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Abstract
This perspective article explores the role of data visualisation in decision-making under deep
uncertainty (DMDU), a growing discipline tackling complex socio-environmental challenges, such
as climate impacts and adaptation, natural resource management, and preparedness for extreme
events. We discuss the role of visualisation for both analysis (or exploratory) purposes, as well as
communication (or explanatory) purposes, including to stakeholders and the public. We identify a
lack of comprehensive guidelines on how visualisations are currently used and their potential in
enhancing DMDU processes. Drawing on literature and insights from a recent workshop, we
identify key challenges DMDU analysts face when visualising data: managing complexity and
dimensionality, effectively communicating uncertainty, and ensuring user engagement and
interpretability. We propose a research agenda to address these challenges, by taxonomising and
evaluating the effectiveness of different visual forms in decision-making contexts, and fostering
interdisciplinary collaboration. We argue that, through these efforts, we can improve the
communication and usability of DMDU analyses, ultimately aiding in more informed and adaptive
decision-making in the face of deep uncertainty.

1. Introduction

We stand at the crossroads of climate change, biod-
iversity loss, and resource depletion, as well as
tumultuous societal changes. Proactive and adapt-
ive decision making for sustainability has never been
more imperative. Understanding and planning for
these challenges is confounded by deep uncertainties:
conditions, especially about the future, that cannot
be fully described with probabilities, because of our
limited knowledge or because experts do not agree
[1]. These complex problems underscore the need
for multifaceted and transdisciplinary approaches to
science and governance that can inform action des-
pite (and because of) of deep uncertainty, complex
dynamics, and contested interests. Such approaches
typically fall under the umbrella of decision making

under deep uncertainty (DMDU) [1], which aims
to inform decisions in these challenging contexts.
Academics and practitioners of DMDU work on
methodological advancements in this field, and use
these methods in real-world applications.

DMDU analysts and scientists rely on visualisa-
tions, both for analysis (or exploratory) purposes, as
well as communication (or explanatory) purposes.
Its use has grown in the field of DMDU, as well
as in decision analysis more broadly. This is partly
attributed to the rise of big data, combined with
the increase in computational power, which neces-
sitates both advanced data analytics as well as visu-
alisation techniques to produce valuable insights [2].
In DMDU work, however, we not only deal with
large datasets, but these datasets are reflective of
the increasingly complex world we are trying to
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understand andmanage [3]. Authors have recognised
that in order to achieve real-world outcomes, inter-
actions between scientists, decision makers and soci-
ety need to be strengthened through co-productive
processes [4].

We argue that (data) visualisation can help the
DMDU community, as well as other scientific dis-
ciplines working on complex social and environ-
mental issues, go beyond only supporting policy ana-
lysis among technical experts. Treating visualisation
choices like other (often subjective) framing decisions
made during ‘rival decision support paths’ [5] can
help unveil their effects on the resulting decisions.
Thoughtfully crafted exploratory and explanatory
visualisations can be used to improve the commu-
nication of DMDU analysis to the wider public and
stakeholders affected by the complex decisions ana-
lysed. At a time of increased politicisation of the rela-
tionship between science and the public, this becomes
especially important. While review articles and per-
spectives have beenwritten on the state of thesemeth-
odologies and their applications (e.g., [1, 5, 6]), little
attention has been placed on the important role data
visualisation plays. In this perspective article, we dis-
cuss the current use of visualisation in supporting
DMDU analysis and communication, and identify
key challenges DMDU scholars face when engaging
in visual communication. Based on literature review,
our own experiences as analysts, and insights from
a session organised at our Society’s Annual Meeting
(www.deepuncertainty.org/), we propose a research
agenda.

2. How are data visualisations used?

Different approaches exist to support DMDU [1].
At their core, they all share exploratory analysis,
i.e., the broad consideration of future scenarios and
plausible uncertainties (often referred to as ‘states
of the world’), and the assessment of their implica-
tions for proposed management strategies or path-
ways of action to achieve objectives. Applications of
these frameworks also acknowledge that, when deal-
ingwith complex socio-environmental issues, priorit-
ies, personal values and perspectives vary. So, inmany
examples of DMDU practitioners have to investigate
and deliberate on various, typically large numbers of
potential states of the world and possible strategies,
each resulting in different tradeoffs. The data visu-
alisations necessary are therefore many-dimensional.
For example, when exploring possible strategies, we
use visualisations that allow us to explore how altern-
atives perform across different objectives or scenarios.
Visualisations such as scatter plots (table 1) allow us
to explore performance across these goals, by dis-
playing the values of two or more attributes for a
set of candidate problem solutions or a set of states
of the world. Variations of scatter plots, where the
points have varying colours or sizes, are also used to

incorporate additional dimensions, but interpretabil-
ity quickly degrades beyond three dimensions.

When evaluating performance, tradeoffs are at the
heart of complex problems, where no one solution
can meet all the conflicting goals we might have for
a system. An alternative visualisation which allows
for emphasising tradeoffs comes in the form of par-
allel coordinates plots (table 1), which use vertical
coordinates that reflect an attribute of interest to eval-
uate solutions. Each solution is then represented as
a connected series of line segments, also known as a
polyline, which intersects all parallel axes. Because of
this layout, these plots draw the viewer’s attention to
where polylines intersect, i.e., on instances where per-
formance on one metric has to be reduced to increase
performance on another.

Besides tradeoffs, we often need to consider the
timing of policy implementation, potential path-
dependencies, and what kinds of system signals can
inform the need for implementation of adaptation
options. To visualise such adaptation pathways, ana-
lysts often use figures akin to transit maps (table 1,
[6]). These graphics use colour-coded lines, each
representing an adaptation pathway, combined with
icons that indicate transitions between options and
potential lock-ins. These graphics typically have a
horizontal orientation, moving from left to right, and
beginning with the current point in time.

Lastly, a common practice in exploratory model-
ling frameworks is to shift the decision-making prob-
lem from one where outcomes are assessed, to one
where consequences are explored to discover what
matters, i.e., on the changing conditions. To answer
such questions, analysts often use plots that describe
the value of a dependent outcome (e.g., reliability)
with regard to how uncertain factors or actions shape
it. A common visualisation of these relationships is
through contour plots (table 1). Several other visual
forms are used in DMDU; we highlight these four as
some of themost common, but this is not an exhaust-
ive list.

3. The challenges

To collect perspectives on how data visualisation
is used and identify common challenges faced, we
organised a workshop session during the Annual
Meeting of the Society for DMDU (Delft, The
Netherlands; October 2023). The session had approx-
imately 50 participants, representing academic and
non-academic researchers, practitioners, and stu-
dents.

3.1. Complexity and dimensionality
A key challenge highlighted by workshop participants
is large complexity, as outputs are often multi-
dimensional withmany scenarios, solutions and goals
that need to be evaluated. Visualising outcomes that
dynamically change over time in co-evolution with
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Table 1. Common types of data visualisation in decision making under deep uncertainty and example applications.

Visualisation type

Scatter plot Parallel axes plot Pathways plot Contour plot

Example applications
• Household
water supply
costs and
reliability [7]

• Damages and
costs in global
climate change
abatement
trajectories [8]

• Candidate
solutions and their
performance across
a range of
objectives [9]

• Specific solutions
compared against
the full set of
options [10]

• Interactions
between pathways
for multiple risks
[11]

• Pathways are
discovered through
multi-objective
optimization [12]

• Vulnerability and
reliability in water
deliveries under
different hydroclimatic
conditions [13, 14]

multiple stakeholder responses further exacerbates
this challenge. Even though many resources exist
on how to best develop visualisations of scientific
information (e.g., [15]), there is limited guidance on
how to present the large and complex datasets most
analysts in our community work with. This is espe-
cially important because, like other methodological
choices, selecting which dimensions to show or which
interactions to investigate is a central part of prob-
lem framing that can affect the ultimate decisions
made [5].

3.2. Communicating and understanding
uncertainty
Another common hurdle is that decision makers and
other stakeholders often struggle to interpret visual-
isations that depict uncertainty. This relates to the
inherent difficulties most humans have with prob-
abilistic or statistical reasoning [16], but we argue
that in DMDU practice this is especially important
and challenging due to the many different sources
of uncertainty [17]. For instance, when deciding
how to adapt against sea level rise there is uncer-
tainty in the expected sea levels, the functional life
of alternative adaptation measures, societal percep-
tions of different measures, potential unintended
impacts of these measures, among other consid-
erations. Appropriately capturing these uncertainty
sources and visualising their effects remains a major
challenge and some authors choose to avoid this or
focus on a single source [18, 19]. This is especially
difficult in politically charged research, such as on cli-
mate mitigation, where motivated misinterpretations
of uncertainty might hinder action [16].

3.3. User engagement and interpretability
Bridging between exploratory analysis and explanat-
ory visualisation is a third challenge identified in the

workshop. In other words, the need to tailor visual-
isations that were developed for internal analysis so
that they canmeet the needs of different parties to the
decision making process with varying levels of tech-
nical ability, as well as different needs. For example,
some are most interested in understanding what are
the potential outcomes, whereas othersmight bemost
interested in how different outcomes are generated.
In addition, lay audiences and decision makers often
find the level of uncertainty in analysts’ results too
complex or time-consuming to interpret [20]. This
creates a tension between ensuring explainability and
usability of results, and also maintaining key nuances
and important dimensions of the analysis.

4. Opportunities

Recognising some of these challenges, DMDU schol-
ars are innovating in this space by utilising novel
forms of presenting this information. For example
[12], used stacked line plots to visualise thousands of
candidate adaptation pathways, and [21] proposed an
adapted heatmap approach to visualise attainment of
many objectives under many scenarios. These altern-
ative visualisations are concurrent to other meth-
odological improvements made to incorporate more
rich problem framings, with more dimensions and
more uncertainties. While these graphic forms are
important from the exploration perspective, they still
struggle with meeting their explanatory goals.

But explanatory goals are central to the work of a
DMDU scholar. Key aspects of what makes an ana-
lysis ‘successful’ relate to its ability to inform real-
world decision making. In other words, unlike other
types of scientific research, DMDU research and the
visualisations it employs should not only be cognit-
ively interpretable by the end user or decision maker
(e.g., the user understands what error bars indicate on
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a chart), but also usable to make decisions (e.g., the
user appropriately considers the error bars and their
implications when making their decision). Scholars
have distinguished these two dimensions as visual-
isation of uncertainty—or how we depict the uncer-
tainty associated with the data—and uncertainty of
visualisation—or how the depiction is processed and
reasoned with by the viewer [17]. Studies have evalu-
ated the effectiveness of alternative visualisations on
interpretation and cognitive reasoning (e.g., [22]).
However, we are not aware of systematic evaluations
of visualisation forms on how they influence decision
making in complex and deeply uncertain settings,
withmultiple stakeholders and conflicting views. This
is an opportunity for the DMDU community to grow
in the directions necessary to meet its end-users. In
our view, the biggest opportunities for growth lie in
learning from the data visualisation (e.g., [15]) and
science communication (e.g., [18, 20]) communities
on how to best address the interpretability and usab-
ility challenges we face.We elaborate on some of these
recommendations in the following section.

Building on inputs during the workshop as well as
synthesising reviews of state-of-the-art, we have iden-
tified twomain promising strategies for effective user-
centric visualisations. First, more engagement and
collaboration to target visualisations. For example:
workshop participants highlighted the importance of
participatorymodelling processes to ensure visualisa-
tions contain the most relevant information to end-
users [4, 23] and enhance understanding, especially
if regular feedback cycles are part of the process [24].
Other procedural suggestions made included build-
ing in time and budgeting specifically for visualisation
development and broader knowledge dissemination
during the project cycle. This will help make visual-
isations an intentional and integral part of the ana-
lysis. From a project management perspective, visu-
alisation development and publishing outcomes in
accessible online platforms can be prioritised during
proposal and planning stages, so it is treated with
equal attention as other components of the analysis.
In addition, formally training students on data visu-
alisation skills and best practices can help.

A secondmain strategy is to support user interac-
tion and control, as a way of managing the cognitive
load of a viewer’s working memory [25]. Literature
on data visualisation and user experience (UX) design
suggests that allowing the viewer to manually con-
trol how data is animated may enable them to focus
their working memory capacity on the right sub-
sets of information at the right time [18]. Prominent
examples of animated and interactive data visualisa-
tions are produced by data journalists in digital long-
form articles, often referred to as scrollytelling [26].
Within the DMDU community, these approaches
have had limited applications and primarily in an
exploratory context [27, 28].

5. Future directions and broader impacts

Improving how we, DMDU analysts, as well as other
scholars tackling similar problems, communicate and
interact with our stakeholders will not only benefit
the scholarship itself, but also the outcomes of the
decisions we inform. Building on the large strides
made by the data science and visualisation com-
munities, we propose three specific directions for
improvement.

A first step forward can be made by taxonomising
common data visualisations as central components
of DMDU analysis. Building on existing taxonomies
(e.g., [5, 29]), cataloguing and assessing how various
data visualisations can support both exploratory and
explanatory DMDU processes could inspire and sup-
port appropriate visualisation use. The data visualisa-
tion community already has similar resources (e.g.,
https://datavizproject.com/). However, these need to
be classified with regard to their ability and limits to
represent key features relevant to decision making in
complex and deeply uncertain contexts.

A second, perhaps more crucial, step is to eval-
uate whether the uncertainties present are appropri-
ately communicated between analysts and decision
makers and sufficiently considered in their reason-
ing processes. To this end, DMDU analysts could fol-
low the lead of scholars in the cognitive sciences (e.g.,
[22]), and formally evaluate how different visualisa-
tions better enable decision making processes under
deep uncertainty. For example [30], conducted a con-
trolled experiment where participants were asked to
answer questions about the probability of bus arrival
using alternative visual forms. In a DMDU con-
text, experiments could evaluate whether participants
can effectively use alternative visuals to reason about
alternative options or plausible deep uncertainties.

Lastly, DMDU scholars and others working in
complex systems are typically well-versed on the ideas
of transdisciplinarity and the importance of bringing
in many alternative perspectives and ways of know-
ing. We should leverage this openness and bring in
scholars from the fields of actionable knowledge [31],
cognition and graphical inference [19], and visual-
ising uncertainty and large complex data. There are
also opportunities to innovate in the domains of
interactive visualisation and data exploration [32], as
well as the incorporation of natural language genera-
tion capabilities [33]. Such collaborations will enable
research communities like that of DMDU to better
bridge between exploratory and explanatory modes
of visualisation, and to better inform action through
their science.

Data availability statement

No new data were created or analysed in this study.
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