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Abstract—Understanding and accounting for uncertainty is critical to effectively reasoning about visualized data. However, evaluating the impact of an uncertainty visualization is complex due to the difficulties that people have interpreting uncertainty and the
challenge of defining correct behavior with uncertainty information. Currently, evaluators of uncertainty visualization must rely on
general purpose visualization evaluation frameworks which can be ill-equipped to provide guidance with the unique difficulties of
assessing judgments under uncertainty. To help evaluators navigate these complexities, we present a taxonomy for characterizing
decisions made in designing an evaluation of an uncertainty visualization. Our taxonomy differentiates six levels of decisions that
comprise an uncertainty visualization evaluation: the behavioral targets of the study, expected effects from an uncertainty visualization, evaluation goals, measures, elicitation techniques, and analysis approaches. Applying our taxonomy to 86 user studies of
uncertainty visualizations, we find that existing evaluation practice, particularly in visualization research, focuses on Performance and
Satisfaction-based measures that assume more predictable and statistically-driven judgment behavior than is suggested by research
on human judgment and decision making. We reflect on common themes in evaluation practice concerning the interpretation and
semantics of uncertainty, the use of confidence reporting, and a bias toward evaluating performance as accuracy rather than decision quality. We conclude with a concrete set of recommendations for evaluators designed to reduce the mismatch between the
conceptualization of uncertainty in visualization versus other fields.
Index Terms—Uncertainty visualization, user study, subjective confidence, probability distribution.
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I NTRODUCTION

Data-driven presentations have become commonplace in public-facing
domains like the news as well as in the scientific literature. A newspaper article might depict differences in the probabilities of a set of
political candidates winning an election. A government agency might
present future temperature predictions of a model analyzing climate
change trends. By conveying the possibility that a point estimate may
vary, uncertainty visualizations enable people to make more informed
decisions. As public trust in science declines [19] and overconfidence in noisy effects reportedly affects a number of empirical disciplines [42], uncertainty visualizations are more important than ever.
It is the task of research in uncertainty visualization to provide evidence of the impacts of proposed uncertainty visualization techniques,
so as to inform practice. However, how to design an effective evaluation of an uncertainty visualization is rarely addressed in research
focused on creating uncertainty representations. A researcher or practitioner seeking to evaluate a visualization with users must instead rely
on general purpose frameworks designed to ensure that evaluation designs are appropriate given the nature of the visualization contribution
(algorithmic, interaction technique, encoding, etc.) [57, 67].
Recently, scholars have pointed to the challenges evaluating uncertainty visualizations compared to evaluating other visualizations [38,
55, 79]. For example, researchers in judgment and decision making describe eliciting and analyzing subjective accounts of uncertainty
as a process fraught with its own uncertainty [72], though the difficulty of uncertainty elicitation is seldom considered in studies of uncertainty visualization. Statisticians and other scholars have long debated how to define normative accounts of uncertainty [2, 21, 27, 83];
without clear agreement on what uncertainty is, it is difficult to imagine an agreed upon approach to evaluating uncertainty comprehen-
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sion. Canonical work on judgment under uncertainty argues that people display cognitive biases when making decisions involving uncertainty [51, 50]. Historically, such biases have been attributed to heuristics, the use of simple judgments as a proxy for difficult judgments
[49, 90, 91, 92]. A common misconception is that reliance on heuristics is bound to cause biased judgments. On the contrary, heuristics
are adaptive and often lead to accurate judgments. In the context
of evaluating uncertainty visualizations, this means that even when
uncertainty is presented in a non-optimal format–such as error bars,
which lead to perceptual bias [69, 11] and underweighting of uncertainty [40]–responses based on heuristics will sometimes be correct.
Consequently, it can be difficult to create the conditions in which
heuristics are flawed and cognitive biases occur. In the face of these
and other unique evaluation challenges, the integrity of our knowledge
on how to best visualize uncertainty is at stake.
We take a closer look at the evaluation of uncertainty visualizations
through the largest to date systematic review of existing uncertainty
visualization practice. We survey the techniques used in 86 uncertainty visualization evaluations published between 1987 to 2018 in a
variety of disciplines. Our first contribution is a taxonomy for distinguishing between uncertainty visualization evaluation approaches
(Fig. 2). Our taxonomy distinguishes key considerations at six levels
of decisions comprising an uncertainty evaluation approach. Behavioral Targets describe what aspects of the impact of uncertainty visualization(s) on user behavior are examined, such as its impact on Performance or the Quality of User Experience. Expected Effects describe
how a study defines when an uncertainty visualization is successful or
not. Evaluation Goals pertain to the study design: was the goal to
Compare multiple visualizations, Determine the impact of presenting
uncertainty versus not, or another goal? Measures include directly
elicited measures such as satisfaction ratings, probability estimates,
subjective confidence, etc. as well as derived measures representing
transformations such as error, or the extent to which a decision maximizes utility. Elicitation describes ways that users’ responses can be
gathered, from use of a physical apparatus to common HTML inputs.
Analysis describes how an evaluator uses responses to determine if
Expected Effects were achieved, such as Frequentist Null Hypothesis
Significance Testing (NHST) or Bayesian Estimation, for example.
Our second contribution is an analysis of evaluation paths, where
we compare the co-occurance of codes for 86 evaluation studies across
the different levels of our taxonomy. For example a common evaluation path describes a Behavioral Target (L1) of Performance with
an Expected Effect (L2) of Increasing Accuracy, conducted by (L3)
Comparing the Impacts of Multiple Visualizations through a Measure

