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The joint proliferation of data-driven interfaces in public life and data science in organi-
zations makes reasoning with uncertainty in data visualizations critically important. Lay
people and data analysts alike make visual judgments about data almost daily—whether
relying on a deluge of Covid-19 visualizations to manage risks to personal and public health,
or using exploratory data analysis to drive business decisions. In order to design data visual-
ization software that supports statistically rigorous judgments in these contexts, the visual-
ization community must understand how people reason with uncertainty visualizations. My
dissertation addresses cognitive mechanisms that chart users rely on when reasoning with
uncertainty: (1) automatic perceptual processing, through which the visual system makes
intuitive inferences; (2) heuristic strategies, used to interpret visualizations and make con-
sequential decisions; and (3) model-based thinking, whereby analysts compare observed
patterns in data with counterfactual predictions from models (either mental or realized in
software) that might explain the data. As a capstone to my thesis, I present Exploratory
Visual Modeling (EVM), a prototype visual data analysis tool that deploys these cognitive
mechanisms to support more rigorous exploratory data analysis. The tool enables analysts
to express their provisional mental models of data generating process as formal statistical

models and to check predictions from these models against observed patterns in data. I



present insights from the design process of EVM, as well as considerations for evaluating
the design hypothesis that the model checks enabled by EVM facilitate improvements in
generative thinking during exploratory data analysis. EVM deploys automatic and heuristic
cognitive mechanisms in service of model-based thinking, providing a proof-of-concept for

new ways of designing visualization software.
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Chapter 1

INTRODUCTION

Reasoning with data often involves grappling with uncertainty, writ broadly. This can
mean making judgments and decisions in the face of incomplete or unreliable information.
It can mean accounting for the natural variability in stochastic processes (e.g., a game of
chance). It can mean attributing changes or variance in observed events to different causes

or sources, trying to fill in the gaps in one’s notion of “what is real”.

In the modern world, most people’s experiences with data are mediated through visual-
izations. For example, members of the public engage in civic discourse around journalism
and media, which increasingly features data visualizations and statistical concepts. Govern-
ment entities, non-profits, and private companies rely on teams of analysts to make uncertain
data actionable by using statistical tools to drive informed decisions and/or predictions. In
all these contexts, people will almost inevitably encounter data visualizations that seem to
show a pattern and wonder to themselves, “Is this pattern real, just a coincidence, or a
special case that might be cherry picked to argue a point?” How we answer these questions
can influence widespread beliefs among the public, resource allocation, and decision making
at the individual and organizational level. The consequences of misunderstandings about

data can be dire, as we’ve seen repeatedly during the covid-19 pandemic.

We often struggle to reason about uncertainty in data, in no small part because many of
our statistical tools fail to account for people’s natural tendencies when reasoning with un-
certainty. Data visualizations conventionally omit uncertainty information, especially pub-
lic facing visualizations [94]. This encourages well-known tendencies to ingore or downplay
uncertainty [106,199]. When visualization authors do show uncertainty, it tends to be com-
municated either: implicitly, e.g., through a set of questionably-representative exemplars
chosen by a journalist (Fig. ; or using presentation formats like confidence intervals (e.g.,
Fig. , which laypeople and scientists alike struggle to interpret [16}39,86,98, 156} 182].



Compounding these problems, the uncer-
tainty information we do present tends
to be contingent on choices and as-
sumptions made during data collection,
analysis, and statistical modeling. Data
visualizations and the interfaces around
them seldom expound these sources of
uncertainty, effectively veiling informa-
tion from the user that would help to
resolve potential misinterpretations.

My thesis presents and argues for an
approach to visualization research that
can address these problems around rea-
soning with uncertainty by accounting
for cognitive mechanisms, the processes
of perceiving and thinking that underly
human behavior. Drawing on empirical
findings, models, and theories from psy-
chology, economics, statistics, human-
computer interaction (HCI), and infor-
mation visualization, I develop mech-
anistic accounts of how people inter-
pret uncertainty visualizations. I demon-
strate through experiments and tool-
building how understanding the cogni-
tive mechanisms behind specific types
of judgments with uncertainty can sup-
port nuanced visualization design guide-
lines, improved models of visualization

“effectiveness” [140], and theoretically-
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Figure 1.1: Covid-19 visualization from the Fi-
nancial Times . The chart shows hospital-
ization rates over time contrasting the trends
in Michigan and a handful of other states (in
color) with a set of unidentified reference states
(in gray). Are the selected groups of states sim-
ilar enough to be comparable in a way that is
statistically meaningful?

Georgia @

Est. 100% reported
Range of estimateg
D +4

R48

D +12 R+12

Biden <0.5
Biden +2 to Trump +1.5

Figure 1.2: Election needle from the New York
Times [|§|] showing the estimated vote margin for
Georgia in the 2020 US presidential election. The
needle shows the point estimate for vote margin,
and the colored wedge behind the needle shows
a confidence interval around the estimate.



motivated design patterns for data analysis tools. I assert that the three distinct cognitive
mechanisms examined in this thesis help to explain how people use uncertainty visualiza-

tions, in ways that can be useful for creating formalisms to drive interactions with data.

1.1 Cognitive mechanisms

In my dissertation, I present in-depth research on three mechanisms for visual reasoning
with uncertainty visualizations. Although these mechanisms are distinct, chart users can
deploy them in concert to perform complex tasks like sensemaking [31,[78//164,/170]. I aim to
study each of these processes separately and to design and build software that helps chart
users deploy them rigorously during data analysis.

The set of mechanisms I examine here are not exhaustive. By investigating these cogni-
tive processes in the context of visualization interpretation, I demonstrate a particular way
of thinking about and evaluating how people use visualizations. This approach opens up
new directions for visualization research, so I think of the mechanisms presented here as a

starting point rather than a complete accounting of visual cognition.

1.1.1 Ensemble processing.

Ensemble processing is an unconscious behavior and a fundamental mechanism for sensory
learning, by which the brain automatically extracts summary statistical information from
the environment [3]. Ensemble processing is most often implicated in inferring the mean of a
visual property of objects in a scene, for example, the average size of a sequence of dots [92]
or the average lifelikeness of a set of objects [129]. However, evidence from behavioral
experiments and neuroscience, respectively, suggest that humans can similarly learn the
variance of a stream of events |1§] and that variance information about the environment is
stored by the brain in order to calibrate sensory sensitivity [55].

These visual summary statistics seem to form the basis for expectations conditional on
our environment. For example, that we automatically internalize the color statistics of dif-
ferent natural environments accounts for otherwise hard-to-explain behaviors such as color
constancy [24}212], a phenomenon where colors have relatively stable appearances across

environments despite dramatically different sources of illumination. In other words, the



visual system is constantly calibrating itself to form the most accurate possible internal
representations of the external environment, while compensating for environmental con-
straints. Some cognitive scientists analogize this sort of automatic association learning and
calibration to a Bayesian update over possible states of the world [48], and the results of

behavioral experiments seem consistent with this interpretation [18].

Elsewhere, I reviewed the literature on learning empirical priors through sensory adap-
tation and commented on the challenges and opportunities that this behavior poses for visu-
alization software [107]. T am not the first to propose that such adaptation may play a role
in visual analytics tasks. For example, early research with medical professionals shows that
visual calibration can improve judgments of radiological images [124}/125]. Prior work on
graphical statistical inference proposes a “visualization Rorschach” procedure 28], where
analysts look at possible realizations of a data generating process in order to internalize
what predictions from that process might look like. The work presented in Chapter 3 [110]
tests these ideas empirically, demonstrating that experience-based animated visualizations
(a.k.a. hypothetical outcome plots, HOPS [98]) help chart users internalize distributions
better than more conventional ways of visualizing distributions. In Chapter 6, I present a
software interface for exploratory data analysis which leverages HOPs for visual calibration

in order to help analysts reason about the fit between data and possible explanatory models.

1.1.2 Heuristic perceptual prozies.

Heuristics are mental shortcuts where one substitutes a simple judgment as a proxy for a
more complex and intractable one [199]. Although heuristics can lead to systematic errors
in judgments—a myriad of cognitive biases which researchers have described and named
(e.g., [50])—these biases only manifest under specific conditions. Among some but not all
HCI researchers there is a misconception that heuristics always lead to biases, that these
things go hand-in-hand. However, it is more appropriate to think of heuristics as useful
strategies worth relying on and to see resulting biases as edge cases to avoid where possible.

In his 2011 book “Thinking Fast and Slow” [105], Daniel Kahneman conceptually di-

vides cognition into two disjoint systems, System 1 for fast heuristic judgments and System



2 for slow deliberate reasoning. Although this dual process model of cognition is an inter-
esting framework with important implications for visualization (e.g., [154]), it oversimplifies
cognition in ways that invite misinterpretation. The dual process model encourages us to
overlook the ways in which heuristic judgments can be used deliberately and strategically.
For example, a data analyst might need to reason carefully through a decision making prob-
lem using information they extract almost effortlessly from from a visualization. I argue
this analyst is thinking both fast and slow within the context of a single task. Whatever
benefits the visualization format confers to this analyst probably have to do with enabling
quick heuristic judgments in service of thoughtful and goal-directed behavior, whereas many
interpretations of the dual process framework by HCI researchers cast heuristics as the an-
tithesis of careful reasoning. Given the limited capacity of human attention, visualization
effectiveness depends in part on whether the visual representation supports reasoning by
visual proxy without requiring complex mental transformations [79,/100,[225]. Though this
is often overshadowed by the spectre of “heuristics and biases”, our biological and cognitive
limitations necessitate heuristic reasoning even when we are being deliberate.

However, using perceptual proxies to make heuristic judgments can cause trouble when
we chose the wrong visual reasoning strategy for a task. For example, imagine a scenario
where a chart user must use a chart to solve a multi-attribute optimization task with real-
world consequences. We could think of them as balancing a set of incentives in an internal
utility function [106,206]. If all that differentiates between the optimal strategy and subopti-
mal strategies in most circumstances are small differences in payoffs, people may “satisfice”
by choosing suboptimal strategies that work well enough most of the time [178]. Prior work
adopts the design philosophy that visualization researchers should catalogue descriptions
of specific biases that result from frequently adopted heuristics and design interventions to
steer chart users toward better strategies (e.g., mitigating the attraction effect |[49]). How-
ever, this whack-a-mole approach to heuristics will not scale beyond the limited set of tasks
that researchers consider. In Chapter 4, I present an alternative design philosophy that
centers the relative utility of visual reasoning strategies, rather than cognitive biases, as
a consideration in visualization effectiveness [109]. I empirically test the hypothesis that

chart users ignore uncertainty, I demonstrate that this seems to be a widespread form of



satisficing, and I address challenges for creating models of visualization effectiveness that

make visual reasoning strategies into an explicit consideration.

1.1.3 Model-based reasoning.

The third type of reasoning mechanism I address is fundamentally model-based, in the
sense that it involves sensemaking about information in reference to a mental model of
the causal processes in the environment [126]. Whereas ensemble processing and heuristics
are canonically [105] chartacterized as model-free or System 1 mechanisms, model-based
reasoning is the cognitively demanding, System 2 foil to these other mechanisms. However,
in line with my argument above, evidence from neuroscience suggests these model-free and

model-based mechanisms are tightly integrated in tasks such as decision making [47].

Multiple lines of research posit model-based reasoning as a core part of data analy-
sis, including accounts of sensemaking [31,|78}|164}170], statistical inference [66} 67, 96],
Bayesian cognition [76,|77], and empirical work on visual analytics interfaces for causal in-
ference [12,,207,208,222,224]. These various accounts agree that chart users often reference
mental models of possible explanations for their data during analysis tasks. Hullman and
Gelman [96] offer perhaps the best articulation of this phenomenon to date, arguing that
these mental models are seldom expressed in graphical user interfaces for exploratory data
analysis and thus remain implicit in the mind of the analyst. The same argument casts sta-
tistical modeling during programmatic data analysis as a more explicit version of the same
activity, iteratively checking provisional models (e.g., as described by Gabry et al. [61]).
This view of the role of models in data analysis hearkens back to Tukey’s original notion of
exploratory data analysis [197] (EDA) and blurs the line between exploratory and confirma-
tory modes of analysis in ways that, as Hullman and Gelman argue [96], open opportunities
for new design patterns in data analysis tools.

Consider how chart users reason about causal inferences as an example of how model-
based reasoning affords differentiation between alternative hypothetical data generating pro-
cesses (DGPs). Chart users compare observed patterns in data to counterfactual patterns

which are the logical consequences of various hypothesized causal scenarios, and they at-



tempt to rule out hypotheses that are incompatible with their data [12|75,224]. In Chapter
5, I empirically investigate how well chart users can make this sort of counterfactual com-
parison using typical visual analytics (VA) tools, where counterfactual causal patterns are
implicit in the mind of the user and not externalized in charts [111]. Borrowing models
of causal induction from the Bayesian cognition literature |77], I show that common VA
tools fail to adequately support high-quality causal inferences in part because they rely on
the analyst to intuitively know what conclusions the patterns in data support. Echoing
Hullman and Gelman [96], I argue VA tools should provide external representations of such
model checks—i.e., comparisons between data and predictions from provisional explanatory
models. In Chapter 6, I demonstrate how typical VA tools can be extended to make model-
based reasoning more explicit by enabling analysts to express provisional models and check

the compatibility of their predictions against patterns in data.
1.2 Dissertation overview

I present three finished research projects and one work-in-progress on cognitive mechanisms
for reasoning with uncertainty visualizations. The three finished projects entail carefully
designed experiments and extensive statistical modeling of data cognition. Along with
my co-authors, I published these works at IEEE VIS, the premier venue for visualization
research. The work-in-progress entails an implemented prototype VA application, which
puts design implications from my empirical work and theories of statistics into practice,
and a detailed evaluation plan to be conducted in the near future.

In Chapter 2, I present related work on uncertainty visualization, graphical statistical
inference, human judgment and decision making, visual causal inference, and cognitive
modeling. These focused reviews serve to situate my dissertation within a broader body of
work and to provide the reader with necessary background to understand what follows.

Chapter 3 focuses on the affordances of various presentation formats for conveying in-
formation about uncertainty due to sampling error. Inspired by the prevalence of statistical
concepts in journalism, I present an analysis of common judgments that seem to be im-
plicated in a small corpus of online articles. I use this content analysis to motivate a pair

of experiments based on a piece from the New York Times (NYT) about “How not to be



mislead by the jobs report” [99]. In these experiments, I rally methods and models from
perceptual psychology to investigate the potential benefits of HOPs [98], an uncertainty
visualization technique which I argue has unique affordances for supporting statistical rea-
soning via ensemble processing. [ show that HOPs lead to improvements in untrained
laypeople’s ability to judge the underlying trend in noisy timeseries data compared to more
conventional uncertainty representations.

Chapter 4 posits that visual heuristics play a major role in the way laypeople use visu-
alizations to make informed decisions. Expanding on experimental designs and formalisms
from behavioral economics and decision theory [10,206], I present an experiment testing
how visualization design choices influence people’s reliance on different heuristics and as a
consequence their decision making behaviors. I show that people tend to rely on subop-
timal heuristics for decision making with uncertainty visualizations, even when we design
the charts we show them with better heuristics in mind. The findings of this experiment
imply not only that chart users might often need more explicit direction on how to use
visualizations, but they also point to shortcomings in prevailing notions of what makes a
visualization “effective” [140], which underly visualization recommender systems deployed
in popular analysis software (e.g., in Tableau).

In Chapter 5, I investigate the cognitive difficulties that people encounter around rea-
soning about causation with visualizations. Borrowing from prior work in mathematical
psychology [77], I develop a pair of experiments and a method for evaluating the quality of
chart users’ causal inferences without knowing the true data generating process (DGP). I
show that people struggle to make causal inferences with visualizations, not performing re-
liably better with visualization and interaction techniques common in VA than with simple
text contingency tables. I explore possible explanations for these difficulties with model-
based reasoning, including insensitivity to sample size and to evidence that seems to verify
(rather than falsify) a causal claim. The findings of this experiment suggest new research
directions for causal inference with visualizations and novel design patterns for VA tools.

Chapter 6 culminates my thesis by applying insights from previous chapters to the
design and construction of Exploratory Visual Modeling (EVM), a prototype VA tool that

enables analysts to express and check statistical models against their data during exploratory



data analysis (EDA). EVM elicits the user’s provisional assumptions about DGP as formal
statistical models and leverages the cognitive mechanisms described in previous chapters
to help the user gauge the compatibility of these assumptions with observed patterns in
data. EVM provides a proof-of-concept for encouraging users to check statistical models
during data exploration, following recommendations from a recent synthesis of statistical
theories [96] and defying orthodoxies which insist on a separation between exploratory and
confirmatory analysis, demarcated by the application of formal statistical models. This
work demonstrates how the ideas within my dissertation can be applied to the building of
analysis tools, creating an opportunity for greater impact.

Chapter 7 summarizes the findings and implications of each previous chapter. I present

plans for future research directions that follow the trajectory set in this dissertation.
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Chapter 2

RELATED WORK

To contextualize my research, I offer an overview of related literature with special at-
tention to the topics and scholarly debates that are core to my dissertation. This chapter
contains preliminaries on visualizing uncertainty, tasks with uncertainty visualization, and

behavioral models of people’s data cognition.

2.1 Visualizing Uncertainty

Construed broadly, uncertainty can mean many different things including but not limited
to statistical variability, incomplete information, or reasons to doubt the veracity of evi-
dence from a dataset and analysis. Statistical variability is often the focus of uncertainty
visualization because it can be quantified and parsed by analysts using statistical models to
help make sense of and separate out patterns in data. However, other forms of uncertainty
such as ambiguity, doubt, unknowns, and missing information are much more difficult to
account for using mathematical formalisms. This means that most uncertainty visualization
research, including some of my own work, is limited in scope to consider mostly quantifiable
uncertainty that can be visualized as distributions.

Though it is beyond the scope of this review to present an exhaustive design space of
uncertainty visualizations, I highlight a few distinctions that might help to characterize
such a design space.

Frequency framing vs direct encoding of uncertainty. The distinction I explore
most thoroughly in my work is between uncertainty visualizations that show uncertainty
as a visual property of graphical markings (e.g., spatial extent or color) versus uncertainty
visualizations that show uncertainty as possible outcomes represented by discrete markings.
For example, this distinction describes the core difference between continuous probability

densities and quantile dotplots [115], a technique invented by Kay and Hullman which quan-
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tizes a distribution and represents a set of percentiles as discrete dots. Framing probability
in terms of frequencies of discrete events (a.k.a. frequency framing) can lead to more accu-
rate statistical reasoning in many contexts—e.g., learning about sampling error [34], medical
risk assessment [63}89], decision making about bus arrival times [56,/115], inferences in the
framework of Bayesian updating [69},87,119.|145], and graphically elicited predictions from
laypeople about stochastic processes [70,97]. The benefits of frequency framing may have to
do with the fact that the visual system automatically extracts frequency information from
our environment [3}85], even when people are not consciously aware of doing so [81].
Animated vs static uncertainty. Another distinction is between static visualizations
that show distributions in aggregate versus dynamic visualizations that show possible re-
alizations from a distribution over time, dubbed hypothetical outcome plots or HOPs by
Hullman [98][T] Static visualizations (e.g., intervals [44[192], boxplots [196], histograms [161],
probability densities |11}|183]) are currently the predominant way of visualizing uncertainty.
Static visualizations align well with the design goal of cognitive efficiency in communicating
uncertainty [32,95]/128]/195], whereas animations are thought to be less efficient because they
require temporal integration and pose challenges related to memory and attention [201].
However, static uncertainty visualizations force chart users to confront numerous cog-
nitive difficulties. Designers of static uncertainty visualizations tend to assume that the
audience has some baseline statistical knowledge [16] and a propensity to connect abstract
concepts such as sampling distributions to graphical representations [43]. Error bars in
particular can be difficult to interpret due to inconsistency of conventions governing what
constructs they represent [39,[86] (e.g., X% confidence intervals, standard errors, X% pre-
dictive intervals), although interval representations of uncertainty are often recommended
by experts [44}/141,/192]. For charts with enclosed shapes, within-the-bar bias can impact
estimates of likelihood such that values within the shape tend to be judged as more likely
than values outside [39,148]. Uncertainty visualizations which use separate marks to encode

expected value and uncertainty can elicit a heuristic bias of attention toward expected value

! Although Hullman coined and popularized the term HOPs, earlier work applied a similar approach
to show uncertainty in medical volume rendering [139] and estimates of geospatial surfaces [52}[54}/72].
Hullman and colleagues’ |98| distinct contribution was to recognize and empirically evaluate the benefits
of HOPs, formalizing it as a visualization technique.
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and away from uncertainty 98|, in keeping with a well-documented tendency for people to
underweight or ignore uncertainty |198§].

Prior to the research presented in Chapter 3 |[110], little previous empirical work had eval-

uated the potential for animation to provide an effective visual metaphor for probabilistic
information. The exceptions are a few early studies of animated uncertainty visualizations
in cartography [52}54}72], a study on HOPs of hurricane location forecasts [132], and pre-
vious work by Hullman [98] establishing that HOPs enable more accurate inferences about
joint probabilities than static uncertainty visualizations and that HOPs support comparable
performance to static representations when users estimate properties of univariate distribu-
tions. In recent years, news organizations used HOPs and similar interactive simulations
to communicate uncertainty in the job market [99] and in political elections [1,23,/167].
This suggests potential for HOPs to communicate uncertainty information to the public in
informal contexts, a possibility that we investigate in Chapter 3.
Expressiveness of underlying distribution. Both of these distinctions about frequency
framing of probability and animated uncertainty define different kinds of “information for-
mat” [69], which may be more or less in line with the information processing abilities of the
human visual system or the structure of a reasoning problem. However, information format
is not the only aspect of an uncertainty visualization that impacts its utility for a given
task. A further important consideration that I wish to distinguish here is the expressiveness
of uncertainty visualizations (in the sense of MacKinlay [140]) or the granularity with which
they show a distribution. For example, interval versus probability density representations
of a distribution both encode a range of possible outcomes as spatial extent, but probability
densities are more expressive of the underlying distribution.

The design characteristics I highlight here distinguish between the kinds of uncertainty

representations that feature prominently in my dissertation.
2.2 Tasks with uncertainty visualizations

Typically, uncertainty visualizations support tasks that involve reasoning about a space of
possibilities, whether these are possible outcomes that a chart user needs to consider or

different ways that a data scientist might analyze a given data set. Common tasks with
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uncertainty visualizations include:

e Inferences: What is a reasonable estimate of an imperfectly measured value? Is
there a real difference between these two groups of observations? Is it likely that a

given data generating model explains the relationships in a data set?

e Decisions: Should I invest in a particular intervention? Should I choose one product
or service over another? What strategy should I adopt to maximize monetary gain or

minimize monetary loss? What is the most accurate way to analyze this data?

e Sensemaking: Is my interpretation of data accurate? Do I see the counterfactual
patterns in my data that I expected to see under a hypothetical data generating process
(DGP)? What could I be missing about this data set that would help to explain an

unanticipated pattern?

Notice that these tasks are highly overlapping. For example, inference is often a sub-task
in decision making or sensemaking contexts. Also note that while uncertainty visualization
and statistics can be valuable tools for such tasks, merely seeing distributions of data or
model outputs is not enough to solve these kinds of problems. Technological representations
of these problems tend to underdetermine their solutions, so complex human judgments are

inexorable from many data science applications that involve reasoning with uncertainty.

2.2.1 Graphical statistical inference

Graphical statistical inference, broadly construed, refers to visual methods for judging
whether a particular statistical model fails to describe the observed pattern in data. For
example, from the early days of exploratory analysis, Tukey called for analysts to examine
model residuals in order to inspect where a model might be wrong [197]. Similarly, common
model diagnostic tools such as QQ-plots [137] create visual tests that a model’s assumptions
are satisfied, which I refer to as “model checks” following Hullman and Gelman [96].
Although there are conceptualizations of visual inference that do not fit into the model
check framing, the inference tasks I examine in my dissertation do. The task we ask par-

ticipants to perform in the experiments presented in Chapter 3 [110] is a form of model
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check—i.e., chart users judge whether samples of jobs added to the economy each month of
a year are more compatible with models that assume a growth trend or no growth in the job
market. Similarly, the causal inferences about data generating process (GDP) that we ask
participants to make in the experiments presented in Chapter 5 [111] are essentially model
checks, where we’ve asked chart users to imagine counterfactual predictions from alternative
DGPs and gauge their compatibility with samples of data from a fake clinical trial.

The best-known formulation of model checks is the visualization lineup protocol [28,216],
in which many plots of fake data are generated from a “null model” (i.e., representing a null
hypothesis) and an impartial observer is asked to pick out a plot of the real data among
the set of fake plots. Although this lineup procedure has been analogized to a formal
statistical test, this comparison is fraught because it is difficult to create a lineup of fake
plots that share all visual properties with the real data except for those which would violate
the model’s assumptions [202,[203]. Hullman and Gelman [96] argue that, thankfully, we do
not need to create a graphical inference procedure that is a perfect analog to a statistical
test in order to benefit from model checks. They give motivating examples of how imperfect
model checks can be useful, demonstrating that without evoking the analogy to a statistical
test or attempting to achieve guarantees about error rates, model checks still show analysts
precisely for which cases a model is wrong about the data. This might serve to pique the
analysts curiosity and spur new discoveries about factors that may explain patterns in data.
However, Hullman and Gelman’s theoretical account leaves many unanswered questions
about how imperfect model checks ought to be realized in interactive systems.

Statistical best-practice tells us to construct and check models iteratively in a process
called model expansion [61], making incremental changes to a model that represents our
provisional understanding of the data and inspecting model checks and diagnostics to see if
these incremental changes improve our accounting of the data. I see deep parallels between
this model expansion workflow and both Tukey’s conception of exploratory data analysis
and graphical inference methods such as lineups. All three approaches to analysis pose
“what if” questions for the analyst such as, “What if we add or remove this variable to
our model? What if we relax this assumption?” Whether we rely on the lineup or any

other model check such as Tukey’s plots of residuals, the power of model checks is that they
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prompt the analyst for their creative and interpretive input as to what will be the next
step in an analysis, whether that is an exploratory query, the relaxing of an assumption,
or the acceptance of a provisional model. The work presented in Chapter 6 synthesizes
these ideas about graphical statistical inference into a software prototypes for incorporating

model checks into exploratory data analysis.

2.2.2 Incentivized decisions

Whether considering problems of resource allocation or risky choice, decision making is
fundamentally about selecting an optimal course of action. In order to choose an optimal
course of action, people need to consider uncertainty information. Decision theory [206] tells
us that an optimal course of action a, € A is one that maximizes expected utility E(u,(e))

across possible events e € E; and possible states of the world s € S,

E(ua(e)) = XsesZeen, Pr(e) - ule)

a, = argmax,c 4 E(uq(e))

where () is the utility or value of a given event e in the space of possible events Ej, given
a state of the world s among possible states of the world S, and Pr,(e) is the probability
density function of events given a particular course of action a among possible courses
of action A. In this formalism, uncertainty manifests in two ways: (1) as a probability
distribution Pr,(e) of possible events Ey; and (2) as a conceptual space of possible states
of the world S. Decision theory helps us appreciate how ignoring possible events or states
of the world might result in mis-calibrated judgments of expected utility E(u,(e)) and thus
suboptimal choices a # a,.

Behavioral economists investigate a person’s ability to make optimal decisions using
gambling problems [10]. A typical setup for such experiments is to ask participants to
choose between two different gambles with different expected payoffs, manipulating the
probabilities of a payoff, the amount of the payoff, or both. Often, one of the two gambles
is a coin-flip with a 50% chance of winning, which serves as a common baseline to enable

comparisons across decision scenarios. The experiment I present in Chapter 4 [109] follows
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a similar paradigm to investigate decisions from visualized uncertainty. Results from such
experiments describe the conditions under which people make more or less optimal choices.

When people make suboptimal choices, economists historically call this behavior “irra-
tional”, but many contemporary debates in cognitive science concern how we should actually
interpret these behaviors. Nobel prize winning work on prospect theory |106] posits that
both probability and utility are subjective judgments—at least as these constructs exist
in the mind of a decision maker—and conceptualizes errors in these judgments as the rea-
son for suboptimal decisions. This gives rise to traditional explanations of bias in decision
making as risk-seeking or -aversion [209]. However, recent efforts in cognitive modeling
(e.g., |118,194]) problematize explanations in terms of risk attitudes, suggesting that appar-
ent economic irrationality is an artifact of lossy signal processing in the brain, which varies
in its imprecision from person to person. Although it is far beyond the scope of this review
to resolve this debate, these issues play a key role in Chapter 4 [109].

One thing that does seem clear is that departures from normative decision making
sometimes result from reliance on heuristics |106}/178,198], simple mental shortcuts in lieu
of probabilistic thinking. For example, consider a decision scenario like the one in Chapter
4 [109], where a chart user must compare visualized event distributions under alternative
courses of action Pry(e) in order to make a decision. This chart user needs to judge effect
size [|37], or the reliability of the difference between two distributions, in order to make
an optimal choice. However, when people don’t know how to interpret uncertainty, prior
work [98] suggests that they may substitute a judgment of the mean difference between
distributions for more complicated judgments of effect size, a visual reasoning strategy
that we investigate in Chapter 4. This visual distance heuristic motivates visualization
design principles—e.g, that the quantitative axis on a bar chart should always start at
zero [26,/93], or that axis scales should make visual distance commensurate with effect
size [219]. Experiments show that axis scale impacts the perceived importance of effect size
regardless of chart type (e.g., lines versus bars) and despite attempts to signal that an axis
does not start at zero (e.g., breaking the axis) [40]. Expanding the axis scale on a chart
that displays inferential uncertainty (e.g., 95% confidence intervals) to the scale implied

by descriptive uncertainty (e.g., 95% predictive intervals) can reduce bias in impressions of
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effect size |88]E| In Chapter 4, I extend this line of work by investigating how the visual

distance heuristic impacts decision making from visualizations.

2.2.8 Casual inference

In Chapter 5, I present a pair of experiments looking at how people make causal inferences
about data generating process (DGP) when they explore visualized data. This is in some
sense a model check (see Section 2.2.1) where users judge the compatibility of data with
different provisional models. However, in this scenario the models represent parameterized
causal explanations for the patterns in the dataset, and that makes this a sensemaking
task [31},78,164,170] with the goal of inferring the underlying DGP in order to understand
the data. The software tool presented in Chapter 6 is an attempt to support this type of
thinking and to address shortcomings in conventional tools for visual causal inference.

Much of the psychology and statistics literature on visual aids for causal reasoning
focuses on contingency tables (e.g., [4,12,35,75,77,(180]). Contingency tables support causal
inferences by using layout to encode conditional probabilities, the same way trellis plots
afford grouping by factors during visual data analysis [15,196]. Whether or not a factor
seems to be “collapsible”—whether or not patterns the data seem to change depending on
whether the data are grouped by that factor—can be a visual signal for reasoning about
causal relationships such as confounding [75]. However, empirical research on interpretation
strategies for contingency tables [12] suggests that analysts often misinterpret signals like
collapsability because they don’t ascertain the mapping between these visual signals and
hypothesized causal relationships. Tools like Tableau enable users to explore collapsability
by interactively grouping data. Some of the experimental manipulations in Chapter 5 [111]
investigate whether the ability to interactively control data aggregation improves the quality
of causal inferences.

Research on visual analytics (VA) employs a broader range of representations to support

causal reasoning, including parallel coordinates [207,208], bar charts [224], “diff bar charts”

ZPredictive intervals are by definition wider than confidence intervals from the same model, so showing
confidence intervals on a scale expanded to include the range plausible predictions makes confidence
intervals look smaller.
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showing counterfactual outcomes under different conditions as layered bars [222], and novel
techniques using animation to show event sequences (e.g., [53}/101},104]).

Some of these tools also incorporate directed acyclic graphs (DAGs) as interfaces to mod-
els and visualizations (e.g., [207,208,222,224]). DAGs are a graphical representation used for
causal reasoning—with nodes representing variables and arrows between nodes representing
posited causal relationships—which have garnered attention in recent years [160]. DAGs
encode hypothesized relationships among variables (e.g., Fig), making causal relation-
ships and the assumptions they entail explicit and in some cases testable [9,[157-159]. We
use DAGs in Chapter 5 [111] to present differences between alternative causal explanations
for data sets that we ask participants to judge (Figs. & .

VA systems frequently use interaction techniques such as cross-filtering linked views
of data (e.g., [207,[208]) and click- or drag-and-drop-based chart construction (e.g., [187,
222/[224]). The most similar prior research?| to the work presented in Chapter 5 [111]
tests whether constructing charts by clicking on variables versus dragging variables onto
a DAG makes a difference in analysts’ ability to differentiate between different kinds of
causal relationships [224], specifically identifying mediating variables. Although they do not
find an effect of interaction technique on causal inferences, the authors provide a detailed
strategy analysis extending evidence from psychological studies [12] that analysts struggle
to reason about the exact set of visual signals they should look for to verify or falsify a
causal relationship. I extend this line of work in Chapter 5 |[L11] by studying whether the
ability to (un)facet charts or cross-filter coordinated multiple views impacts the quality of
untrained analysts’ causal inferences.

Prior work in visualization [145,151] and risk communication [63}(183] suggests that icon
arrays can improve Bayesian inferences such as those implicated in causal induction [77],
perhaps in part because of cognitive benefits of framing probabilities as frequencies of
events [69,87,(98,(115]. However, the performance improvements associated with these vi-
sualizations seem to depend on the use of text in the display [145], the chart user’s spatial

ability [151], and the strategies users rely on [109]. In Chapter 5 [111], we compare icon

3Also, see the class project from my collaborator Yifan Wu that kicked off this study https://
logical-interactions.github.io/causal2020/
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arrays to text tables and bar charts since these visualizations span the design space for
showing count data (from a fake clinical trial) and are also easy to create in VA software

like Tableau.

2.3 Behavioral models of data cognition

In order to describe how people use uncertainty visualizations to perform tasks such as
inferences and decisions, I draw on behavioral modeling techniques from mathematical psy-
chology and behavioral economics. I introduce these models as they have been applied in

their disciplines of origin, and I describe how I use and extend them in my dissertation.

2.3.1 Psychometric functions

One type of model that makes multiple appearances in my dissertation are psychometric
functions (PFs) [121]. PFs describe performance on two-alternative forced choice (2AFC)
tasks, such as the judgment of whether the jobs market is growing or not in Chapter 3
and the decision about whether or not to pay to add a new player to a fantasy sports
team in Chapter 4. The sigmoid (a.k.a. S-shaped) functional form of PFs is derived from
signal detection theory (SDT) 73], a model of how we make choices by weighing evidence
in favor of two alternative interpretations of a stimulus (Fig. . Where SDT describes
noisy perception of signal strength in a given stimulus, the PF extrapolates the functional
relationship between signal and classification accuracy across a range of signals. For our
purposes the stimuli are always displays of data, and the underlying strength of evidence
is a statistical attribute that describes the difficulty of the 2AFC judgment. Traditionally,
psychologists use PF's to estimate perceptual sensitivity to simple stimuli—e.g., our ability
to distinguish between sounds of different loudness where the sounds are the stimuli and
their physical amplitude is the signal or strength of evidence [73].

Different parameterizations of the PF enable us to estimate different summary statistics
describing a person’s performance. In both Chapter 3 [110] and Chapter 4 [109], I use PFs to
estimate just-noticeable differences (JNDs), the change in signal which would be discernible

to a subject 75% of the time. JNDs are the most common summary statistic derived from
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Figure 2.1: The relationship between a psychometric function (PF) and signal detection
theory (SDT), demonstrated for a two-alternative forced choice (2AFC) task with five dif-
ferent stimuli (x-axis in the top row, columns across the lower rows). The PF (top row)
estimates the performance of an observer classifying any such stimulus as one of two al-
ternative interpretations, choice A or B, as a function of the signal conveyed in a stimulus
or the strength of evidence for the 2AFC judgment. The form of the PF is derived from
SDT. SDT posits “noisy receivers” in the mind of the person performing the task for each
of the two alternative interpretations of a stimulus, choices A and B. The responses of these
receivers to a stimulus are probabilistic, representing the perceived strength of evidence in
favor of each choice. The five stimuli (shown in columns of the lower rows) each convey
levels of signal equal to the mean difference between the receiver distributions (middle row),
annotated with the black and gray vertical lines on the x-axes. The bottom row depicts the
distribution of the difference between receiver for choices A and B. We derive the PF by
taking the integral of the difference distributions at a given level of signal strength.
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PFs, often used to describe sensitivity to signal under different conditions. In visualiza-
tion research, JNDs have been applied to create perceptually-uniform color palettes (i.e.,
CIELAB [60]) and perceptually-driven color palette selection tools [130L|189], among other
applications. In Chapter 3 [110], I use a custom parameterization of PFs from perceptual
psychology [121] that enables me to derive PF spreads, a measure of noise in the “receivers”
posited by SDT (Fig. standard deviation of the distribution in the middle row) which
I use to analyze the calibration of participants’ confidence ratings (following Sanders et
al. [171]). In Chapter 4 [109], I parameterize PFs as logistic regression in order to estimate
a bias parameter called the point of subjective equality (PSE), the level of signal where a
person is expected to split their responses evenly between two alternative interpretations of
the data (e.g., expected to pay for the new player 50% of the time).

The primary thing I do differently from most prior work is that I use PFs in scenarios
where the definition of “signal” is more abstract and conceptual, such as a likelihood ratio
representing the strength of a statistical inference in Chapter 3 [110] or a utility function rep-
resenting the expected payoff for a decision in Chapter 4 [109]. The most similar applications

of PFs to date in visualization research use correlation as a measure of signal [804|114,/168].

2.3.2  Causal support

In Chapter 5 [111], I draw on and extend a model of causal reasoning called causal support,
first proposed by Griffiths and Tenenbaum [77]. Causal support formulates causal inferences
as a Bayesian update on the log odds of a finite set of causal explanations given some
observed data. Mathematically, causal support has similar properties to a Chi-squared test
(i.e., Are the data in each cell of a contingency table likely generated by the same process?),
which prior work analogizes to the kind of comparisons between data and model predictions
that analysts visualize in “model checks” [66}67,96] such as QQ-plots. However, unlike
a Chi-squared test, causal support relies on Monte Carlo simulations to assign likelihoods
under alternative causal explanations, making causal support extensible to any finite set
of generative causal models. For instance, Pacer and Griffiths extend causal support to

handle continuous data [153] and event streams [152]. Similarly, in the second experiment
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of Chapter 5 [111], we present an extension of causal support to evaluate inferences about
more than two possible data generating models.

Previous cognitive models of causal inference explored in psychology share more in com-
mon with parameter estimation than statistical inference per se, a subtle but important
distinction. One such model delta p posits that that people judge differences in conditional
proportions of observed events when making causal inferences about count data [4]. Another
such model causal power posits that people judge the magnitude of effect size when making
causal inferences [35]. Both of these predecessors to causal support make the assumption
that causal inferences are fundamentally a perceptual judgment, however, causal power
rescales delta p based on the potential to detect any signal whatsoever within the observed
data. In contrast, causal support assumes that the signal for causal inferences depends on
the possible data generating models that the analyst has in mind and represents these al-
ternative models explicitly. This makes causal support more flexible, with higher predictive
validity for human judgments than delta p, causal power, and even Chi-squared [77]. Causal
support reflects analysts’ natural tendency to dichotomize, for better or worse, reasoning

about whether or not causal relationships exist rather than how strong they are.

2.3.8 Other behavioral models

Other behavioral models of data cognition presented in my dissertation fall more within the

framework of regression. A few principles guide the construction of these models:

e We want models whose assumptions preclude responses that are impossible or out of
bounds on the scale the participants use to answer the questions we ask them. This
often means using a certain link function in a generalized linear model or selecting

certain priors for Bayesian regression.

e We want to account for the fact that people’s perception of most quantities is loga-
rithmic |185,204], in the sense we expect to see multiplicative (rather than additive)
distortions in the perception of visual properties of a display such as length, area,

brightness, count, or frequency.
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e We want to account for the fact that people’s perception of probabilities tends to

follow a functional form that is linear in log odds units [71,228].

e We want to account for the fact that judgements on a given scale are often made
relative to some reference value(s) in ways that produce local patterns of biases in

response near the reference point(s) [91].

I will often make reference to these principles of behavioral modeling in motivating the

choice of models in subsequent chapters.
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Chapter 3

HYPOTHETICAL OUTCOME PLOTS HELP UNTRAINED
OBSERVERS JUDGE TRENDS IN AMBIGUOUS DATA

One of the cognitive mechanisms I highlight in my dissertation is ensemble processing
or the visual system’s ability to automatically, quickly, and accurately decode summary
statistical information from what we see. In this Chapter, I present the first project from
my doctoral research, where the study tearn[] and I investigated how well hypothetical
outcome plots [98] support inferences about the underlying data generating process (DGP)
that might have produced noisy samples of timeseries data. This work [110] was initially

published at IEEE VIS and has been edited for coherence with the overall dissertation.

3.1 Calibrating inferences about visualizations in the news

Members of the public often encounter visualizations in the news and in online media, and
journalists invite them to assess the underlying trends in these data. This kind of judgment
inherently involves reasoning about uncertainty, e.g., “How likely is it that I would see this
data if a particular trend was true?” In this study, we examine a scenario inspired by a
piece in the New York Times (NYT) called “How not to be mislead by the jobs report” |99,
where chart users were shown visualizations of what the monthly jobs report would look
like if the economy was stagnant versus growing at a given rate (Fig.[3.1). For an individual
news reader, the stakes of judging whether the job market is growing might be that these
jobs report numbers inform their short-term investment decisions (e.g., in their retirement
portfolio). For the broader public, interpretation of the jobs report impacts sentiments
about the economy, which in turn might impact voting behavior or political capital.

In public facing data presentations, visualization authors often omit uncertainty infor-

mation [94], in part because of distinct challenges around modeling and communicating

!The original study team for this work was me, Francis Nguyen, Matthew Kay, and Jessica Hullman.
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How Not to Be Misled by the Jobs Report
If the economy actually added 150,000 jobs last month, it would be possible to see any of these headlines:
The jobs number is just an estimate, and it comes with uncertainty.

FIJ06 Growg, Disappointing Slower Job Job Growth Job Creation Job Growth
urmets 4mig Jobs Report Creation Steady, New Accelerates J, Robust,

Prospect OF Raises Disappoints Report Says Sign OF Pointing To
New Stamp E;-/momic [Economists lEmnom_y Economy
lorries 'mproving Surging

Under 55,000 jobs 55,000 to 110,000 110,000 to 140,000 | I job growth were actually steady -.the jobs report pause
4 ] . 9% changg over the last 12 months... could look like this:

JFMAMJJASOND JFMAMJ JASOND

Did you infer a pattern from the chart on the right? If you did, you were
reading too much into the jobs numbers. That chart should be a straight
line, but we've added the same amount of sampling error that the jobs report
has.

If job growth had ..the jobs repart
been accelerating... «could look like this:

readi chast should be a stai
it had thejobsreport [ oo
- could ook like this: g | |

Pause

JFMAMJ JASOND JFMAMJ JASOND

Figure 3.1: A condensed view of the NYT article that inspired our study design.

uncertaintyEl For this reason, uncertainty visualizations in the news deserve special atten-
tion from researchers as a use case for visualization. In this study, we perform a light-weight
content analysis of uncertainty visualizations in the news, finding that the NYT visualiza-
tion on “How not to be mislead by the jobs report” [99] asks audiences to think about
multiple statistical concepts commonly implicated in uncertainty visualizations in the news.
We argue that this makes the NYT example ideal for uncertainty visualization research.
Design choices in uncertainty visualizations make it more or less possible for chart users
to rely on different information processing approaches (a.k.a. cognitive mechanisms). For
example, hypothetical outcome plots or HOPs should enable ensemble processing be-
cause they encourage the user to integrate information about a distribution of possible
outcomes across a series of examples. On the other hand, more conventional displays such
as error bars do not make information about individual samples available in the same way,

so chart users should not be able to internalize these distributional representations using en-

2This work on “Why Authors Don’t Visualize Uncertainty” came after the study presented in this

chapter but nonetheless provides important context. Back in 2016, when we were designing the study
presented here, the study team had the sense that uncertainty visualization in the news was relatively
uncommon and that approaches to visualizing uncertainty in this context were somewhat scattershot.
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Bars graphs with error bars Hypothetical outcome plots Line ensembles Hypothetical outcome plots
(95% Cls) (animated draws from distributions) (static analogue of HOPs) (animated draws from distributions)

150 50

0 — 0 0

50 50 -50
FMAMUJJASOND JFMAMUJU J ASOND FMAMUUJASONTD

Figure 3.2: We present two experiments (E1 and E2) evaluating four different uncertainty
visualizations (from left to right): bar graphs with error bars, bar hypothetical outcome
plots (HOPs), static line ensembles, and line HOPs.

semble processing. Visualization approaches that better support ensemble processing might
improve the user’s ability to internalize expectations about variability due to sampling error,
potentially leading to better calibrated visual inferences about the data generating process

underlying noisy samples of data like the monthly jobs report numbers.

In this chapter, I present two crowdsourced experiments investigating (1) whether vi-
sualization designs that promote ensemble processing lead to better-calibrated visual infer-
ences, and (2) whether static versus animated displays of hypothetical outcomes differ in
their ability to support calibrated visual inferences through ensemble processing. In both
experiments, Mechanical Turk workers infer which of two possible underlying trends is more
likely to have produced a sample of time series data by referencing uncertainty visualizations
which depict the two trends with variability due to sampling error (Fig. [3.3)). We use this
scenario in both experiments to test people’s performance on the task when using error bars,
HOPs, or line ensembles as a reference (Fig. . We find that chart users can accurately
infer the underlying trend in samples of data that are more ambiguous when using HOPs

rather than error bars or line ensembles.

3.2 Identifying uncertainty judgments in the news

We conducted a lightweight, formative content analysis investigating the use of uncertainty
visualizations in the news and how people might interpret visualized uncertainty in this

context. We use this analysis to inform our experimental task.
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3.2.1 Selection of articles

We gathered a convenience sample of 22 articles from mainstream news in the US and UK.
We started with recent visualizations from publishers like the NYT, and supplemented this
set by conducting Google News searches containing terms like ‘uncertainty’ or ‘probability’
and ‘visualization’ or ‘chart’ (see Supplemental MaterialsEI). Articles were included in our
analysis (1) if they are primarily concerned with communicating uncertainty information
and (2) if they contain at least one visualization which conveys that there are a distribution
of possible values which an observation or prediction might take.

While we started with 32 articles which met our first inclusion criterion, we had to ex-
clude ten of these articles because they failed to meet our second criterion. In these cases,
the visualizations only encoded single values of each estimate (e.g., a central tendency),
and visualized distributions were contextualized as separate events plotted together by ge-
ographic location or time (e.g., an estimate for each of multiple countries). That the media
use distributions of outcomes for separate events to illustrate uncertainty (e.g., Fig.
speaks to a disconnect between public concerns about uncertainty and the notion of uncer-
tainty employed in information visualization research, in which uncertainty is most often
defined as an expression of error in an estimate |166,/192]. The sample of articles considered
reflects the time frame of the study and should be considered representative of uncertainty

visualizations published in the popular press from 2014 to early 2018.

3.2.2  Qualitative coding

Our goal was to identify a set of distinctions that could help visualization researchers un-
derstand the types of tasks implied by uncertainty visualizations in the news. We used a
bottom-up iterative coding process in order to see what distinctions emerged from close
analysis of the examples in our corpus. Two authors separately coded each article initially,
listing for each a set of concrete questions about the visualized data that the article posed
to the audience. We identified these questions by considering how the uncertainty visualiza-

tions support the narrative in the text of each article. Through several additional passes on

3https://github.com/kalealex/jobs-report-hops
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the corpus, the two authors iteratively reviewed and refined the codes. We arrived at a set

of yes-or-no distinctions used to label and characterize each question posed by the articles.

3.2.3 Results and discussion

The results of this analysis characterize the ways that uncertainty visualizations are used
in the news and ultimately justify our choice to adopt the NYT piece on “How not to be

misled by the jobs report” [99] as a task scenario for our experiments.

Codebook: Conceptual distinctions

The first three labels we coded characterize the low-level visual tasks implied by the text
and the visual encodings. These codes answer the question: Is the relevant information
from the uncertainty visualization obtainable through (1) direct reading of encoded values,
(2) ensemble processing [3], or (3) shape perception [57]7 While direct reading is highly
deliberate, ensemble processing is an automatic visual computation about sets of graphical
encodings. Shape perception occurs when the contours of graphical elements (e.g., tops of
bars, trend lines) are recognized as patterns which have a specific meaning to the user. Most
visualizations can be read in more than one way, so these labels are not mutually exclusive.

The second set of labels describe what information is needed to answer each question.
Does the task primarily require the audience to consider (1) central tendency or (2) variance
of a distribution? These labels are not mutually exclusive. To differentiate tasks that
emphasize uncertainty from those that emphasize central tendency, we only assign a question
with both codes if it is not possible to identify which aspect of the data dominates the task.

The final pair of labels concern the high-level cognitive operations which the observer
performs with visually extracted information in order to address each question posed by the
article. Do the concrete task and visual encoding require observers to make (1) comparisons
or (2) inferences? The reader must compare values or distributions when the question
posed by the article requires a relative judgment (e.g., differences of value or conditional
likelihood). Inference occurs when a user is asked to reason about an aspect of the data

that is not directly encoded (e.g., the central tendency of a set of points).
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Frequency of codes

We identified a total of 87 questions that were implied in the 22 articles we analyzed. The
information the reader needed to glean from the visualizations in order to answer these
87 questions could be read directly from the visualization in 60 (69.0%) cases, could be
acquired through ensemble processing in 56 (64.4%) cases, and could be read through shape
perception in 60 (69.0%) cases. This shows that designers often encode relevant information
in multiple different ways (e.g., providing a trend line as well as individual data points).

We observed 19 (21.8%) questions that were primarily about central tendency and 34
(39.1%) questions that were primarily about uncertainty. Only 33 of the questions (37.9%)
were concerned with both central tendency and uncertainty without one clearly dominating
the task. This suggests that judgments about uncertainty in news contexts are often framed
as separate tasks from judgments of central tendency. Empirical evidence in uncertainty
visualization [98}|132}/155,/156] and cognitive science [103}[199] suggests that effective uncer-
tainty visualization should promote the integration of both central tendency and uncertainty
information because otherwise people tend to substitute potentially error prone heuristics
for more nuanced judgments of uncertainty.

Of the 87 questions examined, 64 (73.6%) involved comparisons between individual
data points and/or distributions, and 72 (82.8%) involved inferences about information
not directly encoded in the visualizations. Both comparison and inference seem to be
common cognitive operations required to interpret uncertainty visualizations in the news.
This suggests that when designing and evaluating uncertainty visualizations for a broad
audience, it is not sufficient to simply measure ability of observers to extract directly encoded

values from a given chart.

Selecting a representative uncertainty judgment task

We wanted a task for our experiments that required more sophisticated forms of judgment
than simply reading directly encoded values. We also wanted to choose a task that required
considering both uncertainty and central tendency. We used the results of our coding to

identify a concrete question from a visualization and article originally presented by the NYT:
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“How not to be misled by the jobs report” [99]@ In our adaptation of this task (Fig. ,
participants decide which of two underlying trends, growth or no growth in the job market,
is more likely to have produced an observed sample of job growth numbers. The choice
between trends requires the participant to consider how variance due to sampling error
impacts samples of hypothetical jobs numbers. The participant must visually extract the
trend in a hypothetical sample of jobs numbers through either ensemble processing or shape
perception. Then, considering the central tendency and variance of the two possible trends
based on uncertainty visualizations, participants make inferences about the likelihood of
a given sample under each trend. Thus, our task entails reasoning spanning all of our
distinctions except for the direct reading of individually encoded values.

The task we selected is representative not only of how uncertainty visualization is used
in the news but of tasks that are implicated in statistical literacy. By asking participants to
make inferences from samples of noisy data, our task engages core statistical competencies.
In order to understand applications of statistics in science, people must recognize that
samples may not always resemble the model or population from which they are produced [62,
65]. In our task and in public-facing presentations of statistics (e.g., election models), there
are components of variance in sampling which are accounted for by underlying trends (signal)
and components of variance which are due to sampling error and other random processes
(noise). The ability to recognize and parse these sources of variance is implicated in our

task and is important to the comprehension of statistics |62,/65].

3.3 Experiment 1

Experiment 1 mirrors the visualization design and data interpretation context of the NYT
article “How not to be misled by the jobs report” [99]. We evaluate how well HOPs facilitate
well-calibrated visual inferences about the underlying trend in noisy data compared to a
more conventional encoding of uncertainty—error bars. We choose error bars as the control
visualization for this task because (1) they are a common static encoding of uncertainty and

(2) they can be used to add uncertainty information to the bar encoding used in the NYT,

“https://www.nytimes.com/2014/05/02/upshot/how-not-to-be-misled-by-the-jobs-report.html
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Q: Given the data on the chart, Latest Jobs Data Latest Jobs Data
which headline would you assign? Show No Growth Show Growth Trend

How confident are you in your answer?
50% 100%

Figure 3.3: A depiction of the task interface used in our studies (stimuli for Experiment
1 are shown). The chart that participants judge on the current trial is on the left side
of the display. The reference uncertainty visualizations for the “no growth” and “growth”
trends are on the right side of the display. Underneath the uncertainty visualizations, the
participant uses radio buttons to indicate which trend is more likely and the slider to rate
their confidence.

enabling a controlled comparison that remains faithful to the original presentation.

3.3.1 Methods

In a crowdsourced experiment on Mechanical Turk, we ask participants to discriminate
which of two possible underlying trends is more likely to have produced hypothetical samples
of jobs added to the economy each month of a simulated year (Fig.|3.3). Thus, we embed
the visualizations from the NYT into a traditional two-alternative forced choice (2AFC)
experiment, styled after traditional methods in psychophysics .

Procedure

Upon accepting the Human Intelligence Task (HIT), participants were redirected to a web
page containing instructions on the task. Participants were told they would play the role
of a newspaper editor who is presented with a bar chart of jobs added to the economy
each month of a simulated year and asked decide on a headline about the growth trend
in the job market for that year (Fig. . On each trial, the participant made a 2AFC
judgment (“growth” or “no growth”) about one bar chart and provided a rating of their
confidence in this judgment on a scale of 50 (random guess) to 100 (absolutely certain).
Each participant completed a block of 60 trials using error bars as a reference for the task

and another block of 60 trials with HOPs, where the order of the visualization conditions
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was counterbalanced across observers. At the end of 120 trials, each participant completed
a brief demographic survey, including questions about familiarity with statistics and with
the specific visualizations shown in the task. The HIT carried a reward of $8 ($29.32 per

hour on average).

Measures and hypotheses

Our dependent measures are parameter estimates derived from psychometric functions (PF's,
Fig. and a related approach for modeling confidence data. These are models of forced-
choice behavior based on signal detection theory (SDT, see Section 2.3.1, Fig. .

Psychometric Functions (PFs). For each participant’s 2AFC responses under each
visualization condition, we fit a PF |121] estimating two parameters: (1) the JND, which is
the level of evidence at which the participant is expected to perform with mean accuracy
on the task; and (2) the spread of the PF, which describes the noise in the participant’s
perception of evidence in the task (Fig. |[3.5). We predicted that when uncertainty due
to sampling error was visualized using HOPs, as compared to error bars, subjects would
have smaller estimated JNDs on average, indicating that observers require less evidence to
distinguish the trend underlying a noisy sample. We also predicted that users would have
smaller estimated PF spreads, indicating that they find stimuli ambiguous across a narrower
range of evidence.
Confidence Fitness. Existing approaches to confidence analysis in uncertainty visualiza-
tion evaluation tend to either assume that more confidence is better (e.g., [19]) or analyze
the correlation between confidence and accuracy over a set of judgments (e.g., [39]). How-
ever, both approaches may be inadequate to deal with the complexity of confidence as a
construct; for example, research in judgment and decision making describes how confidence
reporting is often noisy and may not adhere to the laws of probability [150]. To overcome
these limitations, we adapt an approach from psychophysics [171] which explicitly models
the noise in an observer’s confidence reporting process.

Confidence fitness can be interpreted as an estimate of the degree to which confidence

ratings are coherent with a probabilistic interpretation. The model is based on SDT [73]
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and assumes that confidence ratings from the ideal observer should reflect the accuracy
of their judgments at the given level of evidence [171]. To estimate a ground truth for
confidence, we simulated many trials for each observer based on their PF. We estimate the
ideal confidence of an observer as the accuracy of these simulated noisy judgments at each
level of evidence. Confidence fitness is a latent parameter of the model ranging from 0 to
1 which estimates the degree to which actual confidence reporting is random or ideal. We

had no strong a priori predictions about confidence fitness.

Stimuli and trial generation

Stimuli, Units of Evidence, and Task Difficulty. The PF fitting process requires a
single measure of stimulus intensity which approximates the difficulty of the judgment task
for each stimulus. Stimulus intensity is used as a ground truth to determine whether or not
judgments are correct. In our task, the intensity measure should quantify the strength of the
evidence in favor of a growth or no growth interpretation of a given sample of jobs numbers.
We calculate the intensity based the probability of each possible trend having produced the
sample of jobs numbers. For any given stimulus (set of hypothetical job numbers), strength
of evidence is the log likelihood ratio describing the relative likelihood that the stimulus
was produced by the no growth or growth trend in the job market (Fig. . This produces
a log-linear intensity scale where positive values represent evidence in favor of no growth
(e.g., bottom row of Fig. , negative values represent evidence in favor of growth (e.g.,
top row of Fig. , and zero is the point of maximum uncertainty. Because our measure
of intensity should be consistent whether the evidence more strongly favors the growth or

the no-growth trend, we take the absolute value of this log likelihood ratio.

PI"(D | HnoGrowth)
Pr(D|egmwth)

evidence =| log;(

Here, D is a given set of job growth numbers, 0,,,Grouwn i @ trend in which the jobs added
each month are normally distributed about 150k with a standard deviation (SD) of 95k,
and 00w is a trend in which there is a linear increase of 15k jobs per month from 150k

in January to 350k in December, with a SD of 95k jobs each month (Fig. right side).
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Figure 3.4: Example stimuli judged by participants in our task. Scan across the figure to
get a concrete sense of how our units of evidence translate into the appearance of a stimulus.
Units of evidence are the log ratio of the probability that each stimulus was produced by
the growth vs no growth trends, given shared variability due to sampling error. We take
the absolute value of the log likelihood ratio so that units of evidence have the same sign
regardless of which trend produced the stimulus.

For both trends, we matched the mean job growth for each month to the NYT article .
However, we differed from the NYT article by using a SD of 95k jobs instead of 55k. We
chose this SD to guarantee that there were many visually distinct stimuli to sample for

which the underlying trend was ambiguous.

Staircase Sampling Procedure. A major challenge in obtaining valid PF fits is making
sure that the observer completes enough trials at stimulus intensities which are ambiguous.
Choosing stimuli which the participant can judge correctly, but which are not easy, reduces
the uncertainty in the fitting process . However, the researcher must not present too
many trials, otherwise issues of participant attrition and fatigue arise. Adaptive sampling
procedures are the best solution to this problem. These algorithms sample stimuli at levels
of evidence which are ambiguous but not uninformative based on the participant’s past
performance. We used a three-down, one-up staircase (suggested in [64]) in which the level
of evidence was incremented (i.e., made easier) by 3 absolute log likelihood ratio units each
time the participant guessed wrong, and the level of evidence was decremented (i.e., made
harder) every third time the participant was correct. In order to avoid autocorrelation
in performance resulting from participants noticing the sampling procedure, we randomly
interleaved 25 trials each from two different staircases (suggested in [38]) as well as 10 gold
standard trials at an absolute log likelihood ratio of 9 (very easy). The two staircases

differed only in their decrementing step sizes of 2.22 and 1.65 absolute log likelihood ratio
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units, respectively. Step sizes were chosen based on pilot data and recommendations from
simulation studies on how to create staircases with stable convergence [64] and how to
sample in order to minimize uncertainty in the parameter estimates from PFs [177]. These

staircases promoted meaningful PF fits in a minimal number of trials.

Uncertainty Visualizations. In our task, participants use different uncertainty visualiza-
tions as a reference showing the no growth and growth trends (Fig. right side). HOPs
were generated by repeatedly sampling 12-month sets of jobs added to the economy from
each underlying trend, plotting these numbers in bar charts, and animating transitions be-
tween frames. Animated transitions between bar values were 500 ms in duration with a 10
ms delay between each bar and a frame rate of 45 hz. Each sample was displayed for 1500
ms in between the animated transitions. Animation parameters followed those used by the

NYT. We used a cubic easing function for animated transitions, consistent with the NYT.

Participants

We recruited 62 MTurk Masters workers, each located in the United States and with a
HIT approval greater than 95%, to participate in the study. A power analysis on pilot
data suggested our target sample size should be 50 within-subjects comparisons of HOPs
and error bars, where each participant completes a block of 60 trials for each visualization
condition and the condition order is counterbalanced across participants. To achieve this,
we iteratively sampled small batches of participants (n < 10), alternating the starting
visualization condition, and applying a set of a priori exclusion criteria to the data collected.
This was procedure was repeated until we had 50 participants in our sample after exclusions,
and condition order was counterbalanced across participants. During the iterative sampling
procedure (see Preregistratiorﬂ), one participant was excluded due to exceptionally poor
performance, and five participants were excluded from analysis due to poorly converging
psychometric function fits. We accidentally collected six participants more than intended,

so six participants were chosen at random and excluded from analysis thereafter.

Phttps://osf.i0/975us/register/5771ca429ad5a1020de2872e
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Figure 3.5: An illustration of the psychometric function with relevant parameters.

Analysis approach

Psychometric Function Estimation. We used a maximum likelihood optimization al-
gorithm to fit a cumulative Gaussian distribution to model accuracy as a function of the
level of evidence presented in each stimulus (Fig. . Recall that evidence is the degree to
which the data in a stimulus informs the forced choice between the two possible underlying
trends of growth and no growth. The lower asymptote of this cumulative Gaussian was
set to a guess rate of 0.5 (Fig. lower left), which would be achieved in theory if the
participant guessed on each trial. The upper asymptote of the cumulative Gaussian was
set to one minus a lapse rate (Fig. upper right), the base rate of stimulus-independent
errors due to lapses of attention. Following recommendations from a simulation study on
PF fitting [214], we estimate lapse rate as a constrained free parameter between 0 and 0.06
in order to reduce bias in other parameter estimates. The level of evidence corresponding to
the mean of the fitted cumulative Gaussian is the JND (Fig. lower right). The standard
deviation of the cumulative Gaussian is the spread parameter of the PF (Fig. 3.5, middle
right). Per SDT (Fig. , the spread parameter represents noise in perception of the level
of evidence, where PFs with greater spreads indicate that the trend in the jobs report is

ambiguous across a larger range of evidence.

Confidence Fitness Estimation. We used maximum likelihood estimation to find an
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Figure 3.6: Estimated regression coefficients for mixed-effects linear models of each psy-
chophysical response variable in Experiment 1 (intercept coefficient omitted for space).
Dots represent estimated effects, and lines represent 95% Cls.

optimal value of confidence fitness for each PF. This algorithm was transcribed from Sanders
et al. [171]. We provide a detailed description of the confidence fitness algorithm and our
implementation in Supplemental Materials.

Statistical Inference. We used mixed-effects linear models in lme4 for R to estimate each
response variable (i.e., JND, PF spread, and confidence fitness) as a function of fixed effects
of visualization condition and condition order and a random intercept effect of participant.
Further, we believed that an interaction between visualization condition and condition order
would explain variance in parameter estimates due to practice or learning. Following the
procedure in our preregistered analysis planﬁ, for each measure we used ANOVA to compare
model residuals with and without the interaction between visualization condition and con-
dition order, and we chose the most parsimonious mixed-effects model which still minimized

the variance of residuals. We provide analysis scripts and data in a project repositoryﬂ

3.3.2  Results and discussion

We report results separately for each of our metrics of interest, JNDs, PF spreads, and
confidence fitness.

Just-noticeable differences (JNDs)

We modeled fixed effects for visualization condition and condition order and a random

intercept term to account for individual differences, as described above. We did not include

https://osf.i0/975us/register/5771ca429ad5a1020de2872e

"https://github.com/kalealex/jobs-report-hops


https://osf.io/975us/register/5771ca429ad5a1020de2872e
https://github.com/kalealex/jobs-report-hops

38

the interaction between visualization and starting condition in our model of JNDs because

including the interaction did not reduce residual variance.

We found that JNDs were lower in the HOPs condition (Fig. left) than in the error
bars condition (Est = -0.68; 95% CI: [-1.19, -0.14]; ¢ = —2.49; p = 0.02). The second
column of Figure illustrates an effect of roughly this size. This effect suggested that
on average when participants used HOPs rather than error bars they required less evidence
about the underlying trend in a noisy time series to achieve mean accuracy (around 75%).
Put differently, participants could successfully discriminate the underlying trend in the job

market for more ambiguous stimuli when using HOPs.

Psychometric function spreads

We modeled visualization condition, condition order, and their interaction as fixed effects
and a random intercept for individual differences. We found no reliable differences in PF
spread estimates between visualization conditions (Fig. |3.6, middle). However, PF spread
estimates were lower among participants who started in the HOPs condition (Est = -1.00;
95% CI: [-1.91, -0.09]; t = —2.12; p = 0.04) compared to participants who started with error
bars. Recall that narrower PF spreads indicate less noise in the perception of evidence.
We speculate that participants may have developed mental representations for the the two
possible growth trends during the first block of trials and relied on the uncertainty visual-
izations less in later trials. There was also an interaction between visualization condition
and starting condition (Est = 1.46; 95% CI: [0.34, 2.58]; t = 2.54; p = 0.01), indicating a
learning or practice effect. Regardless of the visualization condition under which data was
collected, PF spread estimates tended to be larger in the first block of trials than in the
second block. We speculate that participants became more sensitive to evidence in the task
with practice.

Although we intentionally avoided the use of practice trials or feedback in order to test
the behavior of untrained observers, it seems that practice or learning introduced differences
across blocks which were not necessarily related to visualization condition. While the effect

of starting condition on users’ sensitivity to evidence could mean that HOPs facilitate
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superior learning about sampling error, this effect could also be explained as an artifact of
testing visualizations within-subjects and keeping the task consistent across blocks. The
ambiguity of this result points to considerations about experimental design in visualization
evaluation. If the goal of the experiment is to measure learning, a longitudinal experiment
which employs practice trials to control for practice effects is ideal. In studies like ours where
the goal is to measure visualization effectiveness, future experiments in this paradigm should
employ a between-subjects design, as we do in Experiment 2, in order to mitigate ambiguity

about which visualization condition is informing a user’s mental representation of the task.

Confidence fitness

We modeled fixed effects of visualization and condition order and a random intercept for
individual differences. We did not model the interaction of visualization and starting con-
dition. Although confidence fitness within individuals was seldom consistent across blocks
(see Supplemental Materials), we found no reliable effect of visualization or condition order

on confidence fitness (Fig. right).

Since the results of the confidence fitness analysis were inconclusive and difficult to
interpret, we conducted a more conventional exploratory analysis on confidence reporting.
We used a mixed-effects linear model on trial-level data to estimate reported confidence
based on fixed effects of visualization, starting condition, and their interaction as well as
fixed effects of the level of evidence conveyed in each stimulus, whether or not a participant’s
answer was correct, and their interaction. We also included a random intercept effect of
participant.

This model (Fig. [3.7]) showed a small effect of visualization condition (Est = 1.62; 95%
CI: [0.80, 2.43]; t = 3.90; p < 0.001) such that users report slightly higher confidence
on average when using HOPs. There was also an interaction between visualization and
condition order (Est = -1.33; 95% CI: [-2.48, -0.18]; t = —2.28; p = 0.02). Simple effects
showed that users were more confident on average when they used HOPs in the second
block than in any other combination of visualization or block order. More than practice

or learning, visualization condition seemed to play a role in confidence reporting, although
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Figure 3.7: Estimated regression coefficients for our exploratory mixed-effects linear model
of confidence reports in Experiment 1 (intercept coefficient omitted for space). Dots repre-
sent estimated effects, and lines represent 95% Cls.

these effects are of doubtful practical significance. Looking at trial-level predictors, we
found that users were slightly more confident on average when they answered correctly (Est
= 1.93; 95% CI: [0.33, 3.52]; t = 2.37; p = 0.02). We also found an interaction between
correctness and the level of evidence presented in a stimulus (Est = 1.73; 95% CI: [1.36,
2.09]; t = 9.25; p < 0.001). Confidence increased with increasing evidence for trials where
the user was correct, but confidence decreased with increasing evidence for trials where
the user was incorrect. Sanders et al. [171] found that this interaction was predicted by
the estimates of expected confidence produced by their confidence modeling. However, we
failed to replicate this finding. The expected confidence ratings produced by our model of

confidence fitness failed to predict reported confidence very Wellﬁ

3.4 Experiment 2

In experiment 1 we find that participants are more sensitive to the trend underlying sam-
ples from a noisy time series when using HOPs rather than error bars. However, in light
of prior work demonstrating that people struggle to interpret error bars [16,39,86] and
that bar encodings induce biased judgments of probability [148], this result is not entirely
surprising. How might these results differ if we compare HOPs to a more effective static

visualization than error bars and remove the influence of the within-the-bar bias from our

8See Supplemental Materials for more information on the confidence fitness analysis. https://github.
com/kalealex/jobs-report-hops
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visual encodings? Also, the differences between HOPs and error bars inferred from the
results of experiment 1 conflate the effect of animated vs static encodings with the effect
of discrete sampling vs summary statistical representations of probability. In experiment 2,
our primary aim is to use the evaluation framework we developed to isolate the effect of
animated vs static encodings of uncertainty. Thus, we use a similar study design to compare
HOPs composed of lines (instead of bars) to static line ensembles (Fig. middle right).
We choose line ensembles as our control condition because they use a frequency representa-
tion of uncertainty which is superior to error bars, and they aggregate the discrete samples

shown in HOPs into one static view.

3.4.1 Methods

With the exception of the following changes, the methods used in our second experiment

were identical to the methods used in the first.

Uncertainty Visualizations

We tested three uncertainty visualization conditions in our second experiment. Two of these
were HOPs with lines instead of bars (Fig. right). We test two HOPs conditions to
examine whether the benefits of HOPs persist at very high frame rates where the participant
cannot process individual samples. The fast HOPs condition displayed each sample for only
100 ms in order to test the limits of visual ensemble processing. The reqular HOPs condition
displayed each sample for 400 ms, matching the presentation rate chosen by Hullman et
al. [98]. Recall that HOPs in Experiment 1 displayed each frame for 1500 ms, following
the visualization design of the NYT. In contrast, the faster frame rate of the regular HOPs
condition in Experiment 2 reflects our study team’s preferred animation parameters.

The static visualization condition in our second experiment was a line ensemble (Fig.|3.2
middle right). The line ensemble visualizations displayed the same samples as HOPs using
the same line encoding, but lines were aggregated into one static view. We chose to use
50 lines per ensemble with representative sampling from each month in order to maintain

the perception of a discrete representation of uncertainty. We did not match the lines per
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ensemble to the lines shown across all frames of the HOPs because we cannot know which
lines users attended to in the HOPs condition. By comparing HOPs to line ensembles we in-
vestigate the impact of animating vs aggregating discrete sampling-oriented representations

of uncertainty.

Ezxperimental design

We tested visualization conditions between-subjects, whereas visualization condition was a
within-subjects comparison in Experiment 1. We changed to a between-subjects comparison
in order to avoid ambiguity about which visualization condition was informing participants’
mental representation of the two possible underlying trends. Just like the first experiment,
each participant completed two blocks of 60 trials under the same sampling procedure as
before. However, in Experiment 2 both blocks of trials were completed under one visual-
ization condition. Thus, we sampled twice the number of trials per PF fit in the second
experiment as we did in the first. We chose to sample 120 trials per PF in order to improve
the quality of our JND and PF spread estimates and reduce the role of sampling error in

our results.

Analysis approach

We used the same maximum likelihood estimation procedures as in Experiment 1. For
statistical inferences on JNDs, PF spreads, and confidence fitness, we used a linear model
with visualization condition as a predictor. For Experiment 2, we preregisteredﬂ a secondary
analysis of confidence reporting on each trial, similar to the exploratory analysis in our first
experiment. We used a mixed-effects linear model of reported confidence with fixed effects
of visualization condition, level of evidence in the stimulus, whether or not the participant
answered correctly, and the interaction between evidence and correctness. We also included

a random effect for individual differences.

“https://osf.io/gwdcj/register/5771cad29ad5a1020de2872e
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Figure 3.8: Estimated regression coefficients for mixed-effects linear models of each psy-
chophysical response variable in Experiment 2 (intercept coefficient omitted for space).
Dots represent estimated effects, and lines represent 95% Cls.

3.4.2  Results and discussion

Again, we report results separately for JNDs, PF spreads, and confidence fitness.

Just-noticeable differences (JNDs)

We found that JNDs were lower in the regular HOPs condition (Fig. left) than in
the line ensembles condition (Est = -1.22; 95% CI: [-2.18, -0.26]; t = —2.52; p = 0.01).
This suggested that animating hypothetical outcomes across frames instead of aggregating
them into one static view facilitated correct judgments of the underlying trend in samples
conveying a lower level of evidence. JNDs were also lower for participants who used fast
HOPs rather than line ensembles (Est = -0.74; 95% CI: [-1.69, 0.22]; t = —1.52; p = 0.13).
However, this effect was small and unreliable. When the frame rate of HOPs was faster, gains
in performance were attenuated. Most individual JND estimates were in approximately the
same range regardless of visualization condition. The effects we found were largely driven by
a subset of individuals, mostly in the line ensembles condition, who showed little sensitivity
on the task (JNDs > 9 absolute log likelihood units). It seems that animating hypothetical
outcomes at a particular frame rate leads to more consistent levels of sensitivity across

observers in judging samples from a noisy time series.

Psychometric function spreads

In line with the results from our first experiment, we found that visualization condition did

not seem to impact PF spreads. On average, spread estimates were not reliably different
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Figure 3.9: Estimated regression coefficients for our mixed-effects linear model of confidence
reports in Experiment 2 (intercept coefficient omitted for space). Dots represent estimated
effects, and lines represent 95% Cls.

for participants in the regular HOPs, fast HOPs, and line ensemble conditions (Fig. (3.8
middle).

Confidence fitness

Confidence fitness was not reliably different across visualization conditions (Fig. right).
We speculate that animation of hypothetical outcomes, compared to a static depiction of
the same outcomes, may have little distorting effect on the efficacy of confidence monitoring.

We ran a mixed-effects linear model on confidence reporting data (Fig. similar to the
exploratory analysis in Experiment 1. On average participants reported lower confidence in
the fast HOPs condition than in the line ensembles condition (Est = -2.94; 95% CI: [-5.70,
-0.17]; t = —2.07; p = 0.04). Participants in the regular HOPs condition also reported lower
confidence on average (Est = -2.34; 95% CI: [-5.09, 0.44]; t = —1.64; p = 0.10), although
this effect was not reliable. These results were in contrast with those of Experiment 1, in
which participants reported slightly higher confidence on average when using HOPs rather
than error bars. This apparent reversal of effect may have occurred because line ensembles
establish a higher baseline for confidence than error bars, but it could also be noise.

Our findings regarding trial-level predictors were consistent with those of the first exper-
iment. We found that participants were more confident on trials where they were correct
(Est = 1.96; 95% CI: [1.04, 2.88]; t = 4.18; p < 0.001) and that there was an interaction
between correctness and the level of evidence presented (Est = 1.34; 95% CI: [1.15, 1.53];

t = 13.77; p < 0.001). We also found a minuscule effect of the level of evidence in a stim-
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ulus on confidence (Est = 0.19; 95% CI: [0.01, 0.37]; t = 2.04; p = 0.04). Similar to our
first experiment, our raw confidence data followed the predictions of Sanders et al. [171],
who created the confidence fitness algorithm. Their model predicted that the relationship
between confidence reporting and the level of evidence presented in a stimulus is modulated
by correctness of participant responses. However, our implementation did not produce this

predictive behavior (see Supplemental Materials).

3.5 Discussion and future work

In Experiment 1, we find that users are more sensitive to the underlying trend in samples
from a noisy time series when using HOPs rather than error bars as a reference for what no
growth versus growth in the jobs report could look like. This suggests that sampling-oriented
presentations of uncertainty lead to better calibrated visual inferences about underlying
trends in noisy data than summary statistical representations of uncertainty. This finding
is consistent with the literature on frequency presentations of probability [69} 70,85, 87],
sampling-oriented uncertainty visualizations [56,97,98,/115,132|, and the ensemble processing
abilities of the human visual system [2,3,81,92,129]. Our first experiment extends this line
of inquiry by (1) applying vision science methodology to uncertainty visualization evaluation
and (2) addressing the question of whether HOPs can improve sensitivity to uncertainty
information in the public domain.

In Experiment 2, we isolate the effect of animation on user perceptions of probability.
We compare HOPs, at two different frame rates, showing hypothetical sets of 12 outcomes as
lines to static line ensembles, which show the same samples using the same line encoding but
aggregated into one static display. We find that participants in the regular HOPs condition
(400 ms per sample) are more consistently sensitive to the underlying trend in samples from
a noisy time series than participants in the line ensembles condition. However, this effect is
attenuated for fast HOPs (100 ms per sample). Perhaps, the ability of the visual system to
automatically process ensembles breaks down beyond a certain frequency. Future work in
information visualization and vision science should systematically test ensemble processing
abilities across a more granular set of frame rates to try to pinpoint the limitations of the

visual system in processing this kind of display.
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Our analyses of confidence fitness suggest that the efficacy of participants’ confidence
monitoring was not systematically impacted by visualization conditions. Confidence fitness
is a unitless latent parameter of a model describing the degree to which reported confidence
matches predictions from a Monte Carlo simulation based on signal detection theory. As

such, it is difficult to interpret the practical significance of these null resultsm

8.5.1 Limaitations

Confidence fitness. Confidence as a construct is difficult to interpret. Confidence fit-
ness contextualizes confidence reporting data in comparison to a theoretical ground truth,
quantifying the degree to which confidence reporting fits a particular statistical definition.
In principle, this tells us whether reported levels of confidence are warranted based on the
presented evidence and the perceptual sensitivity of the user. However, we find that the
algorithm does not consistently predict reported confidence, and this suggests that there
may be wrong assumptions in the model (see Supplemental Materials). Future work should
investigate these assumptions in search of better models to establish a ground truth for
confidence. Alternatively, perhaps a normative account of confidence, which assumes that
confidence means the same thing to participants and researchers, is not appropriate consid-
ering the intersubjectivity of confidence reporting.
Psychometric functions. A typical approach when using psychometric functions (PFs,
Fig. to model forced-choices is to estimate JNDs and use statistical inference to detect
shifts in the sensitivity of participants’ perceptions under different conditions, quantified as
differences in JNDs. In doing this, we fit a descriptive model but throw out all information
other than a point estimate in the process of statistical inference.

Although, we can leverage other aspects of the PF for inference. We did this by examin-
ing often ignored PF spreads, which represent noise in the perception of evidence. Judging
by the null effects of visualization on PF spreads in this study, one might think they are an

insensitive measure of visualization effectiveness. However, the change in PF spreads over

10Tn retrospect, it’s likely that this study was not designed with high statistical power to detect interface
effects on confidence fitness, considering we had no a priori expectations about how these visualizations
would impact confidence fitness as a construct.
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time within an individual measures of how quickly people learn a task on a given interface.
Since our experiments were not designed to measure such a learning effect, this remains a
promising direction for future work. We also demonstrated how estimates of the PF spread
can be leveraged, along with signal detection theory (Fig. , to bootstrap estimates of
expected confidence reporting |171].

The core problem with the traditional use of JNDs is that PF fitting and statistical infer-
ence are relegated to separate computational models. In future work, we intend to rethink
perceptual modeling using PFs and incorporate the entire procedure into a hierarchical

Bayesian modeling approach [143]@

3.5.2  Design guidelines

Our findings imply that uncertainty visualizations in public-facing venues such as the news
have a measurable impact on perceptions of uncertainty. Designers of uncertainty visual-
izations for public audiences have a responsibility to use uncertainty representations which
promote accurate perceptions of probability.

HOPs and other sampling-oriented displays are particularly helpful when understanding
the process that produced data is critical. In such cases, summary statistical encodings
like error bars conceal important information about variability behind opaque statistical
constructs like standard error [16,39,/43,86]. In contrast, showing discrete outcomes from
the process which produced the data offers a more interpretable rendering of uncertainty [56),
69,(70,87,197,98,115], especially when viewers are unlikely to have statistical training.

The trade-off between static sampling-oriented visualizations and HOPs is mostly a
question of how these techniques interact with the affordances of the visual system. In the
case of static sampling-oriented visualizations, designers should consider whether displaying
too many outcomes in one view will disrupt the perception of discrete outcomes, resulting
in a density encoding rather than the intended frequency encoding. Density encodings
for uncertainty are interpreted less consistently than frequency encodings because they

describe probability in the abstract rather than showing users an experiential representation

1YWe take this hierarchical modeling approach in the analysis of incentivized decisions in Chapter 4.
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of uncertainty [97,/98,/115]. Displaying too many outcomes in one view also might lead to
the problem of crowding, the inability of the visual system to generate accurate percepts of
cluttered scenes [3]. In the case of HOPs, designers should consider whether the audience will
allocate the necessary attention to integrate outcomes over time. Additionally, the designer
should choose a frame rate for HOPs which is not so fast that the viewer cannot process
individual observations and not so slow that the viewer becomes impatient. Interestingly,
we and colleagues in our lab independently chose a similar frame rate to the one tested
in prior work on HOPs [98], 400 ms per sample. Future work should examine a range of
possible parameters and empirically establish the optimal design for HOPs.

Although communicating uncertainty is recommended in order to emphasize that out-
comes may not always resemble their expected value [62}65], in some cases uncertainty
visualizations may not be well-matched to the intended task. If uncertainty is unlikely to
aid interpretation (e.g., when reading a point estimate), a direct encoding of central ten-
dency might be preferred. Prior work shows that HOPs are inferior to point estimates with
error bars or violin plots if the task is to estimate central tendency of highly variable out-
comes [98]. In some scenarios involving decision making, communicating the uncertainty in
the process which produced the data might introduce confusion, anxiety, or indecision [131].
However, failing to show uncertainty may lead to a false sense of security in visualized out-
comes [5/182]. Designers should consider the needs and background of their audience in

order to determine how and whether or not to visualize uncertainty.
3.6 Summary

In this Chapter, I present a study demonstrating that animated, sampling-oriented un-
certainty visualizations (a.k.a. hypotherical outcome plots, HOPs [98]) support better-
calibrated visual inferences among untrained laypeople than more conventional, static un-
certainty representations. The task scenario in this study was based on judgments people
might make when encountering uncertainty visualizations in the news. It required users
to integrate information about the central tendency and variance of distributions to make
inferences about the likelihood of samples, a realistic and complex judgment incorporating

statistical competencies implicated in many news articles presenting uncertainty informa-



49

tion. Specifically, performance on this task reflects the ability to infer the underlying data
generating process (DGP) in noisy samples of data, a task that I try to support through
the tool-building work presented in Chapter 6.
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Chapter 4

VISUAL REASONING STRATEGIES
FOR EFFECT SIZE JUDGMENTS AND DECISIONS

The second cognitive mechanism I highlight in my dissertation is actually a set of cog-
nitive processes called heuristics or shortcuts for thinking whereby a person substitutes a
simple judgment for a more complex or intractable one, often in a goal directed way. In this
Chapter, I present an experiment where the study teamE] and I investigated how visualiza-
tion design choices impact the heuristics that laypeople use to make incentivized decisions
with charts. This work [109] was published at IEEE VIS, where it won the 2020 InfoVis

Best Paper Award.

4.1 Heuristics in uncertainty visualization mis)interpretation

Many visualization authors perceive visualizing uncertainty as an exception, rather than a
norm [94]. However, the common practice of omitting uncertainty information from visual-
izations and focusing attention on point estimates leads to “incredible certitude” [142], the
unwarranted impression that error is minimal or not important. To enable informed judg-
ments and decisions, experts commonly suggest showing uncertainty information alongside
point estimates, e.g., by showing intervals in which estimates could fall [44,45\|141}/192].
However, presenting uncertainty alongside point estimates may not lead users to incor-
porate uncertainty information into their judgments. A large body of work on biases due
to heuristics (e.g., [105,/198,200]) shows that people often avoid or discount uncertainty
information. This suggests that chart users may ignore uncertainty in favor of means even
when both are presented [98]. We might call this behavior satisficing [178]—opting for a
suboptimal strategy when better strategies are available—to the extent that uncertainty

information is essential for making the judgment at hand.

!The original study team for this work was me, Matthew Kay, and Jessica Hullman.
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Figure 4.1: Visualization designs evaluated in our experiment.

Different visualization design choices make the mean more or less salient. Imagine a
continuum of uncertainty visualization designs representing how perceptually difficult it
is to decode the mean from a chart. At one extreme are hypothetical outcome plots or
HOPs , where the mean is only encoded implicitly as the average of a set of outcomes
presented across frames of an animation. At the other extreme are direct encodings of point
estimates presented alongside uncertainty (e.g., represented as error bars). We expect that
the salience of the mean in uncertainty visualization designs and other factors such as

frequency-framing of probability 115| influence the degree to which users focus

on means and ignore uncertainty.

How might chart users who focus on means judge effect size, the effectiveness of an
intervention such as a medical treatment or policy? Imagine a user viewing visualizations
like those in Figure showing distributions of outcomes predicted under two alternative
courses of action. Discounting uncertainty may manifest as using distance between means
or gist estimates of distance between distributions as a proxy for effect size and not judging
distance relative to the width of distributions. Using only distance as a proxy for effect
size may be misleading (Fig. because the distance between distributions depends on
a number of factors, including the variance of distributions and the visualization author’s
choice of axis scale as noted by previous work ,,.

We investigate a scenario where distance heuristics lead to a predictable pattern of bias
in order to measure how different visualization designs impact users’ reliance on distance

as a proxy for effect size. Users are shown charts depicting various effects on a fixed axis
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Figure 4.2: Intervals with means showing two levels of effect size (72% and 95% probability
of superiority, Pr(S)) at low and high variance. Using visual distance between means as a
proxy for effect size should result in greater bias toward underestimating effect size at lower
variance than at higher variance.

(Fig. [4.2)) such that when distributions have lower variance, visual distance between means
is small regardless of effect size, but distances correspond to effect size more consistently at
higher variance. In this scenario, we expect that adding means to uncertainty visualizations

leads users to underestimate effect size at lower variance. Conversely, adding means may

reduce this underestimation bias at higher variance.

We contribute a pre-registered experiment on Mechanical Turk investigating how uncer-
tainty visualization design impacts lay users’ judgments and decisions from effect size. We
find that visualization designs which support magnitude estimation are not necessarily best
suited as decision aids. Quantile dotplots lead to the least bias in magnitude estimation,
but other visualizations lead to the least bias in decision making, such as intervals without
means when there was high variance. On a fixed axis scale, densities without means support
unbiased decisions at lower variance, and users show substantial bias with all visualizations
at higher variance. Visualization effectiveness for decision making depends on the level
of variance in data relative to the axis scale. Adding means has a negligible impact on

magnitude estimation, but in most cases it leads to less utility-optimal decisions.

In a qualitative analysis of users’ strategy descriptions, we find that few users apply
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the optimal strategy for reading an uncertainty visualization when one exists. Instead, the
majority of users appear to satisfice |178] by using a small set of heuristics. We find that
the majority of users report relying on visual distance between distributions regardless of
uncertainty information, an observation that is consistent with the biases in our quantitative
results. We also find that many users switch between strategies. This suggests that many
uncertainty visualizations may not be interpreted in ways that researchers and designers
expect, and characterizing possible strategies may lead to design recommendations based

on how users reason in practice.

4.2 Method

We tested how adding means to different uncertainty visualizations impacts users’ estimates

and incentivized decisions from effect size.

4.2.1 Tasks & procedure

Our task was like a fantasy sports game. We showed participants charts comparing the
predicted number of points scored by their team with and without adding a new player
(e.g., Fig. . Participants estimated the effect size of adding the new player and decided
whether or not to pay to add the new player to their team.

Effect size estimation. We asked participants to estimate a measure of effect size called
probability of superiority or common language effect size [144]: “How many times out of
100 do you estimate that your team would score more points with the new player than
without the new player?” We elicited probabilities as “times out of 100” based on literature
in statistical reasoning (e.g., [69,87]) suggesting that people reason more accurately with
probabilities when they are framed as frequencies. Probability of superiority, the percent
of the time that outcomes for one group A exceed outcomes for another group B, is a
proxy for standardized mean difference % [37,/46], the difference between two group
means relative to uncertainty in the estimates. Using synthetic data (see Section 4.2.5), we
evaluated bias in effect size estimates compared to a known ground truth.

Intervention decisions. We also asked participants to make binary decisions indicating

whether they would “Pay for the new player,” or “Keep [their] team without the new player.”
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On each trial, the participant’s goal was to win an award worth $3.17M, and they could pay
$1M to add a player to their team if they thought the new player improved their chances
of winning enough to be worth the cost. There were four possible payouts in each trial:

1. The participant won without paying for a new player (+$3.17M).

2. The participant paid for a new player and won (+$2.17M).

3. They failed to win without paying for a new player ($0).

4. The participant paid for a new player and failed to win (-$1M).
The user could only lose money if they paid for the new playerE| We set up the incentives for
our task so that a risk-neutral chart user should pay for a new player only when effect size
was larger than 74% probability of superiority or Cohen’s d of 0.9, the average effect size
in a recent survey of studies in experimental psychology [176]. This enabled us to evaluate
intervention decisions compared to a utility-optimal standard.
Feedback. At the end of each trial we told users whether or not their team scored enough
points to win an award, using a Monte Carlo simulation to generate a win or loss based on
the participant’s decision. We split feedback into two tables. One showed the change in
account value for the current trial. The other showed cumulative account value and how
this translated into a bonus in real money. By showing probabilistic outcomes, instead of
the expected value of decisions, feedback gave participants a noisy signal of how well they
were doing, mirroring real-world learning conditions for decisions under uncertainty.
Payment. Participants received a guaranteed reward of $1 plus a bonus of $0.08- (account—
$150M ), where $0.08 per $1M was the exchange rate from account value to real dollars,
account was the value of their fantasy sports account at the end of the experiment, and
$150M was a cutoff account value below which they receive no bonus. These values were
carefully chosen to result in bonuses between $0 and $3, such that participants who guessed
randomly and experienced unlucky probabilistic outcomes would receive no bonus, and
participants who responded optimally would be guaranteed a bonus.

User strategies. To supplement our quantitative measures with qualitative descriptions

2In pilot studies, we tested how framing outcomes as winning versus losing awards impacted user behavior
and found that participants had greater preference for intervention when it was described as increasing
the certainty of gains, consistent with prior work by Tversky and Kahneman [106/200].
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of users’ visual reasoning, at the end of each of the two block of trials, we asked users, “How
did you use the charts to complete the task? Please do your best to describe what sorts of

visual properties you looked for and how you used them.”

4.2.2  Formalizing a class of decision problems

Our decision task represents a class of decision problems where one makes a binary decision
about whether or not to invest in an intervention that changes the probability of an all-
or-nothing outcome. For example, this class of problems includes medical decisions about
treatments that may save someone’s life or cure them of a disease, organizational decisions
about hiring personnel to reach a contract deadline, and personal decisions such as paying
for education to seek a promotion. Previous decision making literature examines similar
problems in the context of salting the road in freezing weather [102,/103], voting in presi-
dential elections [213], and willingness to pay for interventions in a fictional scenario [8§].
The key similarity between these decision problems is that their incentive structures imply
a common utility function.

A utility function defines optimal (i.e., utility maximizing [206]) decisions for a risk-
neutral observer, providing a normative benchmark used to measure bias in decision making.
Comparing behavior to a risk-neutral benchmark is a common practice in judgment and
decision making studies [10], often used to measure risk preferences [209] or attitudes that
make a person more or less inclined to take action than they should be based on a cost-
benefit analysis. In the class of decision problems we investigate, the implied utility function
depends on both the amount of money one stands to win or lose (e.g., the value of an award
and the cost of a new player) and the effect size (e.g., the difference in team performance
with versus without a new player).

Let v be the value of an award. Let ¢ be the cost of adding a new player to the team.

The utility-optimal decision rule is to intervene if
v - Pr(award|—player) < v - Pr(award|player) — ¢

where Pr(award|—player) is the probability of winning an award without a new player, and

Pr(award|player) is the probability of winning an award with a new player. Assuming a
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constant ratio between the value of the award and the cost of intervention k£ = %, we express
the decision rule in terms of the difference between the probabilities of winning an award

with versus without a new player:
Pr(award|—player) + % < Pr(award|player)

The threshold level of effect size above which one should intervene depends on the
incentive ratio k and the probability of a payout without intervention Pr(award|—player).
In our study, we fixed the incentives k = 3.17 and the probability of winning an award
without a new player Pr(award|—player) = 0.5 so that users would not have to keep track of
changing incentives, and effect size alone was the signal that users should base decisions onE|
This enabled a controlled evaluation of how users translate visualized effect size into a sense
of utility. By modeling a functional relationship between effect size and utility, we go beyond
prior work which either does not vary the effectiveness of interventions (e.g., [102,/103,213])

or examines only two levels of effect size as a robustness check for statistical tests (e.g., [88]).

4.2.8  FExperimental design

We assigned each user to one of four uncertainty visualization conditions at random, mak-
ing comparisons of uncertainty visualizations between-subjects. On each trial, users made
a probability of superiority estimate and an intervention decision. We asked users to make
repeated judgments for two blocks of 16 trials each. In one block, we showed the users
visualizations with means added, and in the other block there were no means. We coun-
terbalanced the order of these blocks across participants. Each of the 16 trials in a block
showed a unique combination of ground truth effect size (8 levels) and variance of distri-
butions (2 levels), making our manipulations of ground truth, variance, and adding means
all within-subjects. The order of trials in each block was randomized. In the middle of
each block, we inserted an attention check trial, later used to filter participants who did not

attend to the task. Users always saw an attention check at 50% probability of superiority

3In pilot studies, we tried manipulating k and Pr(award|—player) and found that these changes had little

impact on the effectiveness of different uncertainty visualizations for supporting utility-optimal decision
making. In light of prior work showing that Mechanical Turk workers do not respond to changes of
incentives [188], we suspect that these manipulations might have an impact in real-world settings which
is difficult to measure on crowdsourcing platforms.
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with means and at 99.9% without means. Hence, each participant completed 17 trials per

block and 34 trials total.

4.2.4  Uncertainty visualization conditions

We evaluated visualizations intended to span a design space characterized by the visual
salience of the mean, expressiveness of uncertainty representation, and discrete versus con-
tinuous encodings of probability. As described above, we showed four uncertainty visual-
ization formats—intervals, hypothetical outcome plots (HOPs), density plots, and quantile
dotplots—with and without separate (i.e., extrinsic) vertical lines encoding the mean of
each distribution. We expected that adding means would bias effect size estimates toward
discounting uncertainty and that this effect would be most pronounced for uncertainty vi-

sualizations in which the mean is not intrinsically salient.

Intervals. We showed users intervals representing a range containing 95% of the possible
outcomes (Fig. left column). In the absence of a separate mark for the mean, the mean
was not intrinsically encoded, and the user could only find the mean by estimating the
midpoint of the interval. Intervals were not very expressive of probability density since they
only encoded lower and upper bounds on a distribution.

Hypothetical outcome plots (HOPs). We showed users animated sequences of strips
representing 20 quantiles sampled from a distribution of possible outcomes (Fig. left
center column), matching the data shown in quantile dotplots. Animations were rendered
at 2.5 frames per second with no animated transitions (i.e., no tweening or fading) between
frames, looping every 8 seconds. We shuffled the two distributions of 20 quantiles using
a 2-dimensional quasi-random Sobol sequence |181] to minimize the apparent correlation
between distributions. Like intervals, HOPs did not make the mean intrinsically salient, as
means were implicitly encoded as the average position of an ensemble of strips shown over
time. However, HOPs were more expressive of the underlying distribution than intervals
and expressed uncertainty as frequencies of events, so they conveyed an experience-based

sense of probability.

Densities. We showed users continuous probability densities where the height of the
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area marking encoded the probabilities of corresponding possible outcomes on the z-axis
(Fig. right center column). Unlike intervals and HOPs, the mean was explicitly rep-
resented as the point of maximum mark height because distributions were symmetrical, so
means were intrinsically salient. Densities were also the most expressive of the underlying

probability density function among the uncertainty visualizations we tested.

Quantile dotplots. We showed users dotplots where each of 20 dots represented a 5%
chance of a corresponding possible outcome on the z-axis (Fig. right column). Like
densities, because distributions were symmetrical and dots were stacked in bins to express
this symmetry, the mean was explicitly represented as the point of maximum height and

was thus intrinsically salient.

4.2.5 Generating stimuli

We generated synthetic data covering a range of effect size, so there were an equal number
of trials where users should and should not intervene. Recall that 50% corresponded to a
new player who did not improve the team’s performance at all, 100% corresponded to a
definite improvement in performance, and 74% was the utility-optimal decision threshold.
We sampled eight distinct levels of ground truth probability of superiority, four values
between 55% and 74% and four values between 74% and 95%, such that there are an
equal number of trials above and below the utility-optimal decision threshold. Prior work
in perceptual psychology [71},1228] suggests that the brain represents probability on a log
odds scale. For this reason, we converted probabilities into log odds units and sampled
on this logit-transformed scale using linear interpolation between the endpoints of the two
ranges described above. We added two attention checks at probabilities of superiority of
50% and 99.9%, where the decision task should have been very easy, to allow for excluding
participants who were not paying attention.

To derive the visualized distributions from ground truth effect size, we made a set of
assumptions. We assumed equal and independent variances for the distributions with and
without a new player 07, such that o3, = 207, 4m Where 03, 77 was the variance of the

difference between distributions. We tested two levels of variance, setting the standard
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deviation of the difference between distributions o4;7¢ to a low value of 5 or a high value
of 15. These levels produced distributions that looked relatively narrow or wide compared
to the width of the chart, making visual distance between distributions an unreliable cue
for effect size such that at low variance large effect sizes corresponded to distributions that

looked close together.

We determined the distance between distributions, or mean difference jiq;f¢, using the
formula pg;rr = d-o04;5y where d were ground truth values as standardized mean differences
(i.e., Cohen’s d [37,46]). The mean number of points scored without the new player was held
constant fiyithoutr = 100, which corresponded to a 50% chance of winning the award. We
calculated mean for the team with a new player jiyitn = Hwithout + paiff- We rendered our
chart stimuli using the parameters pyith, fwithout, aNd Tream to define the two distributions
on each chart. Holding the chance of winning without a new player constant at 50% (Fig. 4.2
blue distributions) is an experimental control that enables us to compare a user’s preference
for new players across trials using a coin flip gamble as the alternative choice, which is

common in judgment and decision making studies |10].

4.2.6 Modeling

We wanted to measure how much users underestimate effect size in their probability of supe-
riority responses, how much they deviate from a utility-optimal criterion in their decisions,
and how sensitive they are to effect size for the purpose of decision making. To measure
underestimation bias, we fit a linear in log odds model [71}228] to probability of superior-
ity responses, and we derive slopes describing users’ responses as a function of the ground
truth (Fig. |4.3]). To measure bias and sensitivity to effect size in decision making, we fit a
logistic regression to intervention decisions, and we derive points of subjective equality and
just-noticeable differences describing the location and scale of the logistic curve as functions

of effect size (Fig. 4.4)).
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Approach

We used the brms package [29] in R to build Bayesian hierarchical models for each response
variable: probability of superiority estimates and decisions of whether or not to intervene.
We started with simple models and gradually added predictors, checking the predictions
of each model against the empirical distribution of the data. This process of model expan-
sion [61] enabled us to understand the more complex models in terms of how they differ

from simpler ones.

We started with a minimal model, which had the minimum set of predictors required to
answer our research questions, and built toward a mazimal model, which included all the
variables we manipulated in our experiment. We specified the minimal and maximal models

for each response variable in our preregistrationE]

Expanding models gradually helped us determine priors one-at-a-time. Each time we
added a new kind of predictor to the model (e.g., a random intercept per participant), we
honed in on weakly informative priors using prior predictive checks [61]. We centered the
prior for each parameter on a value that reflected no bias in responses. We scaled each
prior to avoid predicting impossible responses and to impose enough regularization to avoid
issues with convergence in model fitting. We documented priors and model expansion in

Supplemental MaterialsE]

“https://osf.io/9kpmb

Shttps://github.com/kalealex/effect-size-jdm
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Linear in log odds model

We use the following model (Wilkinson-Pinheiro-Bates notation [29}[163}[217]) for responses

in the probability of superiority estimation task:

logit(responsep,(g)) ~Normal(u, o)
7 zlogit(truepr(s)) % Means * var * vis x order
+logit(truep,(gy) * vis * trial
+ (logit(truepr(s)) x trial + means * var’worker)
log(o) =logit(truep,(s)) * vis * trial
+means * order

+ (logit(truep,(s)) + trial|worker)

Where responsep,(g) is the user’s probability of superiority response, truep,(g) is the ground
truth probability of superiority, trial is an index of trial order, means is an indicator for
whether or not extrinsic means are present, var is an indicator for low versus high variance,
vis is a dummy variable for uncertainty visualization condition, order is an indicator for
block order, and worker is a unique identifier for each participant used to model random
effects. Note that there are submodels for the mean p and standard deviation o of user

responses.

Motivation. We apply a logit-transformation to both responsep,(s)y and truep,(s), chang-
ing units from probabilities of superiority into log odds, because prior work suggests that
the perception of probability should be modeled as linear in log odds (LLO) [71,228]. We
model effects on both p and o because we noticed in pilot studies that the spread of the
empirical distribution of responses varies as a function of the ground truth, visualization
design, and trial order. However, we are most interested in effects on mean response. The
term logit(truepr(g)) *x means * var * vis x order tells our model that the slope of the LLO
model varies as a joint function of whether or not means were added, the level of variance,
uncertainty visualization, and block order (i.e., all of these factors interacted with each
other). This enables us to answer our core research questions, while controlling for order

effects. The term logit(truepr( 5)) xvis*trial models learning effects, so we isolate the impact
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of uncertainty visualizations. In both submodels, we added within-subjects manipulations

as random effects predictors as much as possible without compromising model convergence.

Logistic regression

We use this model to make inferences about intervention decisions:

intervene ~Bernoulli(p)
logit(p) =evidence * means * var * vis * order
+evidence * vis x trial

—|—(evidence x means * var + evidence * tm’al|worker)

Where intervene is the user’s choice of whether or not to intervene, p is the probability
that they intervene, and ewvidence is a logit-transformation of the utility-optimal decision
rule (see Section 4.2.2):
evidence = logit(Pr(award|player)) — logit(Pr(award|—-player) + %)

This gives us a uniformly sampled scale of evidence where zero represents the utility-optimal
decision threshold. All other factors are the same as in the LLO model (see Section 4.2.6.2).
Motivation. We logit-transform our evidence scale because internal representations of
probabilities are thought to be on a log odds scale 71,228, such that linear changes in log
odds appear similar in magnitude. The term ewvidence * means *x var x vis * order tells our
model that the location and scale of the logistic curve vary as a joint function of whether
or not means were added, the level of variance, uncertainty visualization, and block order.
Mirroring an analogous term in the LLO model, this enables us to answer our core research
questions, while controlling for order effects. The term evidence x vis *trial models learning
effects. As with the LLO model, we specify random effects per participant through model

expansion by trying to incorporate as many within-subjects manipulations as possible.

4.2.7 Derived measures

From our models, we derive estimates for three preregistered metrics that we use to compare

visualization designs.
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LLO slopes in logit-logit space (left) describe over
or underestimation bias in probability units (right)
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Figure 4.3: Linear in log odds (LLO) model: fits for average user of quantile dotplots and
intervals compared to a range of possible slopes (top); predictive distribution and observed
responses for one user (bottom).

Linear in log odds (LLO) slopes measure the degree of bias in probability of superiority
Pr(S) estimation (Fig. . A slope of one indicates unbiased performance, and slopes
less than one indicate the degree to which users underestimate effect sizelf] We measure
LLO slopes because they are very sensitive to the expected pattern of bias in responses,
giving us greater statistical power than simpler measures like accuracy. Specifically, LLO
slope is the expected increase in a user’s logit-transformed probability of superiority es-
timate, logit(responsepr(g)), for one unit of increase in logit-transformed ground truth,
logit(truep,(sy). Using a linear metric (i.e., slope in logit-logit space) to describe an expo-
nential response function in probability units comes from a theory that the brain represents
probabilities on a log odds scale [71,228]. The LLO model [71,228] can be thought of
as a generalization of the cyclical power model [91] that allows a varying intercept or a
modification of Stevens’ power law [185] for proportions.

Points of subjective equality (PSEs) measure bias toward or against choosing to in-
tervene in the decision task relative to a utility-optimal and risk-neutral decision rule (see
Section 4.2.2). PSEs describe the level of evidence at which a user is expected to intervene
50% of the time (Fig. . A PSE of zero is utility-optimal, whereas a negative value

indicates that a user intervenes when there is not enough evidence, and a positive value

SLLO slopes less than one represent bias toward the probability at the intercept, logit~* (intercept), which
is close to Pr(S) = 0.5 in our study.
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Deriving PSE and from logistic regression

1 Aoeo. o < Model fit for decisions from one user

Normative decision criterion

PSE: the level of evidence at which a
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: ND: the increase in evidence that a
user needs to see to go from
0 Lo 2 intervening 50% of the time to 75%
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Figure 4.4: Logistic regression fit for one user. We derive point of subjective equality (PSE)
and just-noticeable difference (JND) by working backwards from probabilities of intervention
to levels of evidence.

indicates that a user doesn’t intervene until there is more than enough evidence. In our
model, PSE is —i%gzept where slope and intercept come from the linear model in logistic
regression.

Just noticeable differences (JNDs) measure sensitivity to effect size information for
the purpose of decision making (Fig. [4.4)). They describe how much additional evidence
for the effectiveness of an intervention a user needs to see in order to increase their rate
of intervening from 50% to about 75%. A JND in evidence units is a difference in the log
probability of winning the award with the new player. We chose this scale for statistical in-
ference because units of log stimulus intensity are thought to be approximately perceptually
uniform [185,204]. In our model, JND is 1ogit(0.75) vy ope slope is the same as for PSE.

slope

4.2.8 Participants

We recruited users through Mechanical Turk. Workers were located in the US and had a
HIT acceptance rate of 97% or more. Based on the reliability of inferences from pilot data,
we aimed to recruit 640 participants, 160 per uncertainty visualization. We calculated this
target sample size by assuming that variance in posterior parameter estimates would shrink
by a factor of roughly ﬁ if we collected a larger data set using the same interface. Since we
based our target sample size on between-subjects effects (e.g., uncertainty visualization),
our estimates of within-subjects effects (e.g., adding means) were precise.

We recruited 879 participants. After our preregistered exclusion criterion that users

needed to pass both attention checks, we slightly exceeded our target sample size with 643
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total participants. However, we had issues fitting our model for an additional 21 partici-
pants, 17 of whom responded with only one or two levels of probability of superiority and
4 of whom had missing data. After these non-preregistered exclusions, our final sample
size was 622 (with block order counterbalanced). All participants were paid regardless of

exclusions, on average receiving $2.24 and taking 16 minutes to complete the experiment.

4.2.9  Qualitative analysis of strategies

Using the two strategy responses we elicited from each user, we conducted a qualitative anal-
ysis to characterize the visual reasoning strategies users relied on with different visualization
designs (with and without means) and whether they switched strategies.

I developed a bottom-up open coding scheme for how users described their reasoning
with the charts. Since some responses were uninformative about what visual properties of
the chart a user considered (e.g., “I used the charts to estimate the value added by the new
player.”), we excluded 180 participants for whom both responses were uninformative from
further analysis, resulting in a final sample of 442 for our qualitative analysis.

We used our open codes to develop a classification scheme for strategies based on what
visual features of charts users mentioned, whether they switched strategies, and whether
they were confused by the chart or task. We coded for the following uses of visual features:

e Relative position of distributions

e Means, whether users relied on or ignored them

e Spread of distributions, whether users relied on variance, ignored it, or erroneously

preferred high or low variance

e Reference lines, whether users relied on imagined or real vertical lines (e.g., the

annotated decision threshold in Fig. &

e Area, whether users relied on the spatial extent of geometries

e Frequencies, whether users of quantile dotplots or HOPs relied on frequencies of dots

or animated draws
We generated a spreadsheet of quotes, open codes, and categorical distinctions which en-

abled us to describe patterns and heterogeneity in user strategies.
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variance reduces LLO slopes for the average user, indicating a very
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Interaction effects on points of subjective equality (PSEs) 4.2 Intervention decisions
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Densities 0.013[-0.085, 0.125] sensitive to smaller differences in effect size for the purpose of

decision making. Adding means only has a reliable effect on JNDs
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Greater sensiiviy o vidence  ti0Ns of means conditional on the average participant.
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4.8.83 Discussion

Among the uncertainty visualizations we tested, quantile dotplots lead to the least biased
probability of superiority estimates. This is not surprising given previous work (e.g., [69,87,
98,110115]) showing that frequency-based visualizations are effective at conveying probabil-
ities. However, it is surprising that users do not perform reliably differently with frequency-
based HOPs than with intervals or densities. HOPs directly encode probability of superi-
ority by how often the draws from the two distributions change order, whereas in all other
conditions users would need to calculate effect size analytically from visualized means and
variances to arrive at the “correct” inference, although we doubt that users engage in such
explicit mathematical reasoning. In Section 5, we present descriptive evidence of heuristics

that users employ with different visualization designs, which helps to explain these results.

In most cases, the small effects on LLO slopes when adding means to uncertainty visual-
izations are probably negligible. However, they are consistent with the pattern of behavior
we expect if users rely on visual distance between distributions as a proxy for effect size.
When variance is lower relative the axis scale, distances between distributions look small
even for large effects (Fig. top), and users tend to underestimate effect size more when
means are added. When variance is higher relative the axis scale, distances between distri-
butions roughly correspond to effect size (Fig. bottom), and users tend to underestimate

effect size less when means are added, at least for densities and intervals.

Our results suggest that the best visualization design for utility-optimal decision making
probably depends on the level of variance relative to the axis scale. At lower variance,
when multiple levels of variance are shown on a common scale, densities without means or
quantile dotplots with means lead to the least bias in decisions. At higher variance, users are
biased toward intervening in all conditions, and both densities without means and intervals
without means lead to the least bias. The impact of means also depends on variance and
axis scaling, such that when we average across uncertainty visualizations, adding means
exacerbates biases that exist when means are absent. The effect of variance on PSEs (see
Supplemental Materials) is large, such that users intervene more often at higher variance

than at lower variance. One possible explanation for this is that users rely on distance
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between distributions as a proxy for effect size and make decisions as if effects are larger

when distributions are further apart (Fig. {4.2]).

Reported effects of visualization design on JNDs may not be practically important. All

differences in JNDs between visualization designs are smaller than the difference between

high versus low variance (see Supplemental Material). Smaller JNDs at high variance may

reflect the fact that our high variance charts use white space more efficiently.

4.8.4  Comparing magnitude estimation & decision making

Different visualization designs lead to the best performance
on our magnitude estimation and decision making tasks.
To explore this decoupling of performance across tasks,
we calculate average posterior estimates of our derived
measures—LLO slope, PSE, and JND—for each individual
user and compare them. Figure shows that many indi-
viduals who are poor at magnitude estimation (i.e., LLO
slopes below one) do well on the decision task (i.e., PSEs

and JNDs near zero).

One possible explanation for this decoupling of perfor-
mance on our two tasks is that users may rely on different
heuristics to judge the same data for different purposes.
This is consistent with Kahneman and Tversky’s [106] dis-
tinction between perceiving the probability of an event to
be p and weighting the probability of an event in deci-
sion making as m(p), which suggests that decision weights
reflect preferences based on probabilities and risk atti-
tudes [209]. Recent work in behavioral economics [118]
suggests that biases in decision making are partially at-

tributable to imprecision in an individual’s subjective per-
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Figure 4.5: PSEs and JNDs vs
LLO slopes per user.
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Figure 4.6: JNDs vs PSEs.

ception of numbers (i.e., “number sense”). Since JNDs reflect the precision of perceived
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effect size implied by one’s decisions and PSEs represent bias in decision making, we can
investigate this relationship within individual users in our study (Fig . In agreement
with prior work, we see that greater sensitivity to effect size for decision making (i.e., JNDs
close to zero) predicts more utility-optimal decisions (i.e., PSEs close to zero). Although,
based on the decoupling of LLO slopes and JNDs, it also seems clear that a user’s internal
sense of effect size is not necessarily identical when they use the same information for dif-
ferent tasks. We should be mindful that perceptual accuracy may not feed forward directly

into decision making.

4.4 Visual reasoning strategies

We use qualitative analysis of reported strategies to identify ways that users judge effect
size by comparing distributions, giving us a vocabulary for how visualization design choices

impact their interpretations.

4.4.1 Prevalent strategies

The strategies we identify are not mutually exclusive. We count a user as employing a
strategy if they mention it in either of their responses.

Only distance. About 62% of users (275 of 442) rely on “how far to the right” the
red distribution is compared to the blue one without mentioning that they incorporate the
variance of distributions into their judgments (Fig. [4.2). Roughly 69% of these users (190
of 275) describe making a gist estimate of distance between distributions, with 46% (126 of
275) saying they rely on the mean difference specifically, and 13% (36 of 275) saying they
rely on both gist distance and mean difference. Strategies which involve only the distance
between distributions should result in a large bias toward underestimating effect size, which
is what we see in our aggregated quantitative results.

Distance relative to variance. Only about 8% of users (35 of 442) mention that their
interpretations of distance depend on the spread of distributions, suggesting that perhaps
very few untrained users are sensitive to the impact of variance on effect size. If users
estimate standard deviation and mean difference between distributions, they could use this

information to calculate effect size analytically. However, we think it is far more likely
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that these users judge the distance between distributions relative to the spatial extent of
uncertainty visualizations, which should result in underestimation bias which is similar to
but less pronounced than with judgments of only distance.

Cumulative probability. A substantial 36% of users
Points scored

(160 of 442) estimate the cumulative probability of win- |
|
ning the award with and/or without the new player. This &
¢} ()]

strategy involves judging the distance, proportion of area, | Counting dots

or frequency of markings across the threshold number of S across threshold
© 00 @

points to win (e.g., Fig. [4.7). These users may be con- 100 150

fusing cumulative probability of winning the award, which ]
Figure 4.7: Cumulative prob-

is the best cue in the decision task, with probability of ability strategy with quantile
dotplots.

Points scored

in the estimation task. However, since the probability of .

superiority (i.e., probability that team does better with

the new player than without), which is what we ask for

winning increases monotonically with probability of supe- S 'Extent of
riority, this strategy should theoretically result in milder :‘ ZTIS?Z:IIZE’:O\\F’]VS
underestimation bias than distance-based strategies. 100 150

Distribution overlap. About 7% of users (31 of 442)

Figure 4.8: Overlap strategy
describe judging the overlap between distributions. While with densities.
similar to distance-based strategies, users conceptualize
this strategy in terms of area rather than the gap between distributions (Fig. . For
example, one user said they use HOPs “only to see how much of an overlap [there is] be-
tween the two areas,” suggesting that they imagine contours of distributions over the sets of
animated draws. This strategy probably results in underestimation bias similar to judging
distance relative to variance.
Frequency of draws changing order. This strategy is only relevant to the HOPs condi-
tion, where only about 16% of users (19 of 121) employed it. It involves judging the number
of animated frames in which the draws from the two distributions switch order (Fig. .
This is the best way to estimate probability of superiority from HOPs . If we think

of the user as accumulating information across frames, the precision of their inference is
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Figure 4.9: Frequency of draws changing order strategy with HOPs.

mostly limited by the number of frames they watch. For example, in Figure red scores
higher than blue in 6 of the 8 frames, and watching only 8 frames limits the precision of
this inference to increments of %. The fact that only a handful of HOPs users employ this
strategy helps to explain why the performance of HOPs users is worse than expected.

Switching strategies. A substantial 29% of users (129 of 442) switch between strategies
in the middle of the task. For example, one user of intervals without means described a
mix of cumulative probability and distribution overlap strategies: “If the red [distribution]
was completely past the dotted line then I would buy the new player no matter what. If
there were overlaps with blue I would just risk assess to see if it was worth it to me or not.”
While more of a meta-strategy, our observation that a significant proportion of users switch
is important because it suggests that judgment processes involved in graphical perception

may not be consistent within each user.

4.4.2  Impacts of visualization design choices

Users rely on visual features (Section 4.2.9) and strategies (Section 4.4.1) to varying degrees

depending on visualization design (Table .

Intervals. Roughly 75% of intervals users (85 of 112) rely on relative position as a visual
cue for effect size compared to 69% with densities (68 of 99), 61% with HOPs (74 of 121),

and 59% with quantile dotplots (65 of 110). Of intervals users who look at relative position,
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Table 4.1: Frequency of strategies used per uncertainty visualization.

Strategy Intervals HOPs Densities Dotplots Overall
Distance 73 77 61 64 275
Rel. to Var. 11 9 10 5 35
Cumulative 34 50 30 46 160
Overlap 17 2 9 3 31
Draw Order 0 19 0 0 19
Switching 35 48 23 23 129
Total 112 121 99 110 442

about 87% (74 of 85) employ an only distance strategy, while only about 13% (11 of 85)
judge distance relative to variance . In other words, only about 10% of intervals users (11
of 112) incorporate variance into their judgments of distance. About 28% of intervals users
(31 of 112) report looking at area, with about 55% of these users (17 of 31) employing a

distribution overlap strategy.

HOPs. About 61% of HOPs users (74 of 121) look at relative position to judge effect
size. Of HOPs users who rely on relative position, merely 3% (2 of 74) use a distance
relative to variance strategy. However, looking at relative position is not mutually exclusive
with looking at frequency of draws, which 45% of HOPs users (54 of 121) rely on as a
visual feature. Among HOPs users who rely on frequencies, about 69% (37 of 54) employ
a cumulative probability strategy, while about 35% (19 of 54) rely on the optimal strategy
of counting the frequency of draws changing order. Roughly 40% of HOPs users (48 of 121)
mention switching strategies compared to 31% with intervals (35 of 112), 23% with densities
(23 of 99), and 21% with quantile dotplots (23 of 110). Among HOPs users who switch
strategies, about 81% (39 of 48) rely on the mean as a cue. Strategy switching involves
the mean for about 30% of HOPs users who rely on relative position (22 of 74) compared
to 43% of HOPs users who rely on frequency (23 of 54). That most HOPs users rely on
relative position, and that those who do rely on frequency are more likely to switch to or

from relying on the mean, helps to explain poor performance with HOPs.

Densities. About 69% of densities users (68 of 99) rely on relative position as a visual cue.
Of densities users who look at relative position, only about 13% (9 of 68) employ a distance

relative to variance strategy. As one might expect, a substantial 36% of densities users (36
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of 99) rely on area as a cue, compared to 10% of quantile dotplots users (11 of 110). Among
densities users who rely on area, about 53% (19 of 36) employ a cumulative probability
strategy, while about 28% (10 of 36) employ a distribution overlap strategy. Interestingly,
about 27% of densities users (27 of 99) mention relying on the spread of distributions as a
cue, more than the 21% of users with intervals (24 of 112), 21% with HOPs (25 of 121), and

10% with quantile dotplots (11 of 110) who report relying on the same cue.

Quantile dotplots. Roughly 59% of quantile dotplots users (65 of 110) describe looking at
relative position to judge effect size, similar to 61% of users with HOPs (74 of 121) and less
than the 69% of densities users (68 of 99) and 76% of intervals users (85 of 112) who report
using the same cue. Merely 6% of quantile dotplots users who rely on relative position (4
of 65) employ a distance relative to variance strategy. 37% of quantile dotplots users (41
of 110) rely on frequency as a visual cue by counting dots. About 81% of quantile dotplots

users who rely on frequency (33 of 41) employ a cumulative probability strategy.

Adding means. A substantial 35% of users (155 of 442) describe relying on the mean
as a cue for effect size. If we split users based on whether or not they start the task with
means, about 31% of users (67 of 218) switch strategies when means are added to the charts
halfway through the task, compared to 10% (23 of 224) who switch strategies when means
are removed. This asymmetry in strategy switching suggests that means are “sticky” as a
cue: Among the 15% of users (67 of 442) who start with and rely on means, about 66%
(44 of 67) attempt to visually estimate means after means are removed from charts, almost
twice as many as the 34% (23 of 67) who switch to relying on other cues. However, the
impact of adding means on performance depends on what other strategies a user is switching
between. Among the 20% of users (90 of 442) who rely on means and switch strategies,
about 44% (40 of 90) just incorporate the mean into judgments of relative position without
relying on other visual cues. Other groups of users switch between relying on means and
less similar visual cues, with 34% (31 of 90) also mentioning frequency and 12% (11 of 90)
mentioning area. That many users switch between relying on relative position and means,
and that strategies are heterogeneous, helps to explain why the average impact of means on

performance is small in our results.
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4.5 General discussion

Our results suggest that design guidelines for visualizing effect size should depend on the
user’s task, the variance of distributions, and design choices about axis scales. To provide
concrete design guidelines while acknowledging the inherent complexity of our results, we

present high-level take-aways for designers alongside relevant caveats.

Quantile dotplots support the most perceptually accurate distributional com-
parisons, at least among the visualization designs we tested. Caveat: Asking users to
perform two tasks may have led users to rely on relatively simple strategies like cumulative
probability more than strategies which require more mental energy like frequency of draws
changing order. Conditions of high cognitive load seem to favor uncertainty visualizations

like quantile dotplots over HOPs.

Densities without means seem to support the best decision making across
levels of variance. On a fixed axis scale, densities without means and quantile dotplots
with means perform best at lower variance, while densities without means and intervals
without means perform best at higher variance. No visualization design we tested eliminated
bias in decision making at higher variance. Caveats: The visualization design that leads
to the least bias in decision making depends on the variance of distributions relative to axis
scale. Future work should investigate bias in decision making over a gradient of variances
shown on a common scale, including charts with heterogeneous variances, as this would

enable more exhaustive design recommendations.

Adding means leads to small biases in magnitude estimation and decision
making from distributional comparisons, leading users to underestimate effect size
and make less utility-optimal decisions in most in most cases we tested. Caveats: Al-
though the biasing effects of means are mostly negligible, our estimates of these biases are
probably very conservative for two reasons: (1) added means were only highly salient in
the HOPs condition; and (2) in the absence of added means, users already tend to rely
on relative position, a cue which the mean merely reinforces. The effects of adding means
on decision quality reverse at high versus low variance, so these biases may disappear for

specific combinations of variance and axis scale.
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Users rely on distance between distributions as a proxy for effect size, so
designers should note when this will be misleading and encourage more optimal
strategies. Our quantitative analysis shows that adding means induces small but reliable
biases in magnitude estimation, consistent with distance-based heuristics. Our qualitative
analysis of strategies verifies that the majority of users (357 of 442; 80.8%) rely on distance
between distributions or mean difference to judge effect size. Caveats: Subtle design
choices probably impact the tendency to rely on distance heuristics versus other strategies.
For example, including a decision threshold annotation on our charts (Fig. may have
encouraged users to judge effect size as cumulative probability, rather than probability of

superiority, contributing to underestimation bias.

4.5.1  Limitations

We only tested symmetrical distributions, and this may limit the generalizability of our
inferences. Although we speculate that chart users may rely on central tendency regardless
of the family of a distribution, reasoning with multi-modal distributions in particular may

involve different strategies not accounted for in the present study.

Because we rely on self-reported strategies in our qualitative analysis, our findings only
reflect conscious strategies. This leaves out implicit or automatic information processing
such as visual adaptation [107] and ensemble processing [110L|190], except in rare cases
where users report trying to “roughly average” predictions presented as HOPs. Our choice
to incentivize the decision making task but not magnitude estimation may have contributed
to the decoupling of performance on our two tasks. We cannot disentangle this possible
explanation from evidence corroborating Kahneman and Tversky’s [106] distinction between
perceived probabilities and decision weights (see Section 4.3.4).

We control the incentives for our decision task rather than manipulating them, in part
because it is not feasible to test dramatically different incentives on Mechanical Turk. As
such the risk preferences that we measure as PSEs are representative of users optimizing
small monetary bonuses, and they may not capture how people respond to visualized data in

crisis situations when lives, careers, or millions of dollars are at stake. However, by devising
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a task that is representative of a broad class of decision problems (see Section 4.2.2), we
make our results as broadly applicable as possible. We speculate that the relative impacts of
visualization designs on risk preferences should generalize to decision problems with similar

utility functions.

4.5.2 Satisficing & heterogeneity

The visual reasoning strategies that chart users rely on when making judgments from uncer-
tainty visualizations may not be what visualization designers expect. We present evidence
that, in the absence of training, users satisfice by using suboptimal heuristics to decode the
signal from a chart. We also find that not all users rely on the same strategies and that
many users switch between strategies. Satisficing and heterogeneity in heuristics make it
difficult both to anticipate how people will read charts and to study the impact of design
choices. Conventionally, visualization research has characterized visualization effectiveness
by ranking visualization designs based on the performance of the average user (e.g., |36]).
However, in cases like the present study where users are heterogeneous in their strategies,
these averages may mot account for the experience of very many users and are probably
an oversimplification. Visualization researchers should be mindful of satisficing and hetero-
geneity in users’ visual reasoning strategies, attempt to model these strategies, and try to

design ways of training users to employ more optimal strategies.

4.5.3  Toward better models of visualization effectiveness

Because some users seem to adopt suboptimal strategies or switch between strategies when
presented with an uncertainty visualization, models of visualization effectiveness which cod-
ify design knowledge and drive automated visualization recommendation and authoring sys-
tems should represent these strategies. We envision a new class of behavioral models for
visualization research which attempt to enumerate possible strategies, such as those we
identify in our qualitative analysis, and learn how often users employ them to perform a
specific task when presented with a particular visualization design. Previous work [100]

demonstrates a related approach by calculating expected responses based on a set of alter-
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native perceptual proxies for visual comparison and comparing these expectations to users’
actual responses. Like the present study, this work describes the correspondence between
expected patterns and user behavior. Instead, we propose incorporating functions repre-
senting predefined strategies into predictive models which estimate the proportion of users
employing a given strategy.

In a pilot study, we attempted to build such a model: a Bayesian mixture model of
alternative strategy functions. However, because multiple strategies predict similar patterns
of responses, we were not able to fit the model due to problems with identifiability. This
suggests that the kind of model we propose will only be feasible if we design experiments
such that alternative strategies predict sufficiently different patterns of responses. The
approach of looking at the agreement between proxies and human behavior [100] suffers the
same limitation, but there is no analogous mechanism to identifiability in Bayesian models
to act as a fail-safe against unwarranted inferences. Future work should continue pursuing
this kind of strategy-aware behavioral modeling.

We want to emphasize that the proposed modeling approach is not strictly quantitative,
as the definition of strategy functions requires a descriptive understanding of users’ visual
reasoning. As such this approach offers a way to formalize the insights of qualitative analysis
and represent the gamut of possible user behaviors inside of visualization recommendation

and authoring systems.
4.6 Summary

We contribute findings from a mixed design experiment on Mechanical Turk investigating
how visualization design impacts judgments and decisions from effect size. Our results
suggest that visualization designs which support the least biased estimation of effect size
do not necessarily support the best decision making. We discuss how a user’s sense of the
signal in a chart may not necessarily be identical when they use the same information for
different tasks. We also find that adding means to uncertainty visualizations induces small
but reliable biases consistent with users relying on visual distance between distributions as
a proxy for effect size. In a qualitative analysis of users’ visual reasoning strategies, we

find that many users switch strategies and do not employ an optimal strategy when one
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exists. We discuss ways that canonical characterizations of graphical perception in terms
of average performance gloss over possible heterogeneity in user behavior, and we propose
opportunities to build strategy-aware models of visualization effectiveness which could be
used to formalize design knowledge in visualization recommendation and authoring systems

beyond context-agnostic rankings of chart types.
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Chapter 5

CAUSAL SUPPORT:
MODELING CAUSAL INFERENCES WITH VISUALIZATIONS

The third cognitive mechanism I highlight in my dissertation is model-based thinking
or reasoning about what we experience in terms of mental models that could explain that
experience. For example, when exploring a dataset in order to make sense of its underlying
causal relationships, a person engaged in model-based thinking would compare what they see
in the data to what they would expect under different possible data generating processes—
i.e., compare observed patters to counterfactual predictions. In this Chapter, I present a
pair of experiments where the study teamE] and I investigated what makes it difficult to make
causal inferences about data generating process from a visualized dataset. This work [111]

was published at IEEE VIS, where it won an Honorable Mention Award.

5.1 Challenges of visual causal inference

Data analysts engaged in sensemaking [31}78,/164,/170] infer the compatibility of different
causal explanations with their data. During exploratory analysis or provisional statistical
modeling, analysts implicitly or explicitly compare their data to patterns they expect as
logical consequences of hypothesized data generating processes [8},66,/67,94,96]. Visualiza-
tions play a critical role in causal inference both because externalization reduces cognitive
load [43] and because human capabilities for inference rely heavily on sensory expectations
(e.g., mental imagery) and comparisons between expectations and experiences |25]/107].
Data analysts and software designers need to anticipate how human capabilities for
causal inference may be error prone. For instance, perceptual biases such as underestimation
of sample size (e.g., [119]) contribute to errors in causal inferences insofar as perceived

associations seem to be the basis for causal inferences [4,223]. Analysts also err in their

!The original study team for this work was me, Yifan Wu, and Jessica Hullman.
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Figure 5.1: Modeling causal inferences with visualizations: &) Users view and may interact
with data visualizations; (B) Ideally, users reason through a series of comparisons that allow
them to allocate subjective probabilities to possible data generating processes; and (©) We
elicit users’ subjective probabilities as a Dirichlet distribution across possible causal expla-
nations and compare these causal inferences to a computed benchmark of causal support,
which we derive from Bayesian inference across possible causal models.

causal interpretations of data when the mapping between a potential causal explanation and
an expected pattern in the data is unclear [12,224]. For example, imagine an analyst trying
to detect confounding in experiment results on the effectiveness of a treatment at preventing
disease (Fig. @). To detect that ‘gene’ is a confounding factor, the analyst must see
effects of gene on both treatment effectiveness (i.e., a difference between the top and bottom
cells in the right column of table @) and overall rate of disease (i.e., a difference between
the top and bottom rows of @) Attributing these signals in the data to confounding

requires the analyst to know what they are looking for, rather than passively detecting the

appropriate patterns.

To assess how well visual analytics (VA) tools support such causal inferences, we need
to compare analysts’ inferences to a benchmark that is roughly ‘normative’, that captures
important aspects of good causal inference. We adopt causal support, a model from math-
ematical psychology [77], as a benchmark for evaluating causal inferences from visualiza-
tions. Causal support models one’s belief in a set of possible data generating processes as a
Bayesian update. Causal support is a good normative model for three reasons. (1) Causal
support has numerous proprieties of valid statistical inference in light of the analyst’s prior
knowledge. It captures the fact that belief in evidence should be stronger as sample size
increases. It accounts for unknown unknowns about the space of possible models, such
that causal support assigns no posterior probability to models that the analyst does not

explicitly consider. (2) Prior work [77] shows through a system of experiments that causal
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support accounts for otherwise hard-to-explain patterns in human causal inferences, e.g.,
that subjective belief in a causal relationship varies as a function of the potential to detect
that relationship in a given data set. (3) Since causal support is extensible to any generative
model (i.e., models that can assign likelihood to data), it can be applied in a wide range of
VA applications to evaluate causal inferences.

We contribute two experiments using causal inference problems involving count and
proportion data to (1) study the utility of causal support for gaining insight into inferences
from visualizations and (2) evaluate how well visualizations common in VA software support
causal inferences about possible data generating processes. We compare three common
visual encodings for count and proportion data—bar charts, icon arrays, and text tables
as a baseline—and we investigate how the ability to interactively aggregate or cross-filter
data in bar charts impacts causal inferences. In Experiment 1, we ask participants to
differentiate whether a treatment is effective by allocating probability across two different
data generating processes. We find that chart users’ causal inferences are far from normative
with all visualizations we tested, and interacting with visualizations can improve sensitivity
to signal in predictable ways. Ultimately, however, no visualization reliably outperforms
text tables. We also see that chart users are more sensitive to evidence against a treatment
effect than evidence in favor of one, suggesting an unequal weighting of falsifying versus
verifying evidence. In Experiment 2, we replicate the main findings Experiment 1 but with
a confounding detection task where participants allocate probability across four alternative
data generating processes. Experiment 2 demonstrates how casual support can be extended

to study causal inferences about more complex data generating processes.
5.2 Experiment 1

How well do different visualization designs that are common in visual analytics (VA) soft-
ware support causal inferences about possible data generating processes? We evaluate visu-
alizations of count data including text contingency tables, icon arrays, grouped bar charts,
bars that users can interactively aggregate, and linked bars that users can interactively
cross-filter. In Experiment 1, we investigate chart users’ ability to infer whether a treat-

ment prevents a disease. By asking chart users about a treatment effect in count data, we
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Explanation A Explanation B

Treatment can protect against Disease. Gene and Unobserved factors can cause Disease.
Gene and Unobserved factors can cause Disease.

¢ ¢

Protective effect of Treatment | No protection from Treatment

Figure 5.2: DAGs representing possible causal explanations participants were asked to con-
sider in Experiment 1.

build on the task and structural equation models used by Griffiths and Tenenbaum [77] to
propose and validate causal support. Count data are also ideal for evaluating bar charts.
The design requirements for supporting our causal inference task with count data are that
visualizations should express both the proportion of people with disease and sample size.
Based on these requirements, we ruled out testing pie charts and heatmaps, common ways

of encoding proportions that do not encode sample size.

5.2.1 Method

We set out to study how well different visualizations support causal reasoning by using

causal support as a benchmark for causal inferences.

Task scenario € response elicitation

Participants played the role of an analyst hired by a company to interpret samples of data
on the effectiveness of experimental treatments at preventing various diseases. We showed
participants visualizations of the number of people in each sample who did or did not receive
treatment, get a disease, and have a genme known to cause the disease.

We asked participants to judge the underlying causal relationships in the data, rat-
ing their degree of belief that treatment protects against disease by allocating probability
across the two DAGs in Figure We chose to study causal inferences about treatments,
genes, and diseases in order to create a scenario where users would find the possible causal

explanations feasible, coherent, and memorable.
Question & elicitation. We asked participants the following question:
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Figure 5.3: Non-interactive visualizations evaluated in our study: @ text contingency
tables; (B) faceted icon arrays; and (©) faceted bar charts.

How much do you believe in each of the causal explanations described below?
Imagine you have 100 votes to allocate across the two possible explanations. Split your
100 votes between explanations based on your degree of belief. For example, if you think
one explanation is twice as likely as the other, you might give 67 votes (roughly two
thirds) to that explanation and 38 votes (roughly one third) to the other. Assume no
other explanations are possible.

Participants responded with two complementary probabilities. We used form validation
to make sure their responses were both numbers between 0 and 100 that summed to 100.
Following prior work on eliciting Dirichlet distributions [33,/150] (i.e., probabilities allo-
cated across alternatives), when participants gave their first response, we imputed what
the second response would need to be in order for their responses to sum to 100. This im-
puted value and a corresponding prompt, “Adjust your responses until both numbers reflect
your beliefs.”, were both highlighted with the same color to indicate this imputation. We
elicited probabilities as “votes out of 100” because frequency framing tends to reduce bias
in probability estimates |69, 87,/150]. Participants received no feedback on their responses.
We transformed these responses into perceived causal support, which we compared to our

benchmark.

Perceived causal support. The dependent variable in our study was a measure of the per-
ceived log odds of a target explanation over other possible causal explanations. Specifically,

in Experiment 1 we targeted explanation A, which posited a treatment effect, requiring us
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Figure 5.4: Aggregating bars mimic shelf construction and faceting.

to transform participants’ responses into a log response ratio (Irry),

response
lrry = log <>

responsep

where responses and responsep were the probabilities participants allocated to causal ex-
planations A and B, respectively, on each trial. We used a log odds scale in order to make
participants’ perceived causal support comparable to our normative benchmark of causal
support.

Payment. Participants received a guaranteed reward of $§2 plus a bonus of $0.25 for every
trial where their estimate of the probability of causal explanation Aﬂwas within 5 percentage
points of the ground truth.

Apparatus. We collected data using a Flask application deployed on Heroku with a Fire-
base database and visualizations created with D3 [22] ]

Visualization conditions

Our visualizations show the number of people with and without disease in each cell of a
2x2 contingency table faceted by treatment and gene, with the exception of cross-filter bars
which use a different layout. We aimed to test visualizations of count data similar to what
an analyst could produce using visual analytics software like Tableau.

Text contingency tables showed the number of people with disease as a fraction of the
total number of people in each cell of a faceted table (Fig.[5.3]@). Text tables, which have

been studied in prior research on causal support, served as a baseline comparison for other

?Bonuses in Experiment 2 were based on the probability of explanation D.

3E.g., see Experiment 2 interface at https://bit.1ly/3rDcxfn
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Clicking bars filters data
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Figure 5.5: Cross-filtering bars mimic coordinated multiple views.

visualizations.

Icon arrays showed counts of people with and without disease as filled and open circles,
respectively (Fig. [5.3] B)). We set the number of dot columns to minimize the aspect ratio
on each trial, similar to how analysts might create roughly square icon arrays in Tableau.
Icon arrays express both proportion and sample size as natural frequencies, which prior
work finds beneficial for statistical reasoning (e.g., [63}69,87]).

Bar charts showed counts of people with and without disease using a length/position
encoding on a common scale (Fig. [5.3] ©). On each trial, we set the y-axis scale to the
maximum count of the data in view, allowing scales to change from trial to trial as they do
when users load a new data set in Tableau. Bar charts are ubiquitous for count data.
Aggregating bars (aggbars) were similar to bar charts, however, users could interactively
toggle faceting by treatment or gene by clicking on the table headers (Fig. . On each
trial, we set the y-axis scale to the maximum count of the fully aggregated data. We
designed aggbars to roughly mirror Tableau’s shelf interactions, where users control faceting
by direct manipulation of table headers. Interactive faceting may facilitate causal inferences
by enabling users to explore whether “collapsing” [75] over a factor changes patterns in the
data.

Cross-filtering bars were three bar charts showing the number of people with and with-
out treatment, the gene, and disease, respectively (Fig. . We linked these bar charts
such that clicking on one bar cross-filtered the rest of the data in view. When users ap-
plied a filter (e.g., only show people who received treatment), the corresponding axis label
became bold and gray bars persisted in the background, so chart users could compare fil-

tered and unfiltered views without relying on working memory. Users “reset filters” by
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clicking a button below the charts. Filterbars emulated coordinated multiple views such as
a Tableau dashboard. Interactive cross-filtering might assist in causal inferences because
conditioning the data in view based on a specific event is analogous to Pearl’s do opera-
tor (e.g., do(treatment = yes)), a notation for reasoning about counterfactuals in a causal

networks [160].

Ezperimental design

We manipulated both the visualizations participants used for the task and the data sets
that we showed. We randomly assigned each participant to use one of five visualizations
(see Section 5.2.1.2), making comparisions of visualizations between-subjects. We showed
each participant a total of 18 trials, which included 16 data conditions (see Section 5.2.1.4)
presented within-subjects and two attention checks which we used for exclusion criteria (see
Section 5.2.1.6). We randomized trial order for each participant, inserting attention checks

on trials 7 and 13.

Stimulus generation

We evaluated causal inferences on realistic data sets, which spanned a range of ground
truth causal support. Generating data sets required (1) manipulating data attributes which
signaled causal support to participants, and (2) labeling each data set with ground truth
causal support.

Our goal was to generate 16 data conditions (i.e., trials in our experiment) that varied
delta p and sample size, two data attributes which in turn manipulate ground truth causal
support. Delta p described the difference in the proportion of people with disease in each
data set depending on whether they received treatment. Positive values of delta p indicated
evidence that the treatment protected against disease; negative values indicated evidence
against treatment effectiveness. Sample size was the number of people in each data set we
showed participants.

Data conditions. To generate our 16 data conditions, we simulated data from struc-

tural models with one parameter per DAG arrow in Figure We manipulated both the
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probability that treatment prevents disease (4 levels: {0,0.1,0.2,0.4}) and sample size (4 lev-
els: {100, 500,1000,1500}). We controlled the probability of disease due to the gene (0.5),
probability of disease due to unobserved causes (0.2), base rate of the gene (0.4), and the
proportion of each sample with treatment (0.5). We selected these parameters iteratively
by sampling data sets and labeling ground truth until half of the trials had greater than a

50% chance of being generated by causal explanation A.

For each of the resulting 16 data conditions, we simulated many data sets using a bi-
nomial random number generator to approximate realistic sampling error. By simulating
sampling error, we prevented the count data from appearing contrived. This sampling er-
ror resulted in a distribution of ground truth causal support under each data condition,
with more variability in the ground truth at smaller sample sizes. To guarantee that each
participant saw trials spanning a consistent range of causal support, we selected 16 data
sets representing 16 quantiles of the ground truth distribution per data condition, and we
counterbalanced the quantile shown for each data condition across participants within each
visualization condition using a balanced latin square. For our attention check trials, we
selected the two simulated data sets that had the minimum and maximum ground truth

causal support.

Labeling ground truth causal support for each data set. We operationalized the
ground truth for causal inferences using Griffiths and Tenenbaum'’s causal support, a Bayesian
cognition model that estimates the posterior log odds of a target data generating model over
a set of alternative data generating models, given a data set. In Experiment 1, we targeted

causal support for explanation A over explanation B:

es.1 = log (Pr(C|m0delA)> 4 log <Pr(m0delA)>

Pr(C|modelg) Pr(modelp)

where C' is the data set we label with ground truth, and models modely and modelg corre-

spond to causal explanations A and B (Fig. .

The first term in the formula for ¢s4 is a log likelihood ratio representing the relative
compatibility of a given data set with causal explanations A and B. We computed the

log likelihood of each data set given modely and modelp using Monte Carlo simulations
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Algorithm 1 Monte Carlo simulation to calculate causal support in Experiment 1. Algo-
rithm for Experiment 2 is similar.

Input: (8, 1) vector of contingency table counts (no disease vs disease, no gene vs gene, no
treatment vs treatment) C, Monte Carlo iterations m, set of parameters to fix at zero
6o (i.e., parameters representing DAG arrows to omit from the data generating process)
Output: MONTE_CARLO returns log likelihood of the given data generating process log_lik;
Main returns causal support for the target explanation (Fig. Explanation A) ¢s4
1: # Monte Carlo simulation to calculate likelihood
2: function MONTE_CARLO(C, m, 0):
1pt Parameters corresponding to each DAG arrow in Fig.

3: O0p =1 # initialize parameters

4: Pr(D), # p disease due to unknown causes
5: Pr(D|G), # p disease due to gene

6: Pr(—D|T) # p no disease due to treatment

7 }

8: for parameter § € p do # assign parameters

9: if 6 € 6y then Fix parameter at zero: 6 = Zeros(m)
10: else Uniformly sample probabilities: § = Random(0, 1, m)
11: Calculate probabilities corresponding to contingency table:
12: P=] # p no disease vs p disease given...
13: (1—Pr(D)), # no treat —71', no gene —G
14: PI‘(D),

15: (1 —Pr(D)) + Pr(D) - Pr(—D|T), # T, -G
16: PI‘(D) : (1 — PI‘(—VD’T))

17: (1-Pr(D|Q)) - (1—PrD), # -T, G
18: Pr(D | G) + Pr(D) - Pr(D | G) - Pr(D),

19: (Pr(D|G)+Pr(D)—Pr(D|G)-Pr(D)) # T, G
20: -Pr(=D|T)+ (1-Pr(D | G)) - (1 - Pr(D)),
21: (Pr(D | G) + Pr(D) — Pr(D | G) - Pr(D))
22: (1 =Pr(=D|T))
23: ]
24: return average log likelihood of data:

25: log-lik =3 icq1, m} 2= (C -log(P)) — log(m)

26: # Main: causal support calculation

27: Calculate likelihood of data given causal explanations A and B:
28: log_lik 4 = MONTE_CARLO(C, 10000, { })

29: log_lik g = MONTE_CARLO(C, 10000, {Pr(—=DI|T")})

30: return causal support for explanation A: # Bayesian update
31: ¢4 = (log_lik 5 — log_likz) + (log(0.5) — log(0.5))
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(Alg. |1} lines 27-29), based on structural models similar to those we used to generate data
sets. In practical scenarios, we would not know the true data generating parameters, so we
used Monte Carlo simulations of possible parameter values under each model to calculate
likelihoods without needing to know the ground truth a priori. Under modely we sampled all
three parameters uniformly on the interval [0, 1], representing the assumptions that there is
a treatment effect and that both gene and unobserved factors cause disease. Under modelp
we sampled Pr(D|G) and Pr(D) uniformly, but we fixed Pr(—D|T) at zero, representing
an assumption of no treatment effect (i.e., omitting the DAG arrow between treatment
and gene in Fig. . In each simulation, we averaged log likelihood of a given data set
over m = 10000 Monte Carlo iterations (Alg. [} lines 24-25), marginalizing over sampled
parameter values.

The second term in the formula for ¢s4 is a log ratio of the prior probability of expla-
nations A versus B. Following Griffiths and Tenenbaum (77|, we assume a uniform prior
to be normative, assigning 50% probability to both explanations A and B (Alg. |1} lines
30-31). The prior encodes a bias in belief allocation across a finite set of alternative causal
explanations. We assume a uniform prior because we want our benchmark to reflect no a

priori bias toward causal explanationsﬁ

Performance evaluation

We wanted to measure how much participants’ causal inferences deviated from our norma-
tive benchmark, causal support.

The linear in log odds model & causal support. By choosing to model perceived
causal support Irry (see Section 5.2.1.1) as a function of ground truth causal support on a
log odds scale, we leverage a linear in log odds (LLO) model to extend causal support from
a normative cognitive model into a descriptive one. Prior work shows that the LLO model
accurately describes natural distortions in mental representations of probability [71,91}/185,
228|. For example, visualization researchers [109] used the LLO model to measure perceptual

distortions in probabilistic judgments about intervention effectiveness. Our normative model

4Uniform priors follow a convention of psychometric models that assume guessing responses are informed
by the number of response alternatives [121].
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of causal support itself (see Section 5.2.1.4) is a sum in log odds units.

Derived measures. Using a LL.O model to measure the correspondence between normative
and perceived causal support enables us to estimate (1) participants’ sensitivity to changes
in ground truth causal support and (2) bias in perceived causal support. From our model,
we derive sensitivity and bias per condition as LLO slopes and intercepts, respectively. LLO
slopes describe sensitivity to ground truth causal support such that a slope of one indicates
ideal sensitivity. One can think of slopes as the weight participants assign to changes in the
ground truth log likelihood ratio of explanations A versus B. LLO intercepts describe bias
in participants’ probability allocations when causal support is zero such that an intercept
of 50% indicates no bias. One can think of intercepts as the average prior probability that
participants allocate to explanation A when there is no signal in the data.

Approach. We used the brms package [29] in R to fit Bayesian hierarchical models on
perceived causal support. We adopted a Bayesian workflow called model expansion [61],
where we started with a simple model and iteratively added predictors to build up to more
complex models, running prior predictive checks, model diagnostics, posterior predictive
checks, and leave-one-out cross validation for each version of the model. We centered each
prior to reflect a null hypothesis of ideal performance and no bias, and we scaled each prior to
be weakly informative while providing sufficient regularization for models to converge. We
provide more details about our modeling workflow in our preregistrationsﬂ and Supplemental
Materials [

Model specification. We used the following model (Wilkinson-Pinheiro-Bates nota-

tion [29,/163,1217]) to evaluate participants’ responses:

lrry ~Normal(pa,o4)

A =cs4 % delta_p x n * vis + (csA x delta_p + cs4 % n worker,id)

where Irry was perceived causal support for a treatment effect, ¢s4 was our normative

®See preregistrations for Experiment 1 (https://osf.io/vzmhu) and for Experiment 2 (https://osf.
io/y46nw)

Shttps://github.com/kalealex/causal-support
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https://github.com/kalealex/causal-support
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benchmark, delta_p was the difference in the proportion of people with disease given treat-
ment versus no treatment, n was the sample size as a factor, vis was a dummy variable for
visualization condition, and worker_id was a unique identifier for each participant.

We primarily modeled effects on the mean of perceived causal support p4, but our model
also learned the residual standard deviation o4. Both o4 and the random effects in the
14 submodel helped account for the empirical distribution, differentiating between response
noise and effects of interest. The term c¢s 4 * delta_p *x n * vis enabled our model to learn how
the slope on causal support varies as a function of the visual signal on each trial (delta_p

and n) and visualization condition.

Participants € exclusions

We recruited participants on Amazon Mechanical Turk. Workers had a HIT acceptance
rate of at least 97% and were located in the US. We aimed to recruit a total of 400 partic-
ipants after exclusions using our attention check trials, 80 per visualization condition. We
determined this target sample size using a heuristic power analysis based on pilot data and
the assumption that the width of confidence intervals would be inversely proportional to
V/N. We recruited a total of 548 participants, and after exclusions we used data from 408
participants in our analysis. We slightly overshot our target sample size because we could
not anticipate perfectly how many participants would miss our attention checks (see Sec-
tion 5.2.1.4). Although we preregistered that we would exclude participants who failed to
allocate at least 50% subjective probability to the most likely causal explanation on either
attention check, this criterion proved too strict and would have excluded 48% of our sample.
Instead, we opted to use only the easier of the two attention checks for exclusions, resulting
in the exclusion of 26% of our sample. All participants were paid regardless of exclusions.

We compensated the average participant $2.50 for about 9 minutes.

5.2.2 Results

We evaluate chart users’ causal inferences using a linear in log odds (LLO) model to as-

sess sensitivity to the ground truth and bias in probability allocations when each causal
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Linear in log odds slopes

Sensitivity to signal: How far from a one-to-one relationship
between user responses and normative causal support?
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Figure 5.6: Linear in log odds (LLO) slopes per visualization condition.

explanation is equally likely.

Sensitivity. A LLO slope of one indicates one-to-one correspondence between the ground
truth and users’ probability allocations. In all visualization conditions (Fig. , we see
slopes far below one, indicating that users are much less sensitive than ideal. The only
reliable differences between visualization conditions are that filterbars users who do not

interact are less sensitive than users in other conditions.

When filterbars users do not interact with the charts, slopes are approximately zero
indicating that users are insensitive to signal. Performance improves reliably when users
interact with the visualization by applying cross-filters to coordinated multiple views. This

is expected because filterbars hide visual signal for the task behind interactions.

Surprisingly, when aggbars users interact with the charts to group by gene or treatment,
this leads to lower sensitivity, though this difference is not reliable. To make sense of this
result, we analyze interaction log data to see which variables chart users condition on. We
find that aggbars users group the data by gene almost as often as treatment. Compare this to
filterbars users, who condition on treatment much more often than gene (see Supplemental
Material). This suggests that interacting with visualizations only improves sensitivity to
causal support when users deliberately generate views of the data which show counterfactual

predictions that can distinguish competing causal explanations.

Visual signal effects on sensitivity. We examine sensitivity in each visualization as

function of attributes of the visual signal for our task. In Experiment 1, the signal breaks
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Figure 5.7: Sensitivity (y-axes) conditioned on two attributes of visual signal for treatment
effectiveness (rows, x-axes) and visualizations (columns).

down into two data attributes, delta p and sample size (see Section 5.2.1.4). Normatively,
LLO slopes equal one regardless of delta p and sample size, however, our model measures

differences in sensitivity depending on these data attributes.

Figure shows that in the conditions where slopes are largest—text, icons, bars,
aggbars without interaction, and filterbars with interaction—users are more sensitive to
causal support at negative values of delta p (e.g., Fig. top inset). The average user
in these conditions responds more to evidence against treatment (i.e., falsification) than
evidence in favor of a treatment effect (i.e., verification). At positive values of delta p (e.g.,
Fig. top inset), LLO slopes are similar across conditions, suggesting that differences in
performance between conditions are driven in part by differences in sensitivity to falsifying

evidence.

We also see in Figure that users of icons, bars, and aggbars are more sensitive to
signal when sample size is smaller. This finding is consistent with prior work showing that
chart users tend to underestimate sample size when making inferences with data , which
may be driven by logarithmic perception . Alternatively, we could interpret this
result as a cognitive bias where users are unwilling to be certain even when sample size is

large enough to support unambiguous inferences, related to non-belief in the law of large
numbers [17].

Bias. Intercepts in the LLO model describe bias in users’ probability allocations when
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Figure 5.8: LLO intercepts per visualization condition.

ground truth causal support indicates that explanation A (i.e., treatment effect) is just
as likely as explanation B (i.e., no treatment effect). Under this condition, a normative
observer would allocate equal probability to both causal explanations. We derive expected
probability allocated to explanation A based on a logistic transform of LLO intercepts, and
compare this to the normative benchmark of 50%.

With all visualizations except for filterbars, probability allocations are far below 50%
indicating substantial bias (Fig. . On average when causal support is zero, users of text
tables, icons, bars, and aggbars allocate too little probability to causal explanation A. Users
of filterbars, on the other hand, allocate approximately 50% to explanation A. We see the
most extreme bias of up to 20% with icons arrays.

Unfortunately, we can only speculate about possible reasons for these biases. We ex-
pected that LLO intercepts would indicate average responses near 50% in the absence of
signal for all conditions (i.e., a uniform prior), simply because this follows from the struc-
ture of the task. Because this pattern of biases across visualizations results from a non-
preregistered exploratory comparison, we investigate in Experiment 2 whether these biases

replicate for a more complex task.

5.3 Experiment 2

In Experiment 2, we evaluate the same visualization designs on a more difficult task. We

asked participants to detect confounding in the presence of a known treatment effect by
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Explanation A Explanation B
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Figure 5.9: DAGs for possible causal explanations in Experiment 2.

allocating probability across four possible “backdoor paths” [160] (Fig. |5.9). We extend
causal support to handle more than two alternative causal explanations, demonstrating

how causal support can be employed in more complex analyses.

5.3.1 Method

Experiment 2 was the same as Experiment 1 except for the following changes to response

elicitation, modeling, and experimental design.

Task scenario € response elicitation

Participants judge the influence of a gene on both disease and treatment effectiveness by
allocating probability across the four DAGs in Figure [5.9] separately assessing each DAG
arrow in a confounding relationship.

Question & elicitation. We asked participants a similar question as in Experiment
1, where participants allocated 100 votes (i.e., subjective probability) across alternative
causal explanations. However, in Experiment 2 we elicited a Dirichlet distribution with four
alternatives. Following Chalone et al. and extending our interface from Experiment
1, each time participants allocated a number of votes between 0 and 100 to an option, the
remaining votes out of 100 were uniformly distributed across unused response options. These

imputed responses were highlighted along with a prompt to, “Adjust your responses until all
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the numbers reflect your beliefs.” Participants iteratively set and adjusted their probability
allocations. We combined these responses into perceived causal support, which we compared
to our benchmark.

Perceived causal support. When estimating perceived causal support in Experiment
2, we separately evaluated multiple target explanations. Primarily, we targeted belief in

explanation D (llrp), confounding:

responsep
Irrp = log < )

Ei:{A,B,C’} response;

where responsea, responseg, responsec, and responsep were participants’ probability allo-
cations to causal explanations A through D, respectively, on each trial. We also separately
targeted belief in both of the component DAG arrows that constitute a confounding rela-
tionship (Fig.|5.9): (llrgp) the effect of gene on disease, which appears in explanations B and
D; and (llrep) the effect of gene on treatment effectiveness, which appears in explanations

C and D. We define llrgp as follows,

>_i—{B,D} TESPONSE; >

[ =1
"TBD = 08 <Zi{A,C} response;

and we define llrgp similarly. We compare log response ratios llrp, llrgp, and llrcp to

corresponding causal support ¢sp, ¢sgp and csop.
Strategy. At the end of the experiment, we asked participants,

How did you use the charts to complete the task? Please tell us what patterns
you looked for in the data and what comparisons you made.

We analyzed these qualitative responses to assess whether participants understood how to

use the charts for the confounding detection task.

Ezperimental design

We manipulated both the visualizations (between-subjects) and the data sets we showed
(within-subjects). We showed each participant 19 trials, 18 data conditions (see Section

5.3.1.3) and one attention check used for exclusions (see Section 5.3.1.5). We randomized
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trial order for each participant, inserting the attention check on trial 10.

Stimulus generation

We generated data sets that spanned a range of ground truth causal support for confounding.
Creating these data sets required (1) manipulating data attributes which signaled whether
the gene was a confounding factor, and (2) labeling each data set with ground truth causal
support.

Our goal was to generate 18 data conditions that varied delta p disease, delta p treat-
ment, and sample size, data attributes which manipulate causal support for confounding.
Delta p disease described the difference in the proportion of people with disease in each data
set depending on whether they had the gene. Negative values of delta p disease indicated
evidence that the gene caused disease, whereas values near zero indicated evidence against
a gene effect on disease. Delta p treatment described the difference in the proportion of
people with disease within the treatment group depending on whether they had the gene.
Negative values of delta p treatment indicated evidence that the gene stopped the treatment
from preventing disease, whereas values near zero indicated evidence against a gene effect
on treatment. Sample size was the number of people in each data set we showed chart users.
Data conditions. To generate 18 data conditions, we simulated data from structural
models with one parameter per DAG arrow in Figure We manipulated the probability
that gene causes disease (3 levels: {0,0.35,0.7}), the probability that gene prevents treat-
ment from working (3 levels: {0,0.35,0.7}), and sample size (2 levels: {100,1000}). We
controlled the probability that treatment prevents disease (0.8), probability of disease due
to unobserved causes (0.2), base rate of the gene (0.4), and the proportion of each sample
with treatment (0.5). We selected these parameters iteratively by sampling data sets and
labeling ground truth until half of trials had greater than a 25% chance of having been
generated by causal explanation D.

As in Experiment 1, we simulated many data sets for each data condition, and we
counterbalanced quantiles of sampling error across participants (see Section 5.2.1.4). For

our attention check trial, we selected the simulated data set that maximized causal support
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for confounding.

Labeling ground truth causal support. We extended Griffiths and Tenenbaum’s model
of causal support |77] to account for more than two alternative causal explanations. We

primarily targeted causal support for causal explanation D over explanations A, B or, C,

Pr(C|modelp) )) +Iog ( Pr(modelp) )

¢sp =log <
>izia,p,c} Pr(Clmodel; Yiz{a,p,c} Pr(model;)

where C is the data set we label with ground truth, and models, modelg, modelo, and
modelp correspond to causal explanations A through D (Fig. , respectively. Since we
separately targeted belief in both of the component DAG arrows that constitute a con-
founding relationship (see Section 5.3.1.1, perceived causal support), we needed to calculate

(¢spp) ground truth causal support for explanations B or D over A or C:

>i={B.D} Pr(C|m0deli)> (Zi:{B D} Pr(modeli)>
b + Og b

=1
¢spp =log (Zi{A,C} Pr(C|model;) > i—{a,cy Pr(model;)

We similarly calculated (¢scop) causal support for explanations C or D.

The first terms in the formulae for ¢sp, ¢spp, and ¢sop are log likelihood ratios repre-
senting the relative compatibility of a given data set with causal explanations A, B, C, and
D. We calculated the log likelihood of each data set we showed participants given modely,
modelg, modelc, and modelp using Monte Carlo simulations similar to Algorithm In
Experiment 2, we introduced one more parameter Pr(—7T'|G) to our structural models, rep-
resenting the probability that the gene prevents the treatment effect. We incorporate this

parameter into our Monte Carlo simulations (Alg. 1)) by making the following substitutions:

19 : (Pr(D|G) + Pr(D) — Pr(D|G) - Pr(D)) - (Pr(—D|T)
20: - (1-Pr(-T71G))+ (1 -Pr(D|G)) - (1 —Pr(D)),
21 : (Pr(D|G) + Pr(D) — Pr(D|G) - Pr(D))

22: - ((1-Pr(=D|T)) + Pr(-D|T) - Pr(-TG))

Under modely we sampled Pr(D) and Pr(=D|T") uniformly on the interval [0, 1] and fixed
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Pr(D|G) and Pr(—T|G) at zero, representing assumptions that the gene impacts neither
disease or treatment. Under modelp we sampled Pr(D), Pr(D|G), and Pr(—D|T') uniformly
and fixed Pr(—T|G) at zero, representing the assumption that the gene has no effect on
treatment. Under modelc we sampled Pr(D), Pr(—=T|G), and Pr(=D|T") uniformly and
fixed Pr(D|G) at zero, representing the assumption that the gene has no effect on disease.
Under modelp we sampled all four parameters uniformly to represent confounding.

The second terms in the formulae for ¢sp, ¢spp, and ¢sop are log ratios of the prior
probabilities of the target explanation(s) versus other possible explanations. Again, we
assumed a uniform prior to create an unbiased benchmark for our task such that 256% was

the normative prior probability for each causal explanation A, B, C, and D, respectively.

Performance evaluation

Again, we used linear in log odds (LLO) models [71},228] to describe discrepancies between
perceived and normative causal support. We also conducted a qualitative analysis of par-
ticipants’ reported strategies.

Model specification. We used three inferential models because we had three dependent
variables, representing perceived causal support for confounding (lrrp) and for the two
constituent effects of confounding (Irrgp and lrrep). Here, we show only the models on
Irrp and Irrgp because the models on lrrep and lrrgp are identical in form, with c¢sop and

delta_p_t replacing ¢spp and delta_p_d as predictors:

lrrp ~Normal(pup,op)
up =csp * delta_p_d  delta_p_t x n * vis

+ (csD x delta_p_d + ¢sp * delta_p_t + ¢sp * n‘worker,id)

lTTBD NNormal(,uBD, O'BD)

UBp =¢spp * delta_p_d *n * vis + (csBD’worker,id)

where lrrp, lrrgp, and lrrop were perceived causal support for a confounding, the gene
effect on disease, and the gene effect on treatment, respectively, ¢sp, ¢spp, and csop were

our normative benchmarks corresponding to each log response ratio, delta_p_d was the
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difference in the proportion of people with disease given gene versus no gene, delta_p_t was
the difference in the proportion of people with disease among those in the treatment group
given gene versus no gene, n was the sample size as a factor, vis was a dummy variable for

visualization condition, and worker_id was a unique identifier for each participant.

We primarily modeled effects on the mean of perceived causal support pup, ugp, and
wep, but our models also learned residual standard deviations op, opp, and o¢p. The
residual standard deviations and random effects in each model helped us separate patterns
in responses from noise and individual differences. In the first model, we used the term
¢sp * delta_p_d x delta_p_t *n x vis to learn how sensitivity to causal support for confounding
varies as a function of sample size n and visualization vis. In the second and third models,
we used the terms c¢spp * delta_p_d x n x vis and c¢sop * delta_p_t * n x vis to learn how
sensitive users in each visualization condition were to the gene effects on disease delta_p_d
and treatment delta_p_t, respectively.

Qualitative analysis. We wondered how well participants would intuit how to perform the
confounding detection task, considering it was more difficult than the task in Experiment
1, and we provided no training. To address this we applied a deductive coding scheme.
We coded participants’ strategy descriptions as uninformative if they didn’t describe a
strategy. Otherwise, we coded whether or not participants described adequate strategies
for judging delta p disease, delta p treatment, or sample size (see Section 5.3.1.3), and we

coded confusion if they stated they were confused or described an incorrect strategy.

Participants € exclusions

We used a similar approach to power analysis as in Experiment 1 to determine a target
sample size of 500 participants after exclusions. We recruited a total of 703 participants,
and after exclusions we used data from 519 participants in our analysis. Although we
preregistered that we would exclude participants who allocated less than 25% probability
to confounding on an attention check trial where confounding was very likely (see Section
5.3.1.3), this criterion would have excluded 39% of our sample. We relaxed the cutoff to

less than 20% probability of confounding to allow for additional response error, resulting in
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Figure 5.10: Linear in log odds (LLO) slopes per visualization condition.

a 26% exclusion rate. We paid participants $3.04 for 14 minutes on average.

5.3.2 Results

We use a linear in log odds (LLO) model to describe performance in terms of sensitivity
to ground truth causal support and bias in probability allocations when all four causal
explanations are equally likely.

Sensitivity. A LLO slope of one indicates ideal sensitivity to the log likelihood of the
data given a set of causal explanations Similar to Experiment 1, slopes in all visualization
conditions are closer to zero than one (Fig. , indicating under-sensitivity to the ground
truth.

Interacting with filterbars seems to improve sensitivity, while interacting with aggbars
seems to decrease sensitivity, although these differences are not reliable. It is surprising
to see a similar pattern of results for interactive visualizations in both experiments, since
we expected interactive visualizations to be more helpful for detecting confounding than
for detecting a treatment effect. Detecting confounding requires users to look for more
complex counterfactual patterns in order to distinguish between causal explanations, and
manipulating data aggregation and filtering should help users to query visualizations for
these patterns. When we analyze interaction logs (see Supplemental Materials), we see that
filterbars users interacted with the visualizations more frequently and created more task-

relevant views of the data than aggbars users, which may help to explain why interacting
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Figure 5.11: Sensitivity (y-axes) conditioned on three attributes of visual signal for con-
founding (rows, x-axes) and visualization conditions (columns).

with filterbars was somewhat more helpful than interacting with aggbars.

Visual signal effects on sensitivity. We examine sensitivity in each visualization condi-
tion to the three visual signals for confounding in our task (delta p disease, delta p treatment,
and sample size; see Section 5.3.1.3). Normatively, slopes are one regardless of these visual

signals.

Figure shows users are more sensitive to causal support at values of delta p disease
and delta p treatment near zero, with the exception of filterbars users who don’t interact.
This pattern is consistent with the findings of Experiment 1 in that chart users respond

more to evidence against a given causal effect than evidence in favor of an effect.

In Figure [5.11] we also see that users of every visualization but filterbars are more
sensitive when sample size is smaller. This pattern is consistent with prior work 119)

and the results of Experiment 1.

Bias. LLO intercepts describe bias in probability allocations when the data are equally
likely under each alternative causal explanation. We derive expected probability allocated

to explanation D based on LLO intercepts and compare this to the normative benchmark
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Figure 5.12: LLO intercepts per visualization condition.

of 25%.

Figure shows that, with all visualizations but text tables, users underestimate the
probability of confounding in the absence of signal. The fact that biases for each vi-
sualization condition differ between Experiments 1 and 2 suggests that these results are
task-specific. Future work should study reasons for these biases and what visual analytics
software can do to help calibrate analysts’ probability allocations.

Strategies. We assess users’ self-reported strategy descriptions. 235 of 519 (45%) users
included in our analysis gave uninformative responses and were excluded from further anal-
ysis. 42 of 284 (15%) remaining users either stated they were confused or described an

incorrect strategy.
However, many users intuited the important signals in the data:

“T relied more on the ‘no treatment’ cells to consider whether the gene causes the [dis-
easef, trying to look at ratio of ‘disease’ and ‘no disease’ within those two quadrants...
[I] tried to consider the actual counts remembering that small numbers mean loose esti-
mates but this was easy to overlook. Then I compared the two purple bars in the ‘gene
no’ top-half of graph to estimate the treatment effect... and did the same for the two
lower purple bars to see if treatment equally effective in those with the gene.”

222 of 284 (79%) described an adequate strategy for inferring the gene effect on disease. 81
of 284 (29%) mentioned sample size information. 168 of 284 (59%) described an adequate
strategy for inferring the gene effect on treatment effectiveness. These results suggest that
much of our data represent a reasonable understanding of the task, yet participants still

appeared to struggle to use the visualizations effectively.
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5.4 Discussion

We demonstrate the utility of causal support for evaluating inferences with visualizations,
successfully measuring expected patterns in the quality of chart users’ causal inferences. For
example, filterbars users should not have been able to perform either task without interacting
because the visual signals required to perform the tasks were hidden behind interactions.
Our method shows that filterbars users were completely insensitive to the signal in data when
they did not interact. Similarly, our models corroborate prior work suggesting that chart
users underweight sample size when making inferences [17,119]. Findings like these reassure
us that causal support can help us understand how users struggle to use visualizations to

evaluate causal hypotheses.

Our findings point to unsolved design challenges for supporting causal inferences with
visual analytics (VA) tools. Contrary to what we might expect given the emphasis of
visualization research on evaluating encodings and interaction techniques, using different
encodings for count data doesn’t appear to improve sensitivity to evidence for causal in-
ferences beyond text contingency tables. Similarly, common interaction techniques in VA
tools, such as manipulating data aggregation or cross-filtering coordinated multiple views,
don’t seem to improve causal inferences beyond what users can achieve with simpler static
visualizations. Interacting with visualizations seems to help or hurt sensitivity depending
on how deliberately signal-seeking users are and whether interacting is necessary in order
to expose the visual signal in the data. This suggests that VA tools designed to optimize

easy exposure of data are not sufficient for supporting causal inferences.

We also find systematic biases in the way that chart users respond to specific visual
signals in charts. Chart users seem ubiquitously more sensitive to falsifying evidence than
they are to verifying evidence. This may reflect a cognitive bias where analysts are more
responsive to discrepancies, between observed data and the counterfactual patterns expected
under a given causal explanation, than they are to similarities between observed data and
counterfactual patterns. Interestingly, this bias may be somewhat rational to the extent
that verifying an inference is probabilistic, whereas the logic of falsification is deductive and

thus “more powerful” in that it can definitively rule out an explanation [165].
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Insensitivity to sample size remains a major challenge for informal statistical inferences,
and it appears not to be sufficiently addressed by common chart types for showing count
data. Even icon arrays, which emphasize sample size as the number of equal-sized dots,
don’t seem to mitigate this problem. Prior work [17,/119] suggests this may be due to
perceptual underestimation of sample size and cognitive bias against claiming certainty in
inferences. Additionally, our qualitative results suggest chart users may not intuitively pay

as much attention to sample size as they do to other signals when making causal inferences.

Consistent with an aversion to believing causal relationships exist, we find that chart
users tend to underestimate the probability of a given DAG arrow. In the absence of any
signal differentiating between causal explanations, chart users allocate more probability
to explanations that posit fewer relationships, rather than allocating probability uniformly
across alternatives. Though this tendency interacts with task and visualization in ways that
warrant further study, it may reflect an overall cognitive bias toward believing in simpler

causal explanations.

5.4.1 Limitations & future work

We set out to run a proof-of-concept study establishing causal support as an evaluation
method for VA tools, and our study raises many unanswered questions. A primary limitation
of this work is that we recruited participants on Mechanical Turk, who may be less sensitive
to causal support than real data analysts to the extent that they may use VA tools less
deliberately. However, our qualitative analysis suggests that many participants understood
the task and used reasonable strategies. Future work may find causal support helpful in
evaluating current practices or novel interfaces with smaller pools of participants, insofar
as real data analysts give less noisy responses than crowdworkers. Questions remain about
whether our findings generalize for other data types (e.g., continuous [153] and event stream
data [152]), for domains outside of medicine, and for analysis scenarios with more complex
possible data generating models. Though we suspect our findings will persist in some form
across user populations and analysis scenarios, visualizations probably will support some

other causal inference tasks better than they support differentiating possible data generating
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processes.

5.4.2  Improving visual analytics for causal inference

A theme in visual causal inference is that analysts do not always know what to look for in
data [12,224]. Causal inferences differentiating between possible data generating processes
(DGPs) require comparisons between patterns in observed data and counterfactual patterns
under a specific DGP [75,|160]. Users of VA software may struggle with causal inferences
insofar as they fail to imagine counterfactual predictions.

Prior work in statistics and visualization argues for model checks that make compar-
isons between data and model predictions explicit [66,67,96]. For example, workflows in
Bayesian statistics frequently employ prior and posterior predictive checks [61].Visualizing
model predictions alongside empirical data could support causal inference by externalizing
discrepancies and similarities between observed and expected patterns.

We envision a VA workflow where analysts cycle between interactively specifying models
(e.g., [127]) and generating model checks to gauge model compatibility with their data. This
echos calls to make models themselves a primary goal of visual data analysis [8]. Causal
support solves an important problem in realizing this vision, defining a “good” model check
as one which supports sensitive inferences among a set of candidate DGPs. Though it may
be difficult to come up with an exhaustive set of DGPs in many real world applications,
we think that this approach would be fruitful even with a relatively simple set of models
that a knowledgeable analyst might provisionally entertain. Causal support cannot guard
against analysts ignoring possible models, but it can be used to evaluate visualization and

interaction designs intended to help analysts collate and compare alternative models.

5.5 Summary

This chapter presents two crowdsourced experiments demonstrating an approach to eval-
uating causal inferences with visual analytics (VA) tools. No visualization or interaction
designs we tested lead to reliably better causal inferences than text contingency tables,
suggesting that common VA tools designed for data exposure may not be sufficient for

supporting causal inferences. We point to perceptual and cognitive biases which seem to
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make visual causal inferences difficult, including tendencies to underweight both evidence
verifying a causal relationship and evidence from large samples. We discuss how formal
models of causal support can be used to evaluate VA systems that place an emphasis on

helping users reason about possible data generating processes.
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Chapter 6

EVM: EXPLORATORY VISUAL MODELING

In this chapter of my dissertation, I present Exploratory Visual Modeling (EVM), a graphi-
cal user interface for exploratory data analysis that enables users to express and check their
provisional interpretations of data in the form of statistical models. At the time of this
writing, EVM is a prototype implementation that serves as a proof-of-concept for applying
design knowledge about cognitive mechanisms, which I have built up through my empirical
work presented in Chapters 3-5, to help data analysts reason about uncertainty in data. I
present motivation and rationale for the design of EVM along with considerations about how
to evaluate the tool with data analysts. Through the design and implementation of EVM,
I uncover practical challenges around realizing model checks in visual analytics interfaces,
including ways in which model outputs require different treatment that raw data within vi-
sual analytics software. This work opens a door to new ways of building analysis tools and
presents opportunities for new lines of research addressing fundamental questions about the

nature of people’s mental models of data and how they should be represented in software.

6.1 The need for model checks in visual analytics

In the previous chapter, I presented evidence that people struggle to reason about causal
relationships using visualization and interaction techniques that are common in visual an-
alytics (VA) tools. For example, when asked to gauge the compatibility of a synthetic
medical trial dataset (e.g., Fig. with the assumption that a treatment influences the
rate of a disease, participants made inferences that were mostly insensitive to the displayed
evidence for or against this causal explanation. People struggle to make comparisons to
an imagined distribution of counterfactural predictions—i.e., what the patterns on a chart
might look like if a particular account of the data generating process (DGP) were true. One

design implication of this work is that tools for sensemaking with data should enable users
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to explicitly generate and examine such reference distributions alongside their data.

This design recommendation to make predictive distributions explicit is in line with
theories of graphical statistical inference, reviewed recently by Hullman and Gelman [96]
and in Chapter 2. In particular, statistical theory suggests explicit comparisons between
observed data and reference distributions—i.e., predictions drawn from provisional models
fit to the data in order to provide a reference for inferences about underlying DGP. These
“model checks”, as Hullman and Gelman dub them, show up frequently in Bayesian work-
flows for model building and evaluation [61]. Thinking of visualizations as model checks—
comparisons between data and model predictions—offers a helpful design strategy to im-
prove visualizations as tools for statistical judgments.

However, model checks seldom enter into graphical user interfaces for exploratory anal-
ysis, where they would be helpful for verifying and interrogating discovered patterns. For
example, support for modeling in popular commercial VA tools like Tableau is limited to
trend lines showing conditional averages. Such superimposed trend lines average over un-
certainty information, failing to support analysts in answering questions such as, “Is this
pattern real or spurious?” [227], which can be answered more rigorously using simulation
or permutation approaches to generate a reference distribution [175]. As a consequence,
Hullman and Gelman argue [96], these VA tools leave analysts vulnerable to miscalibrated
confidence as they move between exploratory and confirmatory modes of analysis—a dis-
tinction which many associate with viewing versus modeling data, despite assertions from
statistical pioneers like Tukey [197] that inspecting model residuals plays an important role
in exploration and discovery.

Here, I set out to realize this vision of model check in graphical user interfaces (GUI)
for exploratory data analysis (EDA). I do this by creating Exploratory Visual Modeling
(EVM), a prototype VA application that enables users to quickly specify reference models
and compare predictions from these models to patterns in observed data. EVM provides a
Tableau-like interface for chart construction and incorporates novel features for authoring
provisional statistical models to check against data. Critically, these provisional statistical
models are meant to represent the user’s mental model of DGP, which updates frequently

during EDA in response to discoveries about the data. By providing an explicit way for
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users to express and check their mental models of DGP in a VA workflow, I extend the
toolkit available to those analysts who typically analyze data in GUIs but tend not to reach
for statistical modeling to validate their insights about data.

In this chapter, I provide an exposition of the use cases and principles that guided the
design of EVM, the basic operations of EVM, the implementation of EVM, and considerations
about how to evaluate whether EVM can improve analysts’ reasoning about DGP. I share
lessons learned from the design and implementation of EVM, e.g., the fact that visualizing
model predictions introduces a distinct set of design constraints that are difficult to im-
plement by merely composing existing abstractions for chart construction in the browser
(i.e., D3 [21], Vega [174], Vega-lite [173]). Future directions for research in this area include
advances in interactive visualization techniques for larger-scale or higher-dimensional data,
as well as deeper understanding of how people use visualizations and other statistical tools

to evaluate claims about data.

6.2 Design rationale

The study team designed and implemented a EVM based on a handful of use cases and design
principles for model checks. Our aim was to create a proof-of-concept prototype in order to

investigate how model checks might be useful in exploratory data analysis (EDA).

6.2.1 Anticipated use cases

Based on previous research on graphical statistical inference (reviewed in Chapter 2), we
anticipate a few types of use cases where model checks would add value to EDA workflows.
This list is non-exhaustive, and model checks might be helpful for other tasks not mentioned
here (e.g., detecting outliers or imputed missing values).

“Is this pattern real or spurious?” Although visual data exploration is open-ended by
nature [7}/14], much research on evaluating VA tools focuses on “insights” as an outcome
of analysis (e.g., [227]), often analogizing the process of discovering these insights to null
hypothesis significance testing (NHST) [28,|175,1216]. Under this NHST framing, we can
think of insights about patterns of interest in EDA as judgments of whether these patterns

are likely to have occurred by chance. For example, imagine a scenario where we want to
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Figure 6.1: Checking a “null model” [28] to assess whether a pattern is spurious: @ A
strip plot showing how miles per gallon varies as a function the number of cylinders in a
car’s engine. (B) Adding predictions from a reference model to this strip plot using EVM.
Whereas this is static screenshot, EVM animates a new set of model predictions every 500ms
as HOPs [98], such that the orange marks seem to dance.

know if the number of cylinders in a car’s engine cyl influences a car’s fuel economy (i.e.,
average number of miles per gallon mpg). In a typical VA workflow, we would assess this
relationship by eye (Fig. [6.1] @), making a comparison to what we imagine the pattern
might look like if it were spurious. With model checks, under the NHST analogy, we might
define the likelihood that our pattern of interest occurred by chance relative to a statistical
model assuming no influence of cyl on mpg (Fig. [6.1] B)). If the likelihood of our data
under this “null model” [28] seems very small, we might reject this provisional model as a

sufficient explanation for our data generating process (DGP).

Explaining patterns. Upon realizing that a particular explanation for patterns in data
is insufficient (i.e., rejecting the “null model”), an analyst’s natural inclination is to try
to further explain patterns that don’t seem spurious [7]. In a typical VA workflow, this
might involve exploring different views of the data by adding new variables to the chart
specification or by changing encodings. With model checks, this exploration might be me-
diated by different choices of reference model, making increasingly strong assumptions to
see whether the resulting predictive distribution is a better or worse match to the patterns
in a generated view of the data. For example, we might update our previous “null model”
with a new assumption that cyl influences mpg (Fig. [6.2)). This reference model update

leads to a noticeable reduction in the discrepancy between patterns in the dataset and our
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Figure 6.2: An updated model check, following our provisional rejection of the model shown
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Figure 6.3: A model check showing how cyl can help to predict the non-linear trade-off
between hp and mpg. We apply a reference model that we built up by looking at Figures|6.1
and @ in order to explain a related pattern in our dataset.

reference distribution. We might be unable to reject this model under the NHST framing
of model checks, although an analyst might still consider these non-rejected explanations
to be important or interesting. As we account for more of the apparent structure in our
dataset, incremental changes to the model will produce subtler discrepancies between the
reference distribution and our dataset. These subtle discrepancies must be judged based on
the analyst’s domain knowledge and statistical savvy.

Relating disparate patterns. When an analyst feels they have a decent mental model
of DGP, they may wish to check how well that model can account for correlations between

additional variables in the dataset that they have not yet explicitly modeled. For example,
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given the apparent capacity for cyl to predict mpg, we might want to know if the number
of cylinders in a car’s engine can also explain the trade-off between mpg and variables like
horsepower hp. In a typical VA workflow, we might try to create complex multidimensional
views that give us a sense of the joint distribution of these three variables. With model
checks, we can create a simpler scatterplot comparing hp and mpg and show predictions of
what this pattern would look like given our current provisional model (Fig. . In this
way, model checks might facilitate reasoning about correlations in a dataset that remain
hidden in simple, low-dimensional visualizations.

In each of these use cases, flexibly expressing and checking provisional mental models
of DGP provides an explicit software representation of reasoning that would otherwise
be implicit in the mind of the analyst. The remainder of this section outlines a design

philosophy for how to support the externalization and interpretation of such mental models.

6.2.2 Design principles for model checks

Model checks require design principles beyond those implicated in visualization and human-
computer interaction more broadly. These ideas, derived from informal meetings with statis-
ticians and visualization software builders as well as our study team’s expertise, address how
EVM is intended to support expressing and checking provisional mental models of DGP.
Pattern-seeking, not data mining. Visual analytics tools designed for data exposure
wrongly assume that users will know what patterns mean if they see them |12}[111,224]. We
posit that analysts can be easily distracted by small visual details unless they seek these
details deliberately based on a mental model of their data. For this reason, EVM will avoid
dredging up comparisons or views of data that the user has not requested. We may find
that lightweight model recommendations are appropriate in future tools like EVM, however,
given the potential for these recommendations to be misunderstood or poorly integrated
with the user’s mental model of DGP, we chose to omit automated suggestions and instead
require manual model specification in our initial implementation of EVM.

Model expansion workflow. Statistical tools should promote a workflow where the

user considers and checks changes to their models incrementally [61]. This helps analysts
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understand complex models in terms of simpler models that contain a subset of the same
assumptions, building this understanding through iterative model checks. EVM facilitates
this sort of cumulative hypothesis testing about what is and isn’t helpful for a model to
assume about the data.

Decoupling models from visualizations. Both visualization authoring abstractions—
many of them based on Wilkinson’s grammar of graphics [218]—and model specification
syntax in R [29,|163},217] share a similar representational form. Both interfaces are com-
posable algebras for flexible declarative specification. At the outside of this project, we
considered whether there could be a clear mapping between these algebras, such that chart
specifications could be used to derive appropriate model specifications. We approached
expert visualization software designers who previously attempted to incorporate modeling
into VA software [191]E] and through this conversation we realized that assuming a corre-
spondence between visualizations and models might be untenable. A given chart entails a
set of possible models, and the user must fill in gaps in a tool’s ability to automatically
infer which assumptions about DGP the user would like to investigate. We posit that tools
for model checks require ways for analysts to express their intent to investigate a particu-
lar assumption. In EVM, we decouple model specification from chart specification, allowing
visualizations and models to be “out of sync” such that either a visualization shows more
about the data than a model learns or a model learns relationships which are not directly
visualized on the chart canvas. This design choice facilitates use cases such as explaining
patterns and relating disparate patterns (see Section 6.2.1).

Smart defaults for model check visualizations. Rather than giving the user control
over every aspect of the generated chart’s appearance, we attempt to minimize the number
of edge cases where the user could create a useless or misleading visualization. Some design
choices, such as showing one mark per data point by default, follow from empirical findings
in visualization research—i.e., that such disaggregated views promote more conservative
inferences about the existence of patterns in data [149]. Other design choices serve to

facilitate meaningful visual comparisons between patterns in data and model predictions.

!Many thanks to Justin Talbot for meeting with us to discuss an old project with Pat Hanrahan aiming
to incorporate statistical modeling into Tableau, which remains unpublished.



115

For example, EVM shows observed versus predicted patterns using different colors and in side-
by-side facets. This avoids overplotting model predictions on top of the data. EVM always
facets the position of the model predictions in a way that preserves the ability to compare
observed and predicted outcomes on a common scale, an important design choice which users
might not think of. We realized these smart defaults were necessary after implementing an
earlier version of the tool that granted the user more flexibility, and noticing that the number
of interactions required to create a “good” visualization were too many.

Discoverable failure modes. For operations that require maximum articulatory flexibil-
ity for the user, interfaces should allow the user to discover failure modes and respond to
them with agency. The study team sees model specification as one such operation, espe-
cially given that EVM is a design exploration about how to incorporate model checks into VA
tools. Although we provide users with high-quality visualizations by default, when the user
chooses to check a nonsense model against that visualization, the resulting visualization
becomes ill formed. For example, if the user models a discrete variable using a model that
assumes continuous outcomes, the resulting model check visualization will attempt to show
continuous predictions on a discrete axis scale. After discovering these failure modes during
informal testing, the study team decided that they were an asset, that we should let EVM

show a bad visualization when the user asks for a model with unreasonable assumptions.

6.3 EVM exposition

EVM is composed of the following modular components linked together to form a single-page
web application where users iteratively generate views of data and check models against
them. The reader can try out the prototype at https://kalealex-evm. surge.sh/E]

Chart panel. The chart panel occupies the center of the EVM display area (Fig. ©).
User-generated views appear in this part of the display and update reactively in response
to changes in the state of the application, which are triggered by user interactions with

other modular components. The chart panel component contains all of the logic for smart

What I describe in this section is the desired behavior of an interface that is still in development.
Although most of the features are implemented and working, I still have a few things to do before handing
the tool to potential users.
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Figure 6.4: A screenshot of EVM, annotated to show different components described in
Section 6.3: @ Shelf construction interface; B) Filters & transformations interface; and ©)
Chart panel; and ©) Model bar. The specified model check assumes that the number of miles
per gallon a car gets mpg is normally distributed with mean and variance both impacted by
the number of cylinders in a car’s engine cyl. By plotting horsepower hp against mpg, we
can check how well the trade-off between hp and mpg is explained by the predictor in our
reference model, cyl, which is not shown directly in this view.

defaults such that it determines how the current combination user-specified encodings and

models should be displayed.

Shelf construction. The shelf construction interface occupies the far left portion of the
display (Fig. @). Tt conmsists of two columns side-by-side: the left column contains
variable names from a pre-loaded dataset; the right column contains “shelves” for each
possible encoding channel. The user can specify views of data by dragging variables onto
a shelf, each representing an encoding channel: x-axis, y-axis, row, and column. The x-
and y-axis channels define what appears in the main portion of an individual chart. The
row and column channels indicate that the user wants a trellis plot ,, consisting of
multiple subplots arranged along either the vertical or horizontal span of the chart panel.
Filters & transformations. The interfaces for filtering and transforming data sit beneath
the encoding shelves (Fig. @), and both follow the same design pattern. To add a filter,
the user selects a variable based on which they will either include or exclude values less than
(or equal to), greater than (or equal to), or (not) equal to a criterion. To add a transform,
the user selects a variable to which they can apply either a log odds or log transformation.

EVM provides warnings when the user applies a transform that will return unusable values,
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such as a log transform of values less than or equal to zero. In both the filter and transform
interfaces, the working copy of the data is modified to reflect the user’s choices, and a
backup copy of the data is maintained, which the user can revert to by removing filters and
transforms. For simplicity, EVM always applies filters before transforms and applies both in
the order they are specified. EVM refits models after any changes to filters or transforms.

The model bar. The model bar occupies the far right portion of the display (Fig. D).
It follows a similar design pattern as the filter and transform interfaces, in that users can
add or remove models from the current set of candidate models. When the user chooses to

add a model to the model bar, they select a distribution family for their regression model:

e Normal: a traditional linear model for continuous outcomes, estimating the condi-
tional mean, with the option to specify separate sub-models for the Gaussian distri-

bution’s location and scale.

e Log normal: a transformed linear model for continuous outcomes in the domain
(0,400), estimating the conditional mean in log units, with the option to specify
separate sub-models for the Gaussian distribution’s location and scale on a log scale.
Predictions of this model are back-transformed into the original outcome scale before
being passed from the modelcheck R package to EVM, so the log link function is

encapsulated in the back-end function.

e Logit normal: a transformed linear model for continuous outcomes in the domain
(0,1), estimating the conditional mean in log odds units, with the option to specify
separate sub-models for the Gaussian distribution’s location and scale on a log odds
scale. Predictions of this model are back-transformed into the original outcome scale
before being passed from the modelcheck R package to EVM, so the logit link function

is encapsulated in the back-end function.

e Logistic: a generalized linear model for binary outcomes, estimating the conditional

log odds of one vs zero.
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e Poisson: a generalized linear model for count outcomes, estimating the conditional

rate of events.

e Negative binomial: a generalized linear model for over-dispersed count outcomes
(i.e., a mixture of Poisson distributions with rates drawn from a Gamma distribution),
estimating the conditional rate of events, with the option to specify separate sub-

models for the location and scale of rates.

Based on the model family the user chooses, EVM elicits a model specification in Wilkinson-
Pinheiro-Bates syntax [163,217], for some model families providing separate text boxes for
location and scale sub-models. EVM parses these model specifications into sets of assumptions
about DGP and displays natural language descriptions of each reference model’s respective
assumptions in the model bar. Confirming a new model triggers a post request to the main

event handler on the server-side, which makes calls to the modelcheck R package.

6.3.1 Implementation

EVM is a web application implemented using Svelte. The behavior of EVM is mediated by a
global state that is shared across modular components, and which is updated and reacted
to by each component in real time. We base the interface for EVM on PoleStar [220], a
research prototype for EDA that uses an interaction model for chart construction based on
Tableau, where the user creates charts by dragging and dropping variables onto encoding
channels. Our intention is that relying on a popular design pattern for chart construction
will facilitate greater ease of use, extensibility, and adoption.

We use Vega [174] to generate visualizations in EVM. Chart specifications authored by the
user through the shelf construction interface are initially stored using concise Vega-lite [173]
syntax. However, some of our design choices around faceting model predictions and showing
them in animated HOPs are not supported in Vega-lite. For this reason, we compile the
resulting Vega-lite specification to Vega and modify it prior to rendering. This means that
EVM inherits some defaults and optimizations from Vega [174] and Vega-lite [173], while only

trying to support a subset of the visualization design space expressible with these tools.
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EVM is backed by the modelcheck R package, which I built to handle all modeling-
related data manipulations. It contains functions to run a specified model in the selected
family and add predictions from that model to the input dataframe, calculate residuals for a
given model, and merge together outputs from other operations without duplicating entries.
I implemented the modelcheck package using a combination of base R and tidyverse
packages [215] for data wrangling, and using fast-fitting gamlss [169] models. We expose
the gamlss model specification syntax (a.k.a., Wilkinson-Pinheiro-Bates notation [163}217])
to the user through the model bar, a design choice which served both as an expedient in the
design process (i.e., we didn’t have to invent a completely new interaction technique) and
as way to make the new design pattern represented by the model bar seem approachable,
at least to users familiar with R. The modelcheck package provides maximum flexibility for
specifying fixed-effects regression models within the scope of a research prototype.

To minimize the required amount of communication between client- and server-side
environments, the modelcheck package contains a main event handler. When the user
specifies a new model to check against data, the current state of the application is passed
to the main event handler via a post request. The main event handler determines which of
the current set of models have not been run, fits those models, calculates predictions and
residuals, and outputs a unified, relatively compact data structure for visualization. This

dataflow reduces redundant computation and high-latency interactions.
6.4 Deploying cognitive mechanisms

By design, EVM leverages cognitive mechanisms such as ensemble processing, visual heuris-
tics, and model-based thinking—which were the foci of Chapters 3-5 [109-111]—to support
more rigorous thinking about uncertainty during data exploration. I posit that cognitive
challenges around model-based thinking arise from an unclear mapping between conceptual
relationships in a dataset and the low-level visual features that an analyst might notice in a
chart. Some design choices in EVM represent an attempt to coordinate cognitive mechanisms
that mediate processing of such low-level visual cues in order to explicitly connect them to
users’ mental models of data. In this way, EVM is a summative proof-of-concept that brings

together the cognitive mechanisms presented in this dissertation.
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Visual calibration through ensemble processing. In Chapter 3, I presented evidence
that showing animated hypothetical outcome plots [98] (HOPs), representing distributions
of possible outcomes under alternative assumptions about DGP, supports greater sensitiv-
ity to the true underlying trends in noisy samples of data compared to alternative ways of
presenting these reference distributions. The task in this pair of experiments was similar
to the judgments EVM is intended to facilitate; in both cases, the chart user needs to gauge
the compatibility of data with possible DGPs. My colleagues and I argued [110] that HOPs
likely support this type of judgment through ensemble processing, a cognitive process by
which the visual system quickly, automatically, and accurately decodes summary statistics
about a set or ensemble of objects in the visual field [3]. Elsewhere |107] and in Chapter
3, I speculate that ensemble processing plays a key role in the calibration of visual infer-
ences. By automatically learning the distributions of visual features conditional on different
environments, the visual system provides the biological ingredients for an approximately
Bayesiarﬁ mode of reasoning where incoming signals are weighed against conditional expec-
tations. These learned visual expectations, associated with concepts and contexts through
a distributed network of brain activity, drive our sense of what seems normal or surpris-
ing [58,(59|123,1210,211]. Although the Bayesian nature of the brain is a topic of fierce
debate in cognitive science, this framing suggests that we can rely on the ensemble pro-
cessing mechanism to endow expectations about how the data might look under a given
DGPH This is why we use HOPs to show model predictions rather than providing the same

information as a static distributional summary (e.g., predictive intervals).

Discrepancy judgments through heuristics. Providing an explicit reference for what
data would look like given a particular DGP frames model checks as distributional com-
parisons. In Chapter 4 [109], I showed that visual reasoning strategies (i.e., heuristics)
play a major role in how people compare distributions to make judgments and decisions.

Both tasks in that experiment entailed judging the magnitude of a difference between two

3Correspondence between empirical evidence (e.g., [18]) and predictions from theory [48] suggests that
this calibration process at least resembles Bayesian updating.

4The apparent utility of HOPs for helping people compare patterns to reference distributions does not
depend on a Bayesian interpretation of this calibration process.



DISCREPANCIES between data === SIMILARITIES between data

and model predictions

Mismatched means
The model does not account for the
central tendency of the data in view.

ool

Mismatched ranges
The model does not account for
heterogeneous variance in the data.

Mismatched skew
The distribution family and link function
in the model do not match the data.

L |

Gaps
The model isn't accounting for all of
the structure in the data.

hot |

and model predictions

Matched means
The model accounts for the central
tendency of the data in view.

Matched ranges
The model accounts for the variance
structure of the data in view.

all_ [

Matched skew
The model's distribution family and
link function match the data in view.

Minding the gaps
The model accounts for multimodal
distributions and clusters in the data.

L |

121

IRREGULARITIES in data
or model predictions

Nonsense predictions
There are bounds on the data domain
that my model does not account for.

i

Outliers
Outliers probably reflect a different
DGP than the rest of the sample.

Hot spots
Hot spots may represent imputed or
missing data, or a mixure of DGPs.

L. [

Differences & effect size
Differences may reflect important and
actionable trends in the data.

Figure 6.5: A provisional taxonomy of possible discrepancies between data and model pre-
dictions that can signal insights about data generating process (DGP) when viewing model
checks. The three plots in each panel show mock ups of what each type of discrepancy might
look like in a bar chart, a strip plot, and a scatterplot. These are not an exhaustive set of
discrepancies. They are based on my experience implementing and using model checks in a
statistical workflow. Note that an experienced analyst learns to associate these visual pat-
terns with conceptual claims about the relationship between the data and the assumptions
represented in the model.
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distributions, which is similar to what EVM users do in some model checks. However, the
comparisons between data and reference distributions in EVM tend to be more visually com-
plex, such that the distributions will seldom have an identical shape and there will be
multiple visual cues for a mismatch or discrepancy. Presumably these multiple visual cues
will lead to heterogeneous visual reasoning strategies among users. Some prior work on
graphical statistical inference has attempted to isolate the exact heuristics users rely on in
order to ensure the statistical rigor of these comparisons [203], and subsequently the authors
have argued that this poses a threat to the validity of model checks [202]. I think this view
abandons a promising design pattern in search of unrealistically uniform behavior across
human perceiversﬂ Instead, I argue that we should accept this heterogeneity of heuristics
for the discrepancy between data and model predictions. In my experience with visualiz-
ing model outputs, different forms of discrepancy often signal different insights about the
specific nature of the mismatch between data and reference distribution (Fig. [6.5). In the
design of EVM, we try to promote heuristics that might have more robust correspondence
to statistical likelihood of the data given a reference distribution. We do this by showing
primarily dissaggredated views of data (i.e., one mark per data point), rather than visually
aggregating distributions into intervals or densities which might instead promote heuristics
focused on central tendencies or overlaps of distributions. Disaggregated distributions en-
able users to see precisely where regions of high discrepancy are within the generated view,
which can inform iterative improvements to the reference model.

Exploration through model-based thinking. The fundamental goal of EVM is to en-
able analysts to quickly articulate provisional statistical models that might help to explain
their data and to check predictions from these models against observed patterns in the
data. Making the reference distribution from a provisional model explicit is a major design

implication of the work presented in Chapter 5 [111] (as explained in Section 6.1). The

5Signal detection theory [73] (introduced in Chapter 2) suggests that there would be error in individual
judgments even if all perceivers relied on the same judgment process or heuristic. This is because the
visual system uses inherently noisy signal processing to make judgments that are optimal on the margin
given lossy input signals arriving in the retina. Thus, it is unrealistic to ever expect human judgments to
be deterministically repeatable in the sense of a traditional statistical test. I see this as a strong reason
to reject the analogy between graphical statistical inference procedures like visualization line-ups [28,/216]
and null hypothesis significance testing, which is the central project of much research to date on this topic.
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model check as a design pattern facilitates iterative refinement of formal models (e.g., in
Bayesian workflows [61]). Early statistical theorists like Tukey [197] emphasized that this
iterative refinement of understanding through models is well aligned with the objectives of
data exploration. Recently, others suggested that models themselves should be considered
a primary output of VA tools [§] in part because they promote generative thinking about
data. Cognitive neuroscientists implicate this mode of model-based reasoning in creative
behaviors like mental imagery [25], which bridge our latent understanding of concepts with
our perceptions. By providing a way to quickly articulate and check models, we designed
EVM make explicit and formal connections between what the analyst thinks about their data
and what they see on a chart during data exploration. Critically, this design pattern asks
analysts to reframe loose insights [7,/14] about DGP as statistical models with testable pre-

dictions, and it externalizes the user’s thinking about DGP throughout an analysis session.

6.5 Discussion & future work

We learned a handful of important lessons from the design and implementation of EVM.
What makes a “good” model check? One major advance in the study team’s thinking
about model checks was the concept of a “visualization-adjacent” model, representing a
set of assumptions about the variables in the generated view that we are confident in,
but not representing a specific assumption we would like to test. We propose that such a
visualization-adjacent model check should capture what the analyst thinks they know about
the data generating process (DGP) up to the current moment in exploratory analysis.
Following previous implementations of model checks by statisticians [137,/138], it seems
beneficial not to include the relationship the analyst is currently trying to reason about in
the reference model because the discrepancy between the data and the resulting reference
distribution will indicate whether the relationship or assumption in question might need
to be added to the reference model in order to account for the data. This provides a
springboard for forward model exploration.

It may be possible for a future version of EVM to partially automate the construction of
visualization-adjacent models to check by keeping a running record of which assumptions

about DGP the user is willing to endorse. This would enable model recommendations to



124

provide assistance to analysts during data exploration. Prior to designing and building
EVM, the relationship between a given visualization and appropriate models to check was
unclear [191], as described in Section 6.2.2 under “Decoupling models from visualizations”.

However, there remain some open questions about potential pitfalls in defining reference
models. One such question is whether model checks can be misleading to analysts if they
are mis-specified relative to the true DGP. For example, a reference model might wrongly
assume homogeneity of variance or might overlook an important confounding variable. In
cases like these, model checks could be confusing to interpret if the analyst is overconfident
in their reference model. Part of the challenge is that thinking about DGP is cumulative
during exploratory analysis, and earlier mis-judgments of DGP might create problems later
on. We need to know if a tool like EVM should include automations or feedback mechanisms
to prevent or caution the user from relying on potentially mis-specified model checks. Such
feedback mechanisms might involve using a causal support [77] metric to assess the plau-
sibility of models that are related to the data in view and a set of endorsed assumptions.
However, such data mining approaches should still be critically examined through human
judgments and domain knowledge. We think of this as searching a local model space—
“local” in the sense that a tool like EVM is not meant for exploring every possible model
of the data (e.g., as in multiverse analysis [133,[172}/179,/184]), but rather exploring models
that are proximal to the user’s current mental model. EVM is an initial design exploration
about how such tools for traversing model space should be built.

Another question about how to define reference models is more a matter of statistical
theory. The typical approach is to frame model checks as comparisons between real data
and simulations from a “null model” that makes minimal assumptions about patterns in the
data [28,216]. In contrast, EVM fits a model specified by the user to the data and shows pre-
dictions from that fitted model. The fitting process by definition minimizes the discrepancy
between the patterns in the data and the model predictions, making the visual cues required
to judge a model check rather subtle compared to the “null model” approach. Comparing
these two approaches to the choice of reference model reveals that the degree to which a
model check shows a discrepancy between the data and model predictions mostly depends

on how we implement the assumptions of the model in a sampling procedure. Theoretically
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justifying the choice of implementation will be important for future work on model checks.
Our work prototyping EVM surfaced this issue as focal to the visual appearance and util-
ity of model checks, whereas previously we viewed this design choice as more of a minor
implementation detail.

Toward specialized visualization toolkits for model checks. During the implementa-
tion of EVM we encountered an issue where, for all but the smallest datasets, superimposing
model predictions on top of observed patterns in data led to overplotting such that the
reference distribution occluded the data distribution. Originally, we planned to use super-
imposition because keeping pairs of observed data points and their corresponding model
predictions close to each other is ideal for facilitating visual comparisons. However, this
was not tractable in practice. What we ended up doing instead was faceting model checks
to generate separate subplots for observed data and corresponding model predictions. Al-
though we kept these observation-prediction pairs side-by-side, faceting emphasizes global
cues for discrepancies (e.g., differences in shape) rather than local cues for discrepancies
(e.g., differences in position on a common scale). Giving users a toggle button to view
residuals partially resolves this trade-off by drawing attention to regions of high local dis-
crepancy. However, a more sophisticated implementation of model checks might provide
more flexibility to design charts that highlight a particular kind of discrepancy.

Perhaps future tools like EVM could provide the user a query interface to declare the kind
of discrepancy between data and model predictions that would be meaningful to them in
order to assess a given claim or assumption about DGP. We might call this a declarative
intent language for specifying model checks. Interviews with potential users (see Section
6.5.1) should help us identify a lightweight taxonomy of discrepancies that users tend to
look for and how they think of these cues as related to different aspects of DGP.

Implementing model checks in the web browser also revealed that visualizing model
predictions introduces design constraints that are difficult to express using the abstractions
available in Vega [174] and Vega-lite [173], which are currently the most lightweight way
to implement interactive graphics for the web. Some of our design choices—e.g., HOPs,
and faceting observed patterns versus model predictions within charts—required bespoke

implementations, not so unique that they require the expressive range of an imperative,
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low-level specification like D3 [21] but unusual enough not to be supported by a declarative,
high-level visualization specification language like Vega-lite [173]. The most appropriate
intermediate level of abstraction is Vega [174], which we ended up using. However, Vega best
supports modular construction of interaction techniques, whereas the abstractions that we
require for a general implementation of model checks resemble commands with constraints—
e.g., “Facet observed data versus model checks within each subplot, but align these facets

” To work around

so that the user can compare the outcome variable on a common scale.
this difficulty, our implementation contains an edge case for every possible configuration of

faceted model checks, rather than providing a more elegant solution.

Future work should aim to create an API designed specifically for creating model checks.
Such an API would enable the user to declare constraints or rules about how model predic-
tions in particular need to be treated, provide primitives for sampling from and aggregating
distributions in order to generate common uncertainty visualizations, and enable the user
to declare annotations to emphasize regions of conceptually-important discrepancy between
data and model predictions. Critically, the ability to specify layout constraints and sam-
pling procedures will accommodate use cases more specific to model outputs and uncertainty
visualization, and the ability to emphasize specific kinds of discrepancies will incorporate

notions of user intent or task into visualization specification grammars.

6.5.1 Future work: Evaluation

In the near future, the study team would like to empirically evaluate whether a tool like
EVM can help data analysts reason about possible DGPs during exploratory data analysis.
We considered running an experiment to test the outputs of EVM, different possible model
checks. However, it proved difficult to formally define what improved thinking about DGP
would look like without presupposing a narrow set of use cases for model checks a priori,
and without presupposing too much about the user’s mental model of data. We opt instead
for a more open ended protocol of user testing interviews, which is suitable given that EVM

is an exploratory prototype.

We plan to conduct think-alouds and semi-structured interviews about EVM with real data
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analysts, aiming for a typical number of participants in an interview study (i.e., n ~ 12).
We will recruit primarily from our professional network on Twitter and via email. To be
eligible to participate, people must be familiar with VA tools like Tableau and must work
with data on at least a monthly basis. Recruiting real data analysts will provide greater
ecological validity to any conclusions we might draw about the utility of model checks.
The purpose of these interviews will be to elicit expert feedback on the design of EVM, to
study how analysts might rely on model checks in the context of data exploration, and to

investigate what it would take for model checks to become mainstream in VA tools.

Interview protocol. The interview will be 30 minutes of think-aloud and 30 minutes
of discussion about EVM. We will provide participants with a cleaned dataset to explore
in EVM. They will have a choice between a handful of popular machine learning datasets,

preprocessed to work nicely with EVM’s underlying data manipulations.

Participants will be instructed to think-aloud as they explore their chosen dataset for
30 minutes. During the think-aloud portion of the interview, the interviewer will engage
only to prompt the participant to say what they are thinking, to answer direct questions
from participants, and occasionally to ask the participant if they would like to specify a
model to check. It’s possible that participants, especially those who are unfamiliar with
statistical modeling, will need to know certain things about the interface, model notation,
or modeling assumptions. The think-aloud portion of the interview will help us identify
these stumbling blocks, so we can design for them in future versions of EVM. Additionally,
it’s possible that some participants will not feel comfortable specifying a model check at all
without hand-holding. These cases reflect a potential need for automated assistance to help
users of EVM close the gap between their mental model of the data and a formal statistical
model. When this seems to happen, the interviewer will make a note and ask about these

instances later in the interview.

The second half of the interview will be a semi-structured interview, where the participant
and the interviewer discuss EVM and model checks in exploratory analysis. The interviewer
will follow an interview guide to structure the discussion. The interview guide consists of

the following topics or lines of questioning:
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1. Utility of model checks. In what ways did you use model checks to help you think
about the dataset? What specific visual cues on the resulting chart were interesting

or helpful to you?

2. Generative thinking. Did you find yourself thinking about data generating process?
What kinds of assumptions did you make about the dataset? Did using model checks

make these assumptions more salient or concrete?

3. Expressing mental models of data. Did you have any difficulty using the model
bar to express and check provisional assumptions about data? What if anything made
it hard to use? What do you think would help a low- or no-code data analyst check

their assumptions during data exploration?

In each line of questioning, the interviewer will refer back to specific examples of situations
where the participant either created or attempted to specify a model check. The goal of this
discussion is to elicit the participant’s reflections on what it’s like to use EVM and potential
challenges around adoption.

Qualitative analysis. The entire interview session will be video-audio recorded, and the
audio will be transcribed. The interviewer will review each transcript and video, identifying
episodes of interest with regard to affordances of model checks in exploratory analysis,
potential improvements to the EVM interface, as well as user needs and challenges around
expressing provisional models. The study team will then analyze these episodes of interest

and summarize what participants said in terms of topic themes and design tensions.

6.5.2 Limaitations

Large scale and high-dimensional data are open problems in VA tooling that remain unad-
dressed by EVM. For the purpose of creating a proof-of-concept tool, we focused on model
checks for relatively small datasets. However, some of our design choices break down at
larger scales. For example, HOPs [98] and disaggregated views [149] showing one mark
per data point become unwieldy at large sample sizes, due to limitations related to visual

crowding [3], human attention, and computer memory. Aggregation is a common approach
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to side-stepping these issues of scale, however, aggregated data and model outputs have a
fundamentally different meanings as summary statistics than disaggregated data and model
predictions. Future work will need to resolve when it is and is not advisable to present
aggregated model checks.

Similarly, our choice to limit EVM to position encodings (i.e., x-axis, y-axis, row, column)
rules out visualization techniques that might be more suitable for higher-dimensional data,
where datasets have many variables that can each take on many values. EVM only enables
viewing a subset of a high-dimensional dataset’s features at one time, a limitation of many
VA tools. Although model checks carry information about variables that are not currently
in view—i.e., a model can make predictions based on a variable that isn’t visualized—
analysts may still struggle to reason about the complex structure of correlated variables that
underlies a particular view. Future work on model checks should more directly investigate
whether using model checks to reason about variables that are not in view can solve the
high-dimensionality problem, and the ways in which this approach might be error prone.

Although EVM provides abstractions for model specification that should be familiar to
R users, these abstractions assume too much previous experience with statistical modeling.
One goal of this line of work is to help analysts reason about DGP, the presupposition
being that any analyst would benefit from generative thinking during data exploration [§],
regardless of their familiarity with modeling syntax. Future work should develop novel
interfaces for eliciting analysts’ provisional beliefs about DGP, ideally providing softer on-
ramps to the kind of generative thinking that EVM is supposed to facilitate. This will mean
addressing fundamental questions about people’s mental models of DGP, including how
to translate potentially looser or harder-to-articulate hunches into statistical models with

testable predictions.
6.6 Summary

I present EVM a proof-of-concept tool enabling analysts to express and check statistical
models during visual data exploration. EVM is an initial design exploration investigating
how exploratory data visualization tools can incorporate statistical modeling to facilitate

more rigorous and careful thinking about data generating process (DGP). This augments
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the typical process of visual discovery with formal procedures for articulating and verifying
claims about DGP, elevating visual analytics tools from producing nebulous “insights” to
vetting assumptions and providing a more concrete basis for further analysis. EVM leverages
the cognitive mechanisms presented throughout this dissertation to help analysts reason
about discrepancies between data and model predictions and what these discrepancies sug-
gest about conceptual data interpretation. The work I present here sews the seeds of an
ambitious research program on tools for visual model exploration and the role cognitive

mechanisms in the design of data interfaces for reasoning with uncertainty.
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Chapter 7

CONCLUSION

This dissertation demonstrates an approach to visualization research emphasizing the
role of cognitive mechanisms in the design and evaluation of tools for reasoning with data.
I contribute a series of experiments investigating how visualization design choices promote
reliance on various cognitive processes in the mind of the user—whether a layperson or
an analyst. My research synthesizes accounts of these mechanisms across literatures in
psychology, economics, computer science, and statistics, advances methods for studying
these mechanisms, and explores opportunities to deploy these mechanisms through the

design of interfaces for reasoning with uncertainty in data.

7.1 Findings & implications

Here, I summarize knowledge gained through the work presented in previous chapters, and
I speculate on the far-reaching implications of this work for statistical tools, behavioral
science, education, and public discourse.

Calibrating visual inferences. In Chapter 3 [110], I present a pair of experiments investi-
gating the extent to which information formats that promote ensemble processing facilitate
visual inferences about the underlying trends in ambiguous samples of data. Specifically,
we test a design pattern where we show reference distributions of what it could look like if
there was growth or no growth in jobs added to the economy each month of a year, given
an assumed amount of sampling error. We find that showing hypothetical outcome plots
or HOPs [98] as a reference for the task leads to better calibrated visual inferences about
the underlying trend in samples of jobs data, compared to more common, static uncertainty
visualizations such as error bars and line ensembles (Fig. [3.2)). I argue [107] that this is be-
cause HOPs tap into the visual system’s natural mechanisms for automatically calibrating

its sensitivity to contextually meaningful signals in the environment, among which mecha-
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nisms is ensemble processing or the ability to quickly, automatically, and accurately extract
summary statistics from visual scenes [3].

This work establishes HOPs as a preferred visualization technique for helping untrained

laypeople reason about what it would look like if a particular trend was present in a dataset.
The design pattern of using HOPs to show a reference distribution has a multitude of
applications and is consistent with the idea of visual model checks proposed by Hullman
and Gelman [96]. In Chapter 6, I present EVM, a prototype software tool demonstrating how
HOPs of reference distributions can be incorporated into tools for data exploration to help
analysts check provisional interpretations of data. Another possible application would be
helping laypeople assess the claims about data that they encounter online, e.g., by showing
HOPs of what it would like if the central claim in a piece of data journalism were true.
Both of these applications empower end-users of data visualizations to judge for themselves
the potential veracity of claims or assumptions about data, opening up new potential for
uncertainty visualization as a tool for healthy skepticism about data.
Designing for satisficing. In Chapter 4 [109], I present a mixed-methods experiment
showing that chart users tend to rely on suboptimal heuristics [198] when using uncertainty
visualizations to make incentivized decisions. Reliance on suboptimal strategies when better
ones are available is called satisficing [178]. We also see that strategies are often heteroge-
neous within individuals over time, and that a chart user’s reliance on a particular strategy
can lead to substantial and predictable biases in decision making.

The facts that satisficing and heterogeneous visual reasoning strategies both seem com-
mon with uncertainty visualizations have multiple far-reaching implications. Widespread
satisficing with visualization casts doubt on aspirational visualization designs that are opti-
mal in theory, only if the chart user intuits the ideal chart interpretation strategy. This both
suggests that applications of visualization may fail to achieve their goals in practice because
visualization authors fail to anticipate dominant but suboptimal interpretation strategies,
and that explicit education and training on visual reasoning strategies should be developed
as a way to promote greater statistical literacy.

Other implications have to do with the way visualization researchers and practition-

ers have historically conceptualized and measured visualization “effectiveness” [140]—the
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ability of chart users to extract relevant information from a visualization—and how this
has informed the design of software tools for visualization. The visualization community
historically measured effectiveness by ranking visualizations based on the average perfor-
mance of chart users on simple “atomic” tasks in controlled experiments (e.g., [36]). The
field has long recognized that this approach is inherently limiting—both because average
performance is reductive and because effectiveness ratings are sensitive to the choice of
task for evaluation [120]—however, outmoded notions of effectiveness remain the standard
metric for popular visualization recommender systems such as the one that drives Tableau.
In contrast, my work frames effectiveness as a matter of what visual reasoning strategies a
visualization design promotes and which strategies a chart user might rely on, given their
background and context. This implies models of effectiveness that have more explanatory
power both because they explicitly incorporate notions of strategy and because they suggest
new directions for research around what factors influence a chart user’s tendency to rely on
particular strategies. In reconceptualizing effectiveness, this work opens opportunities for
new theories of visualization interpretation and new recommender systems.
The promise of model checks. In Chapter 5 [111], I present a pair of experiments that
highlight fundamental cognitive difficulties that seem to make it challenging for people to
make causal inferences with visualizations. Recall that by “casual inference” 1 refer to a
judgment of the compatibility of a given dataset with a set of plausible causal explanations.
Elsewhere in this dissertation, I refer to this behavior as model-based thinking or reasoning
about the compatibility of data with provisional mental models. The cognitive difficulties
that seem to make this judgment challenging are insensitivity to sample size—i.e., people
don’t become more confident as sample size increases—and insensitivity to evidence that
seems to verify an explanation—i.e., people don’t know how to weigh evidence matching
what they would expect to see if an explanation were true. These remain unsolved prob-
lems for visualization, although it is unclear the degree to which poor performance on this
task was due to our response elicitation method or the unfamiliarity of our participants
(Mechanical Turk workers) with using visualizations to make causal inferences.

One design implication of this work is that it might help to provide an explicit reference

of what it would look like if a given causal explanation were true. This is similar to the
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design pattern we tested in Chapter 3 [110] and is consistent with Hullman and Gelman’s
formulation of visualizations as model checks [96]. To put these ideas into practice in Chapter
6, I present a prototype visual data exploration tool called EVM which enables analysts
generate views of a given dataset and to articulate and check provisional assumptions about
data generating process (DGP) against those views. Specifically, EVM provides HOPs of
reference distributions to convey the compatibility of patterns in data with predictions
from a reference model encoding a set of provisional assumptions. This represents an initial
design exploration and proof-of-concept for model checks in visual analytics software.
Model checks hold the promise of a new generation of statistical tools that formalize the
design goals of visualizations as assessing a target claim or assumption. Critically, these
tools will explicitly represent the model a visualization is intended to help the user check
and will render visualizations that tee up valid statistical comparisons in service of this
goal. This will improve the rigor of visualization as a tool for asking questions of a dataset
and will help chart users guard against erroneous or miscalibrated judgments of patterns in
data. Similar to my work on visual reasoning strategies, my work on model checks entails a
minor shift in how the visualization community conceptualizes what visualizations do. By
making our design goals more formal, we open the door for visualization authoring tools
that raise the level of abstraction for specifying a visualization to match the way a person

might pose questions about what their data shows.

7.2 Future directions

Through experiments and tool-building efforts, I demonstrate the importance of designing
for cognitive mechanisms in data visualization and analysis software. Future work should
build on these ideas to create new data science tools which explicitly represent, anticipate,
and react to the user’s cognitive processes.

Strategy-aware visualization toolkits. The work presented in Chapter 4 [109] highlights
the role of visual heuristics in distributional comparisons. One major implication of this
work for visualization research is that heuristics and strategies explain substantial variation
in performance on inference and decision making tasks. Accounting for these strategies,

and what influences a chart user’s propensity to rely on them, constitutes a promising new
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direction for visualization research towards tools based on more sophisticated predictive
models of user behavior.

One way to account for visual reasoning strategies is to explicitly build them into vi-
sualization APIs. As grammars for visualization specification (e.g., Vega-lite [173]) raise
the level of abstraction from low-level graphical implementation details to higher-level con-
siderations, I propose that these grammars should represent notions of the user’s intent,
task, and strategy. For example, in Chapter 6, I raise the possibility of a declarative intent
grammar for authoring model checks, the core idea being that an API for rendering model
checks would benefit from controls indicating what specific visual cues would be meaningful
to the user for assessing the compatibility of a dataset with a reference model. For ex-
ample, one such visual cue would be gaps in a data distribution that are not reflected in
predictions from a reference model (Fig. bottom row), which reveal to us that there
may be structure in the data that isn’t accounted for by the model. I envision an API
where the visualization author could specify that they are looking for gaps, and the re-
sulting visualization would use an algorithm to highlight them. Getting specific about the
kinds of visual comparisons we want to promote creates stronger connections between a
visualization specification and the chart user’s potential cognitive process upon seeing the
resulting visualization. As a consequence of this added complexity, such high-level APIs
would likely resemble domain-specific languages tailored for a particular type of application
(e.g., authoring model checks), rather than general purpose charting toolkits.

An explicit machine representation of possible heuristics and how visualization designs
can facilitate them would also help to structure the search space for visualization recom-
mendation systems. Specifically, as proposed in Chapter 4 [109], I envision visualization
recommenders could be built on a class cognitive models that represent chart interpretation
as a mixture of possible visual reasoning strategies, each implemented as functions oper-
ating on visualized information. Such a model would predict the probability of a chart
user relying on each of a set of candidate strategies based on relevant characteristics of the
visualization design and the user themselves. Creating predictive models of visualization
interpretation strategies would require (1) formative work to identify an exhaustive set of

candidate strategies for a given visualization design, and (2) a large system of experiments
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to learn the weights on candidate strategies under different conditions. The grand challenge
of creating such a model would provide a framework in which design knowledge from em-
pirical visualization research is more explicitly cumulative. This model could be responsive
to contextual information about the user and their use case scenario in ways that existing
models of visualization effectiveness cannot be. The resulting chart recommendations would
be highly contextual. Combining the predictions of such a cognitive model with a visualiza-
tion API capable of tailoring visualizations to support a particular strategy would enable
recommender systems that respond to the user’s potential goals and cognitive processes.
Interfaces for casual inference. The model check [96] design pattern demonstrated in
Chapter 3 [110], and through EVM in Chapter 6, could be useful for interrogating possible
causal relationships, such as those participants struggled to reason about in the experiments
presented in Chapter 5 [111]. However, my research on this topic so far remains somewhat
disconnected from the stories an analyst tells themselves about data. For example, in the
experiments presented in Chapters 3 [110] and 5 [111], we asked participants to reason
about a set of pre-chosen explanations for patterns in data. How would people’s data inter-
pretation behavior change if these tasks were more open-ended as they tend to be during
data exploration? Our future evaluation of EVM (see Section 6.5.1) might address this more
directly insofar as participants might pose provisional causal explanations for patterns they
find while exploring datasets during a think-aloud protocol. Although these provisional
mental models will come from real analysts, our insights into the underlying thought pro-
cess will remain limited to what we can discover through the analyst’s introspection. We
need more epistemologically satisfying ways of understanding the nature of people’s mental
models of data generating process.

One possibility for deepening knowledge of model-based thinking and its interconnec-
tions with other cognitive mechanisms (e.g., ensemble processing, heuristics and strategies)
revolves around new techniques for eliciting mental models of data. For example, in re-
cent years Hullman, Kim, and colleagues pioneered in approaches to graphical elicitation
(e.g., |97,/119]), creating novel interfaces that enable people to draw what they believe about
data on charts. Perhaps drawing or other interaction techniques involving gesture can serve

as a softer on-ramp to externalizing and examining mental models of data, compared to
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programming interfaces like the model bar in EVM (see Section 6.3). Toward this end, future
work should invent design patterns that promote stronger ties between our conceptual un-
derstanding of data and the way we expect those concepts to manifest in sensory interfaces.
A promising possible direction in this space is to collaborate with researchers studying
human-computer integration [147], a paradigm in computing that creates interconnections
between humans and machines such as by using electrical muscle stimulation to incorporate
sketching interfaces with the human body [135,/136]. This might enable new turn-taking
interactions between humans and machines that could help to reify connections between
conceptual and visceral data experiences through multiple sensory modalities.

Beyond the need for new interaction techniques, we also need to develop clearer guid-
ance on the role of automated diagnostics in data exploration for causal inference. The work
presented in Chapter 5 [111] suggests that people may struggle to assess causality with vi-
sualizations alone. Even using a design pattern like model checks, analysts may struggle to
achieve sufficiently confident or well-calibrated visual inferences for their particular applica-
tion. When the stakes around an inference are high, such as when resource allocation in an
organization depends on the findings of a data science team, more sophisticated modeling
and diagnostic checks might be desirable. Statistics used for model comparison such as
causal support [77], information criteria [68], or cross-validation [205] should probably play
a user-facing role in future tools like EVM. However, automated modeling and diagnostics
might take too much thinking out of the hands of the user, in line with research on model
interpretability suggesting that data scientists are prone to accept generic model explana-
tions at face value [112]. On the other hand, only showing models or diagnostics on the
user’s request risks that the user will overlook something potentially important. This design
tension is at the forefront of much current research in human-computer interaction [83].

All of the preceding ideas operate based on the presupposition that we have a dataset
that is collected and cleaned in a way that makes it well suited for causal inference. Most
research in data visualization makes these kinds of simplifying assumptions. However, in real
world data analysis scenarios, questions about whether a dataset can answer our questions
often come up. Research in casual inference frames these kinds of question in terms of

whether parameters of interest within a model are estimable or identifiable using a given



138

dataset |157]. Future work should address how analysts use visualizations to reason about
what can and cannot be learned from a dataset. This will entail formalizing the kinds of
judgments involved in data collection and curation for causal inference. It will also entail
addressing the ways that cognitive mechanisms such as heuristics mediate these judgments,
making visualizations both impactful and potentially error prone in applications like data

fusion [9], integrating multiple datasets to support causal inference.
7.3 Closing remarks

Visualizations and software mediate most human interactions with data. Central tenets of
human-computer interaction tell us that designing these external representations to facili-
tate interpretations of, and actions in response to, data requires some notion of how these
representations engage with human thinking. An approach to visualization research that
centers cognitive mechanisms, such as I demonstrate through this dissertation, offers for-
malisms for reasoning about human behavior that can both guide empirical research and

serve as the basis for interfaces that anticipate and respond to patterns of human thinking.
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