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ABSTRACT

Narrative visualization is a popular style of data-driven sto-
rytelling. Authors use this medium to engage viewers with
complex and sometimes controversial issues. A challenge
for authors is to not only deliver new information, but to
also overcome people’s biases and misconceptions. We study
how people adjust their attitudes toward (or away from) a
message experienced through a narrative visualization. In a
mixed-methods analysis, we investigate whether eliciting par-
ticipants’ prior beliefs, and visualizing those beliefs alongside
actual data, can increase narrative persuasiveness. We find that
incorporating priors does not significantly affect attitudinal
change. However, participants who externalized their beliefs
expressed greater surprise at the data. Their comments also
indicated a greater likelihood of acquiring new information,
despite the minimal change in attitude. Our results also extend
prior findings, showing that visualizations are more persuasive
than equivalent textual data representations for exposing con-
tentious issues. We discuss the implications and outline future
research directions.

Author Keywords
Narrative visualization; debiasing; persuasion; belief
elicitation.

CCS Concepts
*Human-centered computing — Empirical studies in visu-
alization; Information visualization;

INTRODUCTION

Data-driven storytelling is a popular way of engaging people
with complex issues, enabling readers to directly explore the
numbers that underlie a story. Authors of these experiences
often mix interactive visualizations with textual and rhetorical
narratives in an effort to persuade readers. Data journalists
have utilized narrative visualizations to address contentious
topics, such as racism [3] and climate change [57].

Although such experiences can be visually appealing, empir-
ical studies of narrative visualizations have shown limited
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success in engaging readers and challenging their assump-
tions [8, 9]. At issue are, perhaps, two concerns: First, most
visualizations still present the data in an impersonal manner,
without relating to a viewer’s prior knowledge or background.
Designers typically allow viewers to freely explore visual-
izations for personal insight. Yet, the reader could still be
left unsure how the data relates to them. For instance, it is
difficult to draw a link between rising average global tempera-
tures and one’s own lived experience of the local weather [66],
which can decrease the persuasiveness of a visualization that
addresses the global climate crisis. The second issue is that
some viewers may harbor implicit biases and misconception
that run contrary to the intended narrative. For example, a
reader could be influenced by climate change denial [24] or
by xenophobic tendencies [22, 30]. Such implicit biases can
block people from effectively processing and internalizing the
data-content of a visualization, potentially reducing its impact.

A potential way to addresses these two challenges is to stim-
ulate the reader into reflecting about their own beliefs prior
to considering new data. Visualization designers have started
experimenting with this idea. For instance, Aisch et al. present
viewers with an initially blank line chart, inviting them to pre-
dict and sketch the likelihood of a person attending college
based on their parents’ income [1]. The actual relationship is
then visualized alongside the sketch, allowing the reader to
contrast their prediction with real data. Researchers began ex-
ploring a design space for externalizing viewers’ expectations
in visualizations [16, 17, 34]. Eliciting prior knowledge while
providing feedback on the accuracy of those beliefs seems to
improve recall, even among those with little expertise in the
subject matter [34]. These results suggest improved cogni-
tion when readers are prompted to predict the data prior to
seeing it. Could this kind of intervention lead to a debias-
ing effect that goes beyond memorability? At a deeper level,
eliciting priors challenges viewers to concretely articulate an
attitude towards an issue. By showing the data-manifestation
of people’s viewpoints side-by-side with real data, we can
surface implicit biases viewers may unknowingly harbor, and
potentially persuade them to overcome preconceived notions.

We study the impact of prior knowledge elicitation on attitude
change, particularly in contexts that might be riddled with
biases and aversions. For our study, we developed a narrative
visualization that addresses the ongoing opioid drug epidemic
in the US. The visualization provides data and rhetoric to dis-
pel common misconceptions, such as the inefficacy of needle
exchange programs [21, 61]. These misconceptions diminish
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public support for effective harm reduction measures [50, 13],
providing an ideal context to study the role of visualization in
mitigating prejudice. In a crowdsourced experiment, we assess
participants’ change in attitude after viewing a custom-made
narrative experience. We find that presenting data graphically,
as opposed to textually, leads to significantly higher persua-
sion. However, externalizing participants’ prior beliefs in
both modalities leads to very small, non-significant attitudinal
change over baselines. Qualitative analysis shows that prior
specification and feedback is associated with higher incidence
of data cognition and learning, but that these did not necessar-
ily increase the persuasiveness of the narrative. We discuss
our findings and outline future research directions.

RELATED WORK

Research into data visualization has historically grappled with
how to accurately represent quantitative information [15, 49].
Visualization creators were primarily concerned with facil-
itating the visual analysis of data [68, 58]. However, the
popularization of visualization authoring tools [7, 64, 42] and
their adoption by a broader audience have spurred new ap-
plications. Emerging communities of practice, such as data
journalism [29], have shifted the focus from analytic to com-
municative uses [65, 32]. And unlike InfoVis, which was
largely conceived in research labs [15], narrative-driven visu-
alizations had developed somewhat organically within various
communities. Its roots can perhaps be traced back to the
work of Infographics designers [40], who often embellished
data charts with elaborate designs as a means to engage and
persuade audiences [31]. By the mid-2000s, dynamic visual-
izations appeared regularly alongside articles on news media
websites. Authors began to explore increasingly elaborate de-
signs, combining journalistic elements with data graphics. The
emerging stories exhibited a distinct flavor of visualization,
complete with its own set of practices and guidelines [27, 70,
38]. Whereas traditional visualization schools emphasize the
objective and abstract presentation of data [73], narrative visu-
alizations subsume the author’s own framing, often not shying
away from using rhetoric to push a certain narrative [32].

Researchers have analyzed narrative visualizations in the wild
to understand this design space. Segel and Heer developed
taxonomies of design strategies for storytelling with data [65].
This included techniques (e.g., visual highlighting) and struc-
tures (e.g., the ‘Martini-Glass’ and Interactive Slideshows)
designers have used repeatedly. Hullman and Diakopoulos
introduced a notion of visualization rhetoric by intersecting
the concepts of framing, bias, and user design [32]. Their
framework allows authors to prioritize specific interpretations.
Figueiras collected common design elements through a focus
group, and accordingly provided suggested strategies [25]. We
leverage some of these suggested styles in our intervention,
adopting ‘editorial’ elements (e.g., typographic emphases) and
procedural rhetoric (e.g., animation and slideshows) to guide
viewer attention. Beyond these established design patterns,
we are interested in new interactions that might help people
relate better to the data, especially in narratives that deal with
complex issues.
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Empirical Research into Communicative Visualization
With the proliferation of visualizations and Infographics on
the web, researchers have sough to study their communica-
tive impact. Bateman et al. compared visually embellished
charts against minimalist versions that displayed the same data
without embellishments [4]. Their results suggest that tasteful,
non-data elements help people remember the contents and
‘messages’ of charts, without necessarily sacrificing percep-
tual accuracy. Wang et al. compared Infographics with data
comics [74]—the latter employs comic-inspired panels to ex-
pose data sequentially [77]. Their results show data comics to
be more enjoyable and comprehensible, possibly due to the lin-
ear story structure. Similarly, Zhi et al. show that a ‘slideshow’
layout is more comprehensible, especially if the textual and
data elements can be linked [78]. However, McKenna et al.
suggest that the precise manner of control over story presen-
tation (e.g., stepping through discrete slides vs. continuous
scrolling) has less impact over engagement than the style of
visual feedback (e.g., abrupt vs. animated transitions) [48].

Boy et al. showed that adding narrative elements into ex-
ploratory visualizations did not necessarily increase user en-
gagement [8]. In a different study, the inclusion of anthropo-
morphized characters into data graphics did not affect reader
empathy in an otherwise emotionally charged topic about Syr-
ian refugees [9]. These studies suggest that the rhetorical
impact of a visualization is not necessarily associated with its
interactivity or representational vividness. Kong et al. evalu-
ated the effects of biased visualization titles, and found them to
drastically affect the messages people derive from charts [39].
While simply presenting data in visualizations makes them
more persuasive [52, 67], people’s prior beliefs may play an
important role in deciding which message they pay attention
to. To achieve communicative impact, authors may need to
overcome existing misconceptions among their audience. Our
work investigates how to mitigate the effects of such biases.

Prior Beliefs in Visualization

People rely extensively on their prior knowledge when mak-
ing sense of new information [37, 35]. Existing frames are
often recalled and co-opted to fit new data, more readily than
fresh frames can be spontaneously created [36]. It should
therefore be easier to communicate data and messages that
are congruent with one’s beliefs, or that do not conflict with
beliefs. This is generally the case in relatively neutral topics,
where viewers are not expected to have strong opinions [52].
Yet, there is often a sense of urgency among journalists to ad-
dress consequential and contentious issues with visualizations
(e.g., racism [3] and climate change [57]). These issues can be
polarizing, and some viewers may approach them with deeply
ingrained misconceptions. It is unclear what persuasive effect
if any visualizations can have here.

Although most visualizations present data irrespective of user
beliefs, authors have begun to explore alternative designs that
engage a viewer’s prior knowledge. For instance, in a series
of charts exploring how the Obama presidency affected the
economy, immigration, and healthcare spending, the reader
is invited to predict and sketch how these indicators have
changed [53]. The actual trendlines are then revealed to the
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1,852 Drug Overdose Deaths in Indiana 2017

As the numbers of overdoses related to drug use continue to rise, there appears to be no solution in sight.
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Figure 1. The landing page provided an introduction to the topic by showing opioid-related overdose rates for one state (defaults to Indiana) over time
(a). Rates for other states can be seen by hovering over the mini charts (b), which updates the central view. The experience comprises three themes on
criminal justice, opioid addiction disorder, and syringe exchange programs, which are viewed one at time by selecting from a right-side panel (c).

reader and visualized alongside their sketch. Kim et al. exper-
imentally tested this kind of graphical belief elicitation, and
showed improved data recall amongst participants who were
first asked to predict the data [34]. This positive learning effect
was attributed to making the gap between one’s knowledge
and reality more salient, thereby prompting self-correction.
Choi et al. studied if this style of interaction can be incorpo-
rated into general-purpose visualization tools [16, 17]. They
found that people frequently opt to test their beliefs, by going
through the extra step of first predicting the data. We build on
these findings, and study the persuasive effect of engaging the
prior knowledge of viewers in narrative visualizations.

RESEARCH QUESTIONS

Our primary goal is to improve engagement with narrative
visualizations. We are particularly interested in methods for
delivering the supporting data so as to increase persuasive-
ness of the experience, especially when the author is exposing
provocative topics. Engaging the prior knowledge of the au-
dience is one way of increasing engagement. It also provides
the author with an opportunity to highlight places where one’s
mental model disagrees with the data [16]. Prior work has
demonstrated benefits to this kind of engagement, such as
increased recall [34]. However, incorporating people’s beliefs
into visualizations may also have a further-reaching debias-
ing effect, which can be highly useful when authors discuss
contentious and potentially polarizing issues. Here, viewers
may come to the experience with deeply ingrained notions that
make it difficult to depart from existing beliefs, even when pre-
sented with data to the contrary. However, if we are careful to
present such data in a way that contextualizes existing beliefs,
we may have a higher chance of persuading minds.
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Because we are interested in evaluating the persuasive poten-
tial of data narratives, we move beyond metrics of recall [39,
34, 4]. Instead, we adopt Pandey et al’s notion of attitudinal
change, and measure how people use information and facts to
update their beliefs towards an issue [52]. We expand on that
work by using a pre-validated multi-item survey, as opposed to
a metric derived from a single question. This allows us to track
a wider encompassing notion of attitudinal change, wherein
data facts and measures are not necessarily in one-to-one cor-
respondence. We pose the following research questions:

RQ1 — Does eliciting beliefs from people and providing
feedback on the accuracy of those beliefs increase the persua-
siveness of data-driven narratives? In other words, are people
persuaded more easily by the author’s message when the sup-
porting data is contextualized to their beliefs and explicitly
compared against their prior opinions?

RQ2 — Does the effectiveness of prior specification depend
on the representation medium? We specifically compare graph-
ical representations, where data is shown in charts, against
textual representations that integrate data directly into the
narrative. Visualizations are generally thought to be more per-
suasive than text [23, 52]. However, by weighing the potential
payoff of these two design factors, we we can provide more
practical guidelines for authors.

CONTEXT AND INTERVENTION

To answer the above research questions, we designed a narra-
tive visualization that centers around the opioid epidemic in
the United States. We specifically featured Indiana and the
surrounding states (Kentucky, Ohio, Michigan, Illinois, and
Western Virginia), which have recently experienced exceed-
ingly high overdose rates stemming from opioid addiction [63].
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Figure 2. Illustration of the steps participants followed to specify their predictions graphically by 1) ‘constructing’ bars in data placeholders, 2) adjusting
bar heights to specify prediction, 3) seeing their prediction contrasted with actual data, and 4) providing an open-ended reflection.

For instance, Indiana ranked 13th in the number of opioid over-
dose deaths per capita [11]. Current data identifies over 3.4
million distinct opioid prescriptions in Indiana, which amounts
to an astonishing rate of approximately one prescription for
every two residents [28].

Reports on the volume of opioid use and addiction are preva-
lent topics in news media. These reports can create negative
perceptions [18] and potentially worsen the problem [20].
Treatment options often involve the creation of new infrastruc-
ture (e.g., treatment centers or sober living facilities), which
sometimes require new legislation along with support from
local communities. However, given the highly stigmatized and
sensitive nature of addiction [47], people sometimes harbor
counter-productive beliefs or misconceptions about impacted
populations [50, 12]. For instance, many believe that a sober
living facility in a community will results in increased crime
and drug use [56] and that implementing a syringe exchange
program (i.e., a harm reduction approach) will increase drug
use and result in an influx of discarded syringes [21]. Miscon-
ceptions like these can translate into policy resistance at the
local level, which makes the adoption of otherwise effective
treatment or harm reduction initiatives less likely [60, 69]. Yet,
these issues provide an ideal context for our research.

Our narrative visualization aims to clarify some of the mis-
conceptions surrounding opioid addiction and treatment. We
sought to challenge implicit biases by providing curated but
real data, and subsequently test if we can affect a shift in peo-
ple’s attitude towards substance use disorder. In particular, our
narrative visualization addresses two issues: the disassociation
between criminal justice and opioid use [26], and the generally
negative attitude towards harm reduction measures, such as
syringe exchange programs, which have historically had low
levels of support in the US [47]. For visualizations, we opted
for familiar plots (e.g., bar and line charts).

Narrative Visualization

This section describes the narrative visualization we designed
and subsequently used in an experiment. The visualization
consisted of a landing slide (see Figure 1), which introduces
the viewer to the topic by painting a broad-brush picture about
the scale of the opioid epidemic in the US. The landing slide
consisted of a central bar chart illustrating the rising trend
of deaths attributed to opioid overdoses. Six smaller charts
were displayed below, each depicting numbers for a differ-
ent state. Upon hovering over the bottom charts, the central
chart is updated to reflect the selected state. The experience
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comprised three subtopics addressing the following themes:
1) the disassociation between crime and treatment centers, 2)
the classification of opioid addiction as a medical disorder, as
opposed to a criminal justice issue, and 3) the effect of harm
reduction programs, specifically, syringe exchange programs.
Syringe (or needle) exchange programs typically allow peo-
ple to obtain new sterile syringes in exchange for used ones
in an effort to reduce transmission of blood-borne diseases.
The three themes, which are accessed from the landing slides,
were chosen given the generally negative portrayal in the me-
dia, misconceptions, and overall lack of public enthusiasm for
treatment infrastructure [6, 26]

The design in each theme followed an Interactive Slideshow
structure [65]: each theme consisted of a number of slides (be-
tween 3-5) shown in a sequence. Viewers stepped through the
slides at their own pace using next and back buttons. The slides
provided a combination of contextual and rhetorical arguments
(e.g., that there is little to no association between arrest rates
in a community and the presence of drug treatment centers),
while also furnishing quantitative data in support of those ar-
guments. For instance, in the crime and safety theme, the
viewer is shown data contrasting drug-related arrests between
two Indiana counties of similar populations but a different
number of addiction treatment centers. The data demonstrates
no correlation between the number of arrests and the pres-
ence of a treatment program in that community. Themes two
and three provide data showing that opioid use disorder is a
diagnosable medical condition and that syringe exchange pro-
grams do not promote drug use, respectively. The conclusion
of each theme consisted of a ‘synthesis’ slide, summarizing
the author’s main points and reiterating key facts from the
theme, after which the viewer is returned to the landing slide.
The narrative experience is completed after the viewer steps
through and completes all three themes. The order of theme
presentation is decided by the viewer.

EXPERIMENT

To answer our research questions, we conducted a crowd-
sourced study using the narrative visualization described above
as stimulus. Using a survey, we collected participant attitudes
prior to and after the narrative experience. We then measured
the extent to which participants update their attitudes and align
their beliefs with the narrative.

Study Design
We studied two factors: Interaction technique and data rep-
resentation Medium. We tested two kinds of interactions:
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Figure 3. Illustration of how participants viewed or interacted with the
narrative’s data in the four experimental conditions. The conditions re-
flect a factorial design of two Mediums (Visualization or Text) and two
Interaction techniques (Predict or View).

Predict and View. In Predict, we asked participants first about
their beliefs by prompting them to predict portions of the data
(e.g., on arrest rates around treatment center) via specially
designed interactions. After ‘drawing’ or typing their predic-
tions, participants viewed the actual data side-by-side with
their predictions. In View, participants immediately saw the
relevant data with no opportunity to externalize their beliefs,
as in most visualizations. The second factor, Medium, also
consisted of two levels: Visualization or Text. In the Visual-
ization condition, data was shown in the form of bar charts,
whereas the Text condition presented the data numerically and
embedded within the narrative prose. Both Visualization and
Text included identical textual arguments that were displayed
on the same slide as the data, but the two conditions differed
in the manner in which the quantitative data was delivered.

We employ a 2 x 2 factorial design and investigate all com-
binations of Interaction techniques and data representation
Mediums. This design yields four unique experimental condi-
tions (illustrated in Figure 3):

* View—Visualization: Quantitative data was shown graphi-
cally in bar charts, with contextual and supportive arguments
information on the left side of each slide. For example, in
the theme on syringe exchange programs, participants viewed
data reflecting the percentage of diagnosed HIV cases in Indi-
ana that were linked to intravenous drug use. The supportive
arguments provided contextual information about syringe ex-
changes and their efficacy.

* View-Text: Data was presented numerically (e.g., as per-
centage points) alongside supportive arguments. For example,
in theme on syringe exchange programs, participants viewed
the same data shown in the visualization conditions, but that
data was provided textually.

+ Predict—Visualization: Data was shown graphically in bar
charts. However, the charts were initially blank; participants
were first prompted to predict the content of the charts before
the data is revealed. For instance, in the crime and safety
theme, the chart consisted of a Y axis labeled ‘Drug related
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arrests’ and an X axis consisting of two groups: ‘St. Joseph
County’ vs. ‘Hamilton County’. The two bars for these two
counties appeared as greyed-out placeholders, initially. Par-
ticipants dragged a blue square onto either placeholder to
‘construct’ a bar, and then adjusted the height of that bar to
specify their prediction of arrest rates in each county. Par-
ticipants then clicked a ‘Show me the data’ button, causing
the actual data to appear (via animated transition) in adjacent
orange bars. This sequence is illustrated in Figure 2.

x Predict-Text: Data was also presented textually in this
condition. However, before the data is revealed, participants
were asked to provide a prediction by filling in blank text-
boxes. For instance, in the arrest rates theme, participants were
instructed to “Predict the percentage of drug related arrests”
in two counties. The slide displayed two empty place holder
text-boxes (e.g., “St. Joseph county reported [blank]% of drug
related arrests”). Upon entering predictions and clicking a
“Show me the data” button, the real quantities were revealed
beneath the predicted values (see Figure 3).

The knowledge content in the four conditions was identical,
with the difference being the data representation Medium (Vi-
sualization vs. Text) and the Interaction technique (Predict vs.
View only). Moreover, all conditions required participants to
explain the data and/or justify their predictions, by typing into
a text-box. These prompts instructed participants to “Explain
what you think the data shows”, and whether the data “was
different than what [they] had thought.” Participants were
also prompted to reflect on the entirety of a theme at the con-
cluding synthesis slide, and describe what they had learned.
The prompts served two purposes: 1) self-explanation can be
an effective meta-cognitive strategy to increase learning [2,
5, 59], and 2) the explanations enabled us to capture non-
structured responses from participants, which we later analyze
to understand their reasoning processes.

Survey Development

We developed a survey to capture prior attitudes and measure
belief change among participants. Our survey was largely
adapted from items in the Drug and Drug Problems Percep-
tions Questionnaire (DDPPQ), which were modified slightly
to fit the themes of the narrative [76]. The DDPPQ survey was
primarily designed to measure the attitude of mental health
workers towards drug users in order to assess training needs.
The instrument has been validated in multiple studies, show-
ing good internal consistency and relevance [75]. Although
originally intended for healthcare professionals, the survey
has been tested on non-professionals (e.g., students [44] and
teachers [55]). In addition to the original DDPPQ items, we
adapted two questions from Lowder et al’s study on the atti-
tude of criminal justice professionals about substance use and
mental illness [45].

The survey comprised of 16 items in total. For each item, par-
ticipants were asked to indicate their agreement with a certain
statement using a 5-point Likert scale. The choices available
comprised a divergent ‘Strongly Disagree’ to ‘Strongly Agree’
scale, with a ‘Neutral’ point at the middle. Survey items
covered five topics corresponding to stigmatizing issues on
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addiction and treatment [62]. Questions 1-3 dealt with per-
ceptions of crime and safety around treatment centers for drug
addiction (e.g., Areas surrounding addiction treatment centers
are safe areas). Questions 4—6 dealt with the perception of
opioid use as a diagnosable disorder, as opposed to a criminal
justice problem (e.g., Opioid use disorder is a diagnosable dis-
ease). Questions 7-9 were about syringe exchange programs,
their effectiveness, and acceptance (e.g., I can accept a syringe
exchange program in my community). Questions 10—12 asked
participants about their willingness to support legislation on
drug addiction (e.g., I would support laws and legislation writ-
ten to support those with drug addictions). Lastly, questions
13-16 asked about public funding for treatment infrastructure
and harm reduction measures (e.g., Public funding should be
increased to reduce drug addiction). Two attention questions
comprising simple arithmetic were randomly inserted into the
survey to ensure participant engagement.

Attitude Change

Participants completed the survey twice: once before expe-
riencing the narrative and once after. Likert responses were
transformed into ordinal values (—2 to +2), in order to quan-
tify the change in attitude from the pre- to the post-experience
survey. This was done by computing an attitude change score
for each question (i.e., difference in answer between the two
surveys). The sign for three questions was reversed so that pos-
itive is always aligned with the narrative’s message. Change
scores from all 16 survey questions were summed up yielding
a net attitude change score for every participant. Positive at-
titude change is associated with aligning one’s view with the
message of the narrative.

Procedure

We employ a between-subject design: participants were ran-
domly assigned to one of the four conditions. After view-
ing a study information sheet, they first completed the pre-
experience survey. Participants in conditions that included
prior elicitation (i.e., Predict-Text and Predict-Visualization)
were provided with a short tutorial allowing them to practice
the belief elicitation technique until they felt comfortable. Par-
ticipants then saw the landing page (Figure 1) and completed
the experience as described above (see ‘Narrative Visualiza-
tion’). After completing the third, final theme, participants
were directed to the post-experience survey. Lastly, partici-
pants completed an exit demographic survey.

Participants

We conducted power analysis for a two-way ANOVA. Using
estimate effect sizes from a pilot, we calculated that 40 partici-
pants per condition would give us a power of 0.8 at an alpha
of 0.05. We recruited 160 participants (103 males, 56 females,
1 other) from Amazon Mechanical Turk, with 40 participant
per condition. We only recruited subjects who are residents
of the US for topic relevance. We excluded those who failed
the majority of the engagement questions. New participants
were recruited in place of those excluded until we reached our
target sample size. Participants had a mean age of 32.4 years.
They represented a wide range of educational backgrounds:
28% completed high school, 14% have associate degrees, 41%
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bachelors, 13% masters, and 3% doctorate. Participants com-
pleted the experiment in 22.2 minutes on average (SD = 11.8).
They were compensated with $3.00.

Hypothesis
We developed the following hypothesis:

H1 — Eliciting priors from participants and providing feed-
back on their accuracy increases persuasion. We expect
participants in the Predict conditions (i.e., Predict-Text and
Predict-Visualization) to exhibit larger attitudinal change, com-
pared to those in the View conditions (View-Text and View-
Visualization). This is because seeing the accuracy of one’s
beliefs can induce a debiasing effect, by highlighting poten-
tially skewed predictions. Comparing beliefs and data may
serve as a form of rhetoric, causing participants (especially
those with outlying beliefs) to feel ‘pressured’ to align their
views with the narrative.

H2 — We expect prior specification to induce larger attitude
change among participants who view a visualization (Predict-
Visualization), compared to those who view a textual represen-
tation (Predict-Text). This is because feedback on the accuracy
of beliefs are probably more salient when presented graphi-
cally as opposed to textually [34]. This in turn could cause
more participants to reflect on discrepancies between beliefs
and data, possibly persuading them to align with the author’s
narrative.

H3 — We expect visualizations to be more persuasive than
text. We hypothesize that participants in the visual medium
will exhibit larger attitude change relative to those who view
the data as text. This hypothesis is based off earlier studies
comparing textual vs. visualized data, which generally found
the latter to be more ‘informative’ [23] or persuasive [52].

The above predictions represent extrapolation of earlier re-
sults [52, 34]. However, we seek to test these predictions in a
new communicative context: data-driven narratives that deal
with provocative and potentially polarizing topics. Therefore,
while we initially expect the above hypotheses to be borne
out, it is possible for the context to significantly change (e.g.,
diminish) the effects sought. Therefore, in addition to testing
our predictions, we also aim to quantify the relative impact
of the main two factors (prior specification and representa-
tion medium). As a secondary objective, we aim to provide
qualitative insights on how participants engage, whether cog-
nitively or affectively, with the data-content and argumentative
elements of the narrative.

Quantitative Results

We first analyze attitude change from the pre- to the post-
narrative survey. We then explore participants’ open-ended
responses. !

Attitudinal Change

A Shapiro-Wilk test indicates the resulting change scores are
normally distributed (p = 0.1). We first confirm whether par-
ticipants internalized the contents of the experience. T-tests

IData from this study is available at: https://osf.io/2u95t/
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Figure 4. Attitudinal change by condition. Each dot represents one par-
ticipant. Diamonds depict group average (4 bootstrapped 95% Cls)

confirm that all four conditions (independently) produce pos-
itive, non-zero attitude change (p < 0.001, with Bonferroni
correction).

We employ a 2 x 2 ANOVA model to test the impact of
the two factors on attitude change. The first factor denotes
the Interaction technique (with two levels, Predict or View)
whereas the second denotes the data representation Medium
(Visualization or Text). Figure 4 shows the resulting atti-
tude change in the four experimental conditions. We did
not find a significant main effect of Interaction technique
(F(1,156) =0.751, p = 0.3876). Participants who were asked
to first predict the data exhibited similar net attitude change
(mean change: 5.61 Likert points, CI: [4.23, 6.92]) relative to
those who immediately saw the data with no opportunity to
specify priors (mean: 4.79, CI: [3.55, 6.07]).

We found a significant main effect of Medium (F(1,156) =
3.944, p < 0.05). Participants who saw the supporting data
as visualizations demonstrated higher alignment with the au-
thor’s message (mean: 6.12, CI: [4.84, 7.49]) than those
who viewed the same data as text (mean: 3.05, CI: [3.05,
5.48]). We did not detect interaction between the two fac-
tors (F(1,156) = 0.999,p = 0.319). The results can be ex-
plained by independently considering the effects of Interaction
technique (non-significant) and data representation Medium
(significant). Figure 5 shows averages for the two main factors.

Effect Sizes

We complement the above analysis with estimations of effect
sizes. We compute Cohen’s d to understand the potential
extent of attitude change for the two factors, as well as within
the Medium factor. Figure 6 illustrates the resulting effect
sizes. The top two estimates represent the main effects of
representation Medium (Visualization vs. Text) and Interaction
technique (Predict vs. View), respectively. Visualizing the data
component of the narrative is likely to have a moderate effect
on persuasion (estimated effect size: 0.314, CI: [0, 0.628]), but
the effect can be as high as medium or as low as to be almost
negligible. On the other hand, eliciting priors and providing
feedback on belief accuracy appears to have a very small effect
on attitude change (est: 0.136, CI:[—0.177, 0.448]), but with
a potentially moderate-to-medium effect on the upper end.

Lastly, we analyzed the impact of prediction in Visualization
and in Text separately. The bottom two estimates in Figure 6
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Figure 5. Average attitudinal change by Interaction Technique (left) and
Medium (+ 95% Cls)

show the effect of specifying priors vs. immediate viewing of
data in visualizations (second to bottom estimate), and in text
(bottom). Confidence intervals for these latter two estimates
were adjusted for multiple comparisons. Prediction in visual-
ization has a potentially small effect (est: 0.281, CI: [—0.232,
0.795]). However, there appears to be a large variation in how
individuals are affected by visualizing priors. Therefore, the
effect is likely to be small and potentially unreliable at the
population level. In 7ext, however, prediction appears to have
a negligible impact on attitude (est: —0.022, CI: [—0.533,
0.489]), while allowing for a wide margin of outcomes.

Overall, results show that visualization is a moderately more
persuasive medium. Encoding data graphically, as opposed to
textually, should result in moderately higher attitude change.
By comparison, the impact of prior specification, wherein peo-
ple are asked to predict what the data might show before seeing
it, should yield only a very small communicative impact.

Qualitative Results

We examined the thought processes of participants by ana-
lyzing their qualitative reflections. Throughout the narrative,
participants were prompted to respond to each data displays
(8 in total) with open-ended textual entries. These responses
contained explanations of participants’ understanding of the
data, as well as reflections on gaps between the data and their
expectations. In analyzing these responses, our goal was to
shed light on how participants interacted with the narrative,
and on the cognitive or affective processes they drew upon
to update their attitude. Altogether, we obtained 1,280 open-
ended responses, which we segmented [71] and coded using
inductive thematic analysis [10]. We grouped like responses

Persuasion

rsmall | medium

Main | Visualization vs. Text —
effects Predict vs. View ——0-1—
Visualization— Predict vs. View e 3
Text—Predict vs. View . ‘
-05 0 02 05

Figure 6. Effect sizes (Cohen’s d) for the main effects (top two estimates),
and for the effect of prediction separately under visualization and text
(£ 95% ClIs, corrected for multiple comparisons).
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Figure 7. Frequency of the nine qualitative themes broken down by con-
dition.

until themes began to emerge, and iteratively revised our cod-
ing scheme. We ultimately identified nine recurring codes
which we further organized under four distinct themes: Data
Cognition, Learning and Recall, Mental Model Discrepancy,
and lastly Doubt and Prejudice. We discuss these four emerg-
ing themes and provide examples from the study. Figure 7
shows code frequency across the four experimental conditions.

Data Cognition

The responses frequently contained evidence of data cognition
mechanisms at work. This includes instances where the par-
ticipant would explicitly Reference Visual or Textual Data
(62) or, less frequently, Compare Data they had encountered
in the narrative (52). For example, when textually predict-
ing the number of opioid prescriptions in Indiana, Participant
#374 compared their prediction to the real data: “based on
the previous data that was provided, I thought the answer was
109 active painkiller prescriptions for 100 people. However,
the number for 2017 is 74 and is less than the current 109.”

Additionally, we came across instances of Deriving New Data
(46). Here, a participant would start from the data provided
in the narrative, and use that data to compute new quanti-
tative information. For example, when asked about newly
diagnosed cases of HIV, P243 explained their knowledge of
HIV transmission and then used quantitative data from the
narrative to calculate the difference between different trans-
missions methods. “The data shows that 32% of the newly
diagnosed HIV patients probably shared a needle... I thought
sexual transmission would not have been 68% of the cases.” It
seems that data-cognition processes were frequently invoked
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by participants to either highlight or generate new quantita-
tive ‘evidence’. This evidence was then used to support their
explanation or to provide rationale for their prediction.

Learning and Recall

We frequently found comments where participants would ex-
plicitly indicate they had learned something new from the nar-
rative, or had their existing knowledge corrected. This code
identified as Acquiring Knowledge had the highest frequency
(461) and revolved around specific cases of self-identified
learning. In one case, P270 was asked to reflect on the crimi-
nal justice topic, specifically how an opioid treatment program
impacts drug related crimes in a community. “I learned that
having an opioid treatment facility in your community does not
increase drug related crime in the area.” Similarity, P364 used
new knowledge to correct an existing notion they had about
HIV transmission: “the percentage of HIV was lower than I
thought... Ithought needles [compared to sexual transmission]
would have been a higher percentage.” Learning occurred con-
sistently across the four experimental conditions, but appeared
to happen more frequently in the two Visualization conditions.

Responses also seemed to contain evidence of Recalling Data,
where a participant would recite quantitative information they
had encountered earlier in the narrative (244). Recalled data
was often used to justify predictions or to generate new in-
ferences. For example, P247 explained their prediction by
recalling a previously presented statistic on the number of
HIV infections attributed to drug use: “I thought sharing nee-
dles was the number one reason HIV was being spread [but]
32% suggests that while sharing needles is a problem, HIV
is still likely to be spread by other means.” Speculatively,
recalled data may provide a kind of rationale for participants
to change their beliefs, or, at minimum, appears to indicate
acceptance of the narrative information as a valid source of
data to base one’s prediction off of.

Surprise and Mental Model Mismatch

Participants frequently exhibited surprise at the data pre-
sented, suggesting that the data did not fit their existing be-
liefs. A Mental Model Mismatch was noted consistently
throughout the conditions, but with a notably higher rate in the
Predict-Visualization condition (see Figure 7). This response
also represented the second most frequently recurring code
(309) after Acquired Knowledge. In one example, a partic-
ipant expressed surprised at the lack of correlation between
Indiana’s rate of prescription painkillers with its presumed
lower economic status: “/Prescription rates] is different than
what I thought, because I would have thought it would be
higher due to the poor economy in Indiana” (P322). Another
participant stated their surprise at a statistic indicating that all
patients undergoing formal substance use treatment would had
been medically diagnosed with substance use disorder: “I did
not realize that [opioid use disorder] would be 100% of people
receiving treatment. I would not have thought this definition
applied to everyone in treatment” (P364).

In addition to expressing general surprise, participants at-
tended to specific Quantitative Gaps between their expec-
tation and the data (21). For example, P300 discussed the
gap between their prediction of opioid use disorder diagnoses
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and those diagnosed in treatment. “I knew it would be a high
percentage [of persons receiving treatment and who are med-
ically diagnosed], but I did not realize it would be 100%. [
think the gap is just my lack of knowledge.” In this example
we see the recognition of a knowledge gap and a willingness
on the part of the participant to reconcile their knowledge with
the narrative information presented.

Doubt and Prejudice

There were relatively few instances of participants expressing
Doubt (43) and questioning the veracity of the data. For in-
stance, P428 disputed our data on the relationship between
crimes and drug treatment centers: “I don’t agree with it. It
says there is no relationship between opioid programs and
crime, however many years of firsthand experience tell me
otherwise.” We also came across a significant number of com-
ments that might indicate Prejudice against a certain group of
people (66), such as HIV patients: “[HIV rates] not too sur-
prising, HIV is a disease for self-destructive people” (P386).

DISCUSSION

It is often argued that the value of visualizations lies in their
ability to compel viewers to see the unexpected [14, 15]. This
is not only advantageous in exploratory settings, but can also
be highly useful in communicative visualizations, especially
when authors address contentious issues. Viewers are likely to
bring pre-existing notions when viewing such visualizations,
and some of these beliefs may be unfounded. Eliciting prior
beliefs from viewers and visualizing those beliefs alongside
data can, in theory, prompt deeper reflection onto potential bi-
ases and misconceptions. To test this hypothesis, we measured
how much viewers update their attitude after viewing a data-
driven narrative on the US opioid epidemic. We tested four
different ways of presenting the supportive data, including the
use of textual or graphical representations, and interactions
that prompt participants to externalize their beliefs prior to
revealing data, or that simply show the data immediately. We
measured attitude change using a pre-validated survey instru-
ment [76], and analyzed qualitative responses provided by
participants throughout the experience.

Attitude Change in Provocative Topics

We first hypothesized that eliciting prior expectations (e.g.,
about the incidence of drug-related crimes around treatment
centers), and giving participants feedback on the accuracy of
those expectations, would result in higher persuasion. The
rationale is that articulating predictions and then seeing those
predictions alongside actual data would serve to highlight
flaws in one’s beliefs, prompting self-correction. Results show
that prior elicitation does not have a significant effect on atti-
tude change. Specifically, participants who first predicted the
data (whether graphically of textually) where no more likely
to register a positive change in our survey than those who sim-
ply viewed the data. The effect of prediction was estimated
to be very small (Cohen’s d = 0.136). Thus, we do not find
sufficient evidence to support H1.

We then investigated whether the impact of prediction is more
pronounced in visualizations, compared to textual representa-
tions (H2). We found no significant evidence of such interac-

Paper 758

CHI 2020, April 25-30, 2020, Honolulu, HI, USA

tion. However, prediction in the visual modality may have a
small positive effect over prediction in text (d = 0.281). Yet,
variations in attitude change among participants was high, lead-
ing to wide confidence intervals (CI for d=[—0.533, 0.489]).
We thus find no sufficient evidence to support H2.

These results are somewhat surprising; earlier work suggests
that the kind of interactions we tested (e.g., graphical pre-
diction) should improve people’s memories of data [34]. In
particular, our experimental setup and elicitation method was
similar to a study by Kim et al. [34]. This includes asking par-
ticipants to specify predictions, providing feedback on the ac-
curacy of those predictions, highlighting gaps between beliefs
and the real numbers, and finally prompting reflection with
self-explanation. Furthermore, all of our conditions where
informationally equivalent, providing the same narrative while
only varying the manner in which participants saw and/or in-
teracted with the supporting data. Yet, our study does not
demonstrate a significant persuasion advantage to incorpo-
rating one’s predictions in visualizations (or in textual repre-
sentations, for that matter). It is worthy to note that all tested
conditions proved effective at swaying participants towards the
message of the narrative. On average, participants responded
with positive change in their perceptions of the relationship
between public safety and drug treatment centers, and the ef-
fectiveness of harm reduction programs. However, the extent
of attitude change was largely unimpacted when participants
shared their prior knowledge, and saw their beliefs contrasted
with empirical data.

One potential factor to these non-significant results is the rel-
atively large variation among individuals, which may reflect
differences in willingness to changing belief. In particular,
there appears to be a wide distribution of attitude change
scores (see Figure 4). This is expected, considering that indi-
vidual differences play an important (yet not fully understood)
role in how people reason with visualizations [19, 79, 51].
Differences in background, for instance, may shape the de-
gree to which people trust depictions of data [54, 46] and,
perhaps, the extent to which they draw upon such artifacts to
update personal beliefs. It is possible that individual differ-
ences played a larger role in dictating persuasion, more so than
the specific interaction mechanism. Another possible reason is
that collecting open-ended reflections from participants may,
in and of itself, prompt self-correction and debiasing. All
four conditions we tested included prompts for participants
to rephrase data in their own words. This may have provided
sufficient grounds for attitude change, possibly overwhelming
any otherwise smaller persuasion effects.

Visualization vs. Text

We predicted visualization to produce greater attitude change
than text (H3). Results indeed support this hypothesis, repli-
cating earlier findings [52]. However, whereas Pandey et al
specifically avoided “polarizing” topics, our study extends that
work by showing a similar “persuasive power” for visualiza-
tions over text in provocative narratives. There are several
reasons why a visualization can be more persuasive than text.
For one, graphics can be more salient than sentential repre-
sentations [41]. The patterns contained in visualizations are
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more readily available to viewers’ cognitive processes, which
leaves more time for mental integration and reflection. Ad-
ditionally, and perhaps controversially, visualizations may in
and of themselves lend more credibility to data because of
their association with science [67]. It may be that surface qual-
ities of data graphics, as opposed to their comprehensibility,
make them more (or less) convincing [43]. Overall, the results
suggest that visualization are more persuasive than equiva-
lent textual representations, even when the data is steeped in
controversial or possibly polarizing issues.

Another noteworthy observation is a reduction in the num-
ber of comments that could be deemed prejudicial (coded as
Prejudice), when viewing visualizations as opposed to text.
We specifically used this code when we came across deroga-
tory expression toward an issue or a population. Although we
encountered such sentiments in each experimental condition
and within every one of our three themes, prejudice was more
frequently associated with the Text conditions. It is unclear
why textual data is more conducive to prejudicial comments.
However, it is possible for visualizations to invite a more
rational engagement with data [23] or summon scientific cred-
ibility [33, 67]. This in turn may inhibit reactionary impulses
that might otherwise surface when one’s beliefs are challenged.
We note that this prejudice pattern was found through an ex-
ploratory analysis, so further confirmatory evidence would be
needed to corroborate.

Learning vs. Believing

Participants’ reflections suggest that prior elicitation (espe-
cially visually) can change the quality of the experience. Par-
ticipants who graphically predicted the data had the highest
frequency of codes indicating knowledge acquisition and data
cognition (see Figure 7). Of particular interest are codes asso-
ciated with learning and recall (Acquiring Knowledge, Recall-
ing Data) and surprise (Mental Model Mismatch, Quantitative
Gaps). Comments of participants in Predict-Visualization sug-
gested increased awareness of misconceptions or knowledge
gaps held. Their reflections also indicated a greater number
of new facts learned. For example, we observed 145 instances
of acquired knowledge and 100 reflections on mismatches be-
tween one’s mental model and the information presented. The
frequency of these codes in Predict-Visualization generally
surpassed the other three conditions. View-Visualization came
in second overall in the frequency of learning-relevant codes.

Overall, the increased incidence of learning and data cognition
in Predict-Visualization did not translate to greater attitude
change, as measured quantitatively. It is therefore perhaps
necessary —especially in provocative narratives especially— to
distinguish between learning and persuasion. Although acquir-
ing new facts or even correcting existing information can be
necessary first steps, those may not be sufficient to changing
one’s beliefs about an issue, particularly a contentious one.
This tautology is sometimes overlooked, but figures centrally
in discourse about ‘wicked problems’ [66]. For example, a
study on climate change perception showed that one’s sub-
jective attitude towards meat was associated with willingness
to curtail meat consumption, whereas knowledge about the
impact of meat production was not [72]. Similarly, our study
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shows that it may be possible to increase learning and reflec-
tion by contextualizing people’s prior beliefs in visualizations.
However, the extra gain in knowledge may not necessarily
persuade people to change their attitudes. Visualization au-
thors should therefore attempt to address two distinct facets
to persuasion: informing and changing beliefs. While the
visualization literature appears to conflate these two facets,
addressing them may require distinct design strategies, along
with different evaluation metrics. Future work should attempt
to tease out these differences.

LIMITATIONS AND FUTURE WORK

There are a number of limitations to our study that should
be contextualized when interpreting the findings. First, we
limited recruitment to subjects who are residents of the US, so
as to maximize topic relevance. While subjects had a variety of
educational backgrounds, it is uncertain if this crowd-sourced
sample is representative of the broader population. Moreover,
individuals may also exhibit varying levels of willingness to
changing their views and attitudes. Future work could try to
address this aspect, for instance, by measuring personality
traits that are correlated with adaptability to new ideas.

The specific topic may also play a role in shaping the results.
Our goal in spotlighting the opioid epidemic is to expose a con-
temporary public concern that is riddled with misconceptions
and stigma. It would not be surprising for a different topic to
yield different results, such as larger (or smaller) attitudinal
change. Future studies could focus on the contentiousness of
the topic as a factor.

CONCLUSION

Narrative visualization is a popular style of data-driven sto-
rytelling. We investigated ways for increasing reader engage-
ment with this medium, especially when exposing provocative
topics. Specifically, we evaluated whether asking people to
specify their prior beliefs, and giving them feedback on the ac-
curacy of those beliefs, can increase persuasion. Results indi-
cate that prior elicitation has a likely minimal (non-significant)
effect on persuasion. Participants were no more likely to
change their attitude when asked to predict the data before-
hand, than if they had simply viewed that data. However,
consistent with earlier studies, we see qualitative evidence of
increased learning and data cognition among the former group.
The results, on the other hand, confirm that visualizations are
generally more persuasive than equivalent textual represen-
tations, and extend those findings to include visualizations
about potentially polarizing issues. Our findings suggest that
designers should regard informing and belief changing as po-
tentially separate outcomes of interacting with visualizations.
The results also call for additional research on how to better
persuade audience with narrative visualizations.
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