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Abstract— Interaction is increasingly integrating into data stories to support data exploration and explanation. Interaction can also be
combined with the narrative device, breaking the fourth wall (BTFW), to build a deeper connection between readers and data stories.
BTFW interaction directly addresses readers by requiring their input. Such user input is then integrated into the narrative or visuals of
data stories to encourage readers to inspect the stories more closely. In this work, we explore the design patterns of BTFW interaction
commonly used in data stories. Six design patterns were identified through the analysis of 58 high-quality data stories collected from
a range of online sources. Specifically, the data stories were categorized using a coding framework, including the input of BTFW
interaction provided by readers and the output of BTFW interaction generated by data stories to respond to the input. To explore the
benefits as well as concerns of using BTFW interaction, we conducted a three-session user study including the reading, interview,
and recall sessions. The results of our user study suggested that BTFW interaction has a positive impact on self-story connection,
user engagement, and information recall. We also discussed design implications to address the possible negative effects on the
interactivity-comprehensibility balance, information privacy, and the learning curve of interaction brought by BTFW interaction.

Index Terms—Interaction, data-driven storytelling, narrative devices

1 INTRODUCTION

Data stories, as a communication medium, are increasingly integrating
interaction to support exploring their essential elements: data, narrative,
and visuals [30, 45, 67]. Various interaction techniques such as details-
on-demand and hover highlighting [63] are leveraged by these data
stories to improve the reading experience and facilitate data understand-
ing. Interestingly, recent years have witnessed an emerging interactive
approach to data stories, which requires input from readers. Notable
examples include the Bloomberg article called “Find out if your job
will be automated” [11] which allows a reader to search by his or her
occupation and The New York Times article called “You draw it” [70]
which enables a reader to draw his or her guess of a trendline on a chart.
A key design idea in these stories is combining interaction with the
narrative device, breaking the fourth wall (BTFW). Originating from
theater, the fourth wall is an imaginary wall that separates actors from
the audience, while the other three walls frame the scene [6]. To break
the fourth wall, plays, television shows, and movies usually acknowl-
edge the existence of the audience and speak to them directly. In data
stories, the fourth wall convention also exists and can be flipped around
through BTFW interaction, which directly addresses readers and asks
for input related to themselves (e.g., type in your personal information,
draw your expectation of data). Such user input is transformed into
data and then incorporated into the narrative or visuals of stories to help
establish a deeper connection between readers and stories [3].

In the visualization community, interaction for data-driven story-
telling has received increasing interest. Prior research has sought to
understand the effects of interaction designed to support data explo-
ration and explanation. For example, McKenna et al. [49] compared
data stories to be displayed with a step- and scroll-based navigation
but did not find a significant difference in engagement between the two
types of navigation input. Feng et al. [32] investigated the text-based
search functionality of narrative visualization and found that this form
of interaction can encourage user engagement and support information-
seeking goals. Kim et al. [40] developed multiple elicitation techniques
that incorporate users’ prior knowledge in interaction (e.g., predict-only,
predict-explain) and found that such interaction improves recall of data
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values. The aforementioned work explored specific interaction tech-
niques and has laid a solid foundation for understanding them. However,
the role of interaction that helps build reader connections to data stories
has been largely overlooked.

To fill the gap, our work explores BTFW interaction in data stories
and its common design patterns by following three complementary
methods. First, we conducted a series of interviews with five data story
experts to understand the benefits as well as challenges of applying
BTFW interaction to data stories. Second, we collected a corpus of
58 data stories that leverage BTFW interaction, from a range of online
sources. We then identified six design patterns of BTFW interaction,
which were derived by coding i) the input of BTFW interaction provided
by readers and ii) the output of BTFW interaction generated by data
stories that responds to such input. Third, we conducted a user study
with 109 participants to link user attitudes to those of the storytellers
in the expert interviews. Qualitative feedback from the user study sug-
gested that BTFW interaction has the potential to help build self-story
connection, augment user engagement, and improve information recall.
Also, concerns about the interactivity-comprehensibility balance, infor-
mation privacy, and the learning curve of interaction were also raised
when using BTFW interaction. The corpus, the design patterns, and the
additional details of our user study can be accessed at our explorer of
BTFW interaction, https://idvxlab.com/btfwinteraction/.

2 RELATED WORK

To motivate our research, we review the literature on interaction for
data visualization, interaction for data-driven storytelling, and breaking
the fourth wall.

2.1 Interaction for Data Visualization
During the past decades, the ability of understanding data through vi-
sualizations has been augmented with the design and development of
interaction techniques [29, 73]. To better understand the role of interac-
tion in visualization, prior research has categorized interactions from
different perspectives [34, 62, 77]. For example, Yi et al. [77] proposed
seven general categories of interaction which were organized around
users’ intent when interacting with a visualization system, namely,
Select, Explore, Reconfigure, Encode, Abstract/Elaborate, Filter, and
Connect. Sedig and Parsons [62] synthesized 32 interactive actions in
a framework of complex cognitive activities, and these actions were
divided into two categories, including Unipolar and Bipolar.

Following-up studies [16,59,61] have further enriched the classifica-
tion of interaction with the context information of interaction, which
can bring the classification greater value in practice. For example,
Roth [59] developed a taxonomy of interaction based on map visual-
ization and deconstructed interaction into two primitives: objectives
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which include user goals and interaction operands, and operators which
involve enabling operators and work operators. Aiming to fill the gap
of lacking distinction between the ends and means of a visualization
task, Brehmer and Munzner [16] introduced a multi-level typology that
can distinguish why and how a visualization task is performed, as well
as what the task inputs and outputs are. The aforementioned work has
greatly deepened the understanding of interaction, however, a funda-
mental question remains unclear: what is the consensual definition of
interaction in data visualization? To answer this question, Dimara and
Perin [29] synthesized an inclusive view of interaction and classified
interactions into three categories: data actions, perceptualization data
actions, and non-data actions. Our reading of the aforementioned work
provides an initial understanding of the taxonomies of interaction for
data visualization. Specifically, our work focuses on interaction for
data-driven storytelling rather than visual analysis.

2.2 Interaction for Data-driven Storytelling
Data-driven storytelling is an increasingly adopted method that uses
visualization as a storytelling form to communicate data insights [45].
Early in the development of data stories, researchers have noticed the
important role that interaction can play. When Segel and Heer [63]
first proposed the concept of narrative visualization, interactivity was
set as a fundamental dimension of the design space. This dimension
includes seven common interactions such as hover, filtering, and nav-
igation. Their design space of narrative visualization has also been
reflected and extended in recent years due to the rapid development of
interaction. For example, Stolper et al. [66] identified and described
storytelling techniques that were used in newly emerged data stories.
These techniques were classified into four categories, including commu-
nicating narrative and explaining data, linking separated story elements,
enhancing structure and navigation, and providing controlled explo-
ration. Wang et al. [73] developed a design space of interaction for
data comics, which describes interactions by a trigger, results in vi-
sual effects that can affect panel content, and/or panel layout around a
particular communication goal.

Interaction can also provide direct benefits to story readers, includ-
ing deepening the comprehension and recall of information, eliciting
deeper reflection, and augmenting levels of engagement [40, 58, 78].
Specifically, Hohman et al. [36] identified five unique affordances
of interactive articles, namely, connecting people and data, making
systems playful, prompting self-reflection, personalizing reading, and
reducing cognitive load. Some researchers have looked into the effects
of a specific interaction technique on the reading experience of data
stories [32, 35]. For example, Feng et al. [32] found that the search
functionality can influence readers’ information-seeking goals and alter
the way readers engage with data. Compared with interaction for data
visualization, interaction for data-driven storytelling is somehow in its
infancy. To the best of our knowledge, no works have systematically
explored the design space of interaction for data-driven storytelling.
Also, the role and effects of many widely used interaction techniques
have not been fully understood yet. Thus, our work attempts to under-
stand the interaction that is used to break the fourth wall of data stories
and explore the possible benefits of such interaction.

2.3 Breaking the Forth Wall
The fourth wall is a notion first proposed by Denis Diderot in the 18th-
century theater [9, 17, 26]. In theatrical performance, the fourth wall
is an imagined, invisible wall between actors and the audience. While
the audience can see through this wall, the actors cannot, thus, are not
aware of the existence of the audience [72, 75]. Nowadays, the fourth
wall has become a well-established convention followed by various
mediums, such as theater, cinema, and literature.

Breaking the fourth wall (BTFW) is when the fourth wall convention
is violated in performance. To achieve the goal of BTFW, various
strategies have been adopted and they can be divided into two categories
based on mediums. For mediums such as films and television shows,
BTFW usually takes the form of a one-way expression by the character
to the audience, due to the separation of the performance recording
and spectating [19]. Specifically, the two most common strategies

include directly addressing the audience [5, 21, 72] and using camera
techniques [50, 51] such as having actors look at the camera straightly
to establish eye contact with the audience and utilizing close-ups to
promote a sense of physical proximity. In literature, a frequently used
strategy is metafiction, in which characters show their awareness that
they are fictitious being [74]. A well-known example of BTFW is
Jane Eyre [18] and the most famous line in the novel says, “reader,
I married him.” The other category involves mediums such as live
theater and video games, BTFW often takes the form of back-and-forth
interactions between characters and the audience/players [9,22,25]. For
both categories, using BTFW is believed to help create a entertaining
atmosphere [4], strengthen involvement [5,13], and elicit empathy [19].

As an established and accepted theory, BTFW has been drawn on in
many fields (e.g., archaeology [27], education [68], psychology [56]).
However, it has received limited attention in the community of visu-
alization. In one case, Bach et al. [6] suggested that BTFW can be
used as a narrative design pattern to frame data-driven storytelling and
trigger affective responses. Instead, we investigated how to achieve
BTFW in data stories by directly “speaking” to readers through interac-
tion. To the best of our knowledge, our work systematically explores
the combination of BTFW interaction and data-driven storytelling for
the first time.

3 PRELIMINARY STUDY

To understand how BTFW interaction has been leveraged by storytellers
in practice, we conducted a series of semi-structured interviews with
five domain experts. Our goal is to gain insights into the following
issues: (i) the motivations for applying BTFW interaction to data stories
and (ii) the potential challenges arising from using BTFW interaction.

3.1 Interviews with Domain Experts
We recruited domain experts by publishing an invitation poster on social
media platforms and word of mouth. To understand perspectives from
both academia and industry, we finally invited three data journalists E1
(six years’ experience), E2 (six years’ experience), E3 (seven years’
experience) from news agencies, and two data visualization researchers
E4 (seven years’ experience), E5 (six years’ experience) from research
labs. We introduced the concept of BTFW interaction to the experts
and all of them reported that they are experienced in applying it to
designing data stories. In their past practice, the experts sometimes
collected basic personal information for their data stories such as age
and residential address. The experts considered the collection of data
as a means of helping create personalized stories. They decided to use
such interaction because, for certain topics, the content of the story can
vary from person to person, and a generalized description will reduce
the degree of personalization. “For stories that focus on personal health,
I need the user’s information to rate and advise him on his health status”
(E2). In addition, they applied such interaction to show the gap between
facts and public perception. “It reminds readers that their perception
of a good body may be opposed to the standard” (E3).

Each interview was conducted online and included two sessions. In
the first session, we introduced our research topic and the concept of
BTFW interaction to the interviewees, We also showed them examples
of data stories that use BTFW interaction and encouraged them to
share such data stories created by their own. After the interviewees
indicated that they were clear about the topic and the concept, we
started the second session. We asked them a set of interview questions
such as “what type of BTFW interaction did you use in your data
story?”, “why did you add BTFW interaction to your data story?”,
and “what challenges did you face when using BTFW interaction?”.
Each interview lasted about 40 minutes and was audio-recorded for
subsequent analysis.

3.2 Analysis and Findings
To analyze the qualitative data collected from the interviews, we tran-
scribed the audio recordings and then coded the data based on our
two research questions following the thematic analysis process [15].
Specifically, two researchers first independently read through all the
transcriptions and highlighted the comments related to the questions.
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Next, we independently generated codes from the highlighted com-
ments and then grouped similar codes until reaching a saturation point.
Finally, we met for two sessions to compare our codes, group similar
codes, and discuss mismatches until we reached a 100% agreement on
the final themes.

Motivations. Three themes emerged as possible benefits of apply-
ing BTFW interaction to data stories.

Build a self-story connection. All of the participants mentioned that
applying BTFW interaction is an effective method to build a connection
between a reader and a data story. This benefit arises because BTFW
interaction offers a way to “put yourself in the story”. For example,
E3 said that “when discussing serious topics such as well-being and
environment, it can be difficult for readers to relate themselves to the
topics. However, with this type of interaction, readers’ data can be
integrated into the narrative and they’ll feel more connected to the
stories”. E5 agreed that “through this interaction, the connection
between the content of a story and a reader’s personal experiences is
strengthened and the reader’s identification with the core message of
the story can be evoked”. E4 complemented that “using this interaction
feels like I’m creating my own data story”.

Augment user engagement. Another theme mentioned by all of the
participants is that BTFW interaction serves as a storytelling device
for attracting attention and augmenting engagement. Both E2 and E5
mentioned that “the inclusion of such interaction can arouse readers’
interest, elicit their emotions, trigger their desire to share and discuss,
and even induce their willingness to act.”. Similarly, E4 stated that
“statistics can be bored or even cold sometimes, adding interaction to
break the fourth wall helps interest the reader in consuming the data
and enticing them to inspect it more closely”. On the other hand, E1,
E2, and E3 explained this benefit in terms of “playfulness” provided by
interaction. Specifically, E1 said “compared to other types of interac-
tion, it allows for more initiative; it encourages readers to try and play
and motivates them to explore the data in greater depth”.

Improve information recall. Three participants (E1, E3, E5) men-
tioned that applying BTFW interaction can improve information recall.
For example, E1 stated that “information related to personal data is
more likely to stick in memory”. E5 said that “compared to simply
browsing text, readers become more active when interacting with data
and visualization, which can leave a lasting impression”. E3 comple-
mented that “inputting individual facts and opinions can create a sense
of participation. Such information can be easily recalled afterward”.

Challenges Three themes emerged as the challenges of applying
BTFW interaction to data stories.

Information privacy concerns. Four participants (E1, E2, E3, E4)
mentioned that readers’ concerns about personal privacy may reduce
their willingness to use BTFW interaction. E2 commented that “typing
in personal data feels like self-disclosure for readers, and they are likely
to be concerned about whether this action will lead to any additional
consequences beyond contributing to story reading”. E3 complemented
that “for some readers, data such as weight, age, and gender are quite
sensitive and they are not always willing to disclose them. To protect
their privacy, they may simply give up reading, or may enter false data
to test the result”. E1 added that “storytellers have an obligation to
inform and explain how the information entered by readers is going to
be used”.

The balance between interactivity and comprehensibility. Three
participants (E1, E2, E5) mentioned that using BTFW interaction may
disrupt the balance between the interactivity and comprehensibility of
data stories: “readers may not always have a strong desire to explore
and interpret on their own, especially for simple topics. They may prefer
to read concise and ‘easy to digest’ stories; unnecessary interactions
can be a barrier to effective reading”(E2), “the key task in crafting a
data story is conveying its core idea determined by its author. However,
if a reader is immersed in the world of self that was found in the story,
the author’s core idea may be ignored”(E5).

The learning curve of interaction Four experts (E2, E3, E4, E5)
noted that readers may be intimidated by the steep learning curve of
interaction. “The mechanisms of this interaction can be complex some-

times, and if readers have difficulty figuring it out in a short time they
will simply skip it. It’s even more challenging when reading on mo-
bile devices becomes more prevalent”, said E5. E2 complemented,
“learning how to use this interaction will increase the cognitive load of
readers compared to more basic and common interactions like hover
and scroll; this is also the cost of novelty and playfulness”. E3 added
that “when applying such interactions to my stories, I will try to mini-
mize the learning cost for readers by giving them clear guidelines or
deconstructing the interaction into multiple sub-steps”.

4 CODING FRAMEWORK AND DESIGN PATTERNS

Interaction can be used to break the fourth wall of data stories by
directly addressing readers and requiring their input concerning them-
selves. To explore BTFW interaction, we first collected and analyzed a
corpus of 58 data stories. Then, we derived a set of design patterns of
BTFW interaction from the coding of our corpus.

4.1 Methodology
We analyzed BTFW interaction in a two-step methodology. First, we
collected a corpus of data stories that use BTFW interaction. Then,
we constructed a coding framework that integrates interdisciplinary
knowledge to identify BTFW interaction patterns.

4.1.1 Data Collection
To collect a corpus of high-quality data stories leveraging BTFW in-
teraction, we started with the data story corpora generated by previous
studies [36, 43, 49, 63, 66, 67]. After merging these corpora and remov-
ing duplicates, we obtained 358 data stories and successfully retrieved
250 of them from the internet. These data stories were collected from
well-known sources (e.g., New York Times, Washington Post), rec-
ommended by domain experts (e.g., experienced data journalists and
visualization designers), or popular among readers (e.g., winners of
the Sigma Awards, opinionated lists of best visualizations). Next, we
filtered out 160 data stories that are non-interactive, which use only
scrolling and stepping for navigation [49]. Following the methodology
by [2, 44, 64], we then searched for additional samples by survey-
ing news agencies famous for data stories (e.g., The New York Times,
FiveThirtyEight) and authoritative data visualization awards (e.g., Infor-
mation is Beautiful, The Sigma Award). For example, we first located
related columns on these platforms such as The Upshot in The New
York Times and then searched for news articles with keywords such as
“interactive article” and “interactive infographic”. After that, we com-
plemented 176 additional interactive data stories. Finally, we checked

Fig. 1. Frequency of the 58 data stories about (a) year and (b) subject.
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Fig. 2. Coding of an example data story entitled What if all Covid-19 deaths in Brazil happened in your neighborhood [48]. Screenshots from the
story are associated with the corresponding narrative category [2]. The description of each screenshot says, (a) “Enter your address in Brazil”, (b) “A
week later, on March 24, another 46 people had died due to Covid-19 in Brazil. Again, let’s pretend they lived in your neighborhood.” (c) “Let’s
imagine that they all lived around you: everyone in this circle would have died. It has a radius of 10.2km, centered on your location.” and (d) “In real
life, Covid-19 deaths aren’t clustered in a single place. Now, the map shows where the 407,092 Brazilians that died due to the disease actually lived.”

these interactive data stories to ensure that each of them is data-driven
and uses BTFW interaction. Specifically, we set three criteria to man-
date that the stories (i) present arguments or facts supported by data, (ii)
include at least one data visualization, and (iii) address readers directly
and require their input. As a result, we identified 58 out of 266 data
stories to constitute our final corpus. The 58 data stories were produced
from 2013 to 2021 and their subjects range from sociology to space
science, as shown in Fig. 1.

4.1.2 Coding Framework
After data collection, we coded the corpus from two aspects using the
method of close reading [20]: (i) what is the input of BTFW interaction
and (ii) what is the output of BTFW interaction that responds to the
input. The two-dimensional framework mirrors a key concept of inter-
action in Human-Computer Interaction (HCI) [37] and visualization
literature [29], which considers interaction as dialogue. By using the
metaphor of dialogue, interaction is viewed as a cycle of communica-
tion between a user and an interactive system, in which actions from
the user and reactions from the system can be both perceived [29]. Sim-
ilarly, our coding framework models BTFW interaction as a dialogue
between readers and interactive data stories. In such a dialogue, we
considered the actions from readers as the input of BTFW interaction
while the reactions from stories as the output.

For (i), we analyzed the input of BTFW interaction (the actions from
readers) through the lens of the data–information–knowledge–wisdom
(DIKW) hierarchy [1, 60], which is a widely recognized theory that
originated from the field of information management. Specifically, the
hierarchy explains how the human mind moves data up to higher levels
by progressive organization; first comes data, next are information
and knowledge, and finally comes wisdom. We think that the input
of BTFW interaction from readers also goes up in the higher levels of
the hierarchy, from data to wisdom. Thus, we categorized the input of
BTFW interaction as follows,
• Data. Data is a recording of a fact situated in a specific context. It

is often unorganized and unprocessed. For example, “input your
address to see the medical condition nearby” is input of data as it
simply asks for a geographic location, which is a fact.

• Information. Information is data processed and organized for a
purpose, adding value to the understanding of a subject. For example,
“how do you protect yourself from Covid-19?” asks input of informa-
tion as readers need to review their daily routine and then choose the
answer from options such as “wear a mask”, “get vaccinated”, and
“avoid crowds”.

• Knowledge. Knowledge is information merged with expert expe-
rience and skills, resulting in a valuable asset that can be used to
support decision-making. For example, “draw your prediction of the
epidemic trend of Covid-19 in New York” asks input of knowledge
as readers make predictions by reasoning about the information of
historical trends.

• Wisdom. Wisdom is the accumulation of knowledge, allowing peo-
ple to apply what they learned from one domain to solve new prob-
lems. “Develop a reasonable and effective plan to stop the spread

of Covid-19 in New York” requires the input of wisdom as readers
need to synthesize their knowledge such as medicine and public
administration to provide a solution.
For (ii), we coded the output of BTFW interaction (the reactions from

stories) by analyzing how it integrates the input into the narrative or
visuals of stories. To do this, we used the narrative structure developed
by Amini et al. [2]. This narrative structure, based on Freytag’s
Pyramid [33] and Cohn’s narrative grammar [23], is used to classify the
sequences of data videos regarding their role in the narrative, including
Establisher, Initial, Peak, and Release (EIPR). Inspired by the EIPR
structure, we classified the output of BTFW interaction as follows,
• Establisher. Establisher sets the context for a data story to introduce

the topic and raise interest. For example, in “What if all Covid-
19 deaths in Brazil happened in your neighborhood?” [48], the
Establisher displayed in Fig. 2 (a) sets up the data story by requiring
readers to “enter your address in Brazil”, attracting their attention
and quickly transitioning to the Initial.

Fig. 3. Our framework to code BTFW interaction in the 58 data stories
in our corpus. Input (DIKW) is represented as the x-axis while output
(EIPR) is represented as the y-axis. Each data story is illustrated as a dot.
Dots are grouped into a cluster as they share common characteristics
and thus form a design pattern. The details of each data story can be
found in our explorer, https://idvxlab.com/btfwinteraction/
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• Initial. Initial lays the foundation for the upcoming tension of the
story. Fig. 2 (b) shows the Initial which illustrates the increasing
number of deaths by Covid-19, leading to the Peak.

• Peak. Peak reveals the climax of tension, that is, the major insights
of the story. Fig. 2 (c) shows the Peak, where the major insight, the
number of deaths nationwide, is revealed. The number is visualized
as a circle on the map centered on the readers’ location, answering
the question asked at the beginning of the story.

• Release. Release shows the aftermath of the Peak, providing addi-
tional information around the major insight. Fig. 2 (d) illustrates the
Release which complements additional information about the Peak
such as the distribution of deaths in the whole country.
Based on the coding framework, two researchers independently

coded the corpus. We met for three sessions to compare our codes and
discuss mismatches until we reached a 100% consensus. Fig. 3 shows
the final codes of the samples in our corpus. Specifically, the x-axis
represents input (DIKW) while the y-axis represents output (EIPR).
Each sample in our corpus is visualized as a dot with a unique ID and
is placed in the grid according to its input and output. A sample is
colored in yellow if it uses multiple BTFW interaction techniques and
can be classified into more than one category. After coding, we found
that these samples can be grouped into clusters (colored in blue), where
samples share similar characteristics and constitute a design pattern.
Based on the observation, we identified six design patterns of BTFW
interaction (C1-C6) that are commonly used in data stories. The next
subsection explains these design patterns in detail and relates them back
to the samples in our corpus.

4.2 Design Patterns
A design pattern fills one cluster in Fig. 3 and is further defined by a
name, a description, an example, and an abstract illustration, as shown
in Fig. 4. In the following, we describe the identified design pattern
from C1 to C6 (left-right, down-top in Fig. 3).

Fig. 4. The design patterns of BTFW interaction, marked as C1-C6. The
output of BTFW interaction is labeled as E (Establisher), I (Initial), P
(Peak), and R (Release) on the left of each design pattern.

Golden Hook (C1). Using Golden Hook, a data story is started with
the Establisher based on readers’ personal data or knowledge. This
design pattern can only be found at the beginning of the story and is
used to help readers quickly understand the topic of a story. Much like
a fish gets hooked by bait, Golden Hook attempts to captivate readers
and make them want to read more. For example, at the Establisher of
“Here’s every total solar eclipse happening in your lifetime“ [46], the
story asks for readers’ birth year, then calculates the number of total
solar eclipses in readers’ lifetime and visualizes the path of each eclipse.
Although the results may be surprising to readers, the story does not
explain the reason but goes on to introduce the formation principle of
total solar eclipse. Although the visualization of user input is no longer
referred to at the Initial or Peak of the story, it helps reveal unexpected
findings and increases curiosity from readers. Here, we merged inputs
of data and knowledge, as the data stories using these two levels of
input share similar characteristics in forms and serve a specific purpose,
that is, attracting readers’ attention quickly and motivating them to find
explanations in the following story.

Kaleidoscope (C2). Kaleidoscope is used at the Initial of a data
story, where supporting facts are provided to reveal deeper insights.
This design pattern requires readers’ personal data as a supplement to
the supporting facts and then presents the data as personalized visual-
ization. It serves the intent of persuading by delivering more convinc-
ing arguments backed with data provided by readers. Different from
Golden Hook (C1) that visualizes user input to grab their attention,
Kaleidoscope uses the data from readers directly to help reveal the core
message. In this way, readers are effectively engaged in the process
of reasoning and are more likely to support the arguments presented
by the storytellers. For example, “Why we’re experiencing so many
unusually hot summer nights” [10] first introduces that people are expe-
riencing unusually hot summer nights and then encourages readers to
look up their cities. Next, the temperature distribution of the summer
night in the reader’s city is visualized and presented. by observing the
visualization, the reader now understands that in his city, more nights
are abnormally hot, which foreshadows the major insight that will be
explained in the Peak: global warming.

Simulator (C3). Simulator uses visualization as the input interface
for exploration in the Initial of a data story. Specifically, the visualiza-
tion models a fact or a theory and exposes parameters that readers can
manipulate to change the behavior of the simulation. By making a series
of decisions, readers can learn the fact or the theory by “experiencing”
it themselves. In contrast to Kaleidoscope (C2), Simulator strengthens
arguments by encouraging readers to use trial and error rather than
directly presenting the outcome to them. In this way, this pattern en-
gages readers in the exploration and discovery of the arguments that
are not explicated by the storytellers. For example, “Should prison
sentences be based on crimes that haven’t been committed yet?” [7]
first explains the dilemma of awarding parole. Then, it instructs readers
to set cutoffs for the risk categories of offenders. After multiple at-
tempts, readers learn through “play” that even the best risk assessments
yield probabilities, not certainties; parole-eligible prisoners who are
mistakenly labeled as “low risk” can be awarded but probably reoffend
in the future.

Spotlight (C4). Spotlight is applied at the Peak of a data story,
where the major insight is shared with readers. With this pattern, the
major insight is presented as a visualization, usually in a form of a map,
to encourage readers to explore. Specifically, the visualization asks
for readers’ addresses and highlights the data points related to them.
Compared to Kaleidoscope (C2) which uses personalized visualization,
Spotlight provides an overview first and then allows readers to zoom in
to obtain a closer view of interest. Moreover, Spotlight is commonly
used in data stories around serious topics such as well-being and envi-
ronment to support readers in relating individual lives to society. For
example, to introduce the opioid crisis in America, “How many pain
pills went to your pharmacy?” [31] presents a map to show the number
of opioid pills that were handled by pharmacies across the country. On
the map, readers can search for their address to find how many pills
were shipped to nearby pharmacies, acquiring a deeper understanding
that they are in the midst of the opioid crisis.
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Magic Mirror (C5). Magic Mirror is used at the Peak of a data
story and can produce the most personalized story among all the design
patterns. Stories combined with this pattern usually take the form of a
quiz or a calculator, integrating readers’ data or information into the
communication of a highly customized major insight. Different from
Spotlight (C4) which focuses on series topics, Magic Mirror is often
used to support discussion on topics about individual lives such as
health and housing. This pattern helps reflect “who you are” and more
importantly, provides personalized advice to improve one’s current
situation. For example, “BMI and obesity: where are you on the UK fat
scale?” [8] first introduces that the majority of adults are overweight in
the UK. Then, it requires readers’ personal data such as weight and age
to calculate one’s body mass index (BMI). In the calculated result, in
addition to their BMI, readers learn how they compared with the rest
of the nation and get tips from health experts on how to improve their
health conditions.

Touchstone (C6) Touchstone helps reveal the major insight in the
Peak of a data story by prompting readers to make a guess. Before
showing the actual data, Touchstone asks readers to predict it based
on their knowledge. Then, readers are shown the visualization of the
actual data against their prediction. Meanwhile, visual and textual
annotations are added to the visualization to emphasize the difference
between readers’ guesses and the actual data. In this way, readers
are more likely to reflect on the gap and be impressed with the major
insight. This design pattern serves as a “touchstone”, by which the
understanding of a fact or a concept can be tested. For example, “You
draw it: how family income predicts children’s college chances” [70]
first raises a question about how likely is it that children who grow up
in poor and rich families go to college. Then, it asks readers to draw
their guess for this question on a blank chart. After that, the reality is
revealed and compared with readers’ answers.

4.3 Design Patterns Observations

In addition to the six design patterns, we also derived two additional
findings by observing the distribution of the samples in our corpus,
marked as O1-O4 (colored in pink) in Fig. 3.

The first finding is about the two vertical clusters, O1 and O2. Data
stories in O1 and O2 use BTFW interaction in all the narrative cat-
egories of the EIPR structures while data stories in C1-C6 integrate
BTFW interaction into one narrative category. Specifically, O1 usually
requires readers to input personal data at the very beginning and provide
highly personalized content throughout the stories. For example, “What
if all Covid-19 deaths in Brazil happened in your neighborhood?” [48]
(Fig. 2) is an exemplar of O1, which describes the pandemic related to
individuals from the beginning to the end. When compared to C1, C2,
C4, and C5, O1 offers a more immersive reading experience. However,
due to its high level of personalization, O1 is limited in relying heavily
on narrative messaging to provide observations and explanations about
insights. Similarly, stories in O2 are highly personalized but based
on readers’ input of wisdom rather than data. These stories usually
take the form of news games [12], which construct simulation models
where readers can manipulate parameters to make choices throughout
the stories. Readers’ decisions can have a significant impact on the
current narrative as well as the ending. For example, in the news game,
“People of the pandemic” [53], readers are required to make a series
of decisions on how frequently people leave their homes each week
during the pandemic while the final goal is to save as many lives as
possible. With news games, storytellers can bring entertainment to
readers and communicate insights through “try and play” similar to C3
and C6. On the other side of the coin, O2 is usually limited in allowing
core messages to be explicated due to its high interactivity.

In addition to O1 and O2, stories in O3 also use BTFW interaction
in more than one narrative category of the EIPR structure. Similar to
C1 and C6, O3 generates personalized narrative or visualization based
on user input of knowledge. However, O3 also reveals how readers
perform when compared to other people in the Release, where solution
and next steps are usually recommended. For example, “You draw
it: how family income predicts children’s college chances” (C6) [70]
also shows if one’s guess is more or less common when compared

to others at the end. Such social comparison can result in a better
assessment of oneself and thus promote a deeper self-reflection. Given
its characteristics, O3 can be used to “callback” the input previously
required by the story to surprise readers.

The second finding is about the central axis (O4) of our framework,
as shown in Fig. 3. When analyzing the clusters on the right of the
central axis, we found that they are characterized by establishing criteria
for evaluating user input (Knowledge and Wisdom). For example, C3
estimates the behaviors of the simulation by telling readers if they
achieve the goal set by the storytellers. C6 evaluates readers’ guesses
by showing the gap between their prediction and reality. O2 assesses
readers’ decision-making by showing if a story has a “happy ending”
while O3 assesses readers’ knowledge about a fact or a theory by
comparing it to that of other people. The reason is that all these patterns
tend to promote self-explanation and self-reflection among readers.
On the other hand, clusters on the left of the central axis focus on
visualizing instead of evaluating user input (Data and Information).
They are characterized by providing readers with personalized data
facts, resulting in a better connection between readers and stories.

5 USER STUDY

After identifying the six design patterns of BTFW interaction, we con-
ducted a user study to understand its benefits and concerns. The goal is
to link user attitudes to those of the storytellers in the expert interviews
and see if these were aligned. Specifically, we were interested in (i)
the benefits of using BTFW interaction, including self-story connec-
tion, user engagement, and information recall, and (ii) the concerns of
using BTFW interaction, including information privacy, the balance
between interactivity and comprehensibility, and the learning curve of
interaction. Our study mainly focused on collecting and analyzing the
qualitative responses from the participants while the quantitative results
are available online, https://idvxlab.com/btfwinteraction/.

5.1 Stimuli

In the user study, we compare data stories leveraging BTFW interaction
with a non-interactive data story, as shown in Fig. 5. Specifically,
six data stories were selected from our corpus, one for each of the
design patterns of BTFW interaction (C1-C6). We also mandated
that all of the data stories are on pandemic-related topics to provide
situations where the participants are likely to have shared knowledge or
expectations of the domain. For example, C1 asks for readers’ personal
data and suggests their position in the vaccine line at the beginning of
the story. C4 requires readers’ addresses to see the capacity of hospitals
nearby them. C6 invites readers to guess how much prices have risen
for common grocery items during the pandemic. We were unable to
find a pandemic-related data story employing the Magic Mirror (C5)
technique. As an alternative, we selected the data story, “How you
will die” [76], whose health-related topic is the most related to the
pandemic in our corpus. We also included one non-interactive data
story about Covid-19 (C0). Although without interactivity, it breaks the
fourth wall through the narrative by addressing readers directly such
as “the risk of encountering a COVID-19-infected person at YOUR
small, intimate gathering was about 82 percent”. The seven data stories
(C0-C6) constitute the stimuli for our study.

5.2 Participants

To estimate the appropriate sample size, we first performed a power
analysis in one-way ANOVA based on our pilot study. We achieved 0.8
power under α = 0.05 with 42 participants per condition, resulting in
at least 108 participants in total. Then, we recruited 109 participants
(55 females) by posting advertisements on social platforms. The par-
ticipants ranged in age from 21 to 50 (M = 24.54, SD = 3.15). The
majority of them received Master’s degrees or above (Bachelor’s de-
gree: 25 (22.9%), Master’s degree or above: 84 (77.1%)) and varied in
educational backgrounds (e.g., design, computer science, electrical en-
gineering, business administration). The breakdown of their expertise
in visualization is as follows: novice: 36 (33.0%), advanced beginner:
41 (37.6%), competent: 17 (15.6%), proficient: 11 (10.1%), expert:
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Fig. 5. Seven data stories about Covid-19 collected for C0 (Why even a small thanksgiving is dangerous [41]), C1 (Find your place in the vaccine
line [69]), C2 (What are the vaccine roadblocks where you live? [38]), C3 (Without a vaccine, herd immunity won’t save us [57], C4 (How full are
hospital I.C.U.s near you? [24]), C5 (How you will die [76]), and C6 (Guess how much prices on 11 common grocery items have risen in one
year [28]), and used as the stimuli in our user study.

4 (3.7%). The participants also have different cultural backgrounds,
including China: 84 (77.1%) and the United States: 25 (22.9%).

5.3 Task and Procedure
The user study consists of three sessions: the reading session, the inter-
view session, and the recall session. Before the study, we sent emails
to our participants to ask about their willingness to take part in the
interview session. As a result, 26 out of the 109 participants responded
positively. In the reading session, we started with a 10-minute introduc-
tion explaining the goal of our study to the participants and obtaining
their consent to audio recording. Also, the participants were instructed
to provide their demographic information such as age, gender, and edu-
cational background. Then, they were presented with two interactive
data stories chosen from our stimuli and the non-interactive data story
(C0), one at a time. We ensured that each of C1-C6 was read by at
least 36 participants. The order of the three stories was randomized to
avoid confounding effects. After the participants finished reading and
exploring a story, they were asked to rate it using a questionnaire that
measures the design patterns from four aspects, including self-story
connection, user engagement, information recall, and the balance be-
tween interactivity and comprehensibility. When all three data stories
had been read, we started the interview session. We conducted a semi-
structured interview with the participants to learn about their reading
experiences and the reasons for ratings. The reading and interview
sessions lasted about 45 minutes and 30 minutes, respectively.

Two weeks after the interview session, we sent emails again to invite
our participants to complete the recall session. 18 participants accepted
our invitation. At the beginning of the recall session, to activate their
memory about the three stories they had read, the participants were
asked to retell the details of each story as much as possible. After that,
we asked several questions like “Do you remember any specific data in
these stories?”, “What is the input and output of BTFW interaction?”,
and “What are the insights revealed in these stories?”. Each participant
finished the recall task in about 15 minutes.

6 RESULTS AND ANALYSIS

After the user study, we collected the quantitative data from the 109
questionnaires and transcribed the qualitative data from the interviews
and the recall session with the participants. The qualitative data were
analyzed using thematic analysis and seven themes emerged. In the
following, we described the seven themes to understand the participants’
thoughts, comments, and suggestions.

Self-Story Connection and Engagement Based on the quan-
titative analysis, we can observe that using BTFW interaction in data
stories results in stronger self-story connection and engagement among
readers when compared to C0. With the help of the personalized visual-
ization and narrative, the participants could find the connection between
the story and themselves and thus become more engaged in reading
(e.g., “I felt that C4 is quite close to my daily life, as its narrative
was organized around my address.” (P13), “When I realized that the
following narrative could lead me to understand my personalized visu-
alization in-depth, I felt very curious and was eager to read it.” (P7),
“By breaking the fourth wall, you create more intimacy between the
storytellers and the audience, and it helps strengthen their relationship.”
(P2)). In addition, we observe that user input from different categories
of the DIKW hierarchy appeals to the participants in different ways.
For data and information, address-related input can especially engage
readers in the story (e.g., “compared to C5, which asked me to enter
my gender and age, C2 asked me to enter my address, which made
me feel more relevant to the story” (P9)). When asked about the input
of knowledge, the participants found it brings enjoyment as it usually
comes up with the form of examination (e.g., “I was surprised that
I could get seven questions right in C6, it gave me a strong sense of
accomplishment” (P4), “Guessing the price was like playing a game
and I was always looking forward to the next level” (P2)). For stories
that require the input of wisdom, many participants attributed the sense
of connection primarily to their in-depth thinking when attempting
to follow the storyteller’s core idea. For example, P27 noted, “while
adjusting the parameters in C3, I referred to my daily experiences and
carefully decided the value for each parameter. I was highly immersed
in this process as if I were controlling the world in the story”.

Information Recall In general, the participants’ memory of the
stories faded a lot after two weeks. The topic of interactive data stories
left a deeper impression on the participants than the non-interactive
story. Most of the participants remembered the topic of C1-C6 clearly
(e.g., “it’s about the cause of death in different age groups” (P19)). By
contrast, 27.8% of the participants almost completely forgot C0 (e.g., “I
thought I only read two stories” (P12)). For the participants who still
remembered C0, they could also retell the major insight of it (e.g., “it
told us small gathering is also dangerous during the pandemic” (P18)).
In terms of C0-C6, what the participants remembered was not only the
major insight. Many participants mentioned several minor points that
they gained from their observations of the interactions (e.g., “raising
the value of R0 is the most effective way to get a sharp curve of infected

This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2022.3209409

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on October 13,2022 at 07:26:59 UTC from IEEE Xplore.  Restrictions apply. 



population” (P1)). Besides, in most cases, the participants remembered
the required input of BTFW interaction clearly (e.g., “I could adjust
the value of R0, the death rate, and immunity duration of a fiction virus”
(P4)), as well as the form of the output (e.g., “it is a map visualizing
the hospital capacity” (P17)). We also observed that none of the partic-
ipants remembered specific data values in the stories, but many of them
could roughly retell the result of the interaction (e.g., “I find my place
in the vaccine line a little forward from the middle” (P16)).

Story Preference When asked about which story was their fa-
vorite, most of the participants chose stories with BTFW interaction
and their reasons vary, including learning important facts (e.g., “know-
ing the capacity of the hospital around me may save my life in the
emergency” (P8)), feeling immersed into the narrative (e.g., “I was
absorbed in the plot and empathized with the storyteller” (P2)), and
having great enjoyment (e.g., “the interaction reminds me one of my
favorite video games” (P1)). However, some participants mentioned
that interactive data stories were not their favorites because they some-
times felt confused during interaction (e.g., “the authors do not provide
guidance clear enough, I can learn nothing from the story” (P16)). This
feedback is in line with our findings from the preliminary study that
when inappropriately designed, interaction may hinder comprehensi-
bility. In addition, the participants preferred interactive stories as the
stimuli that were most relevant to themselves. The sense of relevance
is mainly from the personalized narrative or visualization (e.g., “C0 is
for everyone, but I feel that the comic of the vaccine line in C1 was
exclusively designed for me” (P25)). More than half of the participants
chose the story most related to themselves as their favorite story. Also,
in 30.8% of the cases, C0 was chosen as the most related story. These
participants explained that they chose C0 mainly because of its topic
(e.g., “small gathering is one of the most common daily activities in my
life, it happens much more frequently than vaccination” (P15)).

The Role of BTFW Interaction We also found that most of the
participants roughly classified the role of BTFW interaction into three
narrative categories, namely beginning, middle, and ending (e.g., “all
these stories followed the typical three-phase syllogism, and I felt
the interaction made different contributions to each phase” (P26)).
When asked about which narrative category was the most ideal one
for integrating BTFW interaction, all of the three categories were
mentioned by the participants. 10 out of 26 participants valued an
inspiring beginning most (e.g., “readers’ interest should be raised
as early as possible” (P3)), some believed BTFW interaction can be
most effective only with an adequate introduction and explanation
(e.g., “I could not fully understand the interaction without a clear
context” (P12), “I wish to interact with the climax of the story and
see my personal data turns out to be” (P10)), while a few participants
mentioned they hoped to experience BTFW interaction at the end of
a data story (e.g., “I could make the most use of the interaction after I
learned what’s going on” (P18), “if the storyteller could integrate his
conclusion with the visualization result of my data produced in former
stages, I could have a deeper understanding of the story” (P24)).

Information Privacy and Reading Experience For most of the
participants, in order to get personalized stories, the potential privacy
risk of BTFW interaction was acceptable (e.g., “It sounds fair to me if
I can make this story really relevant to myself by providing some less
critical personal information” (P7)). On the other hand, for several
participants, the willingness to interact decreased due to their concerns
about information privacy. Specifically, the degree of concern is related
to the type of required input. For example, the participants were more
sensitive if data stories require data and information as input, such as
age (e.g., “It feels like being asked how old I am by strangers in real
life and it’s offensive to me.” (P12)) and address (e.g., “Address is the
critical information for my personal security, and I do not want to take
the risk of it being used for other purposes.” (P18)). However, such
a concern can be alleviated if the storytellers provide more detailed
explanations, as noted by P13, “at the beginning of the story, I was
asked to fill in my age, address, and occupation without any explanation.
Now I was reluctant to do so but I think more contextual information
would help. When involving the input of knowledge and wisdom, the

participants usually felt less concerned about the risk of information
privacy. Rather they often had an enthusiasm to participate in the
interaction to “test” their knowledge or wisdom (e.g., “I was happy
when I guessed several questions correctly, it shows I have a keen eye
for what is happening around me” (P11)).

Interactivity-Comprehensibility Balance The distribution of the
ratings suggested that for C1-C6, the balance between interactivity and
comprehensibility is kept well. Specifically, the six patterns signifi-
cantly improved the interactivity of data stories while did not hinder
readers from understanding the stories. Overall, more than half of the
participants said that the interactivity empowered by BTFW interaction
helps them to learn the storytellers’ messages through the lens of their
personal experience (e.g., “Based on the address I entered, the system
analyzed the vaccine situation in my location from different dimensions,
which gave me a better understanding of the reasons for the current
vaccine shortage” (P11)). Besides, the participants appreciated the
ability to freely explore the story given by BTFW interaction, such as
details on demand and zoom. In this way, they were able to learn more
data insights of interest. For example, P15 said, “what I really need
to learn is the capacity of the hospitals around me rather than in the
entire city, so I can have a clear view about the health care resource
accessible to me”. As for comprehensibility, although C1-C6 were all
considered easier to understand than C0, C6 was relatively the least
comprehensible one. Some participants explained that it was because
C6 fails to provide adequate explanation beyond the interaction, which
left barriers for readers to understand the content (e.g., “I was hoping
to learn the reason for the price change, however, the author ended the
story without any explanation after I answered all the questions” (P2)).

The Learning Curve of Interaction In terms of the challenge
concerning the learning curve on interaction mentioned by the experts
in our preliminary study, the participants experienced a relatively flat
learning curve when interacting with C1-C6. This finding may be
related to two reasons: on the one hand, the overall age of the partic-
ipants is relatively young and they generally have a lot of experience
interacting with digital media (e.g., “The interactions in these cases
are used frequently in my daily life, so I was able to understand the
interaction rules set by the storyteller” (P9), “When I saw the slider bar
I knew that it could be used to adjust the value of R0 immediately even
before I understood what does R0 mean” (P16)); On the other hand,
we intentionally selected stories with intuitive interaction design as
stimuli, such as click and scrolling. For example, P7 commented, “the
interaction techniques applied in these stories are quite fundamental,
and I have used interaction techniques with much more complex mech-
anisms.” Also, how interaction is designed can affect the steepness of
the learning curve, e.g., if its perceived affordance was intuitive, and if
it provides timely feedback on user input. For example, P21 said, “C3
provides clear visual cues of interaction, which can be performed via
three steps: it first allows me to adjust the parameters, then it starts cal-
culating the values, and the final step presents the visualization of the
results. During the interaction, it was clear to me what I was supposed
to do at each step.” while P19 noted, “one story only shows the results
of my input on the second half of the article. When interacting with it
at the beginning, I thought I encountered a bug since it did not respond
to my input in real-time.” However, several participants complained
about the difficulty they met in manipulating C5,“I mistook the bar
chart which indicates the percentage of the cause of death for a slider.
I tried to slide it but failed many times, I’m really frustrated.” (P14).

In summary, the qualitative analysis of the participants’ responses
suggested that BTFW interaction can effectively augment self-story
connection, user engagement, and information recall, which are in line
with the findings derived in the expert interviews. However, contrary to
what the experts expected, only a few participants mentioned that they
had concerns about using BTFW interaction, including information
privacy, interactivity-comprehensibility balance, and the learning curve
of interaction. The reason may be that we carefully selected the stimuli
for our user study. We will discuss how to address these concerns in
the following section.
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7 DISCUSSION

In this section, we discuss design implications about BTFW interaction
derived from the analysis of our corpus and the observation of our user
study. We also discuss the limitations of our current work.

7.1 Possibilities for Designing BTFW Interaction
According to the coding of our corpus and the result of the user study,
we observed three possibilities for designing BTFW interaction. The
first design implication is the Establisher’s superiority over other narra-
tive categories in integrating with BTFW interaction according to the
results of our user study. The main reason may be that it is easier to
build readers’ connections at the beginning of stories. Therefore, we
suggest that for storytellers who attempt to design BTFW interaction
for their data stories, embedding its output in the Establisher is a good
choice to consider.

Second, it is important to encourage various input modalities of
BTFW interaction. The existing input modalities found in our corpus
mainly use mouse-based interaction, including selecting, typing, slid-
ing, and drawing. The input modality can have a profound impact on
the reading experience. For example, after exploring “You draw it” [70],
one participant (P27) commented that “drawing is quite a novel interac-
tion technique for data stories, and its high degree of freedom promoted
me to get greater enjoyment”. We suggest that more modalities such
as speech-based interaction can be integrated into data stories. For
example, through natural language interaction, readers can use flexible
expressions (e.g., “Days I exercised for more than 10 minutes”) to
explore data [39]. In addition, input taking the form of speech can
reflect more characteristics such as affective prosody (e.g., changes in
pitch, loudness, and speech rate) in readers.

Third, it is promising to explore more possibilities focusing on the
blank cells in our framework that are untouched by BTFW interaction
(Fig. 3). For example, no stories in our corpus are found to use BTFW
interaction that requires readers’ knowledge and responds to it in the
Initial. As we have explained in Section 4, combinations of input
and output in different levels can have various impacts on the reading
experience. Thus, exploring the blank cells in our framework may
lead us to find potential benefits of BTFW interaction such as evoking
affective responses or motivating action.

7.2 Challenges for Designing BTFW Interaction
To address the challenges proposed in both the preliminary study and
the user study, we also derived three design implications. First, to
address privacy concerns, we suggest using fuzzy input instead of exact
input. In our corpus, a few interactive data stories employ such a
strategy. Using fuzzy input allows readers to get personalized content
while blurring their personal information. For example, in “Should
prison sentences be based on crimes that haven’t been committed
yet?” [7], readers can choose their age groups (e.g., <25, 25-44, and
45+) rather than inputting their exact ages. In “How many pain pills
went to your pharmacy?” [31], readers can search for the name of
nearby pharmacy stations rather than the exact residential address to
check the situation around.

Second, we look at the longstanding debate on whether or not to
integrate interaction into data stories [71] through the lens of BTFW.
Thus, we suggested that adding an appropriate level of interactivity to
data stories can improve the reading experience of data stories. For
example, simple interaction techniques such as text-based search [32]
and sketch-based prediction [40] provide an intuitive method to explore
and explain data. Considering the upcoming trend of consuming data
stories in immersive devices [55, 65], we believe that interaction will
increasingly play a more important role in telling stories with data in
the future.

The third suggestion is to ease the learning curve of BTFW inter-
action by following the widely recognized principle in HCI, affor-
dance [52], which describes the relationship between what an object
looks like and how it is used. While designing BTFW interaction,
storytellers can use various visual cues to imply that an interaction is
possible. For example, adding a mark that attracts attention to the inter-
active area to suggest it can be clicked [14]. In interactive data stories,

managing affordances is critical, users often perceive possible actions
based on the properties of interface or visualization elements. Using
incorrect visual cues can hinder user experience and lead to frustration.

7.3 Limitations and Future Work

There are several limitations of our work. First, the six design patterns
of BTFW interaction are derived from the analysis of our corpus consist-
ing of 58 data stories. As the corpus is not exhaustive nor representative
of the field, the design patterns are considered as an initial step toward
understanding interaction in data stories. Therefore, we encourage nar-
rative visualization professionals and practitioners to expand the corpus
and explore more BTFW interactions by referring to our framework.
Second, when selecting stimuli for our user study, we used one spe-
cific example data story from each design pattern as its representative.
Thus, it is difficult to draw a generalizable conclusion from the Likert
ratings of individual point examples from our corpus. Also, our study
stimuli are constrained to the topics of Covid-19. Covid-19 is a global
event that concerns everyone’s life. This is the reason why most of the
participants can connect to this topic even without the promotion from
BTFW interaction. A follow-up study could examine topics that are not
directly relevant to readers, such as the origin of the universe, to gain
a deeper understanding of what benefits can BTFW interaction bring.
Also, in five out of seven stimuli, their data are mainly about the United
States. The measurement of self-story connection and engagement can
be affected if the data itself does not have any connection with the
participants who are not from the US. Thus, to further understand the
use of BTFW interaction, future studies can use stimuli that focus on
less culture-related topics. Third, the participants we recruited are all
relatively well-educated. Considering the relationship between educa-
tion level and visualization literacy [54], further work that focuses on
user groups with different educational backgrounds can be conducted.

Our future work plans to explore more possibilities of combining
BTFW with data-driven storytelling. Our current work focuses on
BTFW that directly addresses the audience. However, BTFW can also
be achieved by having characters in a fictional story recognize their
own fictitious existence. A common example is pulling back the camera
in a sitcom and allowing the audience to see the walls that contain the
scene. In this sense, the equivalent of data-driven storytelling would
be a data story explaining the construction of specific visualizations
(e.g., What’s so hard about histograms? [47]), which are usually hidden
from readers. Another example that calls attention to the artificiality
of the medium is when an actor is corpsing, that is, he or she breaks
character during a scene by laughing or forgetting their lines. Similarly,
such corpsing happens to data stories if glitches in visualizations are
exposed to readers, due to bugs or bit rot (e.g., The bits are rotting in
the state of data journalism [42]).

8 CONCLUSION

This paper introduces the concept of breaking the fourth wall (BTFW)
in the context of data-driven storytelling and explores different design
patterns of BTFW interaction. The results of our user study suggested
that BTFW interaction has the potential to enhance self-story connec-
tion, user engagement, and information recall. On the other hand,
BTFW interaction should be carefully used considering the balance be-
tween interactivity and comprehensibility, information privacy, and the
learning curve of interaction. Also, we proposed design implications to
address the possibilities as well as the challenges for designing BTFW
interaction. We consider this work as a first step toward understand-
ing interaction in data-driven storytelling through the lens of breaking
the fourth wall. We hope our findings can promote the integration
between data stories and storytelling devices for designing expressive
data stories.
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