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Improving the contribution
of climate model information
to decision making: the value
and demands of robust decision
frameworks
Christopher P. Weaver,1∗ Robert J. Lempert,2 Casey Brown,3
John A. Hall,4 David Revell5 and Daniel Sarewitz6
In this paper, we review the need for, use of, and demands on climate modeling
to support so-called ‘robust’ decision frameworks, in the context of improving the
contribution of climate information to effective decision making. Such frameworks
seek to identify policy vulnerabilities under deep uncertainty about the future
and propose strategies for minimizing regret in the event of broken assumptions.
We argue that currently there is a severe underutilization of climate models
as tools for supporting decision making, and that this is slowing progress in
developing informed adaptation and mitigation responses to climate change. This
underutilization stems from two root causes, about which there is a growing body
of literature: one, a widespread, but limiting, conception that the usefulness of
climate models in planning begins and ends with regional-scale predictions of
multidecadal climate change; two, the general failure so far to incorporate learning
from the decision and social sciences into climate-related decision support in
key sectors. We further argue that addressing these root causes will require
expanding the conception of climate models; not simply as prediction machines
within ‘predict-then-act’ decision frameworks, but as scenario generators, sources
of insight into complex system behavior, and aids to critical thinking within robust
decision frameworks. Such a shift, however, would have implications for how
users perceive and use information from climate models and, ultimately, the types
of information they will demand from these models—and thus for the types of
simulations and numerical experiments that will have the most value for informing
decision making.  2012 John Wiley & Sons, Ltd.
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INTRODUCTION

A

ssessment of environmental and societal risks
from climate change, and the design and
evaluation of strategies to build readiness and
resilience in the face of these risks, is a generational
scientific challenge. How should society steer climate
research to best meet this challenge? How should
we attempt to use insights and information from
climate science to inform decision making about
responses to climate change? These questions are
particularly relevant now, as national governments
and international scientific bodies are discussing
how best to organize research efforts and to
deliver knowledge, data, tools, and advice—climate
services—to a potentially huge universe of clients.1–3
There has been some self-organization around
two strategic framings of the problem. The first
(dominant) paradigm assumes the need to improve
our ability to predict, using physically based computer
models, multidecadal, regional climate change as
a prerequisite for effective planning; the second
to instead improve our understanding of regional
and sectoral climate-related vulnerabilities, and the
cognitive, social, and institutional contexts within
which these will be managed, in light of the deep
uncertainties associated with climate change and its
possible impacts. These two conversations have to
date largely occurred in parallel.
The purpose of this paper is to discuss potential
synergies between climate modeling for decision
support as currently practiced, and the more bottomup approaches to climate change vulnerability and
impacts assessment, as a pathway to more effectively
informing climate-related decisions. We argue that
currently there is a severe underutilization of climate
models as tools to support decision making. This
underutilization stems from a double challenge noted
by a growing number of scholars: a widespread, but
limiting, conception that the potential usefulness of
climate models in planning begins and ends with everfiner regional-scale predictions of multidecadal climate
change; and the general failure so far to incorporate
learning from the decision and social sciences into
climate-related decision support in key sectors such as
water resources, coastal protection, agriculture, and
public health.
In this paper, we argue that alleviating this problem will require expanding the conception of climate
models, not simply as prediction machines within
‘predict-then-act’ decision frameworks, but as aids
to exploratory modeling—for scenario generation,
insight into complex system behavior, and supports
for critical thinking—within so-called ‘robust’ decision frameworks. Such frameworks, combined with
40

this broader perspective on the value of climate models for supporting decision making, have the potential
to simultaneously and effectively address the challenge
above.
Such a shift, however, would have implications
for the ways in which users perceive and use
information from climate models and, ultimately, the
types of information they will demand from these
models—and thus for the types of simulations and
numerical experiments that will have the most value
for societal applications. In this context, we review the
use of, and demands on, climate modeling to support
these frameworks, in the context of improving uptake
of climate information into decision making.

LONG-TERM CLIMATE PREDICTION IS
DIFFICULT . . .
As noted by various commentators,4,5 one of
the most oft-repeated statements in the climate
impacts literature goes something like this: ‘Accurate,
high-resolution predictions of future climate are
a prerequisite for developing effective responses
to climate change impacts at regional scales.’ A
number of recent papers and editorials have called
for increased efforts to deliver these improved
predictions.6–12 At the same time, everyone seems
to broadly agree that we are a long way from fulfilling
this need. For example:
The climate science community now faces a major
new challenge of providing society with reliable
regional climate predictions. Adapting to climate
change while pursuing sustainable development will
require accurate and reliable predictions of changes in
regional weather systems, especially extremes . . . Yet,
current climate models have serious limitations in
simulating regional weather variations and therefore
in generating the requisite information about regional
changes with a level of confidence required by
society.12

And so on (see also Refs8–10,13,14 and many
others) (Box 1).
As the number of legal and political mandates
for incorporating climate change information into
decision making increase, the demands on climate
science and modeling to deliver so-called ‘actionable’
information in direct support of planning will also
continue to increase—as will scrutiny of their ability
to do so.
It is well understood that current limits on scientific understanding and computing power result
in deficiencies in simulating impact-relevant climate system elements—clouds, precipitation, winds,
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BOX 1
NOTES ON LANGUAGE: PREDICTION,
PROJECTION, AND SCENARIO
According to the IPCC15 : ‘A climate prediction
or climate forecast is the result of an attempt
to produce an estimate of the actual evolution
of the climate in the future, for example, at
seasonal, interannual, or long-term time scales.
Since the future evolution of the climate system
may be highly sensitive to initial conditions, such
predictions are usually probabilistic in nature.’
Here, the term ‘prediction’ refers to attempts to
answer questions posed as ‘What will happen (in
the future)?’ This definition also suggests that
various factors will prevent us from achieving
100% accuracy, and that an important part
of any climate prediction is our degree of
belief that it will come true. The IPCC also
distinguishes prediction from two other common
terms, ‘projection’ and ‘scenario’:
Climate Projection: ‘A projection of the
response of the climate system to emission or concentration scenarios of greenhouse gases and aerosols, or radiative forcing scenarios, often based on simulations by
climate models. Climate projections are distinguished from climate predictions in order to
emphasize that climate projections depend on
the emission/concentration/radiative forcing scenario used, which are based on assumptions
concerning, for example, future socioeconomic
and technological developments that may or
may not be realized and are therefore subject
to substantial uncertainty’.
Climate Scenario: ‘A plausible and often
simplified representation of the future climate,
based on an internally consistent set of
climatological relationships that has been
constructed for explicit use in investigating
the potential consequences of anthropogenic
climate change, often serving as input to impact
models. Climate projections often serve as the
raw material for constructing climate scenarios,
but climate scenarios usually require additional
information such as about the observed current
climate. A climate change scenario is the
difference between a climate scenario and the
current climate’.
All three terms are entrenched in the
climate literature, but with some semantic
confusion surrounding their use. A number of
authors suggest that many, instead of using
them to describe distinct objects, essentially
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employ them as shorthand for a continuum
of decreasingly confident statements about the
future, from prediction, through projection, to
scenario, using them to manage expectations
created by the word prediction.16–22 In addition,
the IPCC definition of projection above still
implies that at least the climate portion is
deterministic, and it is only the future emissions
pathway that is non-deterministic and thus must
be captured via a set of scenarios.
Rather than using projection and scenario
as if they are simply a kind of less-accurate
prediction, it would seem to make more sense
to adopt functional definitions that relate to
how the different objects are actually used
to support decision making. How would one
envision using a climate prediction to support an
actual planning decision, and how would that
use differ from how one would use a climate
scenario? Attention to how best to judge the
‘success’ of a scenario23 is useful here. One
potential casualty of such a functional approach
to these definitions is the word ‘projection’,
which seems to be uneasily perched between
these two different uses.

the diurnal cycle, and the atmospheric moisture
balance24–27 —as well as major weather patterns
such as the Indian Monsoon,28 the mid-latitude
storm tracks,29 and the El Nino-Southern Oscillation
(ENSO).30
Spatio-temporal resolution is clearly part of the
story. High resolution is crucial for representing
key processes with realism, but is also extremely
computationally intensive. And the most relevant
spatial and temporal scales for resource management
or ecosystem processes are those for which the
obstacles to prediction are the greatest.31 Various
downscaling techniques, while important for many
applications, offer no free way out.32,33 Other
dimensions that compete for computing resources
include model complexity (biogeochemistry, aerosols,
land-use change, ice sheet dynamics, etc.), integration
length, ensemble size, and specification of initial
conditions.
Progress in research and technology over time
will presumably improve this situation somewhat, but
the challenge is great:
The past 40 years of climate simulation have made it
apparent that no shortcut is possible; every process can
and ultimately does affect climate and its variability
and change. It is not possible to ignore some
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component or some aspects without paying the price
of a gross loss of realism.34

Other issues make long-term climate system
prediction an even more difficult problem.35 Once
we start considering timescales beyond a decade or
two, the changing human influence on climate cannot
be ignored. Societies will likely react in complex ways
to climate change, ways that will alter the trajectory of
subsequent changes (e.g., in greenhouse gas emissions,
land use, and geoengineering), with further feedbacks
on human behavior, and these changes will likely be
unpredictable.36–38
Furthermore, detailed predictive skill beyond a
few seasons is not yet a reality.39–41 Because of the long
timescales involved, it is impractical to directly assess
the skill of multidecadal climate forecasts (in contrast
with short-term weather forecasting) leaving us to rely
on indirect methods.42,43 However, we do not yet have
the scientific understanding to convincingly measure
climate model skill this way. Because future climate
will be a not-yet-experienced state of the Earth system,
it may ultimately be impossible to a priori calibrate a
given climate model in such a way as to ensure that it
will produce a meaningful long-term forecast.43–49 We
lack a generally accepted set of metrics for evaluating
climate model performance, either in general or in a
sector-specific50 way. The aspects of observed climate
that must be simulated correctly to ensure reliable
future forecasts are not known; agreement across a
collection of models does not provide a rigorous basis
for assessing how much we should believe a future
prediction either.14,42,43,51–56 (It is important to note
that the obstacles to skillful prediction on shorter
timescales—say, a decade—are likely not nearly as
great, as discussed extensively elsewhere37,57 but these
efforts are still in their infancy.)
Finally, despite strenuous efforts, it is clear that
current models and simulations capture only a subset
of our scientific uncertainty about how the climate system works (and how to encapsulate our understanding
in a model).22,37,58–63 So far, the more model variants
we create, the more complexity we add, and the more
simulations we carry out, the greater the range of
scientifically justifiable future climates (and the corresponding range of societal outcomes64 ) that result.

. . . AND SO IS CLIMATE-RELATED
DECISION SUPPORT
Meeting the scientific and technical challenges of
climate prediction would of course not be the only prerequisite for achieving better climate-related decision
making. It may not even be the most difficult. A
42

large literature about how decisions are actually made
explains the factors that determine whether and how
scientific information becomes part of that process.
This literature makes clear that scientific knowledge,
including products such as predictions, is only one
part of a much broader system of decision-making
practice.4,19,65
This starts with the acknowledgement that information may be scientifically relevant without being
decision-relevant. Scientific information can be effective in influencing decision making, but only if this
information is perceived as ‘credible, salient, and legitimate’: i.e., scientifically and technically accurate in its
evidence and arguments, but also relevant to the needs
of the decision makers and having been produced in a
way that is unbiased and respectful of their divergent
perspectives and values.66,67 These characteristics tend
to result only from a sustained process of close interaction among knowledge producers and users, often
facilitated by so-called ‘boundary organizations’.68
Because different actors perceive the usefulness of
scientific information differently,19 decision support
characterized by one-way communication and a focus
on ‘products’ (e.g., reports, predictions) as opposed to
‘process’ (of communication, mediation, translation,
feedback, and trust building) has been demonstrated
to be ineffective.66,67,69
This highlights long-understood truths of the
decision sciences that no simple relationship exists
between more information and better decisions, information does not necessarily precede decision making,
important basic questions are often raised in the
course of making decisions, and ‘reducing uncertainty’ will likely have different meanings in the
context of scientific understanding versus that of decision outcomes.70–73 Scientific assessments to support
decision making should be viewed, fundamentally, as
social processes embedded within particular institutional structures.69 With climate predictions in particular, a suite of technical, cognitive, institutional,
and structural factors determine the capacity of decision makers to make use of them. Lemos and Rood19
write of the ‘uncertainty fallacy,’ in their words ‘a
belief that the systematic reduction of uncertainty in
climate projections is required in order for the projections to be used by decision makers’. Experience in
attempting to use forecasts of seasonal-to-interannual
climate variability (e.g., as driven by ENSO cycles)
for planning in sectors such as water resources and
agriculture clearly illustrates these issues. There is
widespread agreement that such forecast information, while having the potential to support improved
decision making, is almost universally underutilized
in these sectors.19,74–82
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What are the implications of the above twofold
challenge for supporting decision making about
adapting to long-term climate change? Social sciences
research clearly shows that simply overcoming the
extremely difficult scientific and technical obstacles
to climate prediction will not suffice. Climate-related
decision support is hard, not only because long-term
climate prediction is hard, but also because creating
decision-relevant processes for the production and
uptake of climate information is hard. We suggest
that a kind of cognitive dissonance infuses discussions
of the social value of climate modeling. On one
hand, we recognize that the climate system is almost
unimaginably complex and the challenges of modeling
it are enormous. On the other hand, we tell ourselves
that we urgently need the predictions that only models
can supply. We wrestle with the question: ‘If climate
science is not delivering actionable predictions, then
what good is it?’
Sarewitz and Pielke73 have introduced the idea
of ‘supply of and demand for science’—the importance
of simultaneously reconciling the capabilities and
aspirations of both knowledge producers and
knowledge users. In the terminology of their ‘Missed
Opportunity Matrix’ (Figure 1) this reconciliation
results in ‘Empowered users taking advantage of welldeployed research capabilities’.
One major factor in the match of supply and
demand is the decision framework within which the
scientific information must operate, and by which
its relevance is judged. For the case of climate
modeling to support decision making, we argue that
supply and demand are out of balance because of
the predominance of a prediction-based paradigm
Volume 4, January/February 2013
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The use of scientific information for building
readiness to much longer-term climate change will
certainly require at least a similar level of effort, and
at minimum face similar obstacles, as discussed in a
number of recent publications.65,83–87 That climaterelated decisions are made at all organizational
levels, from individuals to international bodies,
precluding the development of ‘generic’ decision
support, compounds the challenge. Combine this
with the previously mentioned difficulties in modeling
the climate system over these timescales (and thus
the poor prospects for forecasts that will likely not
have even the credibility of the seasonal forecasts
currently available) and we are faced with a significant
challenge. Is there a path forward?
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FIGURE 1 | The missed opportunity matrix. (Reprinted with
permission from Ref. 73 Copyright 2007 Elsevier Ltd.)

for understanding the value of climate information
in decision contexts. Furthermore, in light of the
challenges discussed in the previous two sections,
we suggest that reconciliation of supply and demand
could usefully occur around a class of decision
frameworks that rely on bottom-up approaches to
assessing risks and seek to develop robust actions
that hedge effectively against these risks over the
many significant uncertainties in the climate change
problem.

Decision-Making Paradigms
The decision sciences recognize multiple paradigms
for choosing which actions to take. Here we
contrast what is sometimes termed a ‘predict-then-act’
approach—i.e., where the best available prediction of
system behavior drives decision making at a given
moment in time—with approaches rooted in different
underlying principles.
In the context of the challenges we have been
discussing—of climate prediction and of climaterelated decision support—we argue that predictionbased frameworks place unrealistic demands on
climate science and modeling and artificially limit
their use for supporting real decisions. Such thinking
reinforces a ‘decision support as information product’
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TABLE 1 Two Paradigms
Paradigm 1: ‘Predict-then-Act’
Figure out your best-guess future and design the best policy
you can for that future
Conceptual framework: Maximize expected utility
Question: ‘What is most likely to happen?’
Paradigm 2: ‘Seek Robust Solutions’
Identify greatest vulnerabilities across full range of futures
and identify the suite of policies that perform reasonably
well across this range
Conceptual framework: Minimize regret
Question: ‘How does my system work and when might my
policies fail?’

frame, contrary to the ‘decision support as process’
perspective that more accurately describes real-world
decision making. In addition, if we are committed
to prediction-based frameworks, not only are we
stuck having to deliver climate predictions with wellcharacterized probability distributions, but ultimately
also a set of much more difficult ecological and
socioeconomic predictions,8,85–89 including the deeply
uncertain behavior of future decision makers,90 to
provide meaningful predictions of impacts.
The predict-than-act paradigm (Table 1) is
closely linked with the classical decision-theoretic
concept of maximizing expected utility:
Most traditional decision-analytic methods for risk
and decision analysis91 are designed to identify
optimal strategies contingent on a characterization
of uncertainty that obeys the axioms of probability
theory. These approaches begin with a single bestestimate description of the relevant system, consisting
of a system model that generates outcomes of interest
given a choice of strategy and a single set of probability
distributions over the model’s input parameters to
characterize the uncertainties.92

Although decision approaches that maximize
expected utility clearly work best under many conditions, they tend to be difficult to apply when the
strategy they suggest is highly sensitive to assumptions about which future is most likely.22,93 Because
they require a quantitative characterization of the
problem’s uncertainty as a prior input to the decision,
these approaches lose value as they become increasingly sensitive to this characterization; in offering no
systematic way to choose among several ‘best’ strategies (each dependent on different, but all plausible,
choices of priors and assumptions). These issues create incentives for analysts to focus on the parts of
the problem for which the uncertainties are well characterized and ignore deep uncertainties and possible
44

surprises that may be highly relevant to the policy
question under consideration,90 thereby resulting in
decisions that may be insufficiently protective.10,94
They also exacerbate the difficulty of getting diverse
stakeholders to agree in advance on the predictions
(and probabilities) that are the prerequisites for the
decision, while incentivizing particular stakeholders
to focus on those predictions and uncertainties most
consistent with their interests and world views.
However, there exist other decision paradigms
(Table 1) that may be better able to embrace the
uncertainties of climate change (and better align with
the messy realities of decision support). One particular
class of such approaches, with variants such as ‘Robust
Decision Making (RDM),’ ‘Decision Scaling (DS),’
‘Assess Risk of Policy,’ ‘Info-gap,’ and ‘Context-First,’
provides an opportunity to overcome the deficiencies
of prediction-based frameworks in deciding how
to respond to long-term climate change.90,92,95–107
These share a number of core ideas, beginning with
defining a proposed policy or policies, identifying
vulnerabilities of these policies under multiple views
of the future, seeking in particular those futures
under which the policies fail to meet their goals,
identifying potential responses to these vulnerabilities,
and organizing scenarios to help decision makers
determine the circumstances under which they would
adopt these responses. Interest in applying these kinds
of approaches has increased recently, due to growing
recognition of factors such as the importance of
extreme and unanticipated events and the need to
develop decision support processes that can engage
multiple stakeholders with diverse perspectives.108
Before discussing robust decision frameworks
and the demands they place on (and opportunities they
create for) climate science and modeling, we briefly
review a number of key concepts from the domain of
‘exploratory modeling’, to provide a broader context
for the integration of climate modeling and decision
analysis.

Exploratory Modeling
Argument over the appropriate uses of models has
a long history. Many authors have emphasized that
models’ usefulness rests in their ability to help us think
about a system—as heuristic tools to help us understand what we can actually observe or estimate,109
or as a way to challenge existing formulations and
intuitions.70,110 Models allow one to keep track of
more variables than is possible in one’s head, as
well as processes like feedbacks, stocks and flows,
time delays, and nonlinearities that are non-intuitive
for most people.111–113 In the history of science, the
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twin ideas of explaining the known and predicting
the unknown have evolved and interacted, alternating dominance.114 To be useful, a simulation does
not have to be a prediction, or testable as such,
but simply to provide a useful description of the
world.
Bankes,115 with criticisms and insights that
remain highly relevant for our discussion, articulated such arguments as being rooted in the tension
between ‘consolidative’ and ‘exploratory’ modeling.
Traditionally, models (computer simulations or statistical estimations) have been seen as consolidative,
meaning that they bring all known facts together into
a single package which, once validated, can be used as
a surrogate for the real world (e.g., prediction). This is
the situation in which much of climate modeling finds
itself today.
However, in many cases models cannot be
readily validated, due to missing data, inadequate
theory, or a future with elements that are unavoidably
unpredictable. In contrast to consolidative modeling,
exploratory modeling aspires to construct valid
arguments by carrying out experiments with
ensembles of models that capture sets of assumptions
about the world, and to explore the implications of
these varying assumptions (Box 2).
Bankes emphasizes that, in exploratory modeling, models are used not to generate predictions or
explicit answers to policy makers’ initial questions
but instead to generate new information helpful in
formulating informed decisions. And he reminds us
that even simple models produce surprises:
By throwing light on treacherous assumptions
or revealing unrealized implications of existing
information, computer modeling can perform an
important service. When used for exploratory
modeling, the computer functions as a prosthesis for
the intellect, supporting the discovery of implications
of a priori knowledge, novel explanations of known
facts, or unrealized properties of conjectures.115

The three main categories in the above taxonomy
suggest different roles for exploratory modeling at
different stages of decision analysis, often requiring
different models or systems of linked models at each
stage. For example, we might (1) use exploratory
modeling to identify the possibility of important
special cases in system behavior, such as extremes,
thresholds, and surprises. We might then (2) use this
information to search for policy options capable of
satisfactory performance in the face of such special
cases, thereby expanding the space of choices for the
policy-maker. And, finally, we might (3) evaluate these
(and other proposed) options over as wide a range of
Volume 4, January/February 2013

BOX 2
TAXONOMY OF EXPLORATORY
MODELING ARGUMENTS115
Hypothesis Generation and Existence Proofs:
Show that an ensemble of model simulations
has a member exhibiting some property of the
world and/or suggest a particular class of models
as a possible explanation of that property. A
plausible model displaying unexpected behavior
is useful in that it can reorient an analysis
to confront an expanded range of possibility.
This argument encompasses identification of
bounding cases, surprises, and unknown worst
cases.
Reasoning from Special Cases: Computer
search can discover special cases that suggest
arguments relevant to a decision. For example,
previously unexpected disaster scenarios can
suggest precautionary measures; unexpected
opportunities can suggest policies to exploit
these opportunities; a fortiori arguments can
strengthen policy choices; extreme cases where
the uncertainties are all one-sided can simplify
choice. This argument encompasses the identification of hedging strategies to avoid worst-case
outcomes when risk aversion is prudent.
Assessing Properties of the Entire Ensemble: If all cases examined have property X, assert
X true for the entire ensemble (for example decision A dominates decision B everywhere in the
parameter space of the problem). This argument
encompasses the search for cases that distinguish
between alternative decision options using satisficing criteria such as robustness over a wide
range of views of the future.

futures as possible, generated using models (perhaps
combined with other sources of information).

Exploratory Modeling for Robust Decision
Frameworks
How do robust decision frameworks connect modeling to decision making in a way that addresses the
principal challenges we have recognized here: i.e.,
the current and foreseeable limits on climate prediction and the need to incorporate scientific knowledge
about climate change into a highly contextualized and
participatory process of decision support?
First, modeling in robust decision frameworks
is explicitly exploratory rather than consolidative, fitting neatly into the threefold exploratory modeling
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taxonomy of describing the range of possible system
behavior, identifying policy options capable of relatively better performance under important extreme
cases, and evaluating all proposed options across possible futures to clarify the tradeoffs associated with
each. Rather than suggest a single, best-guess path
to an optimal decision, robust frameworks are asked
to assess the implications of various assumptions,
uncover unanticipated vulnerabilities, characterize the
few deep uncertainties most important to the problem, and generally orient the analysis so as to most
efficiently guide the search for the most useful policy
alternatives.100
Faced with deep uncertainty about the future,
robust decision frameworks suggest that it is most
effective to work backwards from the decision context to the technical and information requirements of
the problem, relying heavily on participatory processes that bring together the analysis team and
the various parties to the decision to structure the
problem appropriately for meeting stakeholder needs.
This premise is shared generally with all ‘bottom-up’,
‘risk-based’, or ‘vulnerability-based’ climate change
impacts frameworks.84,116–119 One example is RDM,
which has recently been applied in a number of
climate-related decision problems. In RDM, problems are structured according to three major concepts: multiple views of the future, a ‘robustness’
criterion, and an iterative vulnerability-and-responseoption analysis (Figure 2).
The use of robustness as a satisficing criterion
provides a major point of departure from predictthen-act approaches. Decision analytic frameworks
that attempt to maximize expected utility will tend to
rank alternative policy options contingent on the bestestimate probability distributions to suggest a single
best option. Robust frameworks instead suggest a set
of choices that perform reasonably well compared to
the alternatives across a wide range of future scenarios,
often sacrificing some performance in order to reduce
sensitivity to broken assumptions and thus minimize
regret under particular futures.
RDM and related approaches offer not only
a quantitative methodology for incorporating large

Structure
problem

Choose
candidate
strategy

volumes of information from sophisticated models
into decision processes, but also a heuristic framework for planning and project design. Without using
simulation models, decision makers can think through
the combinations of climatic and socioeconomic factors that would cause one or more proposed policies
to fail to achieve their goals (see Refs 120,121 for
examples related to road design and forest management). In addition, relatively simple models are often
at the core of such analyses. For example, in the
sea-level rise case study we discuss later, the cost–benefit model used to evaluate the robustness of the
different policy alternatives was essentially a simple
spreadsheet. This relates to the feasibility, particularly
for resource-limited, local projects, of constructing
large numbers of futures for assessing the viability of
policy options over as comprehensive a set of assumptions as possible. As detailed in the case studies below,
often the conversion of an existing, computationally inexpensive management model with which the
users are already familiar (e.g., to run overnight in
‘batch’ mode) suffices for quickly and simply testing
assumptions over many inputs.
The idea of using multiple views of the future
to explore policy options is not unique to robust
decision frameworks, but also informs traditional scenario planning methods. Such methods rest on the
presumption that a small collection of stories about
different futures can help planners better prepare
for surprises.122 Scenarios can be either normative,
exploratory, or have aspects of both. Normative scenarios are prescriptive and explicitly values-based, in
that they describe a future that may be realized only
through specific policy actions (e.g., a greenhouse
gas stabilization scenario). In contrast, exploratory
scenarios describe the future according to known processes of change and pose ‘what if?’ questions.20 However, traditional scenario methods struggle to address
two questions: which futures to highlight, and how
to inform real decisions. Robust decision frameworks
address these issues, in part by viewing scenarios as
cases where a candidate strategy fails to meet decision
makers’ goals and standards, as evaluated against a
large number of future states of the world.123

Characterize
vulnerabilities

Identify and assess
options for
ameliorating
vulnerabilities

FIGURE 2 | Steps in a robust decision-making analysis. (Reprinted with permission from Ref. 104 Copyright 2010 Elsevier Ltd.)
46

 2012 John Wiley & Sons, Ltd.

Volume 4, January/February 2013

WIREs Climate Change

The value and demands of robust decision frameworks

To explore these concepts further, specifically in
the context of using climate modeling in decision
support, we turn to a few cases of real-world
applications. These examples highlight the following:
(1) Advantages of robust decision frameworks
when compared to traditional prediction-based
approaches, in particular for the types of
information typically available from climate
models today.
(2) The importance of considering climate models,
not as a standalone element of the analysis, but
as part of linked systems of multiple models
(and multiple lines of scientific evidence) with
different roles at different stages of the analysis.
(3) Areas where useful developments in climate
modeling research and practice could occur
that would better enhance the value of climate
model-derived information in robust decision
frameworks.

Illustrative Case Studies

Managing for Uncertainty at a California
Water Agency

Water agencies have always considered hydrologic
uncertainty in their planning, but typically only in
year-to-year conditions about a historically stationary
mean and not in long-term trends. Most water
agencies develop a single best estimate of how
water needs will evolve in the long term under
projected future demand and historical hydrologic
conditions, along with associated schedules of
capital improvements and program implementation
to meet performance goals. Under climate change,
the assumption that the hydrologic conditions of the
past will be a good guide to the future will likely be
even less valid, compromising well-established water
planning concepts such as ‘reliability’.96,124
Here we describe an application of RDM for
Southern California’s Inland Empire Utilities Agency
(IEUA), a wholesale water and wastewater provider
in Southern California’s Riverside County.104 The
IEUA region is in the midst of rapid urban growth
and socioeconomic transformation, with a regional
population that is anticipated to grow from 800,000
in the mid-2000s to approximately 1.2 million by
2025, placing new demands on the water supply and
wastewater treatment system, a challenge typical for
southern California and the American Southwest.
Also typical for the region, IEUA’s 2005 Urban
Water Management Plan125 was a static 25-year plan
that emphasized improved groundwater management
and large increases in wastewater recycling to
Volume 4, January/February 2013

address the water demands of the region’s projected
growth. As required by the state, IEUA’s plans
must demonstrate that the agency can successfully
accommodate future demand under historical climate
conditions, but, like the others developed previously,
the 2005 plan does not consider how it would perform
under altered future climate. IEUA assembled a team
of researchers and analysts to use RDM to assess the
vulnerabilities of their 2005 plan in the face of climate
change, as well as help identify options for addressing
and managing these vulnerabilities.
There were a number of factors that led to
IEUA’s management agreeing to participate in this
RDM demonstration. The first was that the agency
regards itself as a thought-leader in the water sector;
in fact, based in part on the results of this effort,
other agencies (e.g., Metropolitan Water District of
Southern California, U.S. Bureau of Reclamation,
Denver Water, California Department of Water
Resources, and the World Bank) have subsequently
begun to explore the use of similar RDM analyses
for their planning. IEUA’s leaders also recognized the
need for improved ways to include their community
in discussions of climate uncertainties and long-range
planning. They guessed (correctly, as it turned out)
that the analysis would support the policy directions
they had already been advocating to deal with this
challenge.
The first phase of an RDM analysis structures
the problem by (1) defining the key performance
metrics an organization should use to judge the success of alternative strategies, (2) articulating a set of
such strategies that might achieve these objectives,
(3) identifying potentially significant uncertainties
about the future that would impact the performance
of these strategies, and (4) adapting or developing a
computer simulation model(s) that can compute strategy performance contingent on these uncertainties.
RDM-based processes are, by definition, participatory. Here, the analysis team carried out these steps in
collaboration with IEUA planners and presented the
results to the agency’s stakeholders and decision makers via a series of workshops at IEUA headquarters.
A critical aspect of this participatory process was
the solicitation of information about key uncertainties
in the management system. Through interviews with
IEUA planners and stakeholders, the analysis team
identified six uncertain factors potentially important
to the ability of IEUA to achieve its objectives,
along with a plausible range of uncertainty for each
(Table 2). To represent a range of climate futures, the
analysis team developed a large ensemble of synthetic
monthly temperature and precipitation sequences that
reflect both local weather variability and the range
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TABLE 2 Uncertainties Addressed in the IEUA RDM Analysis (Reprinted with permission from Ref. 104 Copyright 2010 Elsevier Ltd.)
Uncertain Key Factors

Representation Within WEAP Model

Future climate key factors

450 Sequences of monthly temperature and precipitation reflecting trends in
temperature −0.4◦ C to +2.75◦ C and precipitation from −27% to +19%
over 30 years

Future water demand

Water intensity of new development ranging from 0% to 30% more efficient
than existing housing stock

Impact of climate change on imported supplies

Range of maximum climate change-induced declines in imported supplies
between 30% and 50%

Response of groundwater basin to urbanization
and changes in precipitation patterns

Change in percentage of precipitation that percolates into the groundwater
basin (e.g., runoff) from 0% to 10%

Achievement of management strategies

Delay in recycling program achievement between 0 and 10 years;
achievement in groundwater replenishment goals between 80% and 100%

Future costs

Annual cost increase in imported supplies between 2.5% and 8%; annual
cost increases in efficiency achievement between 2.5% and 8%

WEAP, Water Evaluation and Planning.

of regional trends simulated by a variety of leading
climate models.126
The analysis team then developed a simulation
model of the IEUA water management system within
the Water Evaluation and Planning (WEAP) modeling
environment127 that incorporated representations
of these uncertainties. An initial application to
the 2005 plan revealed significant future climaterelated vulnerabilities, in conjunction with the other
uncertain factors. The analysis team then worked
with IEUA planners to identify a set of potential
modifications to the plan that might address these
vulnerabilities. By running WEAP over 450 different
parameter combinations drawn from the ranges of
the six uncertain factors, the team was able to
evaluate the performance of each of these water
management strategies throughout this space of future
uncertainties, using metrics such as the costs to the
agency of incurring water shortages.
One of the challenges faced in this and other
RDM analyses is in representing the richness of these
multiple-criteria evaluations of a variety of management plans over such a large number of futures in
ways that communicate clearly and simply the important nuances of the problem. RDM uses a systematic,
computer-aided process of ‘scenario discovery’128 to
identify a small number of combinations of uncertain
parameter values that best represent those future states
where a given management plan performs poorly. This
allows the analysis team to provide a concise description of representative cases that best summarize such
poorly performing strategies with a small number of
scenarios meaningful to decision makers.
For IEUA and its candidate plans, this scenario
discovery process suggested that, of the six uncertain
48

parameters considered, a specific combination of
three of them—large declines in precipitation, largerthan-expected impacts of climate change on the
availability of imported supplies, and reductions
in percolation of precipitation into the region’s
groundwater basin—would cause the agency to suffer
high costs. This finding motivated IEUA to identify
a further suite of modifications to the 2005 plan
that reduced these vulnerabilities without significantly
increasing costs (or other measures of agency effort)
and begin implementing a more adaptive strategy
consistent with the analysis findings. This new strategy
calls for IEUA to accelerate efforts to expand the
agency’s dry-year-yield program and to implement
its recycling program, making additional investments
in efficiency and storm-water capture if monitoring
suggests approaching shortages. IEUA has committed
itself to this new plan, often citing the RDM analysis
in support of their decision.
The above summarizes the main points of this
case study. What of the lessons about climate modeling
to support this type of analysis? This particular
application of RDM did not use a large, sophisticated,
and customized set of climate simulation data. Rather,
it relied on basic information developed for other
purposes and accessible to a variety of users. In this
context, this example provides two important lessons
about the use of, and demands on, climate models to
support planning processes designed to account for
future climate change.
First, and most fundamentally, the story of this
case is about stakeholder acceptance of climate model
outputs as useful inputs to planning. On the basis of
various stakeholder interactions carried out as part
of the analysis process, including formal evaluations
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of the impact of the RDM analysis,104 it was clear
that many of the stakeholders would have distrusted
the coarse-scale climate model outputs, spanning a
wide range of values for key variables, if they were
presented as predictions. In other words, the supply of
climate predictions would not have met the demand
for confidence in those predictions. Under the RDM
paradigm, however, the available supply of modelderived climate information was sufficient to meet the
demands of an analysis of vulnerability and robust
responses. Here, the stakeholders were only asked to
consider how much the climate would have to change
before the current IEUA plan would begin to generate shortages, and then to believe that such changes
were sufficiently plausible to warrant consideration of
potential responses. The users were able to perceive the
same climate model output with greater salience, credibility, and legitimacy. Even without agreement across
parties as to the level and meaning of the uncertainty
in the climate futures, trust in the process allowed for
trust in the management plan eventually arrived at.
Second, this example highlights how RDM
is structured to consider adaptive management
approaches explicitly within a quantitative decision
support framework. This is a particular advantage,
as adaptive strategies are obviously useful for planning under conditions of deep uncertainty but often
prove difficult for public agencies to implement, for
a variety of reasons. In addition, theoretical tradeoffs between adaptability and prediction uncertainty
have been noted.129 The RDM-based decision support provided to IEUA created the opportunity for
that agency to identify and evaluate an adaptive management alternative to its current plan, as well as the
justification to ultimately adopt this alternative. In
this context, RDM specifically allows for the quantification of how adaptive a policy need be and how
valuable would be attempts to acquire new scientific knowledge about the observed state of the given
system (monitoring and assessment) and its possible range of behaviors and likely future evolution
(process modeling and prediction).103 This quantification can help decision makers weigh investments
in, for example, new and improved climate modeling,
against the costs of acquiring other types of information about the system or making specific decisions
that would obviate the need for that information. We
build on both of these lessons in our next case study.

Rapid Sea Level Rise and the Port of Los
Angeles
One critical reason for turning to robust frameworks
is the growing recognition of the potential for
abrupt climate changes with important consequences
Volume 4, January/February 2013

for natural systems, human communities, and
socioeconomic sectors.130–133 A key challenge for
planning is to incorporate the possibility of such
abrupt and impactful changes for which uncertainty
is both deep and poorly characterized.
The Port of Los Angeles (PoLA) is one of the
largest container shipping facilities in the world, and
it faces the challenges of planning for the uncertain
probability but potentially large impact of extreme
sea level rise over the coming century. Such extremes
can affect infrastructure investments but are difficult
to incorporate into decision processes because of their
deep uncertainties. Complicating matters, available
information about these factors may span a wide
range of uncertainties, from well characterized to
deep. Both annual means and short-term extremes
of future sea level are expected to differ in the future,
due to effects such as thermal expansion, changes in
oceanic structure, melting of land-based ice, shifts in
oceanic and atmospheric circulation, and changes in
the terrestrial water balance.134 While some of these
processes are relatively well understood, others remain
deeply uncertain, such as rapid flows of land-based ice
and changes in the frequency and intensity of future
extreme wave events and storm surges.135–137
This application is therefore amenable to
a robust decision approach. An interdisciplinary
analysis team conducted an RDM analysis for PoLA
to help them assess one particular decision—whether
PoLA should harden their container ship terminals
against future sea level rise during the next major
upgrades of those terminals (Figure 3).105 At some
time in the future, the Port will upgrade its terminals,
and at that time it can decide to spend an additional
sum to protect against higher future sea levels during
the terminal lifetime, thereby suffering no further costs
through the next upgrade time. If PoLA decides not
to harden, the terminal may prove vulnerable during
its lifetime to sea level rise and storm surges, with the
potential for significant extra cost.
The RDM analysis attempted to answer two
questions:
(1) Under what future conditions would PoLA find
it advantageous to have hardened its terminal
at the next upgrade?
(2) Does current science and other available
information suggest these conditions are
sufficiently likely to justify a decision to harden
at the next upgrade?
The parameters identified as relevant to PoLA’s
decision fell into two categories: eight describing
future sea level and six describing the terminal and its
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C1 = Charden
Harden at
upgrade

Do not
harden at
upgrade

FIGURE 3 | Simplified representation of

the Port of Los Angeles’ decision regarding
whether or not to harden the terminal at its
next upgrade and the costs resulting from its
choices.

No flooding
begins before
next upgrade

future management (see table 1 in105 ). Some of these
parameters have known values, some are relatively
well understood and can be represented with wellcharacterized probability distributions, and some are
deeply uncertain. The analysis team constructed an
analytical cost–benefit model for terminal hardening
that incorporated representations of these different
uncertainties.
The team carried out 500 runs of this
cost–benefit calculation over this space and performed
scenario discovery on the resulting database of outputs
to succinctly characterize the conditions where an
early hardening would meet a cost–benefit test. This
phase of the analysis identified a number of futures,
characterized by a near-term, rapid increase in mean
sea level, a significant increase in sea level variability
(e.g., due to storm surges), and a long terminal lifetime,
where PoLA might regret a decision not to harden at
the next upgrade. In particular, if the probability of
occurrence of these conditions were at least 7%, it
would make sense to invest in early hardening.
This led to the second analysis question: how
likely do the PoLA decision makers judge these futures
to be? Answering this question entails evaluating the
available scientific evidence to determine whether this
scenario is sufficiently likely to justify a decision to
harden. Here is where we confront the limits of today’s
scientific knowledge. Current climate models do not
provide the right kind of information to evaluate either
extreme sea level rise or changes in the frequency of
storm surges.135,138,139 The team therefore assembled
various lines of observational and theoretical evidence, as well as insights from other types of models
(e.g., Earth system models of intermediate complexity), drawing from a number of recent studies.140–142
50

Probability of
flooding exceeds Pcrit
at time t < L

C2(t) = Cupgrade

L−t
L

e−dt

C3 = 0

This assessment suggested that the requisite combination of extreme sea level rise, storm surge increase,
and longer-than-expected terminal lifetime were sufficiently unlikely, given current knowledge, to warrant hardening at only one of the four facilities
analyzed.
Building on our first case study, this example
highlights a number of important elements of RDM,
including how to employ climate information with
different levels of uncertainty in the same analysis and
combining this uncertain climate information with
uncertain information about relevant socioeconomic
factors. Combining the different types of information
considered in this case, e.g., statistical fits to observed
data, probabilistic estimates, and model-based process
studies, provides a concrete illustration of how one
does not have to ‘build the big model’ (i.e., do
consolidative modeling) to provide decision-relevant
information about the behavior of a complex system.
In addition, similarly to the IEUA example, the
supply of information about factors such as rapid sea
level rise due to ice sheet disintegration or increased
storminess would not have been sufficient to meet
the demand for high confidence under a prediction
paradigm but was, however, sufficient to support the
RDM analysis. At the same time, this case suggested
ways in which climate science and modeling could
progress to improve the bounding analyses for these
deeply uncertain factors. It provided a quantification
of the value of such new knowledge by specifying the
degree of change in the range estimate that would
alter the choice of decision.
More generally, the imprecise probability interval for a particular threshold is decision-relevant but
not, in general, what the climate modeling community
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would currently attempt to provide. Even significantly
improved scientific knowledge of climate-induced
threshold crossing in human and natural systems
is unlikely to do much to improve predictions of
impacts, being more likely to suggest scientific plausibility and the presence of risk rather than information
such as precise timing. RDM, on the other hand, has
proven to be a useful framework for incorporating
these uncertain thresholds (see also Ref 106). This
suggests that an increase in the use of RDM and
related decision frameworks would increase demand
for improved scientific knowledge about the potential
for exceeding key thresholds, even if that information
were not sufficient to support decision making under
prediction-based frameworks.

DS for Lake Superior

Our final case provides an example of DS. Like RDM,
DS is a member of the family of robust decision
frameworks that we have been discussing, and that,
with RDM, shares a number of the key features of
such frameworks.97
A team of researchers and managers are
currently working to develop a long-term management
strategy for Lake Superior, the largest managed

Traditional approach

freshwater body in the world, under the auspices of
the International Upper Great Lakes Study (IUGLS),
an independent study board comprised of U.S.
and Canadian members established in 2007 by the
Great Lakes International Joint Commission. The
charge to IUGLS is to review the operating rules
and management criteria for the governance of the
lake system and recommend changes to the lake’s
regulation plan.98,143
IUGLS has already rejected the traditional process of selecting an optimal plan based on a ‘most
likely’ future scenario, because of the uncertainties
associated with future climate change, and hence
lake levels, on top of large uncertainties associated with ecosystem responses to future change and
the various socioeconomic drivers of lake use and
conditions. Instead, they have chosen a more bottomup, vulnerability-based approach that will explicitly
account for these uncertainties in identifying a regulation plan design that performs well over a very broad
range of possible futures (Figure 4), using DS to integrate local and user-based perspectives on significant
vulnerabilities of key lake management goals with
information on future climate derived from climate
models.

Decision scaling

1. Downscale
multiple model
projections

3. Determine
plausibility of
climate
conditions/
vulnerability

2. Generate a few
water supply
cases
3. Find whether
system is
vulnerable for
these series

2. Link to climate
conditions

Vulnerability domain

1. Determine the vulnerability domain

FIGURE 4 | Decision scaling begins with a bottom-up analysis to identify the climate states that impact a decision and then uses climate
information to provide insight to the decision. (Reprinted with permission from Ref. 98 Copyright 2007 Wiley Blackwell.)

Volume 4, January/February 2013

 2012 John Wiley & Sons, Ltd.

51

wires.wiley.com/climatechange

Advanced Review

The strategy rests on using the insights from
a vulnerability analysis to inform the selection and
processing of the climate model information—to tailor
the choice and use of model outputs to maximize their
credibility and utility in the assessment. Two key
elements of the DS decision-analytic process in this
example make possible this linking of the bottom-up
and top-down information sources:
(1) Holding a series of technical meetings with
stakeholder experts to define three ‘coping
zones’—i.e., lake levels that were deemed A
(acceptable), B (significant negative impacts
but survivable), or C (intolerable without
policy changes)—for meeting use goals and
limiting impacts in areas such as ecosystems,
hydropower, shipping, water systems, coastal
systems, and recreation and tourism
(2) Developing a set of ‘climate response functions’
that relate the occurrence of climate-driven
changes in Net Basin Supplies (i.e., the
sum of precipitation, runoff, releases, inflows
and diversions, and evaporation) to the
consequences for and of a particular lake
management decision
The coping zones provide the bottom-up context
for identifying the regional climate states that would
tip the lake system into a new regime—i.e., over the
thresholds from acceptable to survivable to intolerable. The process of defining these coping zones for
each sector systematizes the participation of stakeholders in the analysis. It also subsequently allows the
analysis team to ask tailored questions of the climate
models and, in the context of this climate information, evaluate plan performance in a comparable way
across impact sectors.
The complementary concept of a climate
response function serves as the quantitative link
between the coping zones and this tailoring of climate information. Given the identification of climate
conditions that are critical to a decision, processing
of information about future climate change derived
from models can be focused on those key aspects, as
opposed to beginning with a pre-determined set of
scenarios as input to the analysis. For example, the
choice of climate models, spatial and temporal scale,
and associated process models need only be made
after the specific information needed for a particular
decision context is identified. This choice can then
be made strategically to improve the relevance of the
climate information in the decision process.
The climate response function concept in DS
is very similar to the concept of ‘scenario neutral’
52

analysis, developed for assessing flood risk in the
UK,144 where sensitivity analyses of watershed
responses to climate in a river flow model were used
to construct a response surface that was then used to
answer questions about policy vulnerabilities in the
face of uncertain future climate change: e.g., what
fraction of members of a given ensemble of climate
scenarios would be accommodated by a given design
safety margin?
As with the RDM cases already discussed, DS
increases the credibility and salience of the climate
model information for use in the decision process
by changing the requirements for the information.
For Lake Superior, the synthesis of stakeholder- and
system-specific decision information in coping zones
and climate response functions then facilitates precise
evaluation of the decision options with respect to any
set of climate futures:
in top-down approaches to climate change impact
assessments, the emphasis is often on attempting to
estimate the future f(x), that is, the future distribution
of climate or hydrologic variables. In our approach,
the initial emphasis is on C(x), the response of the
system to all the possible values of x, possible future
climates, without regard to the probability associated
with those values.98

This study emphasizes the general importance
of multi-model ensembles, in an exploratory modeling context, for decision-analytic approaches to
climate change, citing their usefulness for estimating the frequency of occurrence of climate conditions
that may lead to threshold crossing in the system
of interest. Although these frequencies will not, in
general, represent true probabilities of future outcomes, they can be viewed as providing a lower
bound on the maximum range of uncertainty, and
thus a ‘non-discountable’ envelope of futures.45 Here,
one uses simulation models to make this envelope as wide as possible, ensuring that the decision
options incorporate, and are evaluated against, the
range of possible system behaviors (including extreme
cases).
Though this effort is ongoing, this DS analysis
of Lake Superior has so far facilitated a number of
significant outcomes. For example, the lake regulation strategy now incorporates what is being termed
‘robust adaptation’, a hierarchical approach for managing uncertainty and to facilitate adaptation to
climate change (among other unanticipated changes).
This involves the development of a dynamic regulation
plan that selects from a portfolio of plans developed
for a wide range of climate conditions, coupled with
an adaptive management process for continuously
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reviewing performance (via monitoring) and recommending improvements as they become necessary.98

SYNTHESIS: OPPORTUNITIES AND
IMPLICATIONS OF ROBUST DECISION
FRAMEWORKS FOR CLIMATE
MODELING
Decisions made with support of climate modeling can
follow multiple pathways, from a focus on resilience
and supporting adaptive management within the
full range of what the models have to say, to
a more rigid path that places great reliance on
producing an accurate forecast of the future. We have
argued that a prediction-based paradigm is poorly
suited for overcoming the twin physical and social
sciences challenges of (1) long-term, regional-scale
climate prediction and (2) providing decision-relevant
information about potential future climate change
within the kinds of stakeholder-focused, participatory
processes that lead to better decision making. In
contrast, the class of robust decision frameworks
offers an opportunity to address these challenges in a
way that more fully harnesses knowledge and insights
produced by climate science and modeling.
In our case studies, we have seen how the use
of robust decision frameworks can confer greater
credibility, salience, and legitimacy on the types of
information typically provided from climate models
today. By beginning with bottom-up articulations of
management contexts and system vulnerabilities, such
processes guide the search for tailored climate information and provide specific questions that can then
be asked of models. This promotes greater stakeholder acceptance of model-derived information. In
addition, such frameworks allow flexibility in defining relevant climate futures based on the different risk
tolerances that different decision-making entities may
have. These examples have also illustrated how the
use of such frameworks can suggest avenues for new
research to improve the quality of climate information—and specifically to quantify the value of this new
knowledge for a particular decision.
What our examples have also indirectly highlighted, however, is that current applications of
robust decision frameworks have not been particularly
demanding of climate models. Existing archives of
basic model outputs such as monthly temperature and
precipitation, potentially enhanced with some spatial
and temporal downscaling and other kinds of postprocessing, have provided sufficient raw material to
meet the needs of these initial forays into robust decision frameworks. Extrapolating from these examples,
Volume 4, January/February 2013

however, suggests new emphases in climate modeling
that could increase both the richness of our understanding of climate system behavior and the decision
support value of this richer understanding. We suggest that these new emphases fall into the following
categories:
(1) Model applications
(2) Model structures and complexity
(3) Technical and technological considerations
The view from the perspective of both
exploratory modeling and robust decision frameworks
implies at least two distinct roles for climate modeling:
to help structure the problem by exploring the limits of
possible system behaviors; and in the ‘scenario generator’ role, to help explore the performance of decision
options over as wide a range of futures as possible. The first suggests an increased focus on climate
model applications like the development of bounding
and extreme cases, identification of potential warning signs, and the assessment of relative likelihoods
and probable contingencies for future events, including the potential for rapid or accelerating change and
threshold crossing in natural and human systems. The
second suggests complementary, redoubled efforts to
expand the space of climate model formulations and
structures, as well as to sample this space more comprehensively.
In addition, for most applications we are concerned with coupled systems, such as linked climate
and hydrologic systems. We will often not be able to
explore the full richness of interactions and behaviors
in such systems, nor generate appropriately diverse
model formulations (and hence scenarios), without
paying attention to issues of model structure and
model complexity. For example, the development of
the climate response functions for our Lake Superior
case imply some degree of interoperability between
climate models and hydrologic models to properly
capture important interactions between the two systems. In general, improving climate and impacts model
interoperability and integration will help alleviate the
problem of developing transfer functions that may
fail to represent key system behaviors. Extending to
better integration with management models (such as
WEAP) will make it easier to address questions of
the full, coupled human-natural system, such as those
related to unintended consequences of policies and
other possible feedbacks from decisions taken, as well
as explore non-climatic pressures.
As we make our modeling systems more complex, however, we run the risk of succumbing to the
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TABLE 3 Newly Initiated Efforts in Alternative Frameworks for Climate-Related Decision Support
U.S. Department of Defense Strategic Environmental Research and Development Program (SERDP) Pilot Projects:
Understanding Data Needs for Vulnerability Assessment and Decision Making to Manage Vulnerability of DoD Installations to Climate
Change (PI: R. Moss, Batelle, Pacific Northwest Division)
Assessing Climate Change Impacts for DoD Installations in the Southwest United States during the Warm Season (PI: C. Castro,
University of Arizona)
Decision Scaling: A Decision Framework for DoD Climate Risk Assessment and Adaptation Planning (PI: C. Brown, University of
Massachusetts)
Climate Change Impacts and Adaptation on Southwestern DoD Facilities (PI: R. Sagarin, University of Arizona)
Climate Change Impacts to Department of Defense Installations (PI: V. Kotmarthi, Argonne National Laboratory)
U.S. EPA: Exploring the Use of Robust Decision Making Methods for EPA’s National Water Program’s Climate Change Responses (PI: R.
Lempert, RAND Corporation)
State of California: A Methodology for Predicting Future Coastal Hazards due to Sea-Level Rise on the California Coast (PI: D. Revell,
Philip Williams and Associates)

pitfalls of consolidative modeling, with models which
are difficult to validate and interpret. There exists a
tension between trying to simulate by capturing as
much of the dynamics as we can in comprehensive
numerical models, and, on the other hand, trying to
understand by simplifying and capturing the essence of
a phenomenon in an idealized or conceptual model.145
We gain understanding of a complex system in part by
relating its behavior to those of a hierarchy of progressively simpler systems (e.g., much simpler biological
systems to improve understanding of more complex
organisms like human beings, as per Ref 145). Greater
attention to the systematic development and application of the less-complex members of the modeling
hierarchy will be essential for extracting the insights
we need from exploratory climate and Earth system
modeling.
Determining the aspects of model development
and application that are important should not occur
in a vacuum but rather in the context of the kinds of
participatory, bottom-up processes that underlie our
case studies. Such processes will likely require new
institutional arrangements, including new boundary
organizations, knowledge networks, and communities
of practice, to accommodate them. One example is the
U.S. National Climate Assessment, newly envisioned
as a sustained process over time,3 and explicitly
structured around participatory sub-processes (e.g.,
for scenario development146 ). In addition, one
outcome of the symposium that originally inspired
this review (see Acknowledgments), at least in part,
was a set of new efforts supported (individually) by the
U.S. Department of Defense, the U.S. Environmental
Protection Agency, and the State of California,147
designed to explore some of these modeling questions
and the value of alternative decision frameworks for
supporting climate-related decisions (Table 3).
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Finally, all of the above suggests a need for
new tools and technologies to be used within these
processes and institutional arrangements to systematically generate large ensembles of model runs, select
the appropriate ensemble members for the given problem, archive the right outputs from them, and inform
the next set of model runs. This will mean, among
other things, building from existing efforts to find
new ways to construct diverse models and generate bigger ensembles of model runs148 and discover
the families of scenarios of greatest relevance to the
problem at hand.104,105 The computational demands
associated with attempting to widen the range of climate impact uncertainty (as opposed to attempting to
narrow it) are clearly large and may themselves justify
investments in computational capacity to rival those
associated with improving climate predictions.

CONCLUSION
As we have argued in this paper, climate-related decision support is hard, not only because, as often stated,
multidecadal, regional-scale climate prediction is hard,
but also because creating decision-relevant processes
for the production and uptake of climate information is hard. This has resulted in climate models
significantly falling short of their potential as tools
for supporting decision making, thereby limiting the
available options for developing informed adaptation
and mitigation responses to climate change.
We have proposed addressing the problem, in
part, by expanding the conception of climate models:
not simply as prediction machines, but as scenario
generators, sources of insight into complex system
behavior, and aids to critical thinking within robust
decision frameworks. Such frameworks are perfectly
suited for a large-scale integration with climate
modeling (and associated region- or sector-specific
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impacts models), with the adjustment that climate
modeling is viewed from an exploratory rather than
a consolidative perspective. Under this paradigm,
increasing the quality, complexity, diversity, and
amount of climate information generated from climate models has the potential to greatly increase the
richness of decision-relevant information.
We have illustrated these arguments with a number of examples. These have shown how use of
robust decision frameworks leads to greater stakeholder acceptance of climate model results. They have
also suggested new emphases in climate modeling, in
the areas of model applications, model development,
and technological advances, that could increase both
the richness of our understanding of the climate system and the value of information derived from climate
models in robust decision frameworks.
The focus of this paper has been climate models,
and their use within different decision frameworks,

and we certainly believe that models that can represent the climate system with increasing resolution
and sophistication will have greater potential value
for supporting decision making about responding
to climate change. As we highlight in our review,
however, likely even more important for successful outcomes than the technical attributes of the
models are the decision-analytic and institutional contexts within which they are developed and applied.
And finally, the success of robust decision frameworks (and the management approaches they enable)
depends on other critical factors not addressed here:
e.g., continuous, well-designed, and well-maintained
monitoring networks to support adaptive management and learning; good governance and flexible,
inclusive institutions; and the technical skills, support,
and information products for managers to implement
these new approaches into their day-to-day work.143
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