to note that there is no strong agreement about if and 
how model evaluation and exclusion is done. This is another area of expert 
judgement and diverse perspectives and values. There is some progress in 
identifying evaluation metrics that capture key features of climate in Africa 
(James et al. 2018) but approaches to model selection (and their effects on 
the model range) are still being explored, partly because the process 
involves numerous value judgements. We argue that the consequences of 
these choices can have significant implications and stakeholders and their 
values and expertise should be involved in making them. The next section 
describes emerging approaches to address this challenge.

clImate InformatIon dIstIllatIon

Given the challenges and the advances described earlier, how do we make 
progress in constructing climate information to support decision-making? 
One framing of this construction process is increasingly called distillation. 
Though the interpretation of this phrase is varied, essentially the focus is 
on constructing information that is usable, robust, and reliable for decision- 
making (e.g. Giorgi 2020). Distillation involves identifying the value in or 
establishing the meaning of evidence. Because value and meaning are 
inherently contextual, distillation is necessarily deeply rooted in context. 
For example, the meaning of an ensemble of climate simulations may be 
very different for an urban planner and a climate modeller.

Co-production approaches (see Chap. 3) can be very effective in iden-
tifying the information needs of decision-makers and translating science 
into understandable and relevant information. However, within any infor-
mation construction processes, whether through co-production or not, 
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many decisions and value judgements are made related to realism, robust-
ness, uncertainty, and the risk of making errors. In many cases, these deci-
sions and judgements are made out of context, or with little consideration 
of context. For example, climate scientists frequently decide that reducing 
uncertainty is more valuable than the associated risk of failing to identify 
the real future climate. These critical value judgements are rarely made 
collaboratively with those managing the risks of error. The implications 
are seldom understood by either scientists or decision-makers.

We propose an approach to distillation that makes explicit and open for 
deliberation many of the implicit decisions and value judgements that 
occur throughout the process of constructing information. We argue that 
opening up these judgements and decisions through transparency and 
deliberation builds the critical trust and common understanding of the 
value (and the limits to value) climate science brings to a decision. 
Emerging learning (see Chaps. 3 and 7) suggests that these principles may 
be as important and potentially more valuable for integrating robust cli-
mate information into decision-making than efforts to simplify and com-
municate climate science outputs (Harold et al. 2019; multiple chapters in 
this volume)—that is, the process of engagement is as important as the 
climate information itself.

In the next section, we present examples of constructing climate infor-
mation to support decision-making through the lenses of distillation, 
before we conclude with some principles and guidelines for distilla-
tion itself.

case studIes

FRACTAL

The Future Resilience for African Cities and Lands (FRACTAL) project 
aimed to inform climate resilient decision-making in large capital cities in 
southern Africa. The project chose to adopt a strongly context-led 
approach to the development of climate information—one that incorpo-
rated and refined ideas about information distillation.

The context-led approach was integrated into the research design 
through pre-proposal consultation and motivated by prior experience in 
such projects. This was subsequently initiated by supporting city partici-
pants ranging from city councillors, urban planners, local academics, rep-
resentatives of water utilities, power utilities, and civil society organisations 
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(in particular informal settlement representatives) to collectively agree on 
a suite of “burning issues”—areas of significant common concern across 
all participants. In most cases, these emerged as insecure water supply, 
flooding, and sanitation, with a strong focus on peri-urban or informal 
housing areas. The burning issues were then unpacked progressively 
through a series of Learning Labs (McClure 2020), based on strong trans- 
disciplinary principles, and are described more fully in Chaps. 3 and 7.

Of importance was the mode of introducing climate information in 
Learning Labs. In most of the formal interactions climate information was 
either not introduced in the first workshop activity, or if it was, it was only 
as a very small component. The objective was to avoid climate science (and 
climate scientists) strongly defining and framing the values and collabora-
tive learning process.

When climate science information was introduced into the Learning 
Lab process, it was done through Climate Risk Narratives (Jack et  al. 
2020). These are descriptions of the city under different plausible (sup-
ported by scientific evidence) future climate conditions. In most cases, the 
initial narratives were informed by three plausible climate futures based on 
conventional analysis and interpretation of multi-model ensemble projec-
tions of climate variables and statistics perceived as relevant for the context.

Climate Risk Narratives became an iterative engagement device through 
subsequent Learning Lab workshops. Participants were involved in devel-
oping descriptions of the socio-economic elements of each narrative, 
which involved extensive deliberation over what the consequences of dif-
ferent climate futures would be, for whom and what responses were rele-
vant. This prompted and allowed for a diversity of perspectives and values 
to be expressed. For example, in Windhoek, representatives from a youth 
organisation wanted the described futures to be optimistic and to reflect 
their aspirations for the successful implementation of the city’s adaptation 
plans, rather than just negative challenging impacts.

Overall, distilling climate information that effectively engages with 
decisions is a process that involves building trust, agreeing on common 
values and priorities, integrating a diversity of experience, evidence, and 
expertise, and collaboratively managing risk and uncertainty. Reflecting on 
the process, three important aspects of climate risk narratives are particu-
larly relevant to climate information distillation:

 1. The first was the adoption of a risk framing. In Lusaka, the climate 
projections include large uncertainty about changes in rainfall, with 

 C. D. JACK ET AL.

https://doi.org/10.1007/978-3-030-61160-6_3
https://doi.org/10.1007/978-3-030-61160-6_7


29

projections spanning increasing and decreasing rainfall. However, 
discussions revealed that primary concerns were the impacts of rap-
idly increasing population and water demand, and reduced total 
rainfall but more intense rainfall events. Increases in total rainfall did 
not emerge as a concern. The narratives for Lusaka therefore do not 
represent a future with increasing rainfall—its exclusion was a collec-
tive decision made with consideration and understanding of the cli-
mate evidence—a value judgement that reflects the values and 
priorities of those making decisions or experiencing their 
consequences.

 2. Secondly, very little time was spent on visualization, tailoring, or 
simplification of climate science evidence. Rather, climate scientists 
openly engaged with each other and with participants as decisions 
such as excluding particular futures were made. Building mutual 
understanding and trust in distillation decisions was prioritised over 
one-way modes of communication that may pre-emptively close 
down debate. This is not to devalue approaches to communication, 
which still have significant value and importance, but rather it is an 
argument for building trust in order to support legitimacy and col-
lective ownership in the process (Harold et al. 2019).

 3. Finally, the perceived barrier of model-related uncertainty rapidly 
diminished in most cases. Once participants were able to engage 
with and build common understanding across the range of plausible 
futures, effective and priority interventions emerged, many of which 
were common across all plausible futures. In many cases, these 
interventions were based on good development and urban planning 
that would also be effective adaptation measures. While efforts to 
reduce model uncertainty are certainly valuable and climate science 
should and will continue to strive towards this, the perceived barrier 
of uncertainty is not always insurmountable, particularly where cli-
mate information is constructed through open, transparent, and 
collaborative distillation.

 HyCRISTAL

The Integrating Hydro-Climate Science into Policy Decisions for Climate- 
Resilient Infrastructure and Livelihoods in East Africa (HyCRISTAL) 
consortium, also part of the FCFA programme, focused on climate risk 
and advancing climate science in East Africa (Finney et  al. 2019). 
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Discussions with regional authorities and other stakeholders identified 
urban water sanitation and hygiene, and rural livelihoods as two important 
concerns for climate change–informed decision-making. These formed 
the subjects of pilot studies of decision-making within the project, along-
side research on tea production, Lake Victoria water levels and water 
management.

HyCRISTAL’s climate science addressed understanding of specific 
aspects of climate relevant to the aforementioned concerns, such as rainfall 
accumulations, extreme rainfall and rainy season onset. Drawing on this 
research, the wider literature, and discussions with stakeholders, 
HyCRISTAL also constructed Climate Risk Narratives (e.g. Burgin et al. 
2019), with three possible futures spanning much of the plausible range in 
key variables of model projections, with the underpinning evidence pro-
vided in a technical appendix. This enabled HyCRISTAL to use the 
Climate Risk Narratives for engagement with decision-makers and plan-
ners, without conversations becoming too distracted or deterred by the 
scientific evidence. Moreover, the underpinning evidence was available for 
transparency, and for legacy so that the Climate Risk Narratives can easily 
be modified as the evidence base changes.

Climate Risk Narratives were generated for urban and rural contexts 
and were widely shared giving indicative impacts of each possible future. 
At forums such as the GHACOF (Greater Horn of Africa Climate Outlook 
Forum), they were found useful for engaging individuals in non-climate 
sectors. For particular decision contexts, HyCRISTAL also generated 
bespoke projections, for example, of possible changes in flood frequency 
in key cities, by (i) statistically downscaling CMIP models (unless the 
models had been shown to be implausible; Rowell 2019); (ii) using 
changes from state-of-the-art convection-permitting RCM simulations 
that explicitly model the rain-generating storms, thereby improving the 
representation of key processes and as a result giving larger changes in 
extremes than other model types (Kendon et al. 2019; Finney et al. 2020); 
and (iii) synthesising this new knowledge alongside the full range of 
changes projected by the CMIP climate models.

The approach of HyCRISTAL was to assume any projection from a 
globally recognised climate model was plausible until proven otherwise 
through analysis of the realism of climate change relevant features (see 
discussion on process-based evaluation above), and to recognise that the 
actual future could always lie outside the range produced by climate models.
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conclusIon

It is clear that with concerted research and funding, supported by advances 
in computing capacity and observational platforms, our understanding of 
the climate system and ability to simulate its behaviour is advancing rap-
idly. This is important and valuable in building confidence in model pro-
jections of future change.

However, this chapter and the experiences of many others show that 
advances in climate science do not effortlessly translate into improved 
decision-making. The dominant narrative to address this challenge is the 
need for improved translation, communication and co-production 
approaches. This speaks to the imperative that climate science is producing 
information that is relevant to real-world decision contexts—we argue 
that an effective distillation process that opens up for deliberation with all 
stakeholders, the wide range of value judgements and choices made within 
climate science, is also crucial to avoid poor decision-making as well as 
building trust and ownership of information.

The key principles of climate information distillation we can identify 
through the experience of the case studies described amongst others can 
be summarized as follows:

• Develop an understanding of the decision context, not just the gen-
eral problem area (e.g. water resources), but also the decision space, 
the options, by whom and how decisions are made. This understand-
ing can strongly inform approaches to constructing climate evidence, 
characterising uncertainty and avoiding risks of concern.

• Similarly, adopt a contextual risk-framing approach that allows the 
concerns and risks of the context experts to guide and frame the 
construction of climate information.

• Understand how uncertainty influences the decision. Through 
approaches like scenario planning and decision scaling, understand 
how uncertainty may challenge decision-making.

• Use climate evidence (observations, model projections, downscal-
ing) that clearly adds value to the decision. Simplicity facilitates com-
mon understanding and engagement. The added value of the newest 
models and results takes time to evaluate and should not be assumed.

• If there remains a desire to reduce uncertainty by excluding implau-
sible futures, pursue this transparently and with open deliberation 
about the potential risks of error.
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• Focus on the process and building trust and common understanding 
across climate and contextual experts. Trust and understanding are 
important factors behind information uptake and application.

In this chapter, we have tried to push the dominant narrative on infor-
mation use further back into the climate science process itself and, in so 
doing, raised important questions about the many assumptions and value 
judgements that are made within the climate science domain prior to or 
during the generation of information. These assumptions, many of which 
are conventionally considered disciplinary and technical, nevertheless have 
significant implications for the resultant information and risk management 
decisions. Ultimately, decision-making is a process of risk management 
and information is used to avoid error. By adopting a more transparent, 
open, and deliberative distillation process, information can be constructed 
that integrates the value judgements and understanding of risk and uncer-
tainty of all stakeholders, rather than just climate scientists.
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Open Access  This chapter is licensed under the terms of the Creative Commons 
Attribution 4.0 International License (http://creativecommons.org/licenses/
by/4.0/), which permits use, sharing, adaptation, distribution and reproduction 
in any medium or format, as long as you give appropriate credit to the original 
author(s) and the source, provide a link to the Creative Commons licence and 
indicate if changes were made.

The images or other third party material in this chapter are included in the 
chapter’s Creative Commons licence, unless indicated otherwise in a credit line to 
the material. If material is not included in the chapter’s Creative Commons licence 
and your intended use is not permitted by statutory regulation or exceeds the 
permitted use, you will need to obtain permission directly from the copy-
right holder.
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