©Copyright 2020
Yea Seul Kim



Designing Belief-driven Interactions with Data

Yea Seul Kim

A dissertation submitted in partial fulfillment of the
requirements for the degree of

Doctor of Philosophy

University of Washington

2020

Reading Committee:
Jessica R. Hullman, Chair
Amy J. Ko, Chair
Jeffrey M. Heer

Jevin D. West

Program Authorized to Offer Degree:
Information School



University of Washington

Abstract

Designing Belief-driven Interactions with Data

Yea Seul Kim

Co-Chairs of the Supervisory Committee:
Professor Jessica R. Hullman
Computer Science, Northwestern University

Professor Amy J. Ko
Information School, University of Washington

One’s beliefs play a critical role in interpreting new information and making deci-
sions. However, conventional visualization frameworks rarely consider users’ beliefs
in designing and evaluating visualizations. The main goal of this dissertation is to
formalize visualization interaction in light of beliefs to inform visualization design
and evaluation. As a first step, I introduce belief elicitation techniques and eval-
uate them on whether the elicitation act can impact how much users process data
and reason with uncertainty. The multiple controlled studies reveal that the belief
elicitation act has positive impacts on people’s ability to reason with data and its
uncertainty. With the understanding on the effect of elicitation, this dissertation
presents a Bayesian modeling approach to understand people’s belief updating pro-
cess during visualization interaction. The analysis demonstrates that people’s belief
updating process slightly deviates from the Bayesian standard when they examine
small data and severely deviates when they examine large data. To mitigate the
deviation, I also introduce and evaluate personalized data presentations formulated
using one’s prior beliefs. By working toward formalizing visualization interaction in
light of beliefs, this dissertation sheds light on how designers and researchers can

take into account one’s beliefs in understanding visualization interactions.
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Chapter 1
INTRODUCTION

As society becomes increasingly data-driven, people encounter estimates and
model predictions related to various aspects of their life on a daily basis. For exam-

ple, people regularly encounter an unemployment report (Fig. EI left) that signals

the pace of job growth or poll results to predict an election outcome (Fig. Ell right).

Unemployment Rate Fell to a 50-Year Low

2%

2014 2015 2016 2017 2018 2019

Source: Bureau of Labor Statistics

Figure 1.1: Example visualizations that people consume to make sense of various socially rel-
evant phenomena. Left: The visualization describes the unemployment rate over time [@],
right: The visualization depicts a poll result from the 2016 presidential election [].

In addition to understanding socially relevant phenomena, people consume per-
sonal data to understand their own status and make better decisions. For example,
people make sense of their credit standing by looking at a score calculated from
a model (Fig. @ left), and some people make health-related decisions based on
predicted menstrual cycles (Fig. Q right).

These estimates are often visualized to inform viewers by engaging with them in

ways that text alone cannot. For example, visualizations aid the sense-making pro-
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Figure 1.2: Example visualizations that people consume to make sense of their personal sta-
tus. Left: The visualization shows a credit score (From Mint iOS application), right: The visu-
alization depicts a predicted menstrual cycle for a person (From Health iOS application).

cess by freeing up cognitive resources [25, 93], improve comprehension and retention
of information [27, 41, 80, [151], or providing common ground and reasoning artifacts
facilitating communication and collaboration [[140, 147]. In addition to static views
aiding people’s cognition, interactivity including filtering, transformation, and view

navigation enable user-driven querying of the data.

Visualization research has contributed in many ways to the prevalent use of
visualizations in communication and analysis settings. Constructing visualization
principles through empirical studies and building tools that operationalize these
principles have been a core part of visualization research. For example, people
might be familiar with the discouragement of using the rainbow color scheme since
it is not effective in visualizing quantitative data. Researchers demonstrate that
people do not perceive hue as naturally ordered; thus, the rainbow color scheme
leads to error when people decode data from visualizations or compare two extracted
values in a visualization [20]. As an example of more comprehensive guidelines in
constructing visualizations, A Presentation Tool (APT [100]), which is created by
synthesizing results from several studies, provides a recommendation for which visual
encodings (e.g., area, hue) to use when a user specifies input data type (e.g., ordinal,
quantitative). The tool uses two criteria (expressiveness and effectiveness) to rank

different visual encodings for each data type. Effectiveness criteria describe to what



extent a visualization express all aspects of the data, but only the aspects of the
data. Effectiveness criteria describe to what extent a visualization support effective
perception (e.g., fast/accurate data decoding) of the visualization.

Reflecting on what visualization research has achieved, the predominant paradigm
of designing and evaluating visualizations mostly focus on how to present the data
accurately by minimizing cognitive and perceptual errors [100, 24, B2, 145]. Perhaps
as a result of this emphasis, the evaluation metrics of research focus on how much a
visualization supports accurate and fast reading of data, how well people can judge
the magnitude between two visual components, and how a visualization can support
a specific pre-defined task. The implicit assumption of this paradigm is that factors
other than its presentation, such as the user’s beliefs or context, don’t significantly

influence how they interpret the visualizations.

AN Ao
iatl

Figure 1.3: Adepiction of how | envision to model visualization interpretation process as a be-
lief updating process. (a) People will bring their prior beliefs, (b) in interpreting visualizations.
Then (c) they will update their beliefs based on the interpretation.

However, evidence from cognitive science and behavioral economics indicates
that how one interprets new information is influenced by one’s beliefs, not just how
it is presented. To contextualize how we could think of the influence of beliefs in
visualization interpretation, imagine a visualization user believes that the median

house price in a city will go down in the next two years. Imagine there is another



user who believes that the median house price will go up (Fig. @a). Then they
encounter the visualized model’s prediction, which indicates the median house price
will go up (Fig. @b) Wouldn’t we expect their prior beliefs to influence how they
interpret visualizations? For example, the user whose prior beliefs conflict with the
data might be more uncertain after seeing the data. Their final beliefs would appear
to believe a wide range of values (i.e., the percentage changes in house prices) as
the user becomes more uncertain about the house price. Whereas the user whose
prior beliefs resembled the data might become more confident with their beliefs.
Then their final beliefs would appear to believe a relatively small range of values
as they become more certain about the phenomenon. It is also expected that their
final beliefs are different from each other, and potentially different from the data
(Fig [Lo).

A conventional framework that focuses on accurate delivery of the underlying
data would not be sufficient to observe the actual impact that the visualization has
on the users. While the idea of exposing interactive features to support task-driven
queries is fundamental to interactive visualizations, there have been few attempts
to directly incorporate a user’s beliefs into their interactions. In the dissertation, I
propose an alternative framework to understand visualization interactions by taking

into account users’ beliefs.

1.1 Approach: Re-thinking Visualization Interaction as a Belief Updat-
ing Process

People consume visualizations to understand the underlying phenomenon and form
beliefs about the true state of the world, which data proxies for. Therefore designing
and evaluating visualizations in light of how visualization impacts people’s beliefs

will be critical to better support people’s visualization interaction.

To build frameworks that systematically takes into account visualization users’

beliefs, I address a few relevant research questions.



1.1.1 RQ1: What are the requirements to design belief elicitation techniques to

integrate ones’ beliefs into visualization interaction?

As a first step in considering one’s beliefs in the context of visualization interaction,
I need to elicit people’s beliefs. As people often struggle with reason with data and
the associated uncertainty, designing elicitation techniques without confusing people
can be challenging. My collaborators and I aim to design a technique that supports
easy and natural interaction to lower the bar for users to articulate their beliefs.
We also aim to develop techniques that the elicited beliefs are compatible with the
underlying visualized data (e.g., numerical beliefs) so that the beliefs can be directly
shown with the visualized data or used as a prior when we mathematically model
their interaction.

We start by designing a technique that elicits a point-estimate of users’ beliefs
using graphical and interactive ways. We then further develop interfaces to realisti-
cally represent users’ beliefs, including how uncertain they are with their beliefs. We
devise a technique that allows us to elicit one’s beliefs and its uncertainty without
prompting them to think about probability.

With carefully designed techniques, we would like to evaluate the effect of belief
elicitation in visualization interaction, model their belief updating process, and learn
about how they reason with uncertainty.

Through designing techniques, the dissertation contributes to interactive inter-
faces to elicit people’s beliefs that allow visualization designers to incorporate peo-

ple’s beliefs into visualization interactions.

1.1.2 RQ2: What is the effect of eliciting prior beliefs on how much people engage
with data?

Intervening people’s interaction by prompting them to articulate their beliefs may
have some unexpected effect. Thus we evaluate the effect of the designed elicitation

techniques through controlled study in Amazon Mechanical Turk. While some form



of belief elicitation, such as the New York Times’s You Draw It series, has been
used in practice to help engage users, the effect has not been empirically evaluated.
We conduct controlled experiments to demonstrate that eliciting prior beliefs before

seeing data have positive impacts on users’ ability to recall data.

We also test whether the elicitation act itself can improve uncertainty compre-
hension, as the technique may help users to be more attentive to data and the
uncertainty associated with it. We show the elicitation process can benefit users to
guide them to update their beliefs rationally (i.e., match with Bayesian standard)

potentially by comprehending the uncertainty of data better.

By conducting these experiments, the dissertation contributes to empirical find-
ings that provides contexts when and how elicitation beliefs benefit users to further

inform visualization interaction design.

1.1.3 RQ3: What models should we use to understand visualization interpretation

in light of a user’s prior beliefs, data, and their final beliefs?

While high-level theories in graph comprehension and visualization acknowledge
the influence of prior beliefs in visualization interpretations [116, [138], they often
stay in the theoretical space. We propose Bayesian frameworks that accommodate
one’s beliefs in designing and evaluating visualizations in practice. We apply the
frameworks to model participants’ data collected from experiments and report the
observations regarding people’s belief updating. We propose quantifications using

the Bayesian frameworks that provide insights on how people interpret data.

The proposed modeling approach provides a promising step to understanding the
influence of visualization on people’s belief changes. By applying a simple Bayesian
model to visualization scenarios, the dissertation contributes to methodology to ob-
serve how people update their beliefs and to define and quantify bias in visualization

interpretation.



1.1.4 RQ4: Can we intervene in people’s belief updating process to improve users’

data comprehension?

Once we understand how people bring their prior beliefs in interpreting data, per-
sonalizing visualizations can help improve people’s reasoning by mitigating bias in
belief updating. We propose and evaluate Bayesian data personalizations aiming at
improving uncertainty comprehension and rational belief updating. Through a con-
trolled experiment, the dissertation contributes to empirical findings that demon-
strates the effectiveness of those personalizations when data are varied in sample

sizes and controversiality.

1.2 Dissertation Outline and Findings

This dissertation introduces three research projects that address the above questions.

Chapter @ presents related work around the role of beliefs in interpreting data,
judgment and decision-making under uncertainty, and Bayesian modeling and cog-
nition.

Chapter @ focuses on designing and evaluating techniques that prompt a user to
reflect on their prior beliefs while interacting with visualizations. Inspired by theories
in Cognitive and Education Psychology, I introduce a graphically-based technique
for eliciting and incorporating a user’s prior beliefs about data into visualization
interaction. I present the result from a controlled study to evaluate the efficacy of this
technique in recalling the data, a common measure of comprehension in Education
Psychology. The study shows that participants who are prompted to reflect on their
prior beliefs by predicting and self-explaining data outperform a control group in
the ability to recall the data. These effects persist when participants have moderate
or little prior beliefs on the datasets. I discuss how the effects differ based on text
versus visual presentations of data. I conclude the chapter by characterizing the
design space of graphical elicitation and feedback techniques and describe design

recommendations.



Chapter @ demonstrates how formalizing visualization interpretation as a be-
lief updating process could inform the design and evaluation of visualizations. The
chapter demonstrates a Bayesian cognitive model for understanding how people in-
terpret visualizations in light of prior beliefs and show how this model provides a
guide for improving visualization evaluation. The first study shows how applying
a Bayesian cognition model to a simple visualization scenario indicates that peo-
ple’s judgments are consistent with a hypothesis that they are making approximate
Bayesian inference. The second study evaluates how sensitive our observations of
Bayesian behavior are to different techniques for eliciting people’s subjective dis-
tributions, and to different datasets. The studies show that people don’t behave
consistently with Bayesian predictions for large sample size datasets, and this dif-
ference cannot be explained by elicitation techniques. The final study shows how
normative Bayesian inference can be used as an evaluation framework for visualiza-

tions, including uncertainty.

Chapter 5 demonstrates the use of a Bayesian framework to guide more ratio-
nal belief updating by personalizing the visual presentation of observed data using
information contained in a user’s prior beliefs. I introduce the design of a per-
sonalized uncertainty analogy that numerically relates uncertainty in observed data
to the user’s subjective uncertainty, and a personalized posterior visualization that
prescribes how a user should update their beliefs given their prior beliefs and the
observed data. The study shows that when a newly observed data sample is rela-
tively small, both personalizations reliably improve people’s Bayesian updating on
average compared to the current best practice of visualizing uncertainty in the ob-
served data. For large data samples, where people’s updated beliefs tend to deviate
more strongly from the prescriptions of a Bayesian model, the study shows evidence
that the effectiveness of Bayesian personalization may depend on people’s procliv-
ity toward trusting the source of the data. I introduce the discussion of how the

results provide insight into individual processes of belief updating and subjective



uncertainty, and how understanding these aspects of interpretation paves the way
for more sophisticated interactive visualizations for analysis and communication.
Chapter @ summarizes the contribution and findings of this dissertation and

introduces future directions related to belief-driven data interaction.
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Chapter 2

RELATED WORK

We aim to build a framework that take into account users’ beliefs in designing and
evaluating visualization. We review prior work in psychology, education, behavioral
economics and other relevant fields to develop the framework for modeling and
understanding belief updating process of visualization users, and for constructing

design implications.

2.1 Modeling Visualization Interaction

Most well-known studies of information visualization have focused on how compre-
hension arises from a “bottom-up” perception: spontaneous visual processing of
features involving boundary detection, feature integration, color vision, and Gestalt
perception, among other mechanisms [32, [145]. On the other hand, cognitive psy-
chologists proposed early models of visualization interpretation, implying that “top
down” factors relating to a user’s information needs, prior knowledge, and graph
literacy affect how visualized data is interpreted, for example, by guiding atten-
tion [94, 127]. Studies in graph comprehension provide evidence of such top-down
effects [23, 116, 154, 115]. Inspired by the evidence of top-down effects, the disser-
tation investigates the possibility of incorporating beliefs in understanding visual-
ization interpretation.

Several models are proposed to specifically explain how a person’s state of knowl-
edge/beliefs changes over time as they interact with visualizations. A conceptual
model created by Van Wijk [139] describes that the user gains knowledge by ex-
amining the image (e.g., visualization), and the amount of knowledge that the user

gains is influenced by the user’s perceptual and cognitive characteristics. Van Wijk
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notes that the knowledge gained from a visualization will depend on the prior state
of knowledge that a user brings in [139]. Similarly, many others propose models to
apply in specific contexts, such as visual analytic scenario [126, [144, 50, 51, [125],
or specific user groups [97]. For example, Sacha et al. [126] propose a knowledge
generation model for visual analytics where an analyst goes through exploration, ver-
ification, and knowledge generation loops. Similarly, Federico et al. suggest a model
describing the process of knowledge generation, conversion, and exploitation with
the emphasis on the role of prior knowledge in the quality analytical outcome [51].
However, these models often lie in theoretical space. The dissertation aims to for-
malize the model of visualization interaction by collecting and analyzing empirical

data to provide practical implications for visualization design.

2.2 Role of Internal Representations

Several works demonstrate that internal representations of relevant knowledge that
one already possesses often play a critical role in reasoning with an external static
or interactive visualization [69, 96, 99, 134]. For example, static visualization of
processes, which require the use of internal representations to interpret, often out-
performs animations [69]. Mayer et al. [103] compared well-designed animations to
well-designed texts and diagrams for teaching, finding that performance on retention
and transfer tests was better among the static media group that relied on internal
representations to understand how concepts related.

Similarly, Hegarty et al. [71] found that viewers who initially engaged in mental
animation of a set of static views, then used an external animated visualization,
understood the content better than those who used only the animated visualization.
The authors propose that the mental animation exercise induced the viewers to ar-
ticulate their intuitions about the process. As a result, when a participant later
viewed the external visualization, they could compare the two representations and

note parts of the process where they had lacked sufficient prior knowledge. The
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implication of these findings is that interactive information visualizations could be
more effective if informed by internal representations for a given data domain cite-
hegarty2004. However, internal representations are rarely explicitly considered in
visualization research and development. While Liu et al. provide theoretical ex-
planations of the interactions between internal representations and visualizations,
specific to information visualization context [99], the visualization community lacks
practical methods to incorporate one’s internal representations into visualization

interaction to gain the benefit of using it.

Other studies suggest that externalizing one’s internal representations leads to
better understanding of visualized information [40, 72, 111, [130]. For example,
Stern et al. [130] found that individuals who had to construct a line graph of pre-
sented stock data were more accurate on transfer questions involving a new problem
with a similar structure than participants who passively viewed a chart of the data.
Constructing external representations is believed to help individuals to translate
information between different representations, resulting in a more nuanced under-

standing of the concepts [42, 130].

An interesting theory in education named “Self-explanation” evaluates the effect
of explicit externalizations in learning. Self-explaining information to oneself is a
constructive “meta-cognitive” learning activity in which a person actively reflects on
the mechanism behind a given phenomenon [30]. Self-explaining has been elicited
by having learners explain the meaning of sentences [29, B30, B1], or diagrams [4],
as they study a target domain. When quality self-explanations are generated, such
as statements that link concepts from the text using tacit knowledge or attempt
to fill in gaps through inferences [29], comprehension tends to be better than with-
out self-explanation [29, B0, B1]. A mental model repair hypothesis is proposed to
describe the benefits of self-explaining: by generating inferences to fill in missing
information, integrating new information with prior knowledge, and monitoring and

repairing faulty knowledge, learners who self-explain develop more accurate internal
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representations of a concept [29]. In this hypothesis, it is assumed that learners
engage more with the process if they identify the discrepancy between their men-
tal model and the presented information [29]. While students who spontaneously
generate self-explanations perform better [30, 52, 117, 121, 122], most learners tend
not to naturally self-explain [16, [124]. However, even simple prompts [31, 16, [124]
have been found to be effective at triggering the self-explanation process [31]. Other
studies have shown that immediate feedback on the accuracy of self-explanations

can prevent wrong inferences in the explanation process [37, [7, 2§].
2.3 Judgment and Decision-making under Uncertainty

2.8.1 Understanding Bias in Judgment under Uncertainty

It is a well-documented challenge that people often struggle to incorporate uncertain
information to make judgments. To learn how belief updating process is influenced
by people’s ability to process uncertain information, we survey research in judgment
and decision-making, specifically, those demonstrate how human judgments under
uncertainty can diverge from statistical accounts. For example, belief in the law
of small numbers describes how many people are too confident in the representa-
tiveness of small samples [137], while non-belief in the law of large numbers refers
to how many people are not as confident as they should be in estimates based on
large samples [15]. When asked to provide their subjective probability of the truth
of statements or the values of a measurable quantity, people often display overcon-
fidence [b5, 137] or interpret uncertain information in a way that is consistent with

their existing beliefs [46].

2.8.2  Supporting Judgment under Uncertainty with Visualizations

To present the uncertainty for decision making, visualization research around un-
certainty communication has proposed many techniques for visually representing

quantified uncertainty to improve judgments or decisions [14, 43, 48, 118, [148, [149].
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Researchers have proposed and evaluated visualizations intended to be accessible
to non-expert viewers, including frequency representations of probability visualiza-
tions [b3, 79, 85, 86, B8, B9]. Some techniques, such as visualizations of probability
density functions (e.g., violin or gradient plots [38]) and frequency-based repre-
sentations of probability like hypothetical outcome plots and quantile dot plots
b3, [73, 79, 85, 86] have been found to improve uncertainty comprehension over
more conventional displays like error bars among lay audiences. The dissertation
offers evidence on how these uncertainty visualizations can help people’s belief up-
dating, and further proposes personalized interventions to improve belief updating.
Until recently, however, research on the role of visualizations in promoting Bayesian
reasoning was limited to studying how visualizations of classic discrete Bayesian rea-

soning problems like the mammography problem [109, 114, b8, 136, 113, 60, B5, B6].

Rather than accounting for quantifiable uncertainty, recent work by McCurdy et
al. [104] suggests that implicit errors represent how users “mentally adjust” data-
driven estimates in interpretation, yet cannot be mathematically accounted for given
the subjective nature of these beliefs. To accommodate factors that implicitly impact
people’s beliefs, we vary the underlying characteristics of datasets when we test our
modeling approach and personalized presentations to observe the influence of the
factors on belief updating. For example, we vary the controversiality of the topic

and report findings on how the factor influence people’s belief updating.

2.4 Bayesian Cognition

In cognitive science, Bayesian statistics has proven to be a powerful tool for mod-
eling human cognition [64, 133]. In a Bayesian framework, individual cognition is
modeled as Bayesian inference: an individual is said to have implicit beliefs about
the world (“priors”); when the individual observes new data, their prior is “updated”
to produce a new set of beliefs which account for the observed data (this new set of

beliefs is referred to as the “posterior”). The prior is formalized as a probability dis-
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tribution and Bayes’ rule is used to obtain the posterior from the prior distribution
and the likelihood function that the observed data is derived from.

This approach has been used to model many aspects of human cognition at
various levels of complexity, such as object perception [87], causal reasoning [[131],
and knowledge generalization [132].

Griffiths and Tenenbaum [66] compared people’s predictions for a number of
everyday quantities to the predictions made by a model that used the empirical
distribution as a prior (e.g., for human lifespans they used a model with a prior
calculated from historical human lifespan data). The study found that in aggregate,
people’s judgments closely resembled the normative Bayesian posterior.

Mathematical psychologists have shown how Bayesian models of cognition help
explain a range of perceptual and cognitive phenomena, such as inferring causal rela-
tionships or learning categories (e.g., [64, 133, 87, 131, 132]). For example, Griffiths
and Tenenbaum [66] demonstrate that the aggregate posterior belief distribution
across people approximates the normative Bayesian posterior over various “every-

day quantities” such as cake baking times and human lifespans.

2.4.1 Approximate Inference and Sampling Behavior

While Bayesian models of cognition have seen wide applications, the idea that hu-
man cognition is accurately described as Bayesian inference is inconsistent with
previous influential findings in cognitive psychology from authors such as Tversky
and Kahneman [2]. Tversky and Kahneman found evidence that humans often use
simple heuristics in their decisions, and that these heuristics lead to sub-optimal
judgments. More recent research indicates that heuristics are adaptive and often
lead to accurate judgments (e.g., [61]). A recently proposed explanation, which rec-
onciles the seemingly opposing findings between Bayesian models of cognition and
the idea that heuristics lead to non-optimal judgments, is motivated by Bayesian

cognition [65]: what if human cognition is not ezact Bayesian inference, but instead
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is approximate Bayesian inference? One such approach proposes that while people
have a prior probability distribution that encodes their beliefs, they do not form
judgments using the entire distribution at once [[143]. Instead, they take a small
number of samples from the distribution, and reason with these samples instead of
the full distribution (we which refer to as sample-based Bayesian). Being a sample-
based Bayesian can lead to sub-optimal individual inferences, but in aggregate, it
can produce results very similar to exact Bayesian inference. If an individual’s
full internal distribution is not readily available to articulate, elicitation techniques
that we design should accommodate it. In this dissertation, we present and evalu-
ate a sample-based elicitation technique to reduce elicitation noise, inspired by the

sample-based Bayesian hypothesis.

2.4.2  Application to Data Visualization

Recent work by Wu et al. [152] explored the application of the Bayesian framework
to examine how people update their beliefs when viewing visualized data. However,
Wu et al. prompted participants to internalize a provided prior, show them the
observed data, and then ask for their posterior beliefs. Using a fixed prior is not
ideal in cases where participants’ pre-existing beliefs about a phenomenon will im-
pact their ultimate beliefs. This dissertation demonstrates how to elicit and model
participants’ personalized prior beliefs for a more realistic application of Bayesian

inference, including proposing and evaluating multiple elicitation techniques.
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Chapter 3

EXPLAINING THE GAP: VISUALIZING ONE’S
PREDICTIONS IMPROVES RECALL AND COMPREHENSION
OF DATA

To model people’s beliefs, interfaces that can collect people’s beliefs are needed.
Before we dive into modeling visualization cognition, this chapter introduces elic-
itation techniques that can be integrated into visualization interaction (Research
Question 1) and evaluate potential effects of elicitation while people are interacting

with visualizations (Research Question 2).
3.1 Incorporating Prior Beliefs into Visualization Interaction

Most visualizations do not provide ways for users to explicitly incorporate their in-
ternal representations. The recent New York Times interactive visualization “You
Draw It” [p] is a rare exception that attempts to prompt reflection by enabling a
user to explicitly incorporate their prior beliefs. The interactive visualization asks
viewers to draw their expectation of the data before presenting the observed data
alongside their predictions. To prompt reflection on the difference, the interface pro-
vides feedback based on the accuracy of a user’s expectation. However, it remains
unknown whether the reflection on prior beliefs induced by such visualizations can
positively impact recall and comprehension of data, or how to design such visual-
izations for maximal benefit.

We expand on prior work with five contributions: We contribute a set of novel
elicitation techniques for eliciting users’ prior beliefs in visualization interaction.
These include a graphical prediction technique for eliciting users’ predictions of
data, a feedback technique for presenting personalized feedback on the gap between

predictions and observed data, and a self-explanation prompt to explicitly ask par-
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ticipants for self-explanations, which have been found to improve learning from texts
and diagrams [@, @, @, @], among others.

We contribute a controlled experiment to test the effect of these techniques on
recall and comprehension of data. We find that prompting participants to first
predict data, or to self-explain presented data, or to do both, improves data recall

and comprehension.

By further contributing replications of our controlled study with datasets that
differ in familiarity, we find that these techniques improve recall for datasets for

which participants have moderate or little prior beliefs.

We also evaluate how the impact of the techniques differs based on whether
the information is presented using text or information visualization. We find that
the visualization conditions benefit from predicting the data and viewing the gap

between their prediction and the observed data whereas the text conditions do not.

Finally, we contribute a characterization of the design space of data prediction

and feedback techniques for information visualization and provide practical design

recommendations.
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Figure 3.1: The study interface for experimental visual conditions.
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3.1.1 Formulating Study Conditions and Hypotheses

Based on the previous research in psychology and education, we devise and evaluate
several elicitation techniques for information visualization with associated hypothe-

ses.

Study Conditions: FElicitation Techniques

Our techniques are based on three non-mutually exclusive mechanisms for eliciting
reflection on prior beliefs and its relationship to presented data in a visualization.

1. Prompting a user to generate self-explanations of the observed
data: In a digital setting, prompting a user to type in sentences explaining the data
is an ezplicit way to elicit self-explanations [8].

2. Prompting a user to predict the data before seeing it: Asking a user
to predict the data has two advantages for prompting reflection on prior beliefs: (1)
Prior work showed that asking a user to actively construct an external representation
of their prior beliefs about data results in a deeper understanding of the meaning
of a dataset and its visual representation [42, 130]. Predicting may also trigger
self-explanation [42].

(2) By asking the user to provide predictions of the data, an interface can then
visualize the gap between the user’s expectations and the observed data. Reviewing
the gap may implicitly prompt self-regulated learning, in which the user becomes
motivated to generate inferences to repair their beliefs [108].

3. Providing the user with feedback on their prediction: Providing
direct feedback on the gap between the user’s prior beliefs and the observed data
may increase the likelihood that a user will recognize the gap and generate inferences
to repair their beliefs [37, [7, 28].

Using these three mechanisms, we designed four elicitation techniques and one
baseline condition. The observed data is presented using visualization in the visual

conditions, and using text in the text condition.:
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o None (baseline): The user is prompted simply to examine the observed data

(Fig. B.1(a)).

e Explain-Only: The user is prompted to type self-explanations in a text box

as she views the observed data (Fig. @(b))

¢ Predict-Explain: The user is shown the observed data, but with some of the
data omitted. The user is prompted to predict the omitted data. After their
prediction, the user is shown the observed data against their prediction. She is
prompted to type in self-explanations about the gap between their prediction

and the observed data in a text box (Fig. @(c))

e Predict-Only:The user is shown the observed data, but with some of the data
omitted. The user is prompted to predict the omitted data. After their predic-

tion, the user is shown the observed data against their prediction (Fig. @(d))

e Predict-Feedback: The user is shown the observed data, but with some of
the data omitted. The user is prompted to predict the omitted data. After
their prediction, the user is shown the observed data against their prediction.
Textual and visual feedback are presented to annotate the difference between

their prediction and the observed data to draw their attention to the gap

(Fig. B.d(e)).

Hypotheses

Since explicitly prompting self-explanations improves comprehension of information
in texts and diagrams [4, B1, B0, 29], we expect a similar beneficial effect for data in
visualizations:

H1: Participants in the Explain-Only conditions will recall data more accurately
than participants in the None condition for visual and text modalities.

Based on the implicit prompting toward reflection by predicting, we expect that:
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H2: Participants in the predict conditions (Predict-Explain, Predict-Feedback,
Predict-Only) will recall data more accurately than participants in the None condi-
tion for visual and text modalities.

While reviewing their predictions and the observed data, participants in the text
conditions must actively seek and infer the gap as opposed to the visual conditions
where the gap is visually available [4]. We therefore expect that effects of predict-
ing will be less pronounced in the text conditions compared to the visualization
conditions:

H3: The effects of predicting using text (Predict-Explain-Text, Predict-Only-

Text) on recall will be smaller than the effects of predicting using visualizations.

3.2 Preliminary Survey: Choice of Datasets

To select a dataset for our main study, we conducted a preliminary survey on Ama-
zon’s Mechanical Turk (AMT). We sought a dataset with properties amenable to
our elicitation techniques. If a user is extremely familiar with a dataset, prediction
or explanation may not offer benefits over their prior beliefs. If a dataset is too unfa-
miliar, it may be too difficult for a user to make predictions about it. Additionally,
our interest in comparing techniques across visualization and text modalities is best
supported by a dataset that includes both a higher level relational structure (i.e.,
trends, which visualizations are often best at depicting) as well as individual data
points, which can be remembered with greater numerical accuracy from text [81].
By quantitatively measuring the familiarity of multiple datasets, the preliminary
survey also enables us to later test the robustness of our results across datasets of
varying familiarity.

We selected datasets with a range of topics from the results of a scientific exper-
iment to the average smart phone price from different manufacturers (Fig. @)

The datasets had the same format, consisting of two categorical dimensions and

one continuous measure, resulting in six total data points (Fig. @) This format
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Figure 3.2: Multivariate data format to allow value and trend estimation.

is commonly used in the social and physical sciences [26] and allows us to evaluate
how well people observe and recall the higher level patterns (e.g., trend lines) as well
as how well people observe and recall individual data points. We formulated three
measures that approximate prior familiarity with each dataset:

Perceived familiarity: How familiar participants perceive themselves to be
with the data after seeing a short description and a visualization with labeled axes
but without data points.

Value familiarity: The absolute error of participants’ predictions for each data
point. We calculated the absolute difference between the participant’s prediction of
each data point and the observed data. We normalized the values by dividing by
the maximum value on the y-axis to allow for comparison of the value familiarity
across the datasets.

Trend familiarity:

The difference between participants’ predicted slopes and the true slopes for each
line in the visualization. We calculated the absolute difference between a partici-

pant’s slope and the true slope for each of the three groups in each dataset.

3.2.1 Procedure

The survey consisted of two parts. In the first part, we examined perceived familiarity

by presenting participants with 15 visualization-pairs (resulting from the pairwise
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Figure 3.3: The original datasets used in the preliminary survey.

combinations of the six datasets), one at a time in a randomized order (Fig. @)

The visualizations did not reveal any data; instead, participants only saw labeled
axes with a short description of each dataset. Participants were asked to select the
dataset that they were more familiar with using a radio button. After watching a
short tutorial video on how to enter a data point in a chart, participants were asked
to predict the values of all six data points for each of the six datasets (Fig. @) Each
dataset appeared on a separate screen in randomized order. Each screen presented
an empty chart area with labels. Three buttons appeared to the right of the chart

labeled with each of the three groups for that dataset (e.g., french fries, coke, shake).
The range of the y-axis of the visualizations was set to [0, 1.2*max_ data_ value].
To input a prediction, participants selected a group by clicking the button for that

group, then clicked the chart area to set the position of the two data points for that
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Figure 3.4: A pair of visualizations with the data omitted. Participants were asked to choose
which dataset is more familiar based on labels.

group. Participants could drag the circles to adjust their prediction for each group.

3.2.2 Results

We recruited 100 workers from AMT. To calculate the perceived familiarity of each
dataset, we summed the number of votes per dataset from the first part of the study.

Table @ shows the ranking of the datasets by these three measures. While per-
ceived familiarity and value familiarity are highly correlated (Spearman’s p = .84,
p < .001), perceived familiarity and trend familiarity are more weakly correlated
(Spearman’s p = .42, p < .001). We see evidence of this in the dataset on median
house prices, where participants’ perceived familiarity is relatively low (rank 5),
but they do well on the prediction tasks (rank 1 for predicting trend). We suspect
that various factors might contribute to a difference between perceived familiarity
and prediction accuracy. In addition to having prior beliefs specific to the dataset,
heuristics may allow participants to guess reasonably accurately because they have

some beliefs of the domain. In particular, domain specific beliefs (e.g., the average
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Figure 3.5: Example of a prediction interface.

price of houses is cheaper in Colorado than those in New York), and domain gen-
eral beliefs (e.g., prices tend to go up over time) may allow participants to make
reasonable guesses even when they feel they have little expertise on a topic.

We aggregated the three familiarity rankings and sorted the datasets by the
aggregated familiarity (the order of the Table @)

For our main study, we chose the Colorado voting results data, since this dataset
was neither clearly familiar nor unfamiliar to participants. To ensure that recalling
the data is sufficiently challenging in our main study, we included two visualizations
of voting results, for Connecticut and Colorado. We used the more familiar fast food
calorie content dataset and the more unfamiliar pre-diabetic experiment dataset to

later check the robustness of results from our main study in partial replications.

3.3 Study Design

3.3.1 Study Objectives and Ezxperimental Conditions

To understand how different techniques for eliciting prior beliefs with visualiza-
tion impact data recall and comprehension, we designed a between-subjects fac-

torial study. Participants were assigned to a baseline condition (None) or one
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Table 3.1: Three familiarity measures for the six datasets. The order of rows in the table is
by the meanrank across the three measures. The number indicates the ranking of the dataset
with the actual measure in parentheses. Perceived familiarity votes are out of 500 (100 work-
ers * 5 maximum votes per dataset).

Perceived Value Trend

Familiarity | Familiarity | Familiarity

Fast Food Calorie Content 1 (348) 1(0.14) 2 (0.11)
Smartphone Price 2 (312) 2 (0.15) 3 (0.13)
Median House Price 5 (188) 3(0.18) | 1(0.10)
Voting Result 3 (297) 4 (0.21) 4 (0.20)
National Budget 4 (283) 5(0.26) | 5 (0.25)
Pre-diabetic Experiment 6 (72) 6 (0.28) 6 (0.36)

of four elicitation techniques: Explain-Only, Predict-Explain, Predict-Only,
Predict-Feedback.

Additionally, to better understand the effects of the elicitation techniques with a
visualization, we varied whether a participant interacts with (and makes predictions

about) the data using text or visualization (Text or Vis).

We crossed the elicitation techniques with modality, with the exception of Predict-
Feedback, resulting in 9 possible conditions: None-Vis, Explanation-Only-Vis, Predict-
Explain-Vis, Predict-Only-Vis, Predict-Feedback-Vis, None-Text, Explanation-Only-
Text, Predict-Only-Text, Predict-Explain-Text. We excluded a Predict-Feedback
text modality treatment due to the difficulty of generating personalized feedback

based on freeform text predictions.
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3.3.2  Participants

A prospective power analysis was performed for sample size determination based on
the effect size and standard error of each technique and modality in pilots using a
mixed effects model. We achieved 0.8 power under o = 0.05 with 42 participants
per condition. We then recruited 378 participants (42 per condition) from AMT,

rewarding their participation with $1.50.

3.3.3 Procedure

Fig. @ shows an overview of the study procedure. The study started with an in-
troduction (Fig. @(1)), in which we explained the data domain as the percentage
of voters of different ethnicities (Hispanic, White, Black) who voted Republican in
the 2008 presidential election, for several income brackets and states. To eliminate
possible difficulties with the interactive nature of data entry, participants in the
visual conditions watched a tutorial video to learn how to set and adjust a value
in an related line chart. On the next page, participants in the prediction condi-
tions (Predict-Explain, Predict-Feedback, and Predict-Only) were asked to predict
the voting percentages for one randomly selected ethnic group across two income
levels for each state (Colorado, Connecticut) in randomized order. To ensure that
participants interacted to a similar degree across treatments, participants who were
not prompted to predict were asked to retype a paragraph about elections in the
U.S. (Explain-Only and None condition) (Fig. @(2))

On the next page, all participants examined the observed data (Fig. @(3)), with
prompts and feedback varying by condition. Participants in the None conditions
were asked to examine the observed data several times (Fig. @(a))

Participants in the Explain-Only conditions were asked to generate and type in a
few sentences of explanations to help themselves understand the data (Fig. @(b))

Participants in the Predict conditions saw their predictions in a lighter color

against the observed data in the visual conditions. In the text conditions, the
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Figure 3.6: Overview of the study procedure. If participants were not asked to predict, they
were asked to retype a general text on elections. If participants were not ask to generate self-
explanations, they examined either the data or feedback depending on the condition.

textual predictions that the participant made were shown with the observed data
presented in text.

Participants in the Predict-Explain conditions were asked to self-explain the
difference between their prediction and the observed data (Fig. El!(c))

Those in the Predict-Feedback condition saw accuracy feedback based on their
predicted values (Fig. @(e)) Feedback contained 1) the directionality of the par-
ticipant’s error (e.g., “Your prediction overestimated the percentage of Hispanic
voters.”), 2) verbal statements that reiterated the participant’s prediction and the
observed data (e.g., “You guessed 66%, but the true answer is 23%”), and 3) compar-
ative information that indicated high-level patterns (e.g., Higher portions of white
voters vote for John McCain then hispanic voters.), if the participant violated the
pattern (e.g., “The percentage of Hispanic voters was lower than those of White
voters”).

Participants in the Predict-Only condition were asked to examine their predic-

tions and the observed data several times (Fig. @(d))
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As a distractor task, all participants then completed as many questions on a
10 question digital paper folding test as they could in three minutes [49]. The task
also served to gather information on participants spatial visualization abilities, which
have been shown to correlate with effective use of internal representations [[71, 69, 70],
(Fig. B.d(4)).

After completing the paper folding test, participants in all conditions were asked
to recall the percentage of voters of different ethnicities (Fig. @(5)) Recall inter-
faces for each state were provided on separate pages and presented in reverse order
from that in which the data was examined. Participants used an interface that
matched the modality by which they viewed the data (text or visualization).

Participants were asked to respond to demographic questions, including age,
education level, gender, and ethnicity, and were asked about their experience with

visualizations.

3.4 Results

3.4.1 Data Preliminaries

The average time to complete the experiment was 19.4 minutes (SD=8.4), with no
differences in response time across the conditions (F(4) = 1.073, p = .37). There were
no significant differences between participants’ demographic responses or relevant
experience across the conditions. We excluded 3 participants that did not specify
predictions in the text conditions, and 2 participants who participated multiple

times.

3.4.2 Analysis Approach

We used two mixed effects models implemented in R’s lme4 package to evaluate H1,
H2, and H3. We used the normal approximation to calculate p-values of fixed effects

using t-scores produced by Ime4.
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Dependent Variables

We considered two types of error indicating how well participants could recall the
observed data. The accuracy in recalling individual data points was measured us-
ing the absolute error, i.e., the absolute difference between the recalled value and
the observed value. To measure accuracy in recalling the higher level structure of
datasets (e.g., trends within each group), we calculated the trend error, i.e., the ab-
solute difference between the recalled and the actual slope of each line (set of values

for an ethnicity) in the visualization.

Model Specification

In each mixed effects model, we included the four elicitation techniques (Explain-
Only, Predict-Explain, Predict-Only, and Predict-Feedback), modality, and the in-
teraction terms between modality and the techniques as fixed effects, with the con-
trol/baseline condition as the omitted reference condition. We included the partici-
pant id and the ethnicity group (e.g., Hispanic, etc.) as random effects. The spatial
ability score, calculated as the number of correct answers out of 10 on the paper fold-
ing task, was included as a fixed effect. We centered the spatial ability score by its
mean so that fixed effects describe a participant of average spatial ability. For easier
interpretation, we report the intercepts for each elicitation technique separately for
visual versus text with 95% confidence intervals. Coefficients are expressed in terms

of the actual units used in the datasets (i.e., percentage).

3.4.8 Core Results
Visual Conditions

Absolute Error: Participants who used one of the four elicitation techniques re-
called individual data points more accurately than those in the None-Vis condition

(Fig. @(a)) Proceeding by magnitude of effect, the Predict-Explain-Vis condition
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Figure 3.7: Estimated fixed effect coefficients from analyzing absolute errors for (a) visual
and (b) text conditions for the voting result dataset. The error bars indicate 95% confidence
intervals. Intervals that do not include include zero imply that we can be reasonably sure that
some effect exists.

had the lowest absolute error relative to the None-Vis condition by -4.08 (i.e., partic-
ipants in the Predict-Explain-Vis condition were, on any given recalled point out of
the 12 total, more accurate at recalling the voting percentage by 4.08% out of 100%
compared to the those in the None-Vis condition: t = —4.02, p < .0001) The Predict-
Feedback-Vis condition had the next lowest effect (-3.54; t = —3.49,p < .001), fol-
lowed by the Explain-Only-Vis condition (-3.52; t = —3.47,p < .0001), and the
Predict-Only-Vis condition (-2.30; t = —2.25,p < .05). Hence, interactive elicita-
tion appears to be reliable way to improve absolute recall of data presented through

visualizations, even with variations in how prior beliefs is elicited.

Participants’ scores on the spatial ability test also predicted a lower absolute
error, as we would predict from prior work indicating the relationship between spa-
tial visualization ability and visualization comprehension [71, 69, 70]. With each

additional correct answer in the paper folding task, participants’ expected absolute
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recall error decreased by 0.44 (r = —3.63,p < .001).

We observed no difference in absolute error between the four elicitation tech-
niques.

Trend Error: Only participants in the Predict-Explain-Vis and the Predict-
Feedback-Vis conditions had a lower trend error compared to the None-Vis condi-
tion. Specifically, being in the Predict-Explain-Vis condition lowered errors by -2.06
relative to the None-Vis condition (t = —2.07, p < .05), while being in the Predict-
Feedback-Vis condition lowered errors by -2.79 relative to the None-Vis condition
(t=—2.80,p < .05). We observed no effect of the spatial ability score on participants’
trend errors (t = —0.53, p = .596).

Comparing Effects of Techniques: Visual vs Text

Absolute Error: Overall, we observed 3.76 percentage points (36%) more errors
on average per recalled value among visual conditions compared to text. This aligns
with prior research indicating that text is better for exact value retention than
visualization [81].

In comparing the absolute error between the text conditions, the Explain-Only-
Text condition was the only condition that led to lower absolute errors than the
None-Text condition, by an average of -2.00 (t = —2.07,p < .05). We observed no
effect from the Predict-Explain and the Predict-Only techniques in the text modal-
ity conditions when we compared them to the None-Text condition (Fig. @(b))
Text presentations may not provide the same type of natural support for prompting
implicit reflection and correction of one’s prior beliefs compared to visualizations.

Participants with higher spatial ability scores again had a lower absolute error
on recall by 0.31 (r = —2.04,p < .05).

Trend Error: Overall, we did not observe differences in average trend errors
between visual conditions and text conditions. In comparing the trend error between

the text conditions, we found no effect of any of the elicitation techniques (i.e.,
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Explain-Only-Text, Predict-Explain-Text, or Predict-Only-Text) compared to the
None-Text condition. We saw no apparent decrease in trend error from spatial

ability (r = —1.30,p = .193).

The Effect of Prior: Anchoring in the Prediction Conditions

Participants in the Predict-Only-Vis, Predict-Explain-Vis, and Predict-Feedback-
Vis conditions may have a tendency to recall aspects of their own prediction due to
the deliberate attention required to generate the prediction. We observed a weak
positive correlation between the values that participants predicted and the values
that they recalled (Fig @, R? =0.176, intercept= —1.28, slope = 0.18) Additionally,
we found that for 75.9% of the data points from participants who were asked to
predict, their recalled value showed a bias in the same direction as their predicted
value: if they underestimated the value in the prediction phase, they tended to
underestimate the value in the recall phrase. The same pattern could be observed

when they overestimated. Hence, a slight anchoring effect appears to be present.

Quantity and Quality of Self-Explanations

The quantity and quality of self-explanations have been shown to affect comprehen-
sion in prior work [31, 123]. We analyzed the correlation between self-explanation
quantity and quality and recall performance for participants in the Explain-Only
condition. As a proxy of quantity we counted each sentence as a self-explanation
(mean:3.2, range: 1-7). We tallied the total number of self-explanations generated
by a participant and regressed the average recall error made by the participant
on the sum. We observed no effect of the number of explanations on recall error
(Fig B.9, B2 =0.001,7 = 0.39, p < .533).

To measure the quality of each self-explanation, we devised criteria informed by
Chi’s approach to distinguish high and low quality explanations [29]. We differenti-

ated between two factors that characterize the quality of self-explanations: the level
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(recallgap)

Gap between the observed data and the user’s recall

Gap between the observed data and the user’s prediction
(guessgap)

Model: Im(recallgap ~ guessgap )

Residuals
Min 1Q Median 3Q Max
-34.35 -5.40 0.43 5.10 32.15

Coefficients | Estimate Std. Error | t value | Pr( >|t| )

Intercept | -1.28 0.47 -2.75 0.00609 **

guessgap | 0.18 0.02 10.35 <2e-16 ***

Multiple R-squared: 0.1758, Adjusted R-squared: 0.1742

F-statistic: 107.1 on 1 and 502 DF, p-value: <2.2e-16

Table 3.2: The visualization and the result of the anchor effect analysis. The result shows a
weak anchoring effect.
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# of self-explanation

Model: Im(recallGap ~# of Self-Explanation)

Residuals

Min 1Q Median 3Q Max

-6.83 -3.67 -1.17 1,46 16.90
Coefficients | Estimate Std. Error | t value | Pr( >|t| )

Intercept 10.47 2.49 4.20 0.00014 ***

# of Self-Explanation | -0.23 0.76 -0.31 0.761

Multiple R-squared: 0.002339, Adjusted R-squared: -0.0226

F-statistic: 0.09377 on 1 and 40 DF, p-value: 0.761

Table 3.3: The correlation analysis between the quantity and the quality of self-explanations.

The model shows no effect.
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of prior beliefs involved in inference (inference with prior beliefs, inference with no

prior beliefs, no inference), and the level of detail of the inference (high, low).

Inference without prior beliefs, High detail: “Generally, people with in-
comes over 75k were less likely to vote for John McCain in 2008. Blacks who made
over 75k were slightly more likely to vote for him, but it was a very small increase

to 3% meaning not many blacks voted for McCain in any income category.”

Inference without prior beliefs, Low detail: “Majority of people no matter

ethnicity voted for the Democrats and not Republicans.”

Inference with prior beliefs, High detail: “There was a slight increase in
the White voting population with the higher income bracket, I could assume that

2

this is due to McCain’s policies which benefit the wealthier.

Inference with prior beliefs, Low detail:“People are more conservative in

Colorado.”

No inference: “Each colored line is a different race. Each point is a different

income bracket.”

Two researchers coded the set of 42 explanations (Cohen$ kappa = 1). We con-
ducted a two way factor analysis on the average absolute error and the trend error,
but observed no effect of either quantity or quality on factors. It may be that the
difference between participants’ self-explanation quality was smaller overall than in
educational studies of spontaneous self-explanation, perhaps due to the incentives

to work quickly on AMT.

3.4.4 Replication on Low and High Familiarity Datasets

We conducted two additional partial replications of our study to evaluate the effect
of elicitation techniques on datasets that our preliminary survey identified as more

and less familiar on average. We replicated all visual conditions.
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Low Familiarity Dataset: Scientific Experiment Results

We created two visualizations depicting results from a scientific experiment on the
blood glucose level of various groups of mice after antibody injection [67]. Each
visualization differentiated two amounts of time since injection (0 and 30mins, and
60 and 120mins). Each visualization included lines for three groups (Lean, 2H10,
and control) similar to the three groups of Hispanics, White, and Black voters in
the main study. Hence, the two visualizations replicated the structure of the voting
results data across two states.

Absolute Error: We observed a similar pattern of effects of the techniques
on decreasing absolute error as for the voting result data, with the exception of
the Predict-Only-Vis conditions (Fig. @(a)) The Explain-Only-Vis condition had
lower errors by 1.78 (t = —3.75,p < .001), and the Predict-Explain-Vis conditions
had lower errors than the None condition by 1.27 (r = —2.62,p < .01). The Predict-
Feedback-Vis condition had lower errors than the None condition by 1.31 (f =
—2.69,p < .01). Predict-Only-Vis condition had no effect compared to the None
condition (r = —1.43,p =.152).

We observed no difference in recall performance between the Explain-Only-Vis,
the Predict-Explain-Vis, and the Predict-Feedback-Vis condition.

Trend Error: We also observed no effects of the elicitation techniques on de-

creasing trend error compared to the None condition.

High Familiarity Dataset: Calorie Content of Fast Food

We created two visualizations using data on the calorie content of three fast foods
(Milkshake, Coke, French fries) for two serving sizes (small, large) at McDonald’s
and Burger King.

Absolute and Trend Error: Results of the mixed effect model for absolute
error (Fig. @(b)) and trend error indicate no differences between any conditions

for the fast food dataset.
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Figure 3.8: Estimated fixed effect coefficients from analyzing absolute errors for visual con-
ditions (a) for the scientific experiment dataset, and (b) the fast food calories dataset.

We conclude from these additional partial replications that prediction, when
combined with additional mechanisms like explicit self-explanation or feedback, can
lead to lower absolute error even for very unfamiliar data where prediction might be
difficult. Perhaps because the data was already too familiar, we saw no replication

of effects for any elicitation technique on the high familiarity dataset.
3.5 Discussion

3.5.1 The effect of Reflecting on Prior Beliefs

Our results suggest the promise of incorporating mechanisms for eliciting prior beliefs
in visualization.

First, our work extends prior work on self-explanation by showing that prompting
users to self-explain information visualizations can improve their ability to recall
specific data points later.

Additionally, our work is the first to show that incorporating prediction tasks, as
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in our Predict-Explain-Vis, Predict-Only-Vis, Predict-Feedback-Vis also improves
users’ ability to recall specific data. We hypothesize that predicting focuses a user’s
attention on their prior beliefs, making them more likely to attend to the gap be-
tween their prior beliefs and the observed data when it appears. We expected that
predicting would be less effective in the text modality than in the visual modality.
In fact, we did not observe an effect of any of the prediction techniques on improving
recall in the text conditions. This may be because participants in the visual condi-
tions are shown the gap in a visual form, reducing the deliberative effort required to
process the gap in a text format. Using a visualization of the gap is likely to free up
participants’ cognitive resources in contrast to text, so that they can focus on more

meaningful activities [129] such as updating and repairing their mental model.

Except for the Predict-Only-Vis conditions, we were able to replicate the effect of
the elicitation techniques for decreasing absolute error with a less familiar dataset,
the scientific experiment results. These results suggest that prior beliefs about a
dataset is not necessarily required for a user to benefit from prediction, explanation,
and feedback techniques. The fact that we were not able to replicate the effects in
the Predict-Only condition may indicate that when familiarity is lower, a user needs
additional reinforcement to recognize the gap, such as being prompted to explain or

being given visual feedback on the gap.

We could not replicate the effects of the elicitation techniques on the high prior
familiarity dataset, the calorie content of fast food. One possible reason that we
did not see an effect here is that participants were already relatively accurate in
estimating the values, such that the initial ‘gap’ is too small to see much positive

impact from the elicitation techniques.

We observed that the Predict-Feedback-Vis and Predict-Explain-Vis techniques
decreased the trend error in recalling the visualized trends for the voting results data.
However, we did not see similar improvements of trend errors with either of the other

datasets. Varying graphical complexity may be one reason for this discrepancy: in
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the voting results data, two of the lines intersect (thus adding complexity), whereas
in the other two datasets all three lines have similar, non-intersecting trends.

We believe that prompting predictions and providing feedback, which we found to
reduce both the absolute and relative recall error, would work well when presenting
visualizations in practice. Compared to explicitly prompting a user to provide self-
explanations, first prompting a user to make predictions is likely to engage a user’s
curiosity. Once the user has “invested” attention by predicting, they may be more
open to feedback that can further direct their attention to needed adjustments in
their prior beliefs.

Though we asked participants in the predict conditions to predict only select
data points, we observed a decrease in recall error across all data points. In the
Predict-Explain-Vis conditions, we see evidence that participants are generating ex-
planations associated with all three ethnic groups despite being prompted to explain
only the difference between the predicted group and observed data. For example,

participants wrote in the comments:

“I really overestimated the numbers of black people. I expected more of

them to vote than the Hispanics.”

“I may have underestimated the population of Hispanics (and Blacks) in
Colorado. I assumed both were minorities who held liberal viewpoints,

since traditionally minorities tend to prefer Democratic candidates.”

This suggests that a designer need not require a user to predict every data point
in the visualization to engage users with the entire dataset.
3.5.2  Design Space for Graphical Prediction and Feedback

Our study shows the benefits of eliciting users’ prior beliefs, such as their expec-

tations of data, and prompting them to reflect on how their beliefs relates to the
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Manipulation
Task Detail Task Encoding Possible Interaction
Component
. Drag up a bar
Predict ) Mark (bar) Bar chart
) Predict to set height
Continuous
Data Value Mark (line) Line chart Draw a line
(Quantitative)
Mark Attribute Brush on color
Variable Map (choropleth)
(color of areas) over an area
Brush on color
Predict Predict Mark Attribute Area chart
over an area
Categorical Categorical (color of areas)
Brush on color
Variable Membership Pie chart
over a sector
Scatter plot Draw a regression line
Predict Correlation
Line chart Draw a line
Predict
Scatter plot Draw a contour
Data Structure Predict Cluster Mark (line)
Dendrogram Drag and drop element
and Model
Predict to the cluster
Node-link diagram Draw an edge
Connectivity
Predict
Draw a line to mark
Confidence Box plot
confidence interval
Interval

Table 3.4: Possible tasks.

data. However, the design space for applying graphical prediction and feedback tech-

niques to information visualization remains relatively unexplored. In the following,

we characterize key considerations in applying these techniques to visualizations.

We informed our elaboration of the design space through several forms of ev-

idence: observations from our studies; examples in the media, primarily from the

New York Times [5]; and our own development of prototypes applying the techniques

to visualizations like bar charts and line charts.

Based on these experiences, we differentiate three considerations that influence

the effectiveness of graphical prediction and feedback applications: the prediction
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task and graphical elicitation technique (for what tasks and in what ways can the user
express their prior beliefs?), the contextualization mechanism (how does the interface
provide clues to constrain the user’s prediction?), and the feedback technique (how
does the interface draw the user’s attention to the gap between their predictions and

the observed data?).

Prediction Task and Elicitation Technique

A first question in designing a visualization that elicits predictions is “What should
the user predict?”. A visualization can elicit value predictions for quantitative or
nominal (categorical) variables, or the outcome of a model or analysis.

Direct manipulation is a natural way to implement the first one, value prediction.
For example, a user might click to add a mark, or drag a mark from an axis to set
or update its position in a 2D plot like a scatter plot. Other marks require different
interactions: a user might drag a bar to set its height or click to position the top of
the bar in a bar chart, and use a smooth dragging operations to position a line in a
line chart.

Data encoded in the visual attributes of marks, such as color or shape may
also be predicted. For example, nominal data (categories) might be encoded by
the color hue of marks in a scatter plot. Predicting categorical membership can be
instrumented with interactions like brushing. For example, some points may remain
uncolored in a scatter plot where color encodes the categorical membership of data.
The designer can have a user select a color from an interactive legend, and drag
across points to assign that category.

In The New York Times’ elicitation of users’ predictions for the 2014 senate
election, a user was able to cycle through different binned probability levels for the
voting percentage for each party by repeatedly clicking on a state in the map [82].

Similar to categorical membership, the designer of a visualization may ask a

user to predict clusters in a scatterplot or network diagram. For example, given
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an interactive network diagram, the user can draw a contour around the nodes or
use brushing interactions similar to those described for categorical membership to
designate clusters of related nodes. Predicting connectivity could also be applied to

support edge prediction in a network diagram.

Alternatively, the designer can ask the user to visualize their expectations for
the outcome of more complex analyses applied to raw data. For example, graphical
prediction techniques could be used to elicit predictions on multivariate correlations,
uncertainty, or other results attained through statistical modeling. For example, the
New York Times ‘You Draw It’ interactive prompts the user to predict a regression
line representing the relationship between parents’ income percentile and percent
of children who attended college [5]. To facilitate understanding of uncertainty in
data, a user might be prompted to predict a confidence interval or region given a

2D presentation of bars, points, or lines denoting sample statistics.

Regardless of what is predicted, the directness of the prediction interaction and
degrees of freedom provided to the user by the interface are important design con-
siderations. Freeform interactions can be used to allow the user greater flexibility
in drawing, such as providing a high degree of resolution (i.e., space of possible fits)
to users drawing regression lines in 2D visualizations. More constrained forms of
interaction can be realized through snapping functions (e.g., snapping a predicted
regression line to the nearest grid point). Similarly, a designer may choose to only
allow the user to manipulate certain parameters of components (e.g., drag a curve
or slider to change line curvature, drag the edge of a circle to increase size while
maintaining shape). While more constrained interactions may serve to reduce er-
ror and focus user’s attention on key parameters (e.g., slope or magnitude alone),
they are likely to add abstraction. Our own experimentation with interactive proto-
types suggest that many users enjoy the novelty of using an interactive visualization

interface to draw with few constraints.
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Contextualization Mechanism

Contextualization mechanisms can be used to guide the user’s prediction as they
form a guess. For example, the amount of effort required for the user to make a
guess can differ based on the number of reference marks (e.g., dots, bars, lines)
that the visualization initially presents. In our study, we presented two of the three
ethnic groups by default, which provided cues to guide users’ predictions of the
remaining group. How much data to reveal through reference marks can be decided
based on how familiar users are expected to be with the dataset (less familiar=more
reference marks). Or, the reference marks can be selected dynamically through
personalization. For example, for datasets that depict regional data, identifying and
initially presenting marks depicting the user’s region based on their IP address may

increase engagement while providing useful context for the user.

Prediction hints provide more direct guidance, either through text or visual an-
notation, on where a user’s prediction should be made, helping educate users about

the meaning of the encodings.

As the New York Times’ visualization “You Draw it” [b] demonstrates, one or
more data points can be presented as a hint that the user’s prediction line should

pass through.

Designers should consider the scale of the x and y-axes in 2D charts. In piloting
our preliminary study for choosing a dataset, we observed that users’ predictions
were quite sensitive to the axis range. When we presented the full 0-100% percentage
range for percentage variables (e.g., the percentage of the U.S national budget of
health care), users’ estimates showed a bias toward the center in the plotting range.
This effect was lessened when we trimmed the axis range based on the maximum
value of the dataset, suggesting that users implicitly view the axis range as a clue

to the data scale.
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Feedback Technique

After a user draws their prediction, feedback on how the user’s prediction compares
to the observed data can help prompt reflection on prior beliefs.

For example, personalized feedback can provide information on the accuracy of a
prediction, as we provided in our study. Feedback may take the form of aggregated,
quantified accuracy information (e.g., “Overall, you were 80% right in guessing the
amount of COy emission in U.S”) or information on the directionality of biases
(e.g., “You over-estimated the overall trend.”). Feedback may also occur at a more
granular level, encouraging the user to adjust their expectations of individual data
points: “Your guess on year 2001 was 6 points off; a little higher and you would be
correct.”

As users’ predictions are collected, social feedback may serve to further engage
users to think about the data and their own expectations. However, social feedback
may also overshadow user’s own interpretations; hence social feedback might be
withheld until after the user has provided their own prediction [76] The interface
can prompt social comparisons by visualizing other users’ predictions alongside the
user’s.

General design considerations affecting feedback include how specific and in what
modality feedback is presented (e.g., visual, text, etc.). Based on our study finding
that textual presentations are less effective for drawing attention to the gap, we
except visual feedback or a combination of visual and text feedback to be more
powerful. Animating feedback, such as by dynamically moving marks added by the
user to their true positions, or adding textual feedback to prediction errors point by

point, may be particularly effective for drawing a user’s attention to the gap.

3.6 Summary

This chapter introduces the interfaces to prompt people’s reflection on their prior

beliefs, the evaluation of the effects of the interfaces on data recall, and the inves-



46

tigated mechanisms behind the effects. The investigation provides knowledge on
how visualization designers and researchers could elicit people’s beliefs without hav-
ing negative impacts on people when they interact with visualizations. In the next
chapter, I will introduce how to extend the approach to elicit probabilistic beliefs

and model people’s beliefs with a Bayesian framework using elicited beliefs.
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Chapter 4

A BAYESIAN COGNITION APPROACH TO IMPROVE DATA
VISUALIZATION

Chapter @ demonstrates how people’s beliefs could be elicited in a natural way
from users to integrate into visualization interaction. The studies show that the act
of the externalization benefits users to remember data better, possibly by seeing the
gap between their prior beliefs and the actual data.

With that understanding, this chapter introduces ways to elicit people’s prob-
abilistic beliefs to model their visualization interaction (Research Question 1). As
oppose to eliciting only the “location” of the beliefs as modeled in chapter @, an
individual’s uncertainty of their beliefs is elicited this time. I introduce a demon-
stration of how we could apply Bayesian models using the elicited beliefs to under-
stand visualization interpretations (Research Question 3). I present what we learn
about users’ data interpretation process by modeling visualization interpretation as
Bayesian inference, and how the approach can shape how we design and evaluate
visualizations. This chapter also provides an analysis that shows the effect of prior

elicitation (Research Question 2).

4.1 Visualizations as Media to Inform Belief Change

Opposing a “data-only” view of visualization, models of graphical comprehension
from psychologists have described how top-down influences, including prior beliefs
and expertise, influence what a person attends to [26]. Studies demonstrate how
prior knowledge can lead to other “downstream” effects on visualization related
outcomes, such as how effective an interactive visualization is for different users [69].

The previous chapter demonstrates how eliciting people’s beliefs about data directly
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through the interface can positively impact data recall and prompt critical thinking
about data. However, research in data visualization has yet to develop descriptive
or normative cognitive models for predicting and evaluating how people update the

prior beliefs they bring upon viewing data.

Outside of visualization research, psychologists have developed these types of
models of how people update their beliefs or opinions about data or a proposi-
tion, given information about their prior beliefs [64, 133]. Bayesian models of cog-
nition compare human cognition, which is assumed to draw on prior beliefs, to
a normative standard for rational induction from noisy evidence [66]. By com-
bining key components of Bayesian statistics—including a likelihood function de-
scribing the probability of the data given some assumed distribution, a description
of the prior probability of different values, and laws of conditional probability—
Bayesian cognitive modeling can describe how people update their beliefs given data.
Bayesian models have provided explanatory accounts of how people make various
real-world perceptual judgments, higher cognitive inferences, and learn and reason
inductively [132, 64, 98, [133]. Bayesian cognitive models can also prescribe what
updated beliefs are most consistent with one’s prior beliefs and the data, providing

a normative framework for evaluating interactions with data presentations.

We make several contributions in this chapter. First, we demonstrate a Bayesian
cognitive model for assessing how people interpret data presentations like simple
visualizations. In contrast to other frameworks for studying visualization use, a
Bayesian cognitive model can be used to examine how people change their beliefs in

response to presented data.

Deploying the model we develop, we characterize the extent to which the be-
lief updating of users of a simple visualization of survey results resembles Bayesian
inference (Pilot). We find evidence that on average people update their beliefs ra-
tionally, but individuals often deviate from expectations of rational belief updating.

These findings hold across multiple datasets and prior elicitation methods (Study
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1). We find that people deviate considerably more from the predictions of Bayesian
inference even in aggregate when presented with datasets of a very large sample size.

Finally, we demonstrate how a Bayesian cognitive model can be used to evaluate
data presentations (Study 2). We show how Hypothetical Outcome Plots (HOPs),
animated plots that show uncertainty via draws from a distribution, improve devia-

tion from normative Bayesian responses relative to not presenting error information.

(a) User's prior beliefs (b) Observed data (Likelihood)
p(6) Belief p(Y|o)
"\ updating «~ A
v \
(c)User’s (d) Normative posterior
posterior beliefs beliefs

s P(Y18)x p(6)
A OlY) = ———

LY = A p(6Iy) p(Y)

Figure 4.1: Distributions of residuals (observed - predicted) for participants’ posteriors’
means and standard deviations and the means and standard deviations of the normative pos-
teriors.

4.2 Visualization Interpretation as Bayesian Inference

Before introducing our studies, we will walk you through an example scenario that
illustrates how we envision Bayesian framework can be applied in visualization inter-
pretation. Imagine a user will be presented with a visualized estimate of a parameter
6. As an example, imagine that the parameter is the proportion of residents of U.S.
assisted living centers who have Alzheimer’s. Before the user views observed data,
they articulate their prior beliefs. The user specifies a prior by assigning probability
over plausible values of 6 using a graphical or text-based interface (Fig [lla).

In Bayesian inference, beliefs take the form of a probability distribution. For
a proportion parameter 6, a Beta distribution is the appropriate distribution to

capture beliefs. Two parameters sufficiently define a unique Beta distribution:
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Beta(a,). We can think of o —1 as the number of successful events (e.g., the
number of residents in assisted living centers who have Alzheimer’s), and B —1
refers to the number of unsuccessful events (e.g., the number of residents in assisted
living centers who don’t have Alzheimer’s).

Imagine a user who guesses that approximately 10% residents in assisted living
centers have Alzheimer’s, but with relatively high uncertainty. Assume that the in-
formation their beliefs imply is equivalent to having observed a sample of 10 assisted
living center residents, one of which had dementia. Their prior beliefs are captured
by the distribution Bera(2,10). The sum the successful events and the failure events
(i.e., 10) represents the amount of information (or conversely uncertainty) contained
in the user’s prior distribution.

Imagine that the user is next presented with a visualization of an estimate cap-
tured by observed data (Fig @ (b)), such as the proportion of assisted living center
residents with dementia according to records for a chain of centers with locations
across the country. Out of 1,000 residents of these chains, 420 have dementia. We
model the data generating process as a binomial process in which any individual
independently has the disease with a certain (identical) probability 6. We repre-
sent the observed data as a likelthood function capturing the probability of different
values of 8 given the observed data. The likelihood encodes the relative number
of ways that different values of 6 could produce the observed proportion given our
assumptions about the data generating process and the size of the observed sample.
The likelihood function for a reported proportion, 42%, from a total sample of 1,000
residents can be represented by Binomial(1000,0.42), implying an expected 420 suc-
cessful events and 580 failure events but with some uncertainty due to sampling

error.

#o fsuccesses posterior = #o fsuccesses prior +#o fsuccessesjaa

(4.1)
#of failures posierior = #of failures o, +#o f failures g
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In a Bayesian framework, “rational” belief updating is prescribed by the nor-
mative posterior distribution (Fig @d) This distribution is calculated by using
Bayes rule to update the probability of 6 in the prior with the information about
6 implied by the likelihood function. Equation @ results from using Bayes rule
to estimate the number of successful events and the failure events in the posterior
beliefs as a function of the estimates implied by the observed data and prior. The
number of successful and failure events in the posterior beliefs is equivalent to a
Beta distribution: Bera(422,590). Intuitively, under Bayesian inference the user’s
belief distribution after encountering the observed data shifts proportionally to the

amount of information contained in the two distributions.

4.3 Developing Research Questions and Goals

Prior beliefs clearly play a role in data interpretation. However, belief updating
is rarely formally modeled in research related to data presentation and visualiza-
tion. Studies of Bayesian cognition suggest that Bayesian inference can be used to
characterize many aspects of learning and cognition. We apply a Bayesian cogni-
tive modeling approach to a simple data interpretation task to understand where
people align with, and deviate from, normative Bayesian inference individually and
in aggregate. While the computational complexity of Bayesian inference makes it
doubtful that cognition uses exact inference [84], in the context of interpreting pre-
sented data in everyday settings (such as in data journalism) we would expect under
Bayesian assumptions to see that people (1) are capable of providing priors describ-
ing the uncertainty in their beliefs about a parameter, and (2) update these beliefs
to incorporate observed data. Our work sheds light on the degree to which these
assumptions hold for a simple data interpretation task.

In contrast to prior work in Bayesian cognition that avoids obtaining priors di-
rectly from people [66, 152], we design and apply a paradigm in which we elicit

people’s prior and posterior beliefs about the probability that a parameter takes var-
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Figure 4.2: Distributions of residuals (observed - predicted) for participants’ posteriors’
means and standard deviations and the means and standard deviations of the normative pos-
teriors.

ious values (Pilot, Studies 1, 2). Though it is commonly argued that people have
difficulties reasoning about probability, the notion that people are capable of main-
taining subjective probabilities is well-established in decision theory, congruent with
canonical work in judgment and decision making like that of Tversky and Kahne-
man [2], and supported by a body of work in economics on subjective probability
elicitation, including from laypeople (see [101] for a review. Having obtained prior
beliefs, we fit a distribution to them then use Bayes’ rule to compute the normative
posterior distribution for each person, the posterior distribution that is expected
if the person is a perfect Bayesian agent given the observed data and their prior

distribution.

In a first study, we compare the distribution fit to the posterior beliefs we elicited
from each person to the normative posterior beliefs computed using that person’s
prior Bayesian solutions (Fig. @ top row). We also compare people’s aggregate
posterior distribution (i.e. the posterior distributions representing the aggregate of
all people’s posterior distributions) to the normative aggregate posterior distribu-
tion (i.e., the normative posterior distribution calculated using a prior distribution

representing the aggregate of all people’s prior distributions) (Fig. @ bottom row).
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Alignment between people’s responses and the normative Bayesian solution at this
aggregate level may suggest that people are “sample-based Bayesians” [143] per-
forming approximately inference.

Prior work in visualization and judgment and decision making suggests that
different subjective probability elicitation techniques can produce varying results,
perhaps because some techniques (such as frequency framings) better align with
people’s internal representations of uncertainty [62, 78, 112]. In a second study, we
assess how sensitive people’s responses are to different elicitation methods, which
vary in the input format for beliefs they use (i.e., continuous probability versus
discrete samples).

In a second study, we show how a Bayesian cognitive model can be used to assess
the effectiveness of design changes. One aspect of visualization design that is likely
to be relevant to how people update beliefs is the presentation of uncertainty. If
people see the observed data as more certain than it is (e.g., reflecting belief in the
law of small numbers [137]), their posterior judgments may reflect overweighting
of the observed data and underweighting of their prior. On the other hand, if
people see the data as less certain that it is (e.g., non-belief in the law of large
numbers [[15]), their posterior judgments may reflect underweighting of the observed
data and overweighting of their prior. To demonstrate how a Bayesian cognitive
model can support visualization design decisions, we compare the results of Bayesian
modeling across a default static visualization typical of those found in the media and

an animated hypothetical outcome plot (HOP [79]) uncertainty visualization.

4.4 Pilot: Developing a Bayesian Model of Data Interpretation

We demonstrate a Bayesian model of cognition for assessing visualization inter-
pretation. We evaluate the extent to which individuals’ judgments are consistent
with “fully” Bayesian inference by assessing how closely their individual posterior

distributions align with the normative posterior distribution calculated given their
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prior. Secondly, we also consider whether people’s judgments might instead be con-
sistent with what has been termed “sample-based” Bayesian inference (a form of
approximate Bayesian inference) by evaluating how closely the aggregate posterior

distribution aligns with the normative aggregate posterior distribution.

4.4.1  Study Design

We recruited 50 participants with 95% or above approval rating from Amazon Me-
chanical Turk, rewarding their participation with $1.0. The average completion time

was 7.3 minutes (SD=5.2).

Dataset and Presentation

For our studies we sought a simple dataset that would nonetheless be representa-
tive of those shown in the media or public facing reports. We selected a dataset
with a single variable which represents a proportion. The dataset describes survey
results intended to measure attitudes towards mental health in the tech workplace
(N=747) [1]. We chose one question from the survey “how often do you feel that
mental health affects your work?” to formulate our proportion parameter: “the pro-
portion of women in the tech industry who feel that mental health affects their work
often.” To present the observed proportion to participants in our study, we created
an “info-graphic” style visualization (Fig. @ (a)) which shows this proportion using

a grid format commonly used in the media to present proportions (e.g., [6, 83, 102]).

Prior and Posterior Elicitation

To elicit participants’ prior and posterior distributions, we used a technique that
asks participants about two properties of their internal distribution: the most prob-
able value of the parameter (mode (m)) and their subjective probability (Fig. @(b))
that the parameter falls into the interval around the mode ([m —0.25m,m+0.25m]).

Prior research in probability elicitation for proportions indicates that this technique
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is less sensitive to imprecision that may arise when one externalizes a subjective dis-
tribution compared to a percentile approach and alternative location plus interval
implementations [153]. A benefit of this approach is that estimates of Beta distri-

bution parameters can be analytically computed from participants’ answers [56].

4.4.2 Results
Fitting Individual Responses

We first converted participants’ elicited prior and posterior beliefs to Beta distribu-
tions using an optimization approach suggested in previous work [112]. The approach
finds an optimal Beta distribution parameterized by a and f which minimizes the
sum of two terms: (1) the square difference between the participants’” mode and
the estimated mode of the Beta distribution and (2) the square difference between
the probability that each participant associated with the interval and the estimated

probability of the interval in the distribution.

Fitting Aggregate Responses

To obtain parameters for the aggregated prior/posterior distributions (0tgs and
Bage), we averaged participants’ as and Bs respectively from the individual prior/posterior
distributions: OGuge = (01 + ... + aN)/N, Bage = (B1 + ... + Bx) /N (N = # of partici-

pants).

Calculating Normative Posteriors

We can calculate a participant’s normative posterior by using & and 3 estimates from
their prior distribution combined with the number of successes (e.g., the number of
women who said their mental health affects their work often) and failures (e.g., the
number of women who said their mental health affects their work not often) in the

observed data (Eq. @) The a and B for the aggregated normative posterior are
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calculated in the same manner using the aggregated prior a and B estimates.

Ohormative posterior = #successes + Oprior

(4.2)
ﬁnormative posterior — #failures + ﬁprior

We evaluate the degree to which individual and aggregate posterior distribu-
tions resemble the normative Bayesian posterior distributions by plotting residu-
als (observed - predicted) when predicting the means and standard deviations of
participants’ posterior distributions using normative Bayesian inference (Fig. @)
A distribution of residuals that is loosely centered around zero suggests “noisy”
Bayesian inference, where each individual may deviate from the normative posterior
due to approximate inference but in aggregate, the observed posterior resembles the
normative posterior. Residuals for means are roughly centered around zero, with
95% of the values falling between -0.16 and 0.58). A small number of participants
provided posterior distributions with means that were considerably greater than pre-
dicted (i.e., believed that the true proportion of women in tech who feel that mental
health affects their work often was much larger than predicted from the prior and

the observed data).

Mean differences Stdev differences
25 ‘ “

‘0.5 0.0 0.5 -0.5 0.0 0.5

Figure 4.3: Distributions of residuals (observed - predicted) for participants’ posteriors’
means and standard deviations and the means and standard deviations of the normative pos-
teriors.

Residuals for standard deviation are also roughly distributed around zero, but

show that participants were biased on average to produce posterior distributions
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with greater variance than the normative posterior. This suggests a tendency among
participants to provide posterior beliefs indicating more uncertainty than is rational
given the observed data and the information contained in their prior.

Following this observation, we analyzed where each participant’s posterior dis-
tribution was located relative to the normative posterior distribution (Fig. Q) We
found that 44% of participants (22 out of 50) overweighted the mode of the ob-
served data (i.e., their posterior distributions are closer to the observed data than
they should be), while 34% of participants (17 out of 50) overweighted the mode
of their prior distribution, and 18% of the participants (9 out of 50) provided pos-
terior beliefs that moved further than the prior from the observed data. Only two

participants (4%) were within +1% range of the mode of their normative posteriors.

(a) Overweight data: 44.0% (b) Close to normative: 4.0% (c) Overweight prior: 34.0%
|
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= o rPosterior 5 M A8
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Figure 4.4: Example illustrations of three different types of the update. Proportions of par-
ticipants whose posterior distributions (dotted line) imply overweighting of the mode of the
observed data, reasonable alignment with the normative posterior, and overweighting of the
mode of the prior distributions. An additional 18% of participants (not shown) provided pos-
terior beliefs that were further than the prior from the observed data.

Per our pre-registration we report log KL divergence (KLD) [95] between nor-
mative and observed posteriors. KLD is an information theoretic measure of the
difference between two probability distributions. Examining log KLD at the indi-
vidual and aggregate levels aligned with our observation from the residual plots: few
individuals act “fully Bayesian”, but in aggregate the responses are close to norma-
tive predictions. The mean log KLD for a participant at the individual level was

0.52 (SD=1.18; 3.31 in non-log terms).



o8

05 reference
g distribution

log(KLD)

0 100 200 300 400 500

Figure 4.5: A depiction of how log KLD varied by different means and standard deviation
(adapted from [77]).

Normative behavior is represented by a smaller log KLLD and non-log KLD close
to 0. The aggregate log KLD was -2.18 (non-log KLLD=0.11), which aligns with
previous work that demonstrates people’s collective reasoning is more consistent
with Bayesian optimal behaviors even when individuals do not necessarily act as a

fully Bayesian agent [66].
4.5 S1: Elicitation Techniques and Dataset

Our pilot study used an elicitation technique from the literature which was de-
signed for fitting Beta distributions to participants’ responses using a numerical
solution [56]. While the technique has been shown to be more robust to imprecision
in the elicitation process than several other techniques [153], it is possible that the
evidence for approximate or “sample-based” Bayesian inference that we observed
was an artifact of the elicitation technique. For instance, by asking for a mode
value, it is possible that the technique prompted people to consider only a single
sample. We are interested in evaluating how robust our result in our pilot study is

to changes in the dataset that is presented. In a pre-registered study,E we therefore

Thttp://aspredicted.org/blind. php?x=4bf9ci
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evaluate three additional elicitation techniques and introduce a new dataset. The
elicitation techniques vary in the degree to which they ask a participant to provide a
full distribution versus a small set of samples. By manipulating both representation
of uncertainty and the dataset, we aim to gain a better sense of how robust our

observation of approximate Bayesian inference is.

4.5.1 Developing FElicitation Techniques and Conditions

We are interested in comparing a set of interfaces which vary in the format they use
to elicit participants’ responses. We describe two sample-based techniques of our
own design, as well as two elicitation techniques from the literature. While our data
interpretation task requires eliciting a Beta distribution specifically, we expect that
the techniques we evaluate will generalize between Beta distributions, for example

to symmetric distributions like Gaussians.

(a) Sample-based (b) Sample + partial distribution (c) Graphical distribution
A few samples that a person hasin The mode of the distribution that a The number of balls (representing
Elicitation mind and their subjective confidence person has in mind and their subjective ,«., their subjective probability) for each bin
target X in each sample. probability associated with a provided G that ranges from 0 tothe maximum
9 | interval around the mode. AN value of the distribution.
Please guess the proportion of women in the tech industry who feel that mental health affects their work often.
. Please use the +/- keys to show how confident you are
Graphical Text 24 % in the proportion ofthe woman who said mental health
You can make your You can make your interferes with theirwork ‘often’ fell into each range
prediction in the form ofa ' prediction in the form ofa (e.g., 0~10%, 10%~20% ... 90%~100%). You should
percentage: Each ofthe percentage: the number You guessed that 24% of women in the tech industy in use up all 100 balls
100 icons below represent  out of 100 women who you  the US feel that mental health interferes with their work e
one hypothetical women think feel that mental health  often. To help us understand your prediction better,
working in tech. affects their work often. please answer the question below. 10d
Interface

This is your first prediction. | This s your first prediction. \yy 4o o ic the chance (0% - 100%) that the

|
|
N proportion of the woman who said mental health | E !
Guess: 24 % interferes their work oftenfell into the range 11
between 18% and 30%? Ul

How confident are you tha ' How confident are you that

your guess for the your guess for the 0% 18% 30% 100%

proportion is accurate, on ' proportion is accurate, on You have 10 balls left to distribute.

ascale from 0 to 1007 ascale from 0 to 1007 70 % Click and hold the buttonstoindicate your level of
20 20 confidence in each range.

Figure 4.6: Elicitation target and interface. We developed two sample-based techniques (a),
and used aninterval technique [[153] (b) and a graphical “balls and bins” technique [62] (c) from
the literature.
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Sample-based Elicitation

Evidence from research on reasoning with uncertainty (e.g., on classical Bayesian
reasoning tasks [60]) and uncertainty visualization [b4, 79, 78, 85, 86] indicates that
people are often better at thinking about uncertainty when it is framed as frequency
rather than probability. One way to elicit uncertainty is to ask people to provide
one sample at a time until they have exhausted their internal representation. Imag-
ine a person provides their expectations for the proportion of women in tech who
experience mental issues often. Several possible proportions seem salient to them,
including 20% and 33%. We devise a sample-based elicitation method that asks a
person to articulate a small set of samples (e.g., 5), one at a time (Fig. @(a))

Even if people find it easy to reason in the form of samples, we might still expect
that they perceive some samples as more likely. A sample-based elicitation tech-
nique would not prevent a person from providing the same sample multiple times,
proportional to its expected probability (i.e., resampling with replacement) [18].
However, articulating the same sample multiple times can be tedious. For each
sample a person provides, our technique asks for a corresponding judgment about
the salience of the sample in the form of subjective confidence. Using this technique,
the hypothetical person with two samples of 20% and 33% might provide 20% as
a first estimate with a higher confidence (e.g., 70 on a scale of 0 to 100), and 33%
as a second estimate with a lower confidence (e.g., 30). In practice, the confidence
values do not need to sum to 100 as they can be normalized prior to using them to

fit the responses to a distribution.

We created two versions of our sample-based elicitation technique. A graphical
sample-based elicitation interface (Fig. @ (a) left) allows participants to pro-
vide a predicted value (i.e., sample) by clicking icons in an icon array. This interface
is nearly identical to the visual format used to present the observed data. However,
the icon array in the elicitation interface presents 100 circles to imply elicitation in

parameter space rather than 158 people icons as in the visualization of the observed
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data. An analogous text sample-based elicitation interface (Fig. @ (a) right)
allows participants to provide a predicted value by entering number in a text box.
As a participant provides their samples, each prior sample is appended to the bot-
tom of the interface so that participants can review their samples and corresponding

confidence values before submitting the response.

Graphical Distribution Elicitation

To conduct a Bayesian analysis in many domains (e.g., clinical trials, meteorology,
etc.), analysts probe domain experts for uncertainty estimates, then use these to
construct a prior distribution [112]. This approach generally assumes that people
with domain knowledge possess a relatively complete internal representation of the
uncertainty in a parameter. Research indicates that a graphical interface that en-
ables constructing a distribution via placing 100 hypothetical outcomes (“balls”; or
circles representing hypothetical outcomes) in multiple ranges (“bins”) allows peo-
ple to articulate a distribution that they have been presented with more accurately
than a method that asks for quantiles of the distribution [62]. We implemented a
graphical “balls and bins” elicitation interface (Fig. @(c)) Participants are
prompted to add exactly 100 balls in bins that span between 0% to 100% in incre-
ments of 5% to express the distribution they have in mind. Relative to the text and
graphical sample-based techniques we developed, the graphical balls and bins inter-
face encourages a person to consider their entire subjective probability distribution

at once.

Sample + Partial Distribution Elicitation

The interval technique we used in our pilot study can be considered a hybrid ap-
proach between approaches that emphasize small sets of samples and those that
emphasize a full distribution (Fig. @(b)) The mode that a participant provides

can be thought of as the most salient sample in their priors. The subjective prob-
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ability that a participant provides is analogous to the probability mass of a partial
distribution.

As in our pilot study, participants are first prompted to provide a prediction (m).
Participants are then asked to provide the subjective probability (sp) that the true
proportion falls into the range calculated based on the mode value that they entered

([m—m%0.25,m+m=0.25]).

17% of female response said “often” 42% of residents have Alzheimer's
: femalerespondents whosaid “often" : who have Alzheimer's disease
: femalerespondents who said “not often” : whohave no Alzheimer's disease

Each icon represents 600 residents.

(a) (b)

Figure 4.7: The data presentations for S1 (a) and S2 (a, b).

4.5.2  Study Design
Dataset and Presentation:

We reuse the same proportion dataset used in our pilot study (mental health out-
comes among women in the tech industry) and the same icon array visualization.
However, we are also interested in understanding how robust our findings are to
changes in the nature of the observed data. Specifically, the sample size of the ob-
served data directly influences how closely the normative posterior is expected to
align with the data. Intuitively, as the sample size of the observed data increases,
the impact of the prior distribution on the normative posterior is reduced. With a
very large sample, the normative posterior will be virtually indistinguishable from

the data even with a reasonably concentrated prior distribution (Fig. @)
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Figure 4.8: The effect of sample size on normative posteriors given the same prior and ob-
served mode.

We therefore chose one additional large sample dataset that has been visualized
in the New York Times using icon-style visualizations [17]. This dataset depicts the
results of a study of chronic health conditions among assisted living center residents
in the U.S. (N=750,000). We chose one type of chronic health condition (Alzheimer’s
disease or another form of dementia) to formulate our target proportion. We asked
participants to reason about “the proportion of residents who have Alzheimer’s
disease or another form of dementia” in the task. We created a visualization (Fig. @
(b)) that shows this proportion in a similar icon array format to that used for the
mental health in tech dataset. Because of the size of the sample, we tell participants

that each icon represents 600 residents of assisted living centers.

Procedure

We used the same procedure as in our pilot study (eliciting priors, presenting ob-
served data, eliciting posteriors). However, in Study 2 we randomly assigned par-
ticipants to one of the four elicitation conditions, and one of the two datasets. On
the last page of the experiment, we asked a pre-registered attention-check question
about the numeric range in which the observed proportion fell to exclude partic-
ipants who may not have paid attention to the observed data. Participants were

asked to choose an answer among three ranges (0%-30%, 30%-60%, 60%-100%).
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Participants

Based on a prospective power analysis conducted on pilot data with a desired power
of at least 0.8 assuming a=0.05, we recruited 800 workers with an approval rating of
98% or more (400 per dataset, 200 per elicitation condition) in the U.S from Amazon
Mechanical Turk. We disallowed workers who took part in our pilot study. We
excluded participants who did not respond correctly to our attention check question
from the result. We posted the task to AMT until 800 participants who correctly
answered the attention check question were recruited. Participants received $1.0 as

a reward. The average complete time was 4.8 minutes (SD=3.35).

4.5.8 Results
Data Preliminaries

For each technique, we aimed to use the simple and most direct technique to fit a
Beta distribution, so as to minimize noise contributed by the fitting process. For
sample-based elicitation conditions, we used the Method of Moments [68] to esti-
mate distribution parameters (i.e., alpha and beta) using samples provided by each
participant. This method provides an estimate using the mean of the samples that
participants provided (X) and the variance of the samples (V) to calculate beta pa-
rameters: @ = X(@ —-1),p=(1 —)E)(mi;x) —1). Since we asked participants to
provide their subjective confidence with each sample, we calculated weighted x by
multiplying the value of each sample by the corresponding confidence value. This
approach does not provide a unique solution when the participant provides the same
values five times or 0 confidence for all samples. In this case, we gave the participant
an uninformative uniform prior (& = 1,8 =1). 54 out of 400 (13.5%) participants
provided responses requiring this adjustment.

An alternative way of fitting these participants’ responses is to instead assume
a small but varying confidence number for each response and use the Method of

Moments to fit a Beta distribution. For example, if the participants provide ”50”
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five times [50,50,50,50,50], we can alter the response to [50 - (2 * a), 50 - a, 50, 50
+ a, 50 + (2 * a)]. We conducted a sensitivity analysis to assess how aggregate
and individual log KLD changes as a is varied. We observed that individual level
log KLD is relatively stable (i.e., ranges from 0.09 to 1.58 as a varies from 0.001 to
0.05). However, aggregate level log KLD varied across a wider range from -2.44 to
6.543, suggesting that it may be worth trying to collect information that would help
disambiguate such cases, or identifying an elicitation method that does not rely on
separate weightings for each sample.

Anecdotally, we note that the percentage of “deviant” responses aligns with what
Prelec has described as the typical percentage of nonsensical responses obtained
through the use of the Bayesian Truth Serum mechanism [119]. For the graphical
distribution condition, we also used the Method of Moments approach by considering
each ball as a sample known within a 5% (the bin width). For the sample and partial
distribution condition, we used the same optimization approach we used in our pilot

study.

Residual Analysis and Log KLD

To assess the effect of elicitation technique on individual-level alignment with the
normative Bayesian solution, we again plot residuals between normative (predicted)
means and standard deviations for each participant and observed means and stan-
dard deviations (Fig. @) For the tech dataset (N=158) used in Study 2, we ob-
served a similar pattern as in our pilot study, with errors roughly equally distributed
about zero for means, and around zero but with a slight bias toward the amount of
variance in priors (i.e., overestimating variance in the data).

For the elderly dataset (N=750,000), residuals for means are again roughly sym-
metric about zero, but residuals for standard deviations are nearly entirely to the
right of zero. This suggests a strong tendency for participants to be more uncer-

tain about the true proportion than they should rationally be, given the size of the
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observed dataset.

We see some small differences in residual distributions between techniques. For
example, those using the graphical balls and bins interface (Fig. @ fourth col-
umn) appear to be slightly more consistent (i.e., more concentrated distribution)
and slightly less likely to be biased in their estimates of standard deviation of the
elderly dataset (Fig. @ bottom row). We counted the participants whose responses
spanned more than three bins, with the number of balls on either side of the center
bin differing by less than two balls. 110 out of 200 participants in this condition
attempted to create a symmetric distribution across more than three bins (totaling
a 15% range) for their posterior distribution. Prior work on graphical elicitation has
proposed that the axes ranges of an elicitation interface may implicitly influence the
predictions that people “draw” [78]. In the case of the graphical distribution inter-
face, it is possible that participants relied on a heuristic suggesting that distributions
should be roughly centered and span more than one bin. The small differences in
techniques, however, are far less pronounced that the more obvious differences be-
tween participants’ residuals for standard deviation for the (large) elderly dataset

versus the (small) tech dataset.

Per our pre-registration we constructed bootstrapped 95% confidence intervals
for the mean individual log KLD between participants’ posteriors and the normative
posteriors. We found that on average, the mean log KLDs from all conditions were
larger than we would expect if participants are “fully Bayesian” at an individual
level, further aligning with what we see in Fig. @ Across both datasets, we saw
no consistent effects of the elicitation techniques on alignment between participants’

posteriors and the normative posteriors as measured by log KLD.

To disambiguate whether the difference between the tech dataset and the elderly
dataset is due to the different domains of the data or the different sample sizes,
we introduced additional datasets by manipulating sample size. We reran the study

with the sample sizes switched for the two datasets (tech dataset N=720,000, elderly
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Figure 4.9: Distributions of residuals (observed-predicted) for participants’ posteriors’
means and standard deviations and the means and standard deviations of normative posteri-
ors.

dataset N=150). We observed the same pattern of results in residual plots, where
elicitation techniques did not appear to reliably impact individual’s residuals in
means or standard deviations, but the larger sample size datasets led to residual
standard deviations that were strongly biased toward greatly overestimating the
amount of uncertainty one should have given their prior and the observed data.
In other words participants did not weight the value of information captured by
the observed elderly dataset as much as they should, given its large sample size
(N=750,000). We again confirmed these results by examining log KLD. We speculate
that the deviation is caused by a well-documented tendency among people to show
insensitivity to sample size and its relationship to variance (sampling error) [2],
and in particular to be insensitivity to large samples, or exhibit “non-belief in the

law of large numbers” [15]. Prior research has demonstrated that when presented
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with very large samples, experimental subjects appear to make inferences from“a
sample of fixed size” [15]. The proposed formulation describes how a nonbeliever in
large numbers make an inference from a distribution with the fixed sample size and
highlight the distinction from a person who processes information in a Bayesian way

by incorporating the sample size.

Aggregate log KLD
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Figure 4.10: Bootstrapped 95% confidence intervals for aggregate KLDs.

We examined the aggregate level log KLD results to confirm what the residual
plots suggested regarding approximate Bayesian inference for the smaller sample
datasets but not for the larger sample datasets. We found that while participants’
responses were consistent with an approximate or sample-based Bayesian hypothesis
for the small sample size datasets, we don’t see analogous evidence that participants

act as sample-based Bayesians for the large sample datasets (Fig. (a, b)).
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Figure 4.11: Anillustration of how one’s perceived sample size is calculated. First, we assume
that 1) the user did a perfect Bayesian update by treating their posterior as normative pos-
terior and 2) the user would perceive the data at face value. Then we reverse-calculate how
they perceived the observed data. This can be thought of as the size of the equivalent random
sample that a perfect Bayesian would need to see to arrive at their own posterior distribution.

Perceived Sample Size

One benefit of obtaining distributions rather than just expected values (e.g., [89, 90])
is that we can interpret the parameters of the fitted Beta distributions to gain in-
sight into how participants perceived the data. For a Beta distribution, the two
parameters o and B are associated with the sample size that the distribution rep-
resents. a stands for the number of successful trials, and B stands for the number
of failed trials. By treating the participants’ posteriors as normative posteriors and
using the elicited priors, we reverse-calculated the perceived observed data distri-
bution (Ofperceived data aNd Pperceived data) for each participant (in other words, the
counts in the equivalent random sample that a Bayesian would have needed to per-
ceive to arrive at that posterior), then summed these two parameters for sample size
(Fig. @) An analogous metric has been used to gain insight into how women up-
date their beliefs about the effectiveness of contraceptives [45]. Figure shows
how the perceived sample size of the observed data was roughly the same across

elicitation techniques and datasets. The mean perceived sample size across all tech-
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niques for the tech dataset (N=158) was 212.47 (median=41.14) whereas the mean
perceived sample size of elderly dataset (N=750,000) was 359.58 (median=>51.51),
despite the enormous actual difference in the sample sizes of the observed data. (158

vs. 750,000).

N Tech dataset Elderly dataset

%]

©2000[ n—758 N=750,000 Text sample-based

% Sample + partial distribution

3 Graphical sample-based
1000

g Graphical distribution

E — —_——— . 0 *the dashed line is the mean

E 0 = p— — of the condition

Figure 4.12: Perceived sample size as implied by participants’ prior and posterior distribu-
tions. Participants perceived similar sample sizes between two very different sized datasets.

4.6 S2: Uncertainty Visualization and Prior Elicitation

We turn now to showing how a Bayesian approach can be used to evaluate how well
different visualization alternatives encourage normative interpretations. To test how
well the normative Bayesian approach can differentiate uncertainty comprehension
and demonstrate its use for evaluation, we designed a study in which some par-
ticipants are shown visualizations of uncertainty and others are not. Visualizing
uncertainty is a natural way to try to help people overcome insensitivity to sample
size (Study 1) by providing a more direct, visual way for them to ascertain how
much they should weigh the observed data relative to their prior beliefs in formu-
lating posterior beliefs. Through a plre—lregisteredH study, we demonstrate how using
the Bayesian framework allows us to quantitatively identify that an uncertainty vi-
sualization is a better design choice to reduce insensitivity to large sample sizes,

compared to a visualization without uncertainty representation.

2http://aspredicted.org/blind.php?x=496ri9
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4.6.1 FElicitation Technique and Dataset

To evaluate our questions, we used the tech dataset (N=158) and the elderly dataset
(N=750,000) that we used in Study 1 (Fig. @) We used the text sample-based
technique from Study 1.

We used Hypothetical Outcome Plots (HOPs) [79] as our choice of uncertainty vi-
sualization, since HOPs represent a relatively “strong” (i.e., hard to ignore) represen-
tation of uncertainty that has been empirically shown to improve uncertainty com-
prehension among untrained participants over common static equivalents [79, 85].
HOPs convey uncertainty by animating set outcomes randomly drawn from a target
distribution. To create HOPs for each dataset, we constructed a binomial distribu-
tion using parameters of the dataset (e.g., B(n =158, p =0.17) for the tech dataset),
then sampled multiple hypothetical modes from the distribution to present as hypo-

thetical outcomes, using a frame rate of 400ms as suggested by prior work [79, 85]

(Fig. [1.13).

18.4% of female respondents 13.9% of female respondents 20.3% of female respondents
would say mental health would say mental health would say mental health
affects their work often affects their work often affects their work often

Figure 4.13: The example frames from the HOPs (tech dataset).

4.6.2  Conditions and Participants

In addition to manipulating whether or not participants viewed the uncertainty
visualization, we randomly assigned participants to either a prior elicitation or a
no-prior-elicitation condition. Prior study shows that participants were slightly
anchored by their elicited priors when they recalled the observed data [88]. We

therefore wish to examine the effect of prior elicitation on posterior beliefs. With
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two interventions (uncertainty visualization, prior elicitation), we arrived at four
study conditions (Fig. @) Participants in the Elicitation-Uncertainty con-
dition were prompted to externalize their priors before seeing the observed data,
then to examine the observed data as HOPs. Participants in the Elicitation-No
uncertainty condition were prompted to externalize their priors before seeing the
observed data, then to examine the observed data as a static icon array as in our
pilot study and Study 1. Participants in the No elicitation-Uncertainty con-
dition were asked to examine the observed data presented with HOPs but were
not prompted to externalize their prior beliefs beforehand. Lastly, participants in
the No elicitation-No uncertainty condition were asked to examine the static
observed data without being prompted to externalize their prior beliefs beforehand.
Participants in all conditions used the text sampled-based elicitation interface to

provide their posterior beliefs after examining the observed data.

(a) Uncertainty visualization (c) Dataset

Yes No
Y S Elicitation- Tech dataset
. e EI|C|tat|9n— No uncertainty X (N=158)
(b) Prior s Uncertainty (from Study 2)
Elicitation Elderly dataset
N No Elicitation- No Elicitation- (N=750,000)
o) Uncertainty No uncertainty

Figure 4.14: Table of Study 2 conditions.

The Elicitation-No uncertainty condition responses consisted of participants’ re-
sponses from the text sample-based conditions from Study 1 (responses from a total
of 200 participants, 100 per dataset). For the remaining conditions, we recruited
an additional 600 participants (100 per condition, a total of 300 per dataset) in the
U.S from AMT. We disallowed workers who took part in our pilot or Study 1. We
excluded participants who did not respond correctly to our attention check ques-

tion. We posted the task to AMT until 600 participants who correctly answered the
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attention check questions were recruited. Participants received $1.0 as a reward.

4.6.3  Analysis Approach

Per our pre-registration we used a Bayesian linear regression implemented in R’s
rethinking package to evaluate the effect of prior elicitation and uncertainty visu-
alization using a single measure (log KLD). We examined residual plots for mean
and variance of participants’ posterior distributions for all conditions to confirm our

model interpretations below.

To compute the normative posterior for No-elicitation conditions, we used the ag-
gregate priors from participants in the text sample-based condition in Study 1 (Tech
dataset: a=10.79,8 = 18.99, Elderly dataset:a = 31.25,8 = 39.59). We specified a
model to regress the mean effect in individual log KLLD on dummy variables indi-
cating whether uncertainty visualization was shown, whether prior elicitation was
prompted and which dataset was presented (tech vs. elderly). We specified identical
weakly regularizing Gaussian priors for mean effects (u: 0, o: 1) and half-Cauchy
priors (Cauchy distributions defined over positive real numbers) for scale parameters
(u: 0, o: 1). The thick tailed Cauchy distribution tends to be slightly preferable to
Gaussian distributions as a weakly regularizing prior for standard deviations [106].
We also included the (mean-centered) time that the participant spent to examine
the observed data as a covariate. We present posterior mean estimates of effects

with 95% confidence intervals.

4.6.4 Results

Mean completion time was 3.8 min (SD:2.4) for No-elicitation and 4.7 (SD:3.2) for

Elicitation conditions.
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Impacts on Individuals’ Updated Beliefs

Figure shows the posterior mean estimates for effects on log KLD. Prior elici-
tation had no reliable effect on the log KLD of individuals’ posterior beliefs relative
to the normative Bayesian posteriors (mean:-0.04, 95% CI:[-0.15,0.1]). Log KLD
reliably improved when participants were exposed to uncertainty visualization, with
log KLDs relative to the normative posteriors for those who viewed HOPs being
on average lower by -0.15 (95% CI:[-0.29,-0.04]). Being assigned to view the large
sample size dataset (i.e., elderly dataset) still had a very large impact on results at
the individual level, with the average log KLD for those who viewed the large sample
dataset being on average 1.54 log KLD units larger than those for the small sample
size dataset (95% CI:[1.42,1.67]). Spending more time examining the observed data
reduced log KLD but not reliably (mean=-0.07, 95% CI:[-0.14,0.01]).

Posterior mean estimate 95% ClI

Coef. 03 02 -0 00 01 02114 15 16
Prior elicitation -0.04 — ii
Uncertainty -0.15 e ii
Dataset 1.54 ii e
Time -0.07 * EE

Figure 4.15: Posterior mean estimates of effects with 95% confidence intervals from a model
regressing the mean effect on individual log KLD on whether uncertainty visualization was
shown, whether prior elicitation was prompted and which dataset was presented. Lower val-
ues indicate a greater effect toward lowering log KLD.

Perceived Sample Size

Even though participants assigned to examine the large sample size dataset had high
log KLDs relative to the small sample size dataset, viewing HOPs did impact how ac-
curately they perceived the sample size of the observed data. Figure shows how

the predicted perceived sample size of the observed data based on the dataset and
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whether uncertainty (HOPs) was presented. For the tech dataset (N=158), while
the means of the No uncertainty and Uncertainty conditions were similar (326.0 vs.
327.3), the median was much closer to the actual sample size of the dataset for the
Uncertainty conditions (median perceived: 166.3) than the No uncertainty condi-
tions (median perceived: 97.2). For the elderly dataset (N=750,000), both the mean
and median of the Uncertainty conditions were closer to the true observed sample
size (mean perceived: 60,268.9, median perceived: 734.0) than the No uncertainty
conditions (mean perceived: 809.54, median perceived: 216.1). These results sug-
gest that presenting uncertainty information reduced participants’ deviation from

normative Bayesian inferences, albeit more for some participants than others.

o Tech dataset Elderly dataset
& 2%n=158 1000007 N_750,000
V)
o
E _________________
%) - .
5 1000 50,000
0
>
o)
L
£ o — 0
Uncertainty No uncertainty Uncertainty No uncertainty

Figure 4.16: Perceived sample size for the tech and the elderly datasets. The uncertainty
visualization helps participants more accurately perceived sample size in the both datasets.

4.6.5 Bayesian Inference as Evaluation Metric

Using a Bayesian inference approach, we validated the effectiveness of animated un-
certainty visualization to help participants’ update their beliefs in a way that more
closely resembled normative Bayesian inference. Calculating a proxy for “perceived
sample size” helped explain the effect of uncertainty visualization. We propose that
visualization designers like journalists or professional science communicators could

adopt a Bayesian approach to identify visualizations that better support uncertainty



76

communication and gain deeper insight into what information users appear to ex-

tract from presented data.

4.7 Discussion

Through three studies, we demonstrated how a Bayesian cognitive modeling ap-
proach can be used to interpret and evaluate how people update their beliefs af-
ter being exposed to a data presentation. With some caveats, our results suggest
that in a naturalistic scenario wherein people bring prior beliefs, individuals’ in-
terpretation of visualized data can be productively viewed as a Bayesian process.
Our experiments showed that on average, people’s responses were consistent with
a sample-based Bayesian account when examining small sample size datasets. On
average, people’s responses deviated from Bayesian reasoning when presented with
large sample size datasets, aligning with prior evidence of a “non-belief in the law
of large numbers” [15]. Some research in behavioral economics attempts to charac-
terize this bias in synthetically designed setting [15, 11, 9], such as the bias arouses
when a person predicts where a colored ball is drawn from when two boxes with a
different mix of colored balls are given [9]. Future work might test a larger range of
sample sizes with a realistic setting to further characterize this bias. It is also worth
investigating the degree to which using single icons to represent multiples of people,
such as those used in the New York Times visualization upon which we based our
large sample visualization (S1), contributes to the insensitivity we observed to large

sample size.

4.7.1 Model Assumptions

Our simple model of Bayesian cognition makes several assumptions. We discuss
these assumptions in light of possible forms that prior beliefs and assessments of the

value of data may take.
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What form do viewers’ prior beliefs take?

One potential critique of using Bayesian cognition for designing or evaluating visual-
izations might be that it is unrealistic to expect lay visualization viewers to possess
meaningful prior beliefs about phenomena that tend to be presented to the public
in outlets like data journalism. Our model makes the following assumptions about

a viewer’s prior beliefs:

1. Viewers have prior beliefs about parameters estimated by data.

2. Beliefs take the form of a probability distribution (Beta distribution).

Research in probability elicitation from experts has raised the question of whether
elicited subjective distributions can in fact be interpreted as the subject’s a priori
beliefs or whether instead they represent an artifact of the elicitation interface [112].
Recent research in quantam cognition, which attempts to provide formalisms that
can explain paradoxes sometimes observed in behavioral experiments, may also
be useful for understanding how elicitation interferes with natural reasoning pro-
cesses [3, 22]. We suspect that the priors and posteriors we elicited in our studies
are influenced by both. While it would be impossible to definitely answer this ques-
tion, understanding the extent to which elicited beliefs are sensitive to the elicitation
method has implications for prior and posterior elicitation as a general technique
to be used by visualization creators to evaluate designs, or in “human-in-the-loop”
data analysis applications that might elicit priors in order to combine them with
observed data to make predictions.

On the one hand, if people did not possess priors or were not able to articulate
them, we might expect that with the sample-based elicitation techniques, which re-
quired providing samples with confidence, we would see a number of unidentifiable
distributions due to all zero confidence values, or no variation in the sample values,
for example. However, over 85% of participants who used sample-based techniques

provided valid probability distributions. Across all elicitation techniques we also saw
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that these distributions had predictive power for posterior beliefs. A Bayesian model
constructed with personal priors achieved a better fit (using Watanabe-Akaike Infor-
mation Criterion (WAIC) [146, 59]) than did a model constructed with the aggregate

priors or assuming a uniform prior (WAIC = 2315.7, 3159.8, 3159.8, respectively).

However, on the other hand, we can imagine scenarios that might result in ambi-
guity in elicited distributions. For example, consider a viewer with little experience
with the tech industry, whose intuitive beliefs are well described by a few mutually
exclusive possibilities. They believe that the population parameter might be near
10%, based on their awareness that roughly 10% of women in the U.S. at large ex-
perience depression and their assumption that working in the tech industry is not
likely to significantly change that proportion. However, they can also imagine a sce-
nario in which the tech companies that the surveyed women work at over-represents
a minority of tech companies that do practice gender bias that the viewer is aware of
based on media reports. Assuming this latter scenario, they imagine the proportion
would be greater than 10%, perhaps as high as 40%. What sorts of responses might
this viewer provide given a location plus interval elicitation technique? Would they
interpolate over the two possible proportions to arrive at a modal estimate, even if
they perceived the two possible scenarios to be mutually exclusive? Would they re-
port on only the higher probability scenario? Research in aggregation of probability
distributions provides some evidence of how people intuitively combine probability
distributions such as by using weighted averages of distributions [63]. The possibility
that prior beliefs take this form is however acknowledged in a number of settings,
from classical decision theory [141] to quantum cognition [22, 135] to proofs of guar-

antees of Bayesian Truth Serum [120].

Another possibility is that people have valid prior beliefs related to a parameter
presented in a data visualization, but that elicitation interfaces like those used in
our study assume a greater level of precision or “resolution” to these beliefs than is

realistic. For example, perhaps in our proportion examples, many viewers are only



79

capable of expressing whether the true proportion is above or below some threshold
percentage, such as above or below the base rate for women facing mental health
issues. In a scenario where the parameter of interest is a trend over time (i.e., slope),
viewers may have a sense of whether the slope is positive or negative, but not the
ability to precisely specify a slope value to the nearest tenth of a digit, or even to

the nearest integer.

Consider the visualization shown in Figure (a) presented by the New York
Times titled ‘Where Boys Outperform Girls in Math: Rich, White and Suburban
Districts.”. This visualization portrays the relationship between the gender perfor-
mance gap in Math and English scores for third through eighth graders’ and family
income. This data was collected from nearly all U.S school districts. For simplicity,
imagine we would like to elicit a viewer’s subjective distribution on the trend in
math scores. We can separately elicit the intercept of math scores (i.e., on average,
which gender performs better in Math and by how much) and the slope (i.e., how
does the gender gap worsen or get better as the average family income in the dis-
trict increases). For the intercept, it is easy to imagine that some viewers, such as
those with prior experience with primary school education outcomes, might possess
beliefs about how much better a given gender performs, whereas some other viewers
may only feel confident guessing which gender has the advantage. We can develop
and test graphical prior elicitation interfaces that vary in the resolution at which
they elicit beliefs. For example, in an attempt to capture differences in how con-
fident individuals are in providing beliefs, we are devising an interface that starts
by prompting a viewer for lower resolution predictions only (e.g., Do you think that
girls do better at math on average? or Boys? or about the same?) but gradually
allows them to progress to higher-resolution questions if they express an interest in

doing so (e.g, Do you think that girls do better by 0-0.5 grade or 0.5-1.0 grade?)

(Fig. [1.17(b)).
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Figure 4.17: (a) A visualization depicts the relationship between the score gap for math and
English by gender and the income level of school districts, presented by the New York Times,
(b) an interface for eliciting viewers’ prior beliefs that progressively prompts a viewer to pro-
vide move to a higher resolution prediction if they feel comfortable doing so.

How do viewers perceive the value of data?

Our model also places several assumptions on viewers’ assessments of the information

value of the data we presented:

1. Data are taken at “face value,” such that sample size is the primary indicator

of the information value of a dataset.

2. Viewers had not previously encountered the particular data we presented them

with.

A possibility that is ruled out by the first assumption above is that people per-
ceive a distribution over the credibility or trustworthiness of different data sources.
Under such a possibility, it might be rational to update one’s beliefs significantly
less than predicted by normative Bayesian inference. While we believe that even a
simple model of Bayesian inference can be highly valuable for understanding what

factors affect belief updating from data presentations, we are also experimenting
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with hierarchical Bayesian models that allow for the fact that viewers may have
hyperpriors that specify the extent to which they trust a given information source.
While the presented model accounts for prior beliefs regarding the data’s topic, such

a hierarchical model would account for viewers’ prior beliefs about the data’s source.

Wisdom of Crowds vs. Approximate Inference

We attribute our observation of non-rational individuals and rational aggregated
behavior to approximate inference as described by Vul et. al [143]. In this view, the
approximation process introduces errors into individual judgments, but these errors
are averaged out in the aggregate analysis, yielding normative judgments.

However, the well-known wisdom of crowds effect [b7] could also explain this
discrepancy between individual and aggregate behavior. In this view, errors in indi-
vidual judgment are introduced by individual biases rather than an approximation
process, and the rational aggregate is obtained when those biases are averaged out
across a diverse population.

We have adopted the sampling explanation due to existing evidence that human
cognition utilizes sampling in at least some cases [19, 98, 21], but note that our
proposed method of comparing elicited priors to posteriors is compatible with either

scenario.

Re-Use of Samples

The notion that individuals rely on a sampling process for approximate inference
introduces one additional assumption into our studies: during the prior-elicitation
portion of each trial, the participant produces a set of samples from their prior. We
assume that the participant will re-use these samples when updating their beliefs
after observing the visualization. If the participant were to take new samples instead,
then we could not compare their posterior to the elicited prior. However, we believe

this is a reasonable assumption to make as others have found evidence for the re-use
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of samples during behavioral tasks [74, 142].

4.7.2  Generalizing Sample Based FElicitation

Our work was not designed to identify a single, optimal technique for eliciting an
untrained visualization viewer’s subjective uncertainty about a proportion. With
the exception of the graphical “balls-and-bins” interface, which tended to produce
posterior beliefs that deviated slightly more from the normative solution, the tech-
niques were difficult to distinguish. However we suspect that for more complex
datasets and visual representations, the graphical sample-based technique is likely
to have advantages due to its flexibility. Imagine observed data visualized as a line
chart. A graphical sample-based technique will allow people to simply draw more
lines to represent their prior distribution, while other techniques would be more
cumbersome (e.g., eliciting intercepts/slopes).

For example, we have applied the graphical sample elicitation approach to eval-
uate interpretations of the aforementioned New York Times Graphics Department
visualization, ‘Where Boys Outperform Girls in Math: Rich, White and Suburban
Districts,” depicting the relationship between the gender performance gap in Math
and English scores for third through eighth graders’ and the average family income
of a school district. We designed the graphical prior elicitation interface to sep-
arately elicit a viewer’s prior on the intercept for each school subject (how much
better or worse on average they think girls are than boys at that subject), and their
prior on the slope for each school subject (how much they think score differences
for that subject are impacted by the average family income of a school district).
The viewer is walked through the creation of several mock visualizations (samples)
in which they first position a point cloud for each subject (Math and English) by
dragging the cloud of points, the slope of which is initialized to 0, to a y-position on
the graph. Once they have specified the intercept for a sample, they are prompted to

adjust the slope using a slider. (Fig. E.lS). The sample-based elicitation technique
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makes it feasible to collect viewers’ subjective distributions beyond univariate data,
as the elicitation interface can be designed to replicate the format of the original vi-
sualization with multiple prompts. We note that in this particular instantiation, the
prior that is elicited is conditional on providing the viewer with information about
the income distribution. We believe that for Bayesian methods to be adopted in the
design and evaluation of data presentations like visualizations, it will be important
to provide guidance to authors on how to determine what the relevant prior is for
a given data presentation and how to apply graphical sample based elicitation to

obtain it.

Drag to change the height of the point cloud

Right-click to change slant Your Predictions

Math tests
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Continue for next prediction

Figure 4.18: The graphical sample elicitation interface. The viewer can drag a cluster (each
corresponds to Math and English respectively) to the canvas to set its intercept of the cluster
by dragging the cluster and its slope by manipulating a slider that appears when the viewer
right-clicks.

Our demonstrations involved presenting a proportion statistic. However even this
simple scenario required reflecting on the best way to frame the elicitation of a prior.
We chose to elicit prior and posterior distributions directly. These distributions are
defined over parameter values (i.e., in model space). We chose to change the icons in

the icon array format we used for elicitation and presentation to circles, rather than
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human icons, to better align with the notion of eliciting a population proportion.
Alternatively, we could have elicited the prior and posterior predictive distributions
by asking participants to think about the specific value (e.g., number of women)

given some sample size.
4.8 Summary

The results from the studies demonstrate the potential for using Bayesian cognitive
modeling to understand how data presentations like visualizations shape beliefs.
This chapter demonstrates a path toward better aligning studies of data interpreta-
tion with the undeniable effects of prior beliefs and provides a valuable framework
for evaluating new presentation methods. In the next chapter, I present how the
framework can be applied to better support people’s uncertainty comprehension by

personalizing data presentations based on an individual’s prior distribution.
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Chapter 5
BAYESIAN PERSONALIZATION OF VISUALIZED DATA

In chapter B and chapter @, I introduce the exploration of techniques to elicit peo-
ple’s beliefs, the effect of the elicitation, and the methods to apply Bayesian models
to improve understanding of visualization interactions. The study shows that the
elicitation act itself can improve people’s belief updating. In applying Bayesian in-
ference in visualization interpretation scenario, the study result provides evidence
that people undervalue the large sample data even when looking at aggregate level
statistics. In this chapter, I introduce the investigation personalize data presenta-
tions based on an individual’s prior beliefs (Research Question 4) to mitigate some

of the problems observed in the previous chapter.

5.1 Facilitating Bayesian Update in Visualization Interpretation

Imagine viewing a visualization of poll results describing support for several political
candidates among prospective voters early in an election cycle. The data indicates
that candidate A has a 10% chance of winning, based on responses from around 600
people, with the chance of winning falling between 8% and 13% with high confi-
dence (e.g., 95%). Imagine that prior to viewing this new result, you encountered
the results of a similar poll which estimated support for candidate A at 20% +/-
2.5%, based on responses from around 1000 people. What should you believe after
encountering the second poll?

Assuming that you have no reason to distrust either poll, you should update your
beliefs proportional to the amount of new information that the second poll provides

over the first. Bayesian inference formalizes this intuition by prescribing the use of

68)-p(6)

p(yl\!)(y) ) to calculate the posterior beliefs that one should

Bayes rule (i.e., p(0|Y) =
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arrive at if one updates their beliefs according to laws of conditional probability. In
this case, your best estimate of support for candidate A after the second poll should

be around 16%, with a high probability of falling within about 2% of that value.

Within a Bayesian mathematical framework, we can reason about “rational”
posterior beliefs via simple numeric intuitions. Because there is no reason to distrust
either poll, informativeness is directly captured by each poll’s sample size, such that

the ratio of the informativeness of the second poll to to the first is 3 to 5.

We show how Bayesian inference can be used to improve visualization users’
reasoning under uncertainty. Owur first contribution is to propose two Bayesian
personalization techniques that use the mathematical intuitions of Bayesian theory
to guide a user’s belief formation process as they interact with visualized data.
Both techniques treat the user’s subjective uncertainty about a parameter value
before seeing newly observed data (i.e., their prior distribution) as a reference point
against which the uncertainty in the observed data can be compared (Fig. @b?). A
personalized uncertainty analogy relates uncertainty in observed data to uncertainty
in the user’s prior. A personalized posterior visualization depicts the posterior beliefs

predicted by Bayesian inference given the user’s prior beliefs.

Does Bayesian personalization work? We present a preregistered experiment
with 4,800 participants to investigate how Bayesian uncertainty analogies and pos-
terior visualizations affect belief updating relative to non-personalized uncertainty
visualizations. Our experiment compares the deviation between a person’s reported
beliefs and the normative Bayesian posterior distribution when they use personal-
ized Bayesian personalizations versus more conventional representations of uncertain

data like a probability-shaded interval.

Our results suggest the promise of a Bayesian approach to visualization interac-
tion. For small datasets (N=158), both forms of personalization bring the average
user’s belief updating closer to normative Bayesian inference. Recent work in behav-

ioral economics and beyond [9, [15] suggests that people tend to increasingly discount
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the informativeness of data as sample size grows. However, most of these experi-
ments have conducted with synthetically designed stimuli (e.g., coin flip) instead of
using real-world stimuli. Our study in chapter @, and this chapter show that similar

bias is induced with realistic stimuli.

We find that for large samples where the topic of the data is perceived as rela-
tively uncontentious (e.g., dementia rates among the elderly), viewing a personal-
ized posterior visualization improves Bayesian updating. However, when the topic
of the data leads participants to suspect it was manipulated (e.g., late-term abortion
views), Bayesian personalization does not improve reasoning over visualizing uncer-
tainty in the data, suggesting that people may deviate from a Bayesian standard in

part as a function of how they perceive the credibility of data.

Moreover, by controlling for the act of prior elicitation in our study, we estimate
the effect of articulating a prior as a means of prompting better belief updating
relative to a Bayesian standard. We find some evidence that simply eliciting a
prior from a user can encourage more Bayesian updating as evidenced by people’s
updating in aggregate being closer to normative Bayesian updating based on prior

elicitation alone.

Together our results demonstrate that prior elicitation and personalized Bayesian
approaches can help untrained visualization users better update their beliefs than
the current best practice of visualizing uncertainty in observed data. We conclude
by discussing the implications of our results for the presentation and analysis of

data.

5.2 DMotivating Bayesian Personalization

We design Bayesian personalizations that promote rational belief updating by ex-

ploiting the role of users’ priors in Bayesian updating.
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Figure 5.1: Using Bayesian inference to personalize how data is shown to improve belief up-
dating. (a): The viewer holds prior beliefs about a parameter 0 such as a disease rate in the
population, which are elicited in the form of a probability distribution. (b1): The user is pre-
sented with an observed dataset Y estimating the rate, which conveys information about the
likelihood function p(Y|6). (b2): The observed data is accompanied by personalized informa-
tion in the form of an uncertainty analogy or visualization of Bayesian posterior predictions
derived from their prior beliefs and a normative Bayesian model. (c): The goal of Bayesian
personalization is to bring the user’s updated beliefs (i.e., posterior beliefs about the proba-
bility of 8 given Y) closer to (d): the posterior beliefs prescribed by Bayesian inference. (e):
In our experiment, we elicit posterior beliefs and use the deviation between these beliefs and
the normative beliefs to evaluate the Bayesian personalizations.

5.2.1 Designing Bayesian Personalizations

Using the above intuition and conceptualization, we propose two Bayesian person-
alizations that exploit the user’s prior beliefs. A personalized uncertainty analogy
relates uncertainty in observed data to uncertainty in the user’s prior, and a per-
sonalized posterior visualization depicts the posterior beliefs predicted by Bayesian

inference, given the user’s prior beliefs.

Personalized Uncertainty Analogy

The user’s prior distribution captures their uncertainty about the parameter value
before seeing the observed data. We can treat this “subjective” uncertainty as a
personally meaningful reference against which uncertainty in the observed data can
be compared. Imagine you are presented with a visualization and text telling you

how much information the visualized data contains relative to how informed you
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were about the topic already: “Your prior beliefs have 2 times more information
than the data.” To generate the multiplicative factor, we compare x (a proxy for
sample size defined as o + B) in the prior distribution (k,.0r) to the sample size
of the observed data (Kju,). To avoid multipliers less than one, we always chose
the distribution (Beta corresponding to likelihood or participant’s prior) for which
K was lower as the reference distribution. For example, if Kz4, is greater than K,
we calculated the multiplier as Kyara/Kprior (€.8., Your prior beliefs have 2 times more
information than the data), calculating the multiplier as Kprior/ Kiarq in the case where

Kprior Was greater.

Personalized Posterior Visualization

An even more direct way to guide a user toward Bayesian inference is to present
them with the normative belief distribution calculated using their prior beliefs and
the likelihood. Imagine that in addition to an observed dataset, you are presented
with a visualization of the normative posterior calculated using your prior distribu-
tion, along with a brief explanation of how it was derived (i.e., by combining the

information in their prior beliefs with that in the observed data).

5.3 Experiment: Bayesian Personalizations

We designed and preregistered a large crowdsourced between-subjects experiment to
investigate whether personalizing the presentation of visualized data using Bayesian
theory can improve how well a user updates their beliefs in light of new data. Specif-
ically, our experiment evaluates how participants’ beliefs change as a result of the
Bayesian personalizations compared to more conventional depictions of proportion

estimates as might be seen in science, the media, or government.
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Dataset Conditions

Main study Prior elicitation Visualization Intervention
More trustworthy dataset
Dementia dataset
with small sample size X Uncertainty Visualization

with large sample size Prior elicitation

Point Estimate

Personalized Uncertainty Analogy
Less trustworthy dataset
Abortion dataset

with small sample size Point Estimate
with large sample size No prior elicitation

Personalized Posterior Visualization

Uncertainty Visualization

Figure 5.2: The study conditions and datasets.

5.83.1 Study Conditions and Research Questions

We tested four approaches to conveying uncertainty around a parameter estimate
(Fig. b.2).

. Point Estimate: Participants view a point estimate of the observed proportion
with the size of the sample in text.

. Uncertainty Visualization: Participants view a point estimate of the observed
proportion along with a probability density shaded interval in which the estimate
is expected to fall with high probability (95%).

. Personalized Uncertainty Analogy: Participants view the uncertainty visual-
ization alongside a personalized uncertainty analogy. A brief explanation of how
the analogy was generated (e.g., “We directly compared the sample size of the
study to the sample size implied by your prior beliefs.”) is also presented.

. Posterior Visualization: Participants view the uncertainty visualization along-
side a visualization of the normative posterior distribution. A brief explanation
of how the posterior was arrived at (including an analogy expression comparing
the uncertainty in the participant’s prior beliefs to that of the data as above) is

presented.
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Figure 5.3: lllustration of how normative posterior beliefs (dashed) are influenced by the sam-
ple size of the observed data (represented by the likelihood in gray) given a prior distribution
(solid). Assuming a relatively weak prior, when the sample size is small, the normative pos-
terior distribution is located between the likelihood and the prior. Assuming the same prior
and a large sample observed dataset, the normative posterior distribution is nearly identical
to the likelihood function.

Robustness to Varying Sample Size

As Fig. @ left shows, a weak prior belief distribution still has a demonstrable
impact on the normative posterior beliefs when the observed data is relatively small
(N=158). For a larger sample (N=5208) the normative posterior distribution is
nearly identical to the observed data (Fig. @ right). By varying sample size, we
use our experiment to investigate whether a tendency for people’s posterior beliefs
to deviate more substantially from the normative posterior distribution for large
samples found in previous chapter holds for our participants as well. We chose 158
and 5,208 as samples in the low thousands are common in presentations of poll or

survey results that people encounter in everyday life.

Robustness to Topic Controversy

Besides misunderstanding uncertainty, not trusting that a dataset is a faithful de-
piction of reality is another possible reason for the deviation between one’s posterior
beliefs and the normative Bayesian posterior.

To investigate the impact of the perceived “controversialness” of data on the
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effects of Bayesian personalization, we identified two datasets that vary in how likely
they are to be perceived as having been manipulated. We recruited 200 Mechanical
Turk workers in the U.S. with approval ratings of 97% and above. Participants
viewed pairwise combinations of six datasets: the proportion of 1) residents of U.S.
assisted living centers residents who have Alzheimer’s or other dementia, 2) corn
production relative to other grain production in the U.S, 3) patients in the U.S who
misuse opioids prescribed for chronic pain, 4) foreign-born residents in the U.S., 5)
adults in the U.S who think third trimester abortion should be illegal regardless
of circumstances, and 6) adults in the U.S who support the death penalty. In a
first session, on each trial the participant saw a pair of dataset descriptions (i.e., a
summary of the variable) side by side. Participants were asked to choose one dataset
that “seems more likely to be tampered with or manipulated to persuade” using a
radio button. Participants viewed a total of 15 pairs (trials). In the second session,
participants viewed the same 15 pairs but where the original proportion from the
source is presented with a 95% highest density interval calculated by for an assumed
sample size of 158. We randomized the order of pairs in both sessions.

We ranked the datasets by perceived manipulation using the sum of participants’
votes per dataset. The proportion of U.S. assisted living centers residents who have
Alzheimer’s obtained the fewest votes across both questions, while the proportion of
Americans who believe long-term abortions should be illegal unilaterally obtained

the most.

Impact of Prior Elicitation

It is possible that prior elicitation itself may affect how “Bayesian” a person appears
to be, for example if it encourages the user to be more sensitive to uncertainty in
the data. We include two conditions for which we do not elicit prior beliefs—No
Elicitation-Point Estimate and No Elicitation-Uncertainty Visualization—and use

them to evaluate the impact of elicitation on deviation from normative Bayesian
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belief updating. Though individual-level updating with and without elicitation can-
not be directly compared without eliciting the individual’s prior, an aggregate-level
analysis, in which we assign No Elicitation conditions a common prior learned from
many participants, allows us to observe how elicitation appears to change updating

at an aggregate level.

5.3.2  Fxperiment Design and Procedure

We ran our experiment as a between-subjects study. Participants were randomly
assigned to one of the six elicitation and visualization conditions and one of four
datasets (small or large dementia dataset or small or large abortion data) (Fig. @)
We pre-registered our conditions, sample sizes, and analysisE. An introductory page
described the dementia datasets (originally from the U.S. National Center for Health
Statistics [[17]) as having been collected by a national health agency, and the abortion

datasets (originally from FOX News [12]) as having been collected by a media outlet.

Prior Belief Elicitation

Participants assigned to elicitation conditions first provided their prior beliefs (Fig. @)
We designed an interface that prompted the participant to enter their best estimate
of the parameter of interest (e.g., the percentage of assisted-living center residents
in the US have Alzheimer’s or dementia, Fig. @a), following prior research in pro-
portion prior elicitation from experts [153]. A two-handled slider then appeared,
representing an interval around the value they provided as their estimate, with end-
points at 0 and 100%. Participants were asked to specify a range around the value
by dragging the end of the interval until its width aligned with how uncertain they
felt about the true percentage (Fig. @d) Participants were explicitly told that

if their estimate represented a truly random guess, then their interval should span

'https://aspredicted.org/blind.php?x=sq3xz8, https://aspredicted.org/blind.php?x=
2uc84m


https://aspredicted.org/blind.php?x=sq3xz8
https://aspredicted.org/blind.php?x=2uc84m
https://aspredicted.org/blind.php?x=2uc84m
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from 0 to 100%; otherwise they should adjust the ends of the interval to make it
smaller (Fig. @b) When the participant interacted with either handle, we updated
the concentration parameter (k) based on the handle’s value and the mode, then
calculated the other handle’s location to reflect the 95% interval of the new Beta
distribution. Specifically, k is inversely proportional to the width of the elicited
interval. Text above the slider reflected the specified prior (e.g., You think the per-
centage is almost certainly no less than 15% and no more than 33% and it’s most
likely around 23%, Fig. @c)

Before we show you the study data, please tell us your best estimate of what
i percentage of assisted-living centerresidents in the US have Alzheimer's or
i..dementia

Tell us how sure you are about your prediction

- Next, consider how uncertain you are aboutyour estimate. Drag eithergray end of the
. uncertainty range around the value that you just entered, until the uncertainty |td|splays
aligns with how uncertain you are aboutthe true percentage. :

i If you have no idea whetherthe estimate you made is more correct than any other
¢ value between 0 and 100%, the interval should span from 0 to 100%. Otherwise, you
should adjust the ends of the interval to make it smaller.

You think the percentage is almost certainly no less than 15% and no more than 33% and it's most
likely around 23%.

15% 23% 33%

Figure 5.4: The elicitation interface. First, the participant enters a point estimate (top), then
they specify how certain they are about their estimate by dragging either end of the inter-
val (bottom). When the participant interacts with either handle, the other handle updates to
accommodate the updated Beta distribution.

Presentation of Observed Data

After prior elicitation, all participants examined the observed data. To create the vi-
sualization stimuli, we used the proportions from the original source of the datasets

(dementia dataset: 42%, abortion dataset: 37%) and varied the sample size that a
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participant was assigned (small: 158, large:5208). Participants in the Point Esti-
mate conditions saw the point estimate of the proportion plotted with the number
of successes and sample size in text only (Fig @a). Participants in the Uncer-
tainty Visualization and Bayesian personalization conditions saw the point estimate
plotted with an interval depicting the lower and upper bound of the corresponding
Beta distribution for the Binomial likelihood function, with shading proportional to

probability density (Fig @b)

Presentation of Bayesian Personalizations

After viewing the observed data and prior visualization, participants in the person-
alization conditions then clicked to examine the personalizations, which appeared
below the visualization of the observed data. For participants in the Analogy condi-
tion, we presented an analogy in text (Fig. @c) For participants in the Posterior
Visualization condition, we presented a visualization like our uncertainty visualiza-
tion of the observed data, but where the distribution shown is the Beta distribution

corresponding to the predicted posterior from our Bayesian model (Fig. @d)

Posterior Belief Elicitation and Post-Task Questions

All participants then submitted their posterior beliefs on the next screen. On a
final screen, participants were asked demographic questions (gender, education level,
and age), and how likely they thought it was that the data was manipulated on a
five point Likert scale with endpoints labeled Not at all likely (1) and Extremely
likely (5). The final screen asked participants what proportion corresponded to the
observed data they had been shown via multiple choice (Below 30%, between 30%
to 60%, above 60%) as a preregistered exclusion criteria to filter participants who

were not paying attention from analysis.
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Study data (a) Point Estimate condition
The study suggests that the percentage is most likely to be 37%.

37%
0% 100%

Study data

The study suggests that the percentage is most likely to be 37%, and very (b) Uncerta Inty visualization on Iy condition

30% 37% 45%
0% 100%
Your prior beliefs . . .
(c) Personalized Uncertainty Analogy condition
17% 24% 33%
0% 100%
Study data
The study suggests that the percentage is most likely to be 37%, and very unlikely to be less than 30% or more than 45%.
30% 37% 45%
0% 100%

Amount of information in your prior beliefs versus this study

The study data has 2 times more information than your prior beliefs. In other words, your prior beliefs are 2 times more uncertain than the study
data. This means you should take the study data 2 times more seriously than your prior beliefs.

How was this calculated?

‘We directly compared the sample size of the study by the national health agency to the sample size of the study implied by your prior beliefs. Your prior
beliefs from the previous page implied a study with less participants than those of the study, so the data has 2 times more information than your
prior beliefs.

This doesn’t mean that your prior beliefs don’t have some useful information. Both your beliefs and the study data suggest information about what the true
value of the percentage of residents who had Alzheimer's or dementia.

Your prior beliefs (d) Personalized Posterior Visualization
17% 24% 33%
0% 100%
Study data
The study suggests that the percentage is most likely to be 37%, and very unlikely to be less than 30% or more than 45%.
30% 37% 45%
0% 100%

Predicting what you should believe now

27% 32% 38%

0% 100%

The visualization directly above shows what you should believe now, assuming you accurately account for the amount of information in both
your prior beliefs and the study data. The best estimate you can make now is 32%, with an interval from [26.8%, 38.1%].

How was this calculated?

We directly compared the sample size of the study by the national health agency to the sample size of the study implied by your prior beliefs. According to
our computation, the study data has 2 times more information than your prior beliefs, so we weighted the study data 2 times more when we
merged the two information.

Figure 5.5: Conditions in our experiment, including visualizing observed data as a point esti-
mate with sample size, using a high probability interval with shading to visualize uncertainty
in the observed data only, providing an uncertainty analogy based on the participant’s prior,
and providing a predicted posterior visualization based on the user’s prior.
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Participants

We recruited participants on Amazon Mechanical Turk, removing those who failed
the preregistered exclusion criteria question (total 182), and recruiting more until
each condition had 200 participants (total 4,800). We made the HIT available to
U.S. workers with an approval rating of 97% or more. The HIT carried a reward
of $0.8, which we calculated to ensure that the majority of workers would receive

minimum wage according to pilot study completion times.

5.4 Results

5.4.1 Data Preliminaries

The average completion task time was 3.6 min (SD: 6.6). We observed no reliable
differences in participants’ demographics between conditions.

To analyze participants’ responses, we fit the elicited beliefs to a Beta distribu-
tion. We treat the elicited point estimate as the mode of a Beta distribution (@)
and the width of the interval as the concentration parameter (k) to fit a distribution
using optimization as suggested by prior work [[153]. To compute each participant’s
normative posterior distribution, we used the relationship between the posterior
Beta parameters and those of the prior and likelihood deriving from Bayes’ rule to

calculate the normative Beta posterior distribution (Eq. @)

5.4.2 Outcome Measures

We treat the deviation between the participant’ actual posterior beliefs and the
normative posterior beliefs as a proxy for how well the participant appears to have
interpreted the information contained in the observed data and combined them with
their knowledge they already had. We analyzed the deviation in two ways. First,
to provide intuition for how participants updated in terms of the familiar notions

of a distribution’s location and variance, we compared the location (i.e., mean) and
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the variance of each participants’ posterior distribution to those of the normative
posterior distribution.

Second, we pre-registered an analysis using KL Divergence (KLD) to measure
the difference between a participant’s stated posterior beliefs and the normative
posterior distribution from our Bayesian models. KLD captures the information

loss when representing a target distribution p with a second distribution ¢ [95].

5.4.83 Owerview of Updating by Location vs. Variance

We analyzed qualitative differences in how participants updated their beliefs across

datasets and visualization conditions.

Location of Updated Belief Distribution by Condition

Prior

Legend: /\

Data

Normative

Point Estimate Uncertainty Visualization Analo Posterior Visualization
Yy gy
. o
(a) Dementia i 30% 54.5%
- 32.5% 21.5% % 22% 32%
(N=158) 1% 19% 16% 21 8.5% 12.5% 17% 5 | 85% 1% 9.5% 79 13.5% 75% 17:5%
75.5%
: 62.5% 67%
(b) Dementia 54.5%
IN=502!
(N=5028) 1o 21% 250 1% 8.59 20% 9% 6% 1% a5% M5% | 359 16% 0.5% 4.5%
(c) Abortion 315% 215% 48.5%
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(d) Abortion 30% 31.5% 39:5% 20% (% 17.5% 31%
(N=5028) 10.5% 3.5% 9% | 125% a5% 12% | 8% 2.5% 9.5% 3% 4%

Figure 5.6: Categorization of the location of participants’ updates relative to the predictions
of normative Bayesian inference for that participant. Each participant was categorized ac-
cording to the relationship between the mean of their posterior distribution relative to that
of their prior distribution, the normative posterior distribution, and the likelihood function.

Location of Updated Belief Distribution by Condition

We categorize participants into five “update types” based on the location (i.e., mean)
of their posterior distribution relative to their prior distribution, the normative

posterior for that participant, and the likelihood (Fig. @) The legend shows a
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hypothetical participant for which the mean of their prior distribution was smaller
than that of the likelihood; our analysis also includes the opposite case (i.e., the
mean of the participant’s prior was greater than the mean of the likelihood). Bottom:
Each participant was categorized according to the relationship between the variance

of their posterior distribution relative to that of the normative posterior distribution.

We use near normative when the location of the participant’s posterior is within
a relatively small window of the normative posterior (e.g., +/- 2%). We use over-
weight prior for cases where a participant overweighted their prior distribution rela-
tive to the predictions of normative Bayesian updating, and overweight data for cases
where the participant’s posterior fell between the prior and likelihood but was closer
to the likelihood than predicted by normative Bayesian updating. While most par-
ticipants’ posterior distributions fell, as we might expect, somewhere between their
prior distribution and the likelihood, we use updated away from data for cases where
participant’s posterior moved in an opposite direction from the likelihood as well as
their prior. We use overshoot data for cases where the location of the participant’s

posterior surpassed or “overshot” the observed data.

Figure @ characterizes participants’ updating behavior by dataset and visual-
ization condition according to these categories. Overall, the near normative type
was the most frequent across datasets and conditions, suggesting that people are
approximating Bayesian updating in terms of the location of their distributions.
Participants in the Point Estimate conditions (first column in Fig. @) were the
least likely to fall in the near normative category, and those in the Posterior Visu-

alization conditions (last column) were the most likely to.

Overweighting one’s prior was, however, more common in two conditions: the
Point Estimate for the large abortion dataset and Uncertainty Visualization for the
small abortion dataset. The greater tendency among participants to perceive the
abortion dataset as having been manipulated may have led participants to adhere

more strongly to their prior beliefs.



100

Similarly, when comparing the ratio of the overweight prior type between demen-
tia datasets (row a and b) and abortion dataset (row c¢ and d), more participants
overweighted their priors when they examined abortion datasets.

Figure @ also indicates that the analogy conditions resulted in the highest ratio
of people who overshot the likelihood across datasets. The vast majority (roughly
95%) of our participants had more uncertain priors compared to the likelihood, lead-
ing to multipliers greater than one. It is possible that imprecise mental calculations

led analogy participants to overcorrect.

Variance of Updated Belief Distribution by Condition

Legend:
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(c) Abortion 26.5% 20% 54%
. o o
(N=158) 3% 4% 2.5% 6.5% 5% 6% | 15% 9% 359 7.5% | 19% 15% 5o 7%
87.5% 89% 90.5% 85%
(d) Abortion
(N=5028)  85% oy o.5% 35% | 8% 05% 0% 25% | 55% 1% 0% 3% | 105% 0% o% 4.5%
<=50% <10-50% close >10-50% >=50% <=50% <10-50% close >10-50% >=50% <=50% <10-50% close >10-50% >=50% <=50% <10-50% close >10-50% >=50%

Figure 5.7: Categorization of the variance of participants’ updates relative to the predictions
of normative Bayesian inference for that participant. Each participant was categorized ac-
cording to the relationship between the variance of their posterior distribution relative to
the normative posterior distribution.

Variance in Updated Beliefs by Condition

To contextualize how the amount of uncertainty implied by participants’ posterior
beliefs compared to the amount predicted by normative inference, we categorized
patterns in variance updates (Fig. @) Because the deviation in elicited posterior
versus normative posterior variance was considerably larger than that for means,

we categorized participants as close to normative if the participant’s posterior was
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within 10% of the variance of the normative posterior. We similarly categorized
participants whose posterior variance was more than 50% smaller than the variance
of the normative posterior, as well as 10-50% smaller, 10-50% larger, or more than

50% larger.

Comparing the distribution across categories in Figure @ to that in Figure @,
it is clear that participants’ deviations from normative inference are driven primarily
by non-Bayesian updating of the variance of their beliefs. Additionally, in contrast
to the results on location updating, we see no clear advantages of the Bayesian
personalizations in reducing errors in variance updating. Regardless of the spe-
cific dataset, most participants provided posterior beliefs the variance of which was
10%-50% higher than the variance of the normative posterior. Hence, participants
remained more uncertain about the parameter value than they should have in gen-
eral. Possible drivers of this pattern include unmodeled predictors (e.g., a person’s
relative trust in data relative to a Bayesian), error in elicitation, or non-Bayesian
updating.

Variance results again suggest a difference between the dementia datasets (row
a and b) and the abortion datasets (row ¢ and d). Specifically, around 30% of
participants assigned to examine the dementia datasets were more certain than the
normative posterior. However, for those who saw the abortion datasets, this number
dropped to less than 15% of participants. Similar to the location results, this may
suggest that the controversial nature of people’s values around abortion rights led
participants to discount the information in the dataset and maintain more uncer-

tainty in their beliefs.

5.4.4 Preregistered Models: Updating by Log KLD

Per our pre-registration, we specified four Bayesian linear regressions, one for each
dataset we presented to participants (dementia N=158, dementia N=5208, abortion

N=158, abortion N=>5208). These regressions estimate differences in the distribu-



102

tions of KLD, a singular measure of deviation between each participant’s updating

and normative Bayesian updating, by condition.

kld ~ dlnorm(u,o)
[ = Mintep + Hpost_vis * PostVis
+  Hanig *Analogy + Wpoint_est * PointEst
l02(0) = Ojniep + Opost_vis * PostVis
+  Ounig xAnalogy + Opoint_est * Point Est

.uintcp;.upostivi.w.uanlga.upointiest ~ dnorm(O,S),

Ointcp, Opost_viss Oanlgs Opoint_est ™ dnorm(O, 25)

Each model consisted of two submodels. The first submodel predicted bias
(mean error) in log KLD, capturing how closely participants’ response distributions
aligned with the normative Bayesian prediction by condition. We use log KLD in
our analysis to reduce the impacts of outliers we observed across conditions on our
estimates, as KLD grows rapidly as the two distributions diverge more.

The second submodel regressed dispersion (variance) in log KLD in log space
on the same variables, capturing how much variation there was between participants’
deviations from normative inference in a condition. In addition to lower bias, lower
dispersion (i.e., more consistent) estimates of log KLD means a technique reduces
noise.

We implemented each model in R’s rethinking package [105], using weakly-
informed Gaussian prior distributions centered around 0 for bias and dispersion.
We used dummy variables to indicate whether the participant was shown an uncer-
tainty visualization, an analogy, or a posterior visualization.

We report the result for each condition and dataset relative to a participant in the
Uncertainty Visualization condition, as visualizing uncertainty is arguably the best

choice a designer could make outside of personalization. We provide coefficients
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Figure 5.8: Posterior estimates of bias (mean error) of log KLD with 95% credible interval by
condition. Results for the dementia datasets are presented in the top row, and for the abor-
tion datasets in the bottom row. Annotations describe effects relative to visualizing uncer-
tainty in observed data (Uncertainty Vis).
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Figure 5.9: Posterior estimates of dispersion (standard deviation) of log KLD with 95% credi-
ble interval by condition. Results for the dementia datasets are presented in the top row, and
for the abortion datasets in the bottom row. Annotations describe effects relative to visual-

izing uncertainty in observed data (Uncertainty Vis).
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for both submodels in Figure @ and Figure @ left. For readers familiar with
statistical significance, we say that a condition has a reliable effect over uncertainty
visualization when its 95% Percentile Interval (PI) (reported in text) does not overlap
with 0 (which would indicate the possibility of no effect). We visualize posterior
estimates of expected bias and dispersion in log KLD by condition (Fig. @ and
Fig. @, right).

To further contextualize the size of the effects in bias and dispersion, we also
report Cohen’s d [33] and Common Language Effect Size (CLES [107]), measures
of standardized effect size, using our model results. Cohen’s d captures the num-
ber of standard deviations by which two means differ, while CLES describes what
percentage of the time a randomly drawn sample from one distribution would have
a higher value than a randomly drawn sample from the second distribution. To
calculate effect size on our model estimates, we first constructed an aggregated pos-
terior distribution for each condition, using the bias posterior estimates from the
bias submodel and dispersion posterior estimates from the dispersion model. We
compute effect size by comparing the distribution of the personalization conditions

with that of the Uncertainty Visualization condition.

Dementia Dataset

Small sample (N=158): Relative to the Uncertainty Visualization condition, both
Bayesian personalizations reliably decreased bias in log KLD by similar amounts (-
0.19, -0.17 respectively; Fig @a) Viewing a Point Estimate was not distinguishable
in log KLD compared to viewing an Uncertainty Visualization.

Our characterization of updating by location and variance (Sec. ) suggested
that the personalized Posterior Visualization helped participants correctly update
the location of their beliefs. Hence, the bias reduction in log KLLD may be driven by
better location updating among Posterior Visualization participants. On the other

hand, our earlier analysis (Fig. @, Fig. @) indicates that the location updating of
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participants in the Analogy condition and the Uncertainty Visualization condition
for the small dementia dataset are similar. Hence the reliable improvement in up-
dating we observe for the Analogy condition may be driven more by better variance

updates than better location updating.

Our dispersion submodel indicates that the Posterior Visualization led to more
consistent values of log KLD among participants compared to Uncertainty Visu-
alization, with an estimated reduction in dispersion of 0.39 (Fig @0). Seeing an
Analogy did not noticeably affect dispersion compared to the Uncertainty Visual-
ization. However, viewing a Point Estimate increased dispersion in log KLD relative

to Uncertainty Visualization.

Cohen’s d for the Posterior Visualization was 0.33, equivalent to a CLES of
59%. Hence, a participant from Posterior Visualization conditions will have lower
log KLD than a participant from the Uncertainty Visualization condition 59 out of
100 times when we randomly select a participant from each condition. Cohen’s d

for the Analogy personalization was 0.27, equivalent to a CLES 57%.

Large sample (N=5208): Relative to the Uncertainty Visualization condition,
viewing a Posterior Visualization reliably reduced bias in log KLD, but viewing an

Analogy or Point Estimate had no observable effect (Fig. @b)

While highly variant, the distribution of bias in log KLD for the Posterior Visu-
alization condition does not overlap with the distributions of expected bias for the
non-Bayesian conditions (Fig. @b right). However, the distribution of expected
bias for the Analogy condition is not distinguishable from the Point Estimate and
Uncertainty Visualization conditions. Again, our earlier analysis of location and
variance updates (Fig. @, Fig. @) suggests that participants in the Posterior Vi-

sualization conditions were better at updating the location of their posterior.
All conditions reliably increased dispersion in log KLD relative to Uncertainty
Visualization (Fig. @f}

Cohen’s d for the Posterior Visualization was 0.21, equivalent to a CLES of 56%.
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Abortion Dataset

Small sample (N=158): Similar to the small dementia dataset, the Analogy
and Posterior Visualization both reliably reduced bias in log KLD relative to the
Uncertainty Visualization (Fig. @C) while the Point Estimate condition was not
reliably different.

Compared to the small sample dementia dataset, being in the Posterior visual-
ization condition resulted in higher estimated dispersion in log KLD (Fig. @g)

Cohen’s d for the Analogy and Posterior Visualization were 0.35 (CLES 59%).

Large sample (N=5208): In contrast to the large dementia dataset, neither
the Posterior Visualization nor the Analogy condition reliably reduced bias in log
KLD for the large abortion dataset (Fig. @d) A Point Estimate also did not reli-
ably differ from Uncertainty Visualization. We suspect that any effects of Bayesian
personalization were too small to observe in light of the rather large discrepancies
we observed between participants’ posterior beliefs and the predictions of normative
Bayesian inference with regard to variance (Fig. @)

We see slightly different patterns compared to the large sample dementia dataset
when it comes to effects on dispersion in log KLD. Viewing an Analogy slightly
decreased dispersion in log KLD while viewing a Point Estimate had a stronger

decreasing effect (Fig. @h).

5.4.5 Conceptual Replication of Sample Size Effect

Our results conceptually replicate a difference in how closely the updates of untrained
participants resemble Bayesian updating when shown a small versus a large dataset
observed in behavioral economics [9, [15] and what we observe in our own study in the
previous chapter. While participants assigned large datasets appear to update closer
to normative Bayesian inference when we look at location of posterior beliefs (e.g.,
compare row a and b, and row ¢ and d in Fig @), the opposite is true when we look

at the variance of their posterior beliefs, where deviation from normative Bayesian
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inference is substantial. The average bias in log KLD across participants was 0.90
(median:0.93, IQR:0.23, KLD: 11.24) for small datasets, and much higher for large
datasets (mean: 1.67, median:1.68, IQR:0.04, KLD: 49.7), similar to the previous
chapter’s observations for a small sample (n=158) and much larger (n=750k) sample.
This result suggests that visualization authors should use Bayesian personalization

or other approaches to help users recognize the informativeness of large samples.

5.4.6 Effect of Prior Elicitation

Our results show that conditional on a user specifying their prior, Posterior Vi-
sualization and sometimes Uncertainty Analogy better promote Bayesian updating
than simply visualizing uncertainty in the observed data. However, given that the
status quo in most interactive visualization is not to elicit a prior, one might ask
how the act of prior elicitation itself impacts updating. Do users become more sen-
sitive to uncertainty in observed data when they explicitly consider their subjective

uncertainty about a parameter value?

Comparing an individual’s posterior to a normative posterior with and without
elicitation is not possible, as without a prior we would have no way of computing the
normative posterior. We instead use an aggregate analysis approach similar to that
used in prior work on Bayesian cognition [66] and to our approach to computing
effect size using CLES. Specifically, we compare participants’ log KLD in aggregate
between No Elicitation and Elicitation conditions. For each of the four datasets, we
constructed a single aggregate prior distribution by finding the median value of «
and P respectively across all participants in Elicitation conditions (Fig. (1)).
Then we calculated a corresponding aggregate normative posterior distribution using
the aggregate prior distribution (Fig. @ (2)). We constructed the aggregate pos-
terior distributions from Elicitation-Uncertainty Visualization, Elicitation-Point Es-
timate, No elicitation-Uncertainty Visualization, and No elicitation-Point Estimate

and compared the distribution with the aggregate normative distribution (Fig. E.lO
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(1) Calculate the aggregate prior distribution by combining all priors in all elicitation conditions
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Figure 5.10: Process used to calculate aggregate prior and posterior beliefs and the corre-
sponding normative posterior for each dataset and condition (1-3). Elicitation conditions
yielded a lower value compared to No Elicitation condition across all four datasets (4), sug-
gesting that eliciting prior beliefs alone may improve inference.
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(3)). To calculate the average effect of eliciting a prior, we pool the Point Estimate
and Uncertainty Visualization condition results by dataset for more power.
Across the board, elicitation conditions yielded lower log KLD, suggesting prior

elicitation alone may improve updating (Fig. (4)).
5.5 Discussion

Evaluating users’ interactions with data against rational Bayesian updating paves
the way for more sophisticated models of visualization interaction. We reflect on
the takeaways from our results and implications of Bayesian evaluation and person-

alization for visualization.

5.5.1 Bayesian Personalization as Design Strategy

Our results suggest that when visualizations present estimates based on small sam-
ples for inference, Bayesian personalization can help untrained users update their
beliefs more like Bayesian agents. It can also reduce heterogeneity in updating
behavior across a group of users. Our results suggest that any reduction in hetero-
geneity from Bayesian personalization is likely to be greater in settings where the
alternative presentation is a point estimate with sample size, which produced the
most dispersion in our results perhaps as a result of users inferring different levels
of uncertainty [75].

Bayesian personalization had a small to moderate but reliable effect on reduc-
ing bias in updating for small samples, even when data was perceived as moderately
likely to have been manipulated, with a randomly drawn user of a Bayesian personal-
ization having an estimated 52% - 59% probability of updating better than someone
who only viewed a visualization of uncertainty in the observed data. When Bayesian
personalizations were compared to Point Estimates, which are perhaps the most con-
ventional approach to presenting data, Bayesian personalizations were slightly more

effective (estimated CLES from 55% to 61%). Using users’ prior beliefs as an entry
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point into communicating uncertainty via Bayesian personalization may therefore be
helpful in common small sample scenarios like presentations of poll results, where
people’s misinterpretations of uncertainty in data often have implications for their

decisions.

The benefits of Bayesian personalization for large sample scenarios are less clear-
cut. For the dementia dataset that participants perceived as less likely to be ma-
nipulated, visualizing a predicted Bayesian posterior better aligned participants’
posterior beliefs on average with Bayesian inference. This effect, similar to the ef-
fects of Posterior Visualization that we observed for small datasets, appears to be
driven mostly by the Bayesian personalization helping people more accurately up-
date the location of their beliefs. It is important to note that while reliable, the
effect of Posterior Visualization for the large dementia dataset may be too small
to be of practical significance. For a large dataset, small errors in how a person
aggregated the evidence in their prior and the likelihood can have large effects on

the deviation between their posterior beliefs and the normative posterior.

If one of two distributions is sharply peaked, which is the case of the observed
data of the large sample datasets, KLD will yield a high value even if the two

distributions are relatively close in terms of location.

The Analogy condition did not improve inference for the large dementia dataset.
It is possible that people struggled to use large multipliers to arrive at the normative
posterior implied by the analogy, as larger numbers are associated with less precise
mental representations and more error in mental calculation [44]. The median mul-
tiplier that participants in the Analogy conditions saw for small samples (3) was

much smaller than the median of those seen for large samples (72).

For the abortion dataset, which participants rated as slightly more likely to
be subject to manipulation, neither Bayesian personalization improved inferences.
This may be due to participants discounting the informativeness of the data based

on their perceptions that it might have been manipulated. We conducted an ex-
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ploratory analyse to explore the strength of this association. We assessed how well
participants’ Likert ratings (1-5) predicted their deviation from normative Bayesian
inference as measured by KLD. We found that for the large abortion dataset, a
stronger belief that the data was manipulated predicted a higher KLD, as evidenced
by Pearson’s correlation coefficient of 0.75. For both the dementia and abortion
small datasets, the relationship was still present but not as strong, ranging from
0.45 to 0.57. The large dementia dataset had a strongly negative Pearson’s correla-
tion coefficient of -0.94. However, the range of observed KLD for the large dementia

dataset was considerably smaller than for the others.

Prior Elicitation as Beneficial

While presenting the observed data using shading to show probability density lowers
the dispersion compared to the Point-Estimate condition, visualizing uncertainty has
no observable effect on mean error in log KLD (bias).

One possible explanation is that interacting with the prior elicitation interface
better prepared participants to reason about uncertainty in the observed data. Our
aggregate level analysis suggests that, when priors and observed data are presented
using a common, shaded interval representation, prior elicitation alone may improve
reasoning about uncertainty. This result, if confirmed in future comparisons of
uncertainty comprehension with and without prior elicitation, suggest researchers
and authors consider eliciting subjective uncertainty as an alternative or complement

to visualizing uncertainty in observed data.

Generalizing Bayesian Personalization

The Bayesian models we employed are quite simple, and the approach we used can
also be applied beyond Beta distributions. For example, if a Gaussian (i.e., Normal)
distribution is assumed to generate the observed data with two parameters (Uguq

and Oyu4), than the mean and the standard deviation of the normative posterior are
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Here, the mean of normative posterior is the weighted average between the mean
of the prior and the observed data weighted by the amount of information in each
distribution (i.e., inverse variance 1/6?). The standard deviation of the posterior
is the sum of the information from the prior and the observed data (i.e., 1/ G;%rior"'
1/ oﬁm .)- Bayesian personalization could be applied similarly to our application to
Beta distributions, with appropriate changes to the elicitation interface to elicit
subjective Gaussian distributions rather than Beta.

We believe that the potential for Bayesian personalization to be used as a de-
sign strategy in visualization-based analysis and communication settings extends far
beyond the demonstration we presented here. For example, while we use an indi-
vidual’s prior from a single belief update to drive personalization, recent work from
economics suggests that how a person updates their beliefs in light of new data is a
stable individual trait [[10, 11, 47, [110]. Personalizing data representations based on

an individual’s “update type” (e.g., tendency to overweight vs. underweight their

prior or data) may be beneficial in visual analytics or communication settings.

5.5.2 Characterizing Belief Updating Using These Results

Comparing our analysis of location updates to that of variance updates as a whole
(Sec. ), it is clear that people are much better at providing posteriors beliefs
that are located (i.e., have a mean that is) approximately near the location of the
normative Bayesian posterior beliefs than they are at providing posterior beliefs that
are appropriately certain. We suspect that independent of the sample size of the data
they are presented with, people may diverge from Bayesian-like inference whenever
they perceive a conflict between their prior beliefs and a presented estimate. For
example, the simple Bayesian model would prescribe a posterior mode representing
the weighted average of the two distributions’ modes and less variance than either

distribution. However, we suspect based on our results that many people might
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behave approximately Bayesian in updating the location of their beliefs, but remain
considerably less certain that the information-pooling Bayesian would due to the
perceived conflict between their prior beliefs and the data. Future work might also
extend our approach to better detect other qualitatively non-Bayesian behaviors
people might exhibit, like deciding to reject either their prior or the observed data
when they perceive a conflict between the two.

The characterization of belief updating that emerges from our results also paints
a clear picture of how people underupdate given large samples. This result corrob-
orates the previous chapter’s finding that people’s posterior beliefs deviate sharply
from the expectations of Bayesian inference when they are shown large samples in a
data interpretation context, and the findings of more abstract behavioral economic

studies [9, 15].

5.5.3 Limitations

We measured participants’ uncertainty comprehension by quantifying how much
their updated beliefs deviated from a normative Bayesian standard. Alternative
measures of uncertainty comprehension should be investigated for comparison in
future work.

Bayesian personalizations had reliable, but small effects, impacted in part by
high variance in how people updated their beliefs. Using a within-subject design
could provide better estimates of the relative impact of personalized Bayesian per-
sonalizations on individuals.

By explicitly suggesting to a user how they should update their beliefs in light of
new data, Bayesian personalization poses interesting questions about when Bayesian
inference is the most appropriate normative standard. For example, under what
conditions should a user who is distrustful of a data source be guided to integrate
the new information into their prior beliefs? While this question is beyond the scope

of our work, we believe that there are a number of cases where valid data is rejected
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irrationally by users, such as when distrust in the source of a media report (e.g., a
Conservative leaning publication) leads a Democrat to reject new information that
is in fact trustworthy. Regardless of one’s ethical stance, in an era where assuming
that people will see data as fact is increasingly unrealistic, a Bayesian framework
provides the kind of powerful toolset that can allow researchers to begin asking

questions about when, how, and how should people “listen” to new information.
5.6 Summary

In this chapter, I showed how personalizing the presentation of visualized data using
Bayesian inference can help laypeople update their beliefs in ways that align more
closely with normative Bayesian inference. The study result shows that presenting
a personalized Uncertainty Analogy or Posterior Visualization improved belief up-
dating for proportion estimates compared to typical presentations of uncertainty for
small datasets, and, in some cases, for large datasets for which people tend to devi-
ate more from normative inference. Visualizing uncertainty in the data via a shaded
interval did not show comparable benefits over simply showing a point estimate. Fur-
ther, an aggregate level analysis of updating suggested that prior elicitation alone

may improve Bayesian reasoning.
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Chapter 6
SUMMARY

As opposed to the conventional “data only” view of visualization interactions,
this dissertation sheds light on ways of considering people’s beliefs in understanding
visualization interactions. This dissertation contributes new techniques to elicit
beliefs, a methodology to investigate visualization interactions in light of beliefs and
empirical findings that demonstrate the positive impact of belief-driven approach in

visualization interactions.
6.1 Summary of Findings

6.1.1 RQ1: What are the requirements to design belief elicitation techniques to

integrate ones’ beliefs into visualization interaction?

We design graphical and interactive techniques that elicit users’ probabilistic and
non-probabilistic beliefs. Inspired by theories in Cognitive and Education Psychol-
ogy, we develop a technique that prompts a user to graphically articulate the non-
probabilistic beliefs, and then shows the data alongside their predictions. We char-
acterize the design space for applying graphical predictions in various chart types.
To elicit probabilistic beliefs, we survey Bayesian cognition literature. Vul et al.
demonstrate that people often reach an optimal decision from very few samples [143].
Inspired by the hypothesis, we design a technique that prompts a user to respond
with a discrete value multiple times (e.g., 3-5 times) about a parameter (e.g., what
is the proportion of elderly who has Alzheimer’s in the U.S assisted living centers).
Our exploration of graphical elicitation techniques paves the way for studying
people’s updating behaviors, especially in a scenario where people are interacting

with data. While our work is modeled on a data communication context, the tech-
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niques can be used in analysis applications. For example, since Bayesian analysis
requires analysts to set a prior distribution, our techniques can be used to elicit prior
beliefs in a Bayesian analysis setting and to lower the bar for articulating beliefs in

a distribution format.

6.1.2 RQ2: What is the effect of eliciting prior beliefs on how much people process

and engage with data?

We evaluate our techniques with several goals in mind. Regarding the techniques
introduced in chapter @ to elicit non-probabilistic beliefs, we demonstrate the effi-
cacy of techniques in recalling the data, a common measure of comprehension in
educational psychology. The study shows that externalizing and examining prior
beliefs alongside data can improve a viewer’s ability to recall visualized data. This
finding shows an exciting possibility for visualization practitioners. For example, a
visualization designer can simply ask people to graphically sketch their beliefs then
show it alongside the data to have some positive impact on engaging them further
with data, when the designer expects dataset to be unfamiliar or moderately familiar
to their readers.

We evaluate the effect of the different techniques to elicit people’s probabilistic
beliefs on supporting their belief updating. To summarize the findings, the sample-
based graphical technique (with the specific fitting process we used) compared to
full-distribution and partial distribution techniques yield slightly lower aggregate de-
viation, which suggests the sample-based technique may emulate the closest process
of how people reason about uncertainty. Since the effect of fitting processes that we
used for each technique can be varied, follow up research is needed to further tease
apart the effect of different elicitation approaches and the fitting process to make
the findings robust.

While the advantage we observed isn’t huge, the sample-based technique is worth

exploring since it has two nice properties that make it easy to deploy in real-world
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visualization interaction. First, a user doesn’t need to articulate their responses in
a probabilistic manner but directly articulate their beliefs with a few samples with
the same unit as data. Second, it’s easier than other techniques to scale to multiple

parameters.

We also observe that the elicitation act itself can improve people’s belief up-
dating. In chapter @, the analysis shows an improvement in aggregate level belief
updating when participants were prompted to articulate their beliefs before seeing
the data, where the interface matched with the representation of the data. While
the finding manifests consistently across datasets and sample size, the aggregate
measure shows the benefit in a less direct manner. Future research has to design
more direct measures to observe individual-level benefits. For example, measur-
ing the performance between elicitation conditions and non-elicitation conditions on
uncertainty comprehension tasks (e.g., “If you replicate this study 100 times, how
likely is it that the observed data will fall between X% and Y%”) can be one way

to observe the effect of elicitation at an individual level.

6.1.3 RQ3: What models should we use to understand visualization interpretation

in light of a user’s prior beliefs, data, and their final beliefs?

I present Bayesian inference as a lens to probe people’s belief updating process while
interacting with visualizations. By analyzing the discrepancy between the user’s
updated beliefs and the normative Bayesian answer, researchers can gain a more
systematic understanding of how a user interprets data. For example, the study
shows that individuals’ updated beliefs often deviated sharply from the normative
Bayesian answer. This tendency is exacerbated when participants examine a large
sample dataset. The finding implies that visualization designers need to consider
how they can help people recognizing the amount of information a large dataset
provides.

Another interesting finding is that the aggregate of all individuals’ beliefs was
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very close to the normative Bayesian answer when the data contains a small number
of samples. This finding aligns with a prominent study in Cognitive Science that
shows that people in aggregate appear to be optimal Bayesian when predicting daily
quantities (e.g., total baking times) [66].

Using the Bayesian framework, we propose a quantification that captures the
user’s "perceived uncertainty” of the data by assuming the user’s final beliefs were
rationally constructed according to the Bayesian standard. This proposed quan-
tification provides insights about how people interpret and perceive the uncertainty
and the amount of information in the observed data compared to a simple evaluation
metric, such as accuracy in reading out the data. We further demonstrate the valid-
ity of the proposed Bayesian framework as an evaluative framework. I believe that
the way of quantifying the perceived amount of information opens up a new problem
space by providing a new perspective of evaluating visualization interpretation. For
example, the quantification enables researchers to identify that participants’ per-
ceived sample size is still far from the actual sample size (ref. ) I can envision
that visualization designers can explore multiple design alternatives to identify which
visualization supports the most accurate perception of the underlying uncertainty

by applying the proposed quantification.

6.1.4 RQ4: Can we intervene in people’s belief updating process to improve users’

data comprehension?

We evaluate Bayesian personalizations to promote Bayesian reasoning by communi-
cating uncertainty related to one’s prior beliefs. We find that seeing a personalized
Uncertainty Analogy or Posterior Visualization help belief updating compared to
typical presentations of uncertainty for small datasets, and, in some cases, for large
datasets. I can envision that visualization designers can create various interventions
to promote better reasoning using people’s prior beliefs. For example, the designer

can highlight the part where the user has strong beliefs but far from reality, and
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provide additional context to persuade the user.

6.2 Future Directions

Through multiple projects, I present how belief-driven approaches can have a positive
impact on people’s data and uncertainty comprehension and rational belief updating.
Future work in belief-driven data interaction will further investigate methods that
leverage people’s beliefs in designing visualization systems to enable efficient data
exploration and decision making under uncertainty. I layout a few directions where

I envision the belief-driven approach will be beneficial.

6.2.1 Belief-driven visualization recommender system

Given the sheer amount of data being collected, it is common for analysts to do
an exploratory visual analysis of large datasets with tens of different fields or more.
This scenario can be supported by recommender systems to reduce the burden of
creating visualizations.

When the analyst conducts data analysis, especially exploratory data analysis,
the analyst often uses visualization recommender systems that suggest a series of
automatically created visualizations to reduce the burden of creating multiple visu-
alizations.

I would like to build a system that incorporates the analyst’s beliefs in recom-
mending visualizations that prevent the analyst’s bias and make the sense-making
process efficient. To contextualize the idea, imagine an analyst who wants to explore
a dataset about demographics of a movie award nominee, which contains more than
20 columns including gender, ethnicity, birthplace, birth date, and when they were
nominated (Fig Ell)

If the analyst would like to fully understand the entire patterns that might exist
in a dataset, they may need to go through more than thousands of visualizations.

The state of the art recommender systems would help the analyst save the cognitive
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Demographics of a Movie Award Nominee since 1928
20 columns including: Gender, Ethnicity, Birth place, Birth date, # of movies before
nominated, Religion, ..., Year of nomination, Movie, Award state.
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Figure 6.1: People often start the exploration by looking at a univariate chart that describes
single variable [21]. Then move on to examine more complex one as the analysis progresses
to understand more complex relationship between the variables.

cost by providing recommendations that are closely related to what the analyst is
looking at the moment [[150], instead of suggesting random charts. Another existing
system carefully curates the order of the visualizations to minimize the burden of
reading them consequently [92].

One remaining challenge is that the analyst still has to go through multiple
charts. None of the existing approaches directly incorporate analyst beliefs to make
the process more efficient, and lack considerations of preventing human bias such
as confirmation bias that the analyst may confirm a spurious pattern as the real
pattern because that was what the analyst believed.

I can envision a visualization recommendation system that takes into account
the analyst’s beliefs to make the process more efficient. 1 can build a feature that
focuses on showing patterns that the analyst may not be aware, or patterns against
the analyst’s expectation to maximize the information gain while they are interacting
with data. An exciting research question will be when to elicit the analyst’s beliefs
on which parameter to minimize the interruption of the user’s flow but maximize

the information gain from the user’s input.
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Another useful application will be detecting bias and supporting the analyst to
avoid them by explicitly eliciting their beliefs. For example, I can elicit beliefs on a
few parameters first, and infer new beliefs on other parameters from the pre-elicited
beliefs. When the analyst is interacting with a visualization that the system detects
to be similar to the analyst beliefs, the system can alert them to carefully examine

the visualization to avoid the chance to introduce confirmation bias.

6.2.2  Supporting human-machine decision-making process with belief elicitation and

visualizations

The performance of a human-Al team is influenced by how well the human’s ex-
pectation of the AI aligns with its actual capabilities [13]. However, supporting
the process for humans to construct an accurate mental model remains unexplored.
The Bayesian framework applied to visualization interpretation offers a promising
way to support this process by surfacing the necessary components to perform the
alignment operation.

Imagine a user examines a medical image with a model’s prediction of how dif-
ferent regions provide evidence for the diagnosis. The user, likely to be a doctor
who has their own beliefs, will try to combine the model’s prediction and their own
expertise to make the final decision. I envision a system that prompts the user
to articulate their beliefs, combines the beliefs with the model’s prediction using
Bayesian models, and visualizes the final beliefs with a depiction of how it is de-
rived. By making the belief updating process explicit and visual, the user may opt
for the better rational choice as the final decision. The system can also help the
user reflect on the model’s capabilities as well as their own by examining their pre-
vious interactions. In addition to interaction design, the utility of this approach also
depends on representations of uncertainty that both humans and models can under-
stand. Future research will investigate how to represent human beliefs in formats

that can be incorporated into an Al model and vice-versa.
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Human’s Model’s Combined
beliefs prediction knowledge

Figure 6.2: An example scenario where an expert can make a professional decision based on
the model’s prediction and their beliefs as an expert. The interface can explicitly visualize and
describe how their expertise and the new evidence (i.e., model’s prediction) can be merged
rationally to inform the user to make more logical choice.

6.3 Closing Remarks

Visualizations have become essential media for navigating the world as more data is
generated to approximate phenomena around us. In order to design visualizations
that are maximally informative, it is critical to focus not only on how well a person
will decode the information, but also on how it will influence the person’s beliefs and
further inform their decision. A belief-driven approach, such as I have demonstrated,
can provide a realistic perspective on understanding visualization interactions and

designing visualization systems.
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