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Figure 1: Uncertainty Visualization vs. Uncertainty Elicitation using interactive graphics. The former (top row) features an
unidirectional information flow where the true probability density function (PDF) is known (left) and finds their way into the
expert’s mind via visualization (right). In the latter (bottom row), the expert communicates their subjective PDF to the computer

via elicitation, thus forming a cyclic interaction.

ABSTRACT

Expert knowledge in visual analytics (VA) informs design pro-
cesses, is required to gain insights from data, and may steer compu-
tational inference of patterns and trends in the data. Many fields and
industries, such as food safety or civil engineering, rely on experts’
subjective probabilities of future events and uncertain quantities to
make rational and informed decisions given particular risks. For
example, subjective probabilities may be put into Bayesian models
as prior distributions of variables. In VA, too, experts are asked to
provide (elicit) subjective probabilities, but our field has not yet de-
veloped good practices on how visual-interactive interfaces to elicit
subjective uncertainties should be designed and evaluated. In an at-
tempt to divide and conquer, this paper provides relevant research
directions and opportunities after reviewing the literature on uncer-
tainty elicitation (UE) and uncertainty visualization.

Index Terms: Input visualization, uncertainty, subjective proba-
bility, knowledge-assisted visual analytics.
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1 INTRODUCTION

Expert knowledge is indispensable to visual analytics (VA), which
“combines automated analysis techniques with interactive visu-
alizations for an effective understanding, reasoning and decision
making on the basis of very large and complex datasets” [45].
Domain-specific knowledge is, e.g., required for modeling the
problem: Only a human can identify, relate to, and understand sub-
jects interacting in the real world. Therefore, only a human can
decide how this reality should be simplified, while remaining a use-
ful generalization, so that a computer can appropriately infer re-
lationships and patterns from the available data [2]. On the other
hand, expert knowledge can steer or support the inference process
itself [28]. E.g., in a classification problem, an expert may provide
the categories themselves (e.g., in active machine learning) or the
rules to classify them. Domain knowledge is, therefore, expected
to improve the VA process and the insights it may yield.

In turn, uncertainty is an integral factor of information itself.
It can be, among other things, inconsistent, partial, subjective, or
imprecise [31,59,70]. An important aspect of expert knowledge,
therefore, is their opinion on its uncertainty. For example, un-
certainty may present as missingness, a data quality problem that
needs fixing [30] before continuing the analysis. In that case, expert
opinions may take the form of estimations of missing values [8].
Subject-matter experts may be able to articulate reasonable value
ranges (expressed as credible intervals) or whether some values are



more likely to have been measured than others (expressed as a prob-
ability distribution function (PDF)). The kind of uncertainty is then
mostly aleatoric (random noise) [67]. In other contexts, such as
architecture, uncertainty might be conceptualized as vagueness of
temporal/spatial primitives (such as the undetermined position of a
wall [5]) or of categorical data (such as materials or colors to be
used). Vagueness in designs [1] then accounts for epistemic uncer-
tainty [67], i.e., that floor plan, materials, and colors will be known
eventually, but are not yet fixed. These two examples highlight how
it can be impossible not to deal with uncertainty, although in very
different ways.

If expert knowledge is essential to VA but that knowledge is as-
sociated with uncertainty, then we require well-thought-out ways
for human experts to externalize their knowledge along with their
uncertainty about it. The authors of this paper are by no means
the first to point that out [33, 54, 57]. Input visualization [11]
has been recently proposed as “visual representations that are de-
signed to collect (and represent) new data rather than encode pre-
existing datasets”. While thematically fitting, as the expert knowl-
edge is generally not part of the dataset can thus be considered new
data, uncertainty is only of minor importance in the referenced ap-
proaches. Even before that, the visualization field proposed inter-
faces to externalize uncertainty (cf. Sec. 3), but these were not the
primary focus of the respective paper. To the best of our knowl-
edge, the problem of externalizing uncertainty is not yet systemat-
ically researched within our field. If we continue to avoid doing
so, it hinders, e.g., our ability to develop tested solutions, encapsu-
late them into reusable software artifacts, and effectively use expert
knowledge in our VA approaches.

Located in the intersection of psychology and statistics, Uncer-
tainty Elicitation (UE, also known as expert elicitation) is a long-
studied field of research with a rich body of literature going back
at least to the 1970s. UE studies how judgments of uncertain quan-
tities may be drawn out from human experts as reliably and objec-
tively as possible. To that end, it investigates, e.g., how alternative
question or response formats influence expert answers. UE also de-
vises analysis methods and protocols. UE methods find broad appli-
cation in important domains such as food safety [26] and ecological
modeling [49]. Therefore, visualization researchers need to con-
sider insights from UE. While domain knowledge elicitation [46]
captures a broader view of expert knowledge that may aid visual-
ization researchers in a design study [66], we focus on eliciting just
uncertainty here.

Contributions. In this paper, we aim to give a very brief
overview of UE (Sec. 2) along with references that may prove help-
ful to visualization researchers. We contrast that information with
our field’s perspective on uncertainty and present some efforts to-
wards uncertainty externalization (Sec. 3). The remainder of the
document will interchangeably refer to uncertainty externalization
and elicitation and shorten both to UE. The practice of UE with
the support of interactive visualization will be called UE inputs.
Finally, we develop research questions for our field regarding re-
sponsible research of UE inputs (Sec. 4). In doing so, we aim to
break it into smaller, more manageable problems and contribute to
an input visualization research agenda. The effect of our efforts,
we hope, is to initiate a discussion of how expert uncertainty can be
externalized with interactive visualizations.

2 UNCERTAINTY ELICITATION

This section aims to give a non-exhaustive overview of uncertainty
elicitation (UE). We refer the reader to textbooks [21,57] and recent
publications [56] for more detailed discussions.

The goal of UE is to obtain the expert’s knowledge/uncertainty
of an unknown quantity as best as possible [57, Chp. 1]. Their
knowledge/uncertainty will be subjective, so they are referred to as

subjective probability, and it will be expressed imprecisely. Nei-
ther is considered a problem in practice as long as the elicitation
procedure is well-reasoned, thoroughly planned, and carefully con-
ducted [13]. The person responsible for that is the facilitator. The
elicitation output generally comprises a credible interval or a com-
plete probability density function (PDF) of the unknown quantity’s
value.

Why UE. We allured to reasoning why this is useful for VA
in Sec. 1. Generally, expert opinions become an attractive alterna-
tive when one is constrained by money, time, or circumstances to
determine the unknown quantity empirically. Such is the case in
many complex engineering projects or strategic industry decisions.
For example, putting tunnels underneath Stuttgart’s train station is
a unique challenge, as no one has ever put tunnels underneath that
particular station. Nor will one do so a second time. Similarly, a
wood company deliberating whether to plant a new tree species in
a given area cannot exactly test it out and postpone the decision
for three to four decades until the test trees mature. However, sim-
ilar tunnels/trees would have been constructed/planted elsewhere,
so some experience will apply to the new problem. The expectation
is that an expert will be able to judge its extent. Hence, real case
studies can be found across domains such as food safety, medicine,
ecology, agriculture, or sales [13,57].

Psychology Background. Experts do not have probability
distributions readily available on some mental shelf, but construct
them after being asked to assess them. For this reason, mem-
ory, psychological biases [23] and mental heuristics, such as the
availability bias or base rate fallacy, may influence the expert’s an-
swer. Some can be counteracted by particular question phrasing,
but warning or informing experts about a bias is often ineffective
in that regard [3]. More potentially confounding factors include
the question format, e.g., whether a probability is stated as 1/100
(frequency), 1000/100000 (frequency with unnecessarily big num-
bers), 1 % (percent), 1 : 99 (odds), or 432/4319 (natural frequency).
In addition, how the expert can respond, e.g., by entering a number
or selecting from a provided scale, can impact the outcome. As a
simple example, a response of 50 % probability for an event may
be intended as “I don’t know” if no such option exists. As such,
much of what visualization researchers know from designing their
own surveys [18, 74] is applicable in UE as well. See [56] for a
brief introduction and [57] for deeper discussions.

Eliciting a Distribution. Often, one is not just interested in a
single number (e.g., how much will buildings around the train sta-
tion sink because of the tunnels), but also in the (un)certainty of
the expert’s estimate, i.e., we look for a PDF fitting to the expert’s
subjective probabilities. In practice, the facilitator assumes, per the
expert, a suitable family of PDFs (such as Normal or Binomial) for
the random variable in question, as many probability distributions
could fit a given set of elicited subjective probabilities. The goal is
then to estimate its parameters. To do so, Kadane and Wolfson [39]
distinguish two approaches. Structural approaches ask the expert
directly about the parameters, e.g., the mean of the Normal distri-
bution. O’Hagan et al. [57, Sec. 5.2.3] suggest that this approach is
not very promising as people tend not to be great at judging means
or variances of a sample. On the other hand, predictive approaches
ask the expert to predict either the probability p of a given value
x of a random variable X (x in P(X < x) = p) or the value x for a
given probability p (p in the same equation). The latter is some-
times preferred as it is easier to choose sensible values for p than x.
E.g., by choosing p € [.5,.25,.75], the experts elicit the median and
lower/upper quantiles. O’Hagan et al. recommend overfitting, i.e.,
eliciting more data points than necessary to fit a distribution. Doing
so allows for identifying inappropriate distributions and extreme
assessments. Multivariate distributions where random variables de-
pend on each other are too complex a topic for this paper, and we



Figure 2: Probability Wheel design recreated from [61].

refer the reader to the aforementioned textbooks.

Elicitation Formats (UE Inputs). Assuming that a facilita-
tor determined what and how to ask, the elicitation format deter-
mines how an expert may respond to inquiries. O’Hagan et al. [57,
Sec. 4.4.2] and Renooij [61] distinguish two broad categories. Di-
rect methods allow to provide the sought value (such as p,x in
P(X < x) = p) directly, e.g., in a form-based survey. On the other
hand, indirect methods often take the form of bets as they force the
expert to choose between their assessment and a fair game of ran-
dom chance to win an imaginary or real benefit. A notable example,
as [57] lists it in both categories, is the probability wheel (Fig. 2).
The elicitation format metaphorically represents a “wheel of for-
tune”. It has two sectors, so it looks like a pie chart. The expert can
adjust the sectors’ sizes to define the probability. They can either
submit the resulting probability directly (direct method) or adjust
the probability of the alternative game such that they would be in-
different in choosing their assessment or the alternative (indirect).
As far as we can tell, more common graphical designs involve pop-
ular uncertainty visualizations [19, 34, 38], like density curves or
dot plots.

Measures of Quality. As the subjective PDF cannot be ob-
served directly, we cannot ascertain the quality of a given elicita-
tion by computing the deviation from measurement to ground truth.
However, the literature discusses concepts researchers may use to
evaluate UE methods or particular elicitations. The reliability of
a method was defined as the error in repeated measurements [77].
Presumably because UE often involves “one-off” assessments, such
as the particular tunnel to drill, it seems not much discussed in
more recent works on UE. Researchers may also not agree with
what reliability implies, i.e., that the elicitation process distorts an
otherwise (in the expert’s mind) perfectly defined PDF. It is gener-
ally not expected that subjective probabilities are coherent, i.e., that
they collectively follow the laws of probability. E.g., if an expert
elicited P(A) = p4 and P(B) = pp, their assessment of the proba-
bility P(A,B) is not necessarily equal or close to p4 * pp (assum-
ing independent variables). However, coherence is a requirement
if we are to reason rationally. Thus, the facilitator is expected to
double-check such cases during the inquiry and point out discrep-
ancies to the expert so that they may revise earlier assessments.
Ideally, the elicited uncertainties account properly for tails and cen-
ter of a distribution, i.e., events with very low frequency are judged
as very unlikely. When this is not the case, the participants exhibit
over- or underconfidence in their assessments. As a special case,
they may not discriminate between likely and unlikely events and
judge everything having roughly the same probability. UE literature
refers to this topic as calibration [57, Sec. 4.2]. Researchers may
measure calibration when the true frequency of events is known.
However, a well or badly calibrated result may be related to the
experts as much as to the UE method. Among others, bad cali-
bration may be caused by social relationships (e.g., overconfident
judgments to demonstrate expertise), honest lack of knowledge, or
anchoring biases. Good calibration may happen due to appropriate
question formats, the problem context (experts in some domains
seem generally better calibrated), or effective training. Either way,
calibration does not account for the order of judgments, which may
be an issue for some applications [53, Sec. 7.2]. If a ground truth is

available, the expert’s judgment can be assessed with scoring rules.
Such rules assign a score (hence the name) to the elicited uncer-
tainty based on their proximity to or association with the ground
truth. As such, they are similarity measures of probabilities. The
Kullback-Leibler Divergence would be an option if complete PDFs
are available; O’Hagan et al. [57, Sec. 8.2] list many alternatives
for discrete and continuous probabilities.

Multiple Experts. In order not to rely on single opinions and to
average over individual errors in judgment, it is generally advised to
ask multiple experts, if possible. Importantly, they are to be asked
individually first to avoid unwanted group dynamics that may lead
to an opinion not being adequately considered (e.g., [32]). Multiple
opinions must be reconciled into one, for which two strategies exist:
Pooling aggregates them mathematically, while behavioral aggre-
gation asks experts to discuss and find a consensus of anonymized
results. The catch with the former neutral-appearing option is that
several pooling functions exist, and choosing one is a subjective
choice by the facilitator, as they inevitably incur a weighting of
opinions. A possible issue with the latter can be, e.g., that group
dynamics prevent a real consensus from being found or that such a
thing was unattainable to begin with, and the outcome is instead a
compromise.

Summarizing insights and recommendations from a whole re-
search field in a few paragraphs inevitably leads to oversimplifying
some and excluding other topics. However, we hope to have pro-
vided a reasonable starting point with useful references for visual-
ization researchers. For practitioners, it is recommended to follow
broadly accepted protocols [56], such as IDEA, SHELF, or guide-
lines by the European Food & Safety Authority.

3 UNCERTAINTY IN VISUALIZATION

Similar to the previous section, we give an overview of uncertainty
concepts and research in visualization. The field recognizes that
uncertainty may stem from various sources [9] and comes in many
forms at different stages of the analysis process: E.g., missing and
erroneous data [45], trustworthiness of the data source [52], impre-
cise measurements [70], multiple interpretations [59], risk assess-
ment and decision-making [25,47], or ambiguities in visual repre-
sentations (“‘uncertainty of visualization”) [12]).

Given the importance of the topic for visualization, researchers
added it to accepted theoretical models. Correa et al. [15] proposed
an addition to the VA model [45] where uncertainty propagates
from the data source to the final image. Sacha et al. [64] subse-
quently considered the relation of uncertainty in their knowledge-
generation model [65]. Recently, Andrienko et al. [2] suggested
that VA equates to interactive model building and therefore also
model checking [34,41], which is a process that has to account for
decision uncertainty (i.e., is this or the other model better?).

Maybe the bulk of visualization’s literature on the topic con-
siders effective and faithful representations of quantifiable uncer-
tainty, i.e., visual representations that induce accurate probability
judgments in viewers (“visualization of uncertainty”). Several sur-
veys exist already [35,37,42,48]. Approaches to visualize uncer-
tainty can be categorized into different groups. Some show the dis-
tribution in a discrete/frequency or continuous/probability idiom,
e.g., [6,44,63], usually in separate views. Additional marks may be
added to an existing visualization, such as error bars [16], variance
bands [69], or boundaries [5]. The visualization itself can be visu-
ally scaled to make more uncertain values less distinguishable from
others [17]. Representative random samples from the distribution
can be shown simultaneously or in sequence (hypothetical outcome
plots [36]). Finally, it was recently investigated to correct the visu-
alized uncertainty based on subjective probabilities [78] or ways to
handle qualitative uncertainty [51,52].

Regarding “uncertainty of visualization”, research investigated
cognitive heuristics and perceptual biases. Dimara et al. [23] re-



cently gave a task-based overview of cognitive biases in visualiza-
tion, noting that they found few studies on that topic in visualiza-
tion. Quadri et al. [60] provided a survey of perception-based stud-
ies in visualization. Examples include for instance anchoring ef-
fects, where the judgment of cluster separability depended on what
images were seen previously [72]. Heuristics include those used
in ensemble coding [68], where so-called visual proxies determine
judgments about the visualized distribution (e.g., the hull of a point
cloud may be used to judge variance). Dimara et al. [22] found
that an attraction effect in visualizations could be reduced with in-
teraction, suggesting that similar strategies might work for other
cognitive biases.

In some instances, data uncertainty is seen as a quality problem
that needs to be fixed, e.g., because other required computational
machinery cannot deal with it. Interactive visualizations to, e.g.,
impute, de-trend, or generally preprocess data have been proposed
for tabular data [43] and time series [4, 8, 30].

Existing UE Inputs. The visualization community already
proposes UE inputs, and we present here a non-exhaustive set of
examples. In their experiment, Newburger et al. [55] used sliders
for mean and variance of a normal distribution, where participants
fitted bell curves to an existing visualization. Dhanoa et al. [20]
proposed a fuzzy spreadsheet that allows complex calculations with
random variables. Users must define distribution parameters di-
rectly, e.g., specifying cells containing mean and variance (Nor-
mal) or selecting the binomial p parameter from a provided discrete
scale (Bernoulli). In the experiment by Hullman et al. [34], par-
ticipants used several interfaces with both discrete and continuous
visual representations to construct a distribution curve graphically.
Borrelli et al. [10] proposed a parallel coordinates plot (PCP) with
probabilistic brushing. They implemented a spline editor so that
users may define their subjective probability for an attribute range
to be representative for a category. E.g., in the context of cars one
could consider the attribute motor power and the category sports
car. An option would be to assign no probability up to 100 kW and
an exponentially rising probability after that. The final selection
certainty is then computed from the individual attribute probabili-
ties. As for a spatiotemporal example, RibiCi¢ et al. [62] allowed
users to sketch, e.g., uncertain breach positions into a flood simula-
tion model. Users would select a point along a spline representing
barriers to do so. This position is the center of a Normal distribu-
tion, while additional handles control the standard deviation. Then,
k samples from this distribution are drawn and fed into the simula-
tion model so users can assess potential breach impacts. The time
when the breach happens is fixed and selected by the user. Other
works come close to predictive elicitation methods, though they do
not explicitly account for uncertain outcomes. E.g., in Podium [76],
users move options in a list up and down to obtain attribute weights
for a scoring function consistent with their ranking. Similarly, Ex-
plainers [29] allowed users to construct a distance function interac-
tively by moving data points on a 2D plane. Both these approaches
fall into the category of semantic interaction [27], where the model
(e.g., Podium’s weighting function) is inferred by interactions with
the visual representation.

To summarize, uncertainty in visualization research focuses a
lot on the top row of Fig. 1, i.e., how we can get people to per-
ceive accurately and thus act rationally upon visualized probabili-
ties. Some works propose UE inputs, but these proposals seem to
favor structural and direct UE approaches, which are generally seen
as inferior to their predictive counterparts. Of course, there are de-
sign tradeoffs at play here, i.e., it may be unwarranted to submit
the expert to multiple lengthy elicitations when they use the fuzzy
spreadsheet [20] to estimate the cost of an upcoming holiday. We
will get to those in the next section.

4 DiscussSION & RESEARCH DIRECTIONS

After having discussed the practice of uncertainty elicitation
(Sec. 2) and summarized the uncertainty visualization research field
(Sec. 3), we will derive research directions and opportunities from
their overlaps and gaps.

Explicit Uncertainty Modeling. An UE procedure is always
conducted in the context of a previously developed Bayesian model.
In the simplest case, it can be one normally distributed random vari-
able, but much more specialized models, including multiple vari-
ables, may be necessary depending on the occasion [19,40,71]. As
“all models are wrong,” the statistical modeling of the uncertain
quantities presents an important dimension of the design process
for uncertainty inputs. As the model itself may be implicit, e.g.,
when the experts classify data points [75], it might first be neces-
sary to develop its underlying mechanics with user research and
participatory design methods. Model selection [7] is an iterative
and subjective process, informed by computed quality metrics. In
the context of UE inputs, the choice of model impacts the other
VA components. More complex models will require longer and
more sophisticated elicitation methods, while simulations based on
those models (e.g., Markov Chain Monte-Carlo) will also take more
time, thus impacting usability and interactivity. Eventually, experts
must accept a model as useful, and their familiarity with Bayesian
statistics might also influence this design choice. Further, compli-
cations arise should a model not be set in stone but be malleable.
E.g., the expert may already have partially elicited some facts about
their subjective PDF before they realize a necessary change to the
model. Changing models is common in the Bayesian research cy-
cle [73], and interactive modeling has recently received research
attention [41]. Further advances in these directions will also benefit
the design methodology around UE inputs.

Uncertainty Input Design Space. The probability wheel
from Sec. 2 is just one example of an UE input. Many more variants
can be thought of, e.g., involving changed metaphors (static handle
and rotating wheel), alternative encodings (1D instead of 2D pro-
portions), or different visual channels (e.g., color). It is unlikely
that they will perform equally well. Similarly, many options ex-
ist for how the uncertainty display can be changed, e.g., all forms
of direct and indirect manipulation. In addition, we get the neces-
sary choices from UE, i.e., when and how to give experts feedback
about their elicitation, and whether the elicitation happens directly
or indirectly. Finally, the structure of the uncertainty model and the
problem context, i.e., variables, their meaning, and assumed distri-
butions, will impact possible UE input designs. In order to under-
stand the properties of effective UE inputs, this design space needs
to be logically structured so that, subsequently, we may empirically
test the effect of individual design choices. Defining its dimensions
will also assist practitioners and researchers in the design process.

Variety of Data Types. Special attention must be drawn to
the fact that visualization designers deal with various data types:
Tables, networks, hierarchies, time-oriented, geospatial, and oth-
ers, in various combinations. How such data will be modeled is
a task for the visualization designers. One can expect that UE in-
puts for attribute uncertainty [70] in a time series model will work
differently than UE inputs for a classification problem or those for
modeling uncertainty of geospatial locations. Tentative evidence
suggests that using maps to elicit subjective probabilities with ge-
ographic datasets leads to differences in priors and is preferred by
experts [19, 58]. Eliciting other kinds of uncertainty, like temporal
intervals or spatial locations, seems not explored yet. Therefore,
researching UE inputs in various application scenarios will inform
our uncertainty modeling and UE design options.

Variety of Uncertainty Concepts. A subset of uncertainty
concepts in visualization (cf. Sec. 3) is well expressed by Bayesian
models and statistics, such as imprecision or error. Other kinds of



uncertainty seem less easily mapped, like recency or trustworthi-
ness. While they could be integrated into some weighting function
for data points, the question is how it should be done systematically
and whether that is useful in the first place.

Composition of Uncertainty Inputs. It stands to reason that
eventually we will find appropriate uncertainty inputs for certain
kinds of random variables, e.g., normally or beta-distributed. Once
that is achieved, the question becomes what effects the model’s
structure has on uncertainty inputs while keeping the UE input in-
terface usable. How do UE inputs adapt to, e.g., dependent vari-
ables or hierarchical models? Do we need entirely different in-
puts, or can we compose them into more complex interfaces, much
like the models themselves? Accomplishing the latter would make
building reusable software components, which can then be de-
ployed to practitioners, easier.

Risk of Interactivity. Interactivity [24], i.e., natural and intu-
itive interactions with visual representations and their timely update
to those interactions, is highly regarded in our field. Visualization
researchers strive to couple view and model tightly through inter-
activity. While interactivity generally comes with costs [50], in the
context of UE inputs specifically, it also poses risks. Consider the
bottom row of Fig. 1, displaying a possible UE process with visu-
alizations. For the sake of argument, a subjective PDF exists in the
expert’s mind and they wish to express it to the computer through
a highly interactive UE input. In a naive interactive scenario, they
manipulate the UE input, perceive updates of the displayed esti-
mated PDF, compare that to their subjective PDF, and restart the
cycle until subjective, perceived, and displayed PDF are in sync.
However, this process carries some risks that stem from distortions
along the pictured arrows. As outlined in Sec. 2, humans often un-
derstand their subjective PDF poorly. Overconfident or incoherent
judgments addled by biases and misconceptions distort the elici-
tation and comparison arrows. Next, too coarse or inappropriate
uncertainty visualization idioms may distort the visualization and
perception arrows. Incorporating real observations into the process
risks anchoring biases, where experts hesitate to deviate too much
from existing trends. The PDF elicited by an expert who manip-
ulates the UE input until an uncertainty visualization looks “good
enough” is unlikely to be precise unless we can model and correct
all the mentioned distortions, biases, and errors. The question then
becomes how to maximize interactivity and tight model/view cou-
pling while retaining reliable elicitation.

Empirical Comparison of Uncertainty Inputs. To identify
unreliable elicitation, we need an empirical way to compare ap-
proaches. A significant challenge for UE inputs is that there are so
many moving parts: There is the problem context, which somewhat
goes hand in hand with the uncertainty model, there are the test
subjects and their knowledge about the problem, and the UE input
options we would like to test. In an ideal world, we could quanti-
tatively compare the subjective with the estimated PDF. In reality,
researchers are likely forced to use some observable quantity that
may be used as a ground truth. UE literature leverages predictions
of quantities that will be known in the future (e.g., on how many
days of the following three weeks will it rain?) or so-called al-
manac questions that are knowable today (e.g., is Tokyo or Algiers
more North?). Hullman et al. [34], in an experiment about graphi-
cal prediction, used performance on a statistical reasoning task after
the true distribution was shown as a discrete or continuous visual-
ization, which might not be a generally feasible strategy for UE
inputs. Therefore, we ask by which methods and measures we shall
best investigate the effectiveness of UE inputs.

Facilitator Role and Automatic Feedback. There is a dis-
crepancy between the main proposed UE methods, which involve a
human conductor (the facilitator), and common usage scenarios in

VA, where the expert is generally on their own. Having a facilita-
tor present for a VA session at all times is not feasible. However,
the facilitator performs important tasks for UE, such as giving as-
sessment feedback, testing their coherence, or highlighting extreme
judgments. At the same time, the cost of wrong uncertainties differs
depending on circumstances. The safety of a novel edible item to be
marketed in the EU will impact the health of 450 million people. A
breach location that is too narrowly considered in a spatiotemporal
flood simulation model may lead to emergency personnel preparing
for ineffective mitigation measures. On the other hand, it may be
of comparably minor consequence if someone misjudged the bud-
get for a birthday present. As such, the risk context of the analysis
seems to dictate a design tradeoff between the interaction cost for
elicitation [50] and trustworthiness of the outcome. For low-risk
situations it could be beneficial to not consider some or all facilita-
tor tasks, or prefer structural UE approaches even if they are known
to be inferior to predictive approaches. To that end, we could in-
vestigate which facilitator tasks could be transferred to a guidance
subsystem [14].

5 CONCLUSION

In this paper, we introduced research in uncertainty elicitation and
contrasted it with uncertainty-related research in the field of visu-
alization, especially considering how experts interact with the un-
certainty model via UE inputs. In doing so, we derived several
directions for future research in visualization, thus contributing to
an input visualization research agenda.
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