Tell don’t just show: Explanatory narrative may improve recall more

than exploratory interactivity in communicative visualization
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Abstract— Communicative visualizations incorporating narratives and/or interactivity are commonplace. However, the relative
importance of narratives versus interactivity in improving readers’ understanding is unclear. As narratives and interactivity are broad
design strategies, for the purposes of our work we define more specific subsets of these two strategies: exploratory interactivity
(interactivity which allows user exploration of the data) and explanatory narrative (textual messaging with an author—prescribed
sequence of steps). We designed visualizations which vary in the presence or absence of exploratory interactivity and explanatory
narrative, presented them to Turkers, and measured recall of facts from the visualizations using a ten item True/False questionnaire.
We find a weak positive effect—an increase of ~10 percentage points, 95% Cl: [6.1, 14.3]—from the presence of explanatory narratives,
but likely little or no practical effect from exploratory interactivity (mean: 2.3 percentage points, 95%Cl: [-1.4, 6.0]). We argue that
explanatory narratives may better facilitate recall than exploratory interactivity in communicative visualizations. Given the expertise
required to construct exploratory interactive visualizations, the associated costs (in terms of design time or personnel) may not be
worth the likely small gain in reader understanding. We suggest that in contrast to visualization for data analysis (where exploratory
interactivity is quite powerful), for communicative visualization, explanatory narrative and other forms of interactivity (e.g., active learning
approaches) might represent better trade-offs in the design space.

Index Terms—Communicative Visualization, Narratives, Interactivity
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INTRODUCTION

Communicative visualizations, which have become widely used in data
journalism, can have many goals [36,41]. In this paper, we consider
one such goal: conveying a particular message, or knowledge, to the
reader through a visualization. To deliver an intended message to
the audience, communicative visualizations might employ two high-
level design strategies: narrative and interactivity. A narrative presents
meaningful information drawn from the data in the form of a story,
which can help readers understand data more effectively and efficiently
[11]. Interactivity allows performing operations on the data to explore
or dig deeper into the data, which can help readers make sense of the
data or form their own conclusions from the data [34, 50].

Interactivity has traditionally been considered an essential compo-
nent of information visualization, including communicative visualiza-
tions. Consider Card et al.’s definition of information visualization:
“the use of computer supported, interactive, visual representations of
abstract data to amplify cognition” [18]. Lima’s Information Visualiza-
tion Manifesto also emphasizes interactivity, giving it a section unto
itself titled “Interactivity is Key” [33]. We suspect this perspective
on interactivity stems from the field’s traditional focus on supporting
exploratory data analysis, where interactivity is vital to data exploration.
As our field expands to study communicative visualization, we should
re-examine the centrality of interactivity.

Following several years of the prevalence of “interactives” in data
journalism, we have noted a shift (at least anecdotally) back towards
static designs in communicative visualizations. Outlets such as the New
York Times or the Financial Times have started creating visualizations
with little or no interactivity [45,47]. Aisch [2] and Tse [47], prominent
data journalists, have argued that a large percentage of their readers
do not make use of interactive elements in their visualizations [2,45,
47]. These comments sparked an ongoing debate about the benefits
of interactivity in communicative visualizations [3, 10], and raise an
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important question for designers: how much does interactivity improve
readers’ understanding of a communicative visualization? !

Similar questions could be asked of the benefit of narrative. In previ-
ous work, authors have claimed that using a narrative in visualizations
should allow efficient communication of large amounts of informa-
tion [21, 49], but these potential benefits have not been investigated.
Hence, we ask: how much does narrative actually improve readers’
understanding of a communicative visualization?

Answering these questions is complicated by the fact that “narrative’
and “interactivity” are very broad design strategies. To make headway
on these broader questions, we must tear off some piece of “narrative”
and “interactivity” to study in particular. To that end, we identified
easy-to-operationalise definitions of more specific subsets of these two
strategies from the existing literature:

1

1. explanatory narrative: the presence of textual messaging and an
author-prescribed sequence of steps through the visualization

2. exploratory interactivity: the presence of interactivity that allows
the user to explore the data

We cannot (and do not) claim to study “narrative” and “interactivity”
in the broad sense; rather, by studying explanatory narrative and ex-
ploratory interactivity, we contribute some initial understanding of the
shape of this broader space. Armed with our more specific definitions,
we systematically vary the the presence or absence of explanatory nar-
rative and exploratory interactivity (2 x 2 = 4 conditions) on the ability
of visualization to convey a designer’s intended message to a reader.
Operationalising the notion of a reader’s understanding of a de-
signer’s intended message is similarly challenging. We adopt a struc-
tured approach based on techniques from the education literature: the
revised Bloom’s taxonomy [6, 12]. We use this taxonomy to develop
questions assessing a specific aspect of learning: recall of factual knowl-
edge. We conducted an online study to evaluate the effects of our four
conditions on recall of factual knowledge presented through a visu-
alization. To decrease the likelihood that our results are specific to
one visualization design, we modified four different professionally-
produced communicative visualizations, yielding 16 different designs

11t is worth noting that there may be other benefits to interactivity besides
knowledge transfer; e.g. to increase readership through engagement, or allowing
skeptical readers to inspect the data more deeply [3]. In this paper we concentrate
on how interactivity affects the ability to convey a specific message.



(presence/absence of explanatory narrative X presence/absence of ex-
ploratory interactivity X 4 base visualizations).

In a pre-registered, primary analysis, we measured the effects
of the presence or absence of explanatory narrative and exploratory
interactivity on recall (the probability of correctly answering a question
on a ten-item True/False questionnaire). We find:

* The presence of explanatory narrative resulted in higher recall. A
participant in the explanatory narrative condition was, on average,
10 percentage points (95% CI: [6.1, 14.3]) more likely to answer
a question correctly. This effect is equivalent to answering one
more question correctly on average on the ten item questionnaire.

» The presence of exploratory interactivity likely has little practical
effect on recall. A participant in the exploratory interactivity
condition was, on average, 2.3 percentage points (95% CI: [-1.4,
6.0]) more likely to answer a question correctly. The upper end
of this interval represents answering only about half a question
more correctly on average.

These results suggest that, for communicative visualizations, if the
designer’s goal is to convey an intended message to the reader, the
presence of explanatory narrative may be more effective at improving
readers’ recall of a particular message than exploratory interactivity.

While not the primary focus of this work, we also conducted two
exploratory analyses to investigate whether commonly-used metrics
of user behavior, such as time spent and number of interactions per-
formed with a visualization, can be used as proxies to measure how
well a designer’s intended message was conveyed.

Since implementing interactive visualizations across multiple de-
vices can incur significant design time and labour costs, we posit that
including complex, difficult-to-implement exploratory interactivity may
not be worth the likely small gains in readers’ learning. For journalistic
outfits—where storytelling expertise may be more readily available—
explanatory narrative may be simultaneously easier to implement and
more likely to increase recall. These trade-offs in learning and im-
plementation complexity may help explain recent trends away from
complex exploratory “interactives” in everyday data journalism.

That said, while we did not study them here, other forms of inter-
activity may represent better cost/benefit trade-offs than exploratory
interactivity: active learning approaches, for example, have been found
to improve recall [27-29]. Further work is needed to fully character-
ize the space of trade-offs in implementation complexity and benefit
to reader understanding across different types of narrative and inter-
activity in communicative visualization. Stepping back, we question
whether exploratory interactivity should be considered an essential
component of communicative visualizations, rather than a component
to be employed as and when needed.

2 BACKGROUND AND MOTIVATION

A number of slightly differing definitions of narrative and interactivity
in visualization have been put forth in the literature. We look at these
different definitions and identify easy-to-operationalize definitions that
we can use to systematically design new visualizations.

2.1

According to Bach et al. [7], there is an important distinction between
the terms story and narrative, which are often used interchangeably
in the context of communicative visualizations. A story is the set of
facts or data which is presented directly to or inferred indirectly by the
reader. On the other hand, a narrative is an author-defined sequence of
events with the goal of making facts or data clear and compelling to the
reader. In other words, a particular narrative is one of many ways of
presenting a given story to the reader.

Segel and Heer first defined a design space for visualizations which
employ a narrative, and placed them along a spectrum between reader-
driven and author-driven approaches [44]. According to them, author-
driven visualizations have little or no interactivity and rely heavily
on messaging and ordering, to form the narrative; on the other hand,

Narratives in visualization

reader-driven visualizations are highly interactive and have very little
or no messaging and ordering. They identified three commonly used
schemas on this spectrum: martini glass structure (primarily author-
driven), interactive slideshow, and drill-down story (primarily reader-
driven).

Subsequently, there have been several attempts at more precisely
defining narrative visualizations. Kosara and Mackinlay defined a narra-
tive as an ordered sequence of steps with a clearly defined path through
it. When the steps primarily consist of information visualizations, they
are termed as narrative visualizations [31]. Hullman and Diakopou-
los define narrative visualization as a style which combine persuasive,
rhetorical techniques for explanation with interaction techniques for
exploration by the user [24].

Lee et al. [32] state that a visual data story should (1) consist of a
set of facts backed up by data; (2) be visualized to support one or more
intended message, and can include annotation or narration to clearly
highlight and emphasize this message and avoid ambiguity; and (3) be
presented with a meaningful order or connection between its parts to
support the author’s high level communication goal. Although Lee et
al. use the term visual data story, it is clear that they are referring to
the genre of narrative visualization.

Bach et al. [7] identified several narrative design patterns commonly
used in communicative visualizations to create a compelling narrative.
They define narrative design patterns as: “low-level narrative devices
that serves a specific intent. It can be used individually or in combina-
tion with others to give form to a story”. These high-level strategies can
be (but are not limited to): (1) the use of long-form text, annotations,
labels etc. [32]; and (2) ordering that ties together the facts presented
to the reader [25].

In our study, we examine the effect of an author-defined narra-
tive with messaging and prescribed ordering, which we term as an
explanatory narrative. We designed versions of the same visualiza-
tion to clearly have or not have explanatory narrative. A visualization
with explanatory narrative uses short pieces of text to present insights
from the data to the reader, and uses an author-specified sequence to
present these pieces of text. This does not represent all approaches
to narrative visualization, but is one definition that is straightforward
to systematically vary. We are interested in the effect of this overall
explanatory narrative strategy (not specific narrative design patterns in
particular); thus, in our designs, a visualization which does not have a
explanatory narrative does not have any form author-specified order-
ing, messaging or interpretation of the facts / data. We include these
assumptions in our analysis to account for variance that may arise due
to different instantiations of the overall explanatory narrative approach
(see Section 4.6).

2.2

Although interactivity is commonly used in information visualization,
there have been continued efforts to define precisely what constitutes
interactivity. Some of these definitions are derived from how inter-
action techniques are defined for human—computer interaction (HCI):
“The interaction component involves the dialog between the user and
the system as the user explores the dataset to uncover insights. The
interaction component’s roots lie in the area of HCL.” [50].

Interactivity is often used to allow readers to explore, dig deeper into,
discover insights from, and make sense of data [34, 50]. According
to Yi et al., this can be categorized into the following seven types of
interactions: select, explore, reconfigure, encode, abstract/elaborate,
filter, and connect. On the other hand, Ziemkiewicz and Kosara make a
distinction between trivial and non-trivial interaction, where non-trivial
interaction facilitates active reading (allowing the reader to actively
seek information) by allowing them to make changes to the parameters
of the visual mapping [52]. We use this distinction to inform what con-
stitutes exploration through interactivity in visualization: exploratory
interactivity should only include operations the user performs on a visu-
alization to seek information, rather than merely accessing information
presented to them by the designer.

Alternatively, we consider interactions which do not change the
visual mapping in any way and do not allow the user to explore the
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Fig. 1. Design space for communicative visualization with two com-
plementary axes of explanatory narrative and exploratory interactivity.
This space is a subset of a larger space of explanation and exploration
proposed by Thudt et al. in [46].

data beyond what has already been presented to them to be trivial.
For example, some hover interactions, which fall under the category
of elaborate, are used to give more precise information about the
data already depicted in the visualization without showing additional
dimensions in the dataset. Interactivity has also been used to incorporate
active learning techniques into visualizations through tasks such as
prediction [4,27-29]. Kim et al. have found such approaches to improve
users’ recall of the data. However, in our study, we do not consider
these types of interactivity as they do not enable user exploration.

In our study, we focus on visualizations which allow the reader
to explore the data through non-trivial interactions, and term this
class of visualizations as exploratory interactive visualizations. Sim-
ilar to narrative design patterns, we do not control for the use of different
categories of interactions, and instead focus on the broader presence or
absence of exploratory interactivity. We assume that there is variance
in the application and effects of these specific techniques, which we
build into our model as random effects (Section 4.6).

2.3 Design space for communicative visualizations

Thudt et al. in [46] propose a design space for communicative visual-
izations that consists of two (potentially complementary) dimensions:
explanation and exploration. We adapt this design space to consider
two design strategies—explanatory narrative and exploratory interac-
tivity—using the definitions of each strategy established above (Fig. 1).
Our adaptation is a constrained version of the design space proposed
by Thudt et al., as we only consider specific forms of explanation (ex-
planatory narrative) and exploration (exploratory interactivity). One
could imagine, for example, explanatory interactivity, which might take
the form of active learning approaches [4,27-29]; we do not consider
such designs here.

Since our goal is to study the effect of these two visualization design
strategies, we vary the presence/absence of explanatory narrative and
exploratory interactivity to create our four conditions: no-Nar+no-Int
(baseline condition), Nar+no-Int, no-Nar+Int, and Nar+Int; which
roughly correspond to the points A, B, C, and D in Fig. 1. We describe
this design process in Section 3.

2.4 Evaluation of communicative visualizations

The goals of communicative visualizations, which target a broad group
of users and have varying usage patterns [39], can be many: memorabil-
ity, enjoyment, engagement, transfer of knowledge, etc. [36,41]. There
has been a growing body of work in information visualization that
goes beyond testing cognitive efficiency, accuracy, and other usability
goals [41] to evaluate memorability [14,15], engagement, [8,16,22] and
the ability of the user to store the data presented in memory [8, 13,22].

Bateman et al. found that the use of chart junk (or embellishments) in
visualizations can help participants perform better on long-term recall
tasks involving factual knowledge [8]. Borkin et al. found that features
such as human-recognizable objects and the use of more colors can
make a visualization more memorable and allow people to recall more

details about the visualization [14]. Haroz et al. found that participants
were able to recall data just as accurately in charts with pictographs as
in charts with simple shapes (such as bar charts) [22]. However, these
studies either used a descriptive free-recall [8,14], where participants
were asked to describe as many details about the chart as possible, or
recall of the data values from the chart [22].

Borgo et al. [13] found some evidence that visual embellishments
in static charts “can help participants better remember the information
presented in the visualization” in terms of working memory, long-
term memory and concept grasping, which involves identifying key
concepts depicted in the visualization. Borgo et al. used multiple-choice
questions to measure participants’ ability to learn facts and concepts
presented in the visualization. Based on their study design and types of
visualization used, each participant had to identify the primary concept
or piece of information that was communicated through the graph.

The studies above elicited free-recall through open-ended questions
[8, 14,22] or used multiple choice questions [13] to assess concept
grasping. We adopt a learning assessment approach from the education
literature: the revised Bloom’s taxonomy [6, 12], which provides a
mechanism to systematically assess learning. It defines two dimensions:
the knowledge dimension and the cognitive process dimension. The
knowledge dimension constitutes of different types of knowledge such
as factual and conceptual. The cognitive process dimension consists
of different sets of cognitive processes which can be used to assess
learning at a particular knowledge dimension through a corresponding
set of tasks such as recall, recognition, classification etc.

In our study, we use the revised taxonomy to devise a set of true
/ false questions to assess recall of factual knowledge from each
visualization. This allows us to measure the effect of explanatory
narrative and exploratory interactivity in a communicative visualization
on learning.

The effect of a narrative component (though not necessarily an ex-
planatory narrative as we define it) on user behavior has been previously
investigated by Boy et al. [16]. In their study, participants were pre-
sented with an exploratory interactive visualization, with or without the
presence of an introductory narrative preceding the visualization. They
measured time spent on the visualization and the number of “mean-
ingful” interactions (hover and click) with it—two behavioral metrics
commonly used to measure engagement [20]. Based on these metrics,
they found that the presence of an introductory narrative component
led to slightly more time spent on, but not in the number of interac-
tions performed with the visualization. Hence, they concluded that the
narrative component may not help increase understanding of the data.

However, an implicit assumption in Boy et al.’s study [16] is that
more exploration will lead to more understanding. While these factors
may be related, there are good reasons to believe that engagement is at
best an imperfect proxy for learning: just because a user spends time
digging through data does not mean they will find useful knowledge; in
the context of communicative visualization (where a particular story
might be important), it is even less likely that through exploration a
reader will find the (or any) story of interest. There is even potential
to backfire: for example, researchers have found users of exploratory
analytic systems to be susceptible to drawing spurious conclusions [51].

Simple engagement metrics are easy to record, but may not ade-
quately describe user behavior [20], and we lack any studies on the
validity or reliability of engagement metrics as a proxy for learning
metrics like recall. Through two exploratory analyses, we attempt to
get an initial understanding of how well metrics for measuring user
behavior can be used as proxies for learning. First, we evaluate if the
presence or absence of explanatory narrative and exploratory interac-
tivity has an effect on each user behavior metric. This is a replication
of the original study to see if our participants behave in a similar way.
Second, we calculate if metrics of user behavior are correlated with
answering questions correctly, to see if the tendency to explore leads to
greater recall of the data.

3 DESIGN OF VISUALIZATIONS

Using our operational definitions of explanatory narrative and ex-
ploratory interactivity, we developed a design process to systematically



create different variants of the same visualization that have or do not
have explanatory narrative or exploratory interactivity. We applied that
process to existing, professionally-produced visualizations in to create
stimuli for our experiment.

3.1 Selecting candidate visualizations

We first created a catalog of professionally-produced visualizations b
going through online visualization galleries, such as Visualizing.org”,
and websites of news agencies that maintain lists of visualizations
published by their graphics departments, such as The New York Times,
The Washington Post, and Bloomberg. We restricted ourselves to
professionally-produced visualizations to ensure high design quality.
We identified 40 visualizations, and identified the position of each in our
design space (Fig. 1). From this catalog, we selected four visualizations
[19,23,37,40] using the following criteria: (1) they possessed a strong
narrative component; (2) they were suitable for adaptation to the other
corners of the design space; (3) they depicted data which was readily
and publicly available for reproduction. We selected four visualizations
to increase the chance that any observed effects would be consistent
across multiple distinct visualization designs and not be specific to the
properties of one particular visualization or dataset.

3.2 Visualization re-design process

Each corner of our design space (Fig. 1) represents one condition
we want to evaluate: no-Nar+no-Int, Nar+no-Int, no-Nar+Int, and
Nar+Int. Therefore, for each of our four visualizations, we created four
design variants, one for each corner of our design space. This resulted
in 4 x 4 = 16 unique combinations of visualization type and condition.

We used a systematic design process to adapt each visualization
to each corner of the design space. We first took the visualization’s
original version and determined its position in the design space. We de-
constructed the existing components of the visualization (e.g., narrative
and interactivity components), and created paper-based mock-ups of
the visualization. Then, through an iterative design process, we took
systematic steps along one axis or the other (explanatory narrative or
exploratory interactivity) to create variants of the same design. Fig. 2
shows this high-level redesign process, and Fig. 3 shows an example of
the redesign of one of our visualizations, the Gun deaths visualization
(each visualization is described in more detail below). We designed
each version to be as consistent as possible to the original, with consis-
tent encoding and layout across each version of a visualization type.

The Nar+Int version of each visualizations used a Martini-glass
structure [44]—consisting of a narrative section, which used either
scrolling or steppers to advance the narrative, followed by an ex-
ploratory interactive section. The Nar+no-Int version consisted of
just the narrative section of the corresponding Nar+Int version. Simi-
larly, the no-Nar+Int version consisted of the exploratory interactive
section of the corresponding Nar+Int version. Finally, the no-Nar+no-
Int version had neither interactivity, messaging, nor prescribed ordering
to ensure the absence of explanatory narrative.

We implemented all 16 versions as standalone web-pages using
D3.js. Since we use recall of factual knowledge as our assessment
metric, we needed to ensure equal expressiveness: the visual encoding
of the data should express an equal amount of information for each
variant of a visualization [38]. To verify that each variant had the
same degree of expressiveness, we conducted an informal pre-test pilot
study with nine graduate students of HCI of a large public university.
We presented each student with four visualizations—one version for
each visualization type and condition—and asked them to answer the
assessment questions (a true/false questionnaire; see Section 4.3). We
made iterative changes to the design based on their feedback. We
stopped when two successive participants were able to answer all the
assessment questions correctly for each version.

Since we cannot test all visualization designs, to decrease the likeli-
hood that any findings are specific to one particular type of visualization,
we test four distinct visualizations. This helps us identify the effect of
explanatory narrative across different visualization designs and identify
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if our findings are generalizable. However, this does not imply that
we assume the effect of explanatory narrative and exploratory inter-
activity to be the same for each visualization type. Rather, by using
varying slopes and intercepts in a multilevel model, we will estimate
different effects for the presence or absence of explanatory narrative
and exploratory interactivity across the different types of visualizations,
and the variance of those effects (see Section 4.6).

3.3 The visualizations

In what follows we will briefly describe the 4 visualizations. The vi-
sualizations have been included in the supplementary materials and
require a local server to be setup. They can also be accessed here:
https://visrecall.github.io/. The contents of the website have been
anonymized for review and we do not track IPs or any visitor informa-
tion.

Gun deaths [19] explores the 30,000+ annual deaths in the United
States which are caused by gun violence using a dot matrix plot, where
each dot represents a single victim. Other information encoded includes
the type of death and demographics. The original graphic maps onto the
Nar+Int corner of our design space, using steppers to allow the reader to
advance the narrative; the final step is the interactive section, users can
explore the data using a set of filters. We create the Nar+no-Int and no-
Nar+Int versions by keeping only the respective explanatory narrative
and exploratory interactivity sections from the Nar+Int version. The
no-Nar+no-Int version is created by showing several graphs broken
down by type of death and demographic.

Carbon clock [40] is a time-series line chart visualization, depicting
atmospheric CO; trends for the past 3 years, 60 years, 12,000 years and
800,000 years. It maps onto the Nar+Int corner of the design space.
The narrative section uses “scrollytelling” (continuous scrolling where
the visualization is positionnaly fixed on the screen and the text updates
as the user scrolls); the interactive section allows users to toggle through
the views (past 3 years, 60 years, 12,000 years or 800,000 years) using
buttons. We create the Nar+no-Int and no-Nar+Int versions by keeping
only the respective explanatory narrative and exploratory interactivity
sections from the Nar+Int version. The no-Nar+no-Int version consists
of a separate graph for each time period.

Measles [23] is an animated visualization depicting how ten hypo-
thetical communities with different vaccination rates will be affected
when they come into contact with a person infected with measles. The
original visualization maps on to the no-Nar+no-Int corner and is ac-
companied by a passage describing the graphic, the assumptions made,
and the 2015 outbreak of measles in the US. We use this passage to
create an explanatory narrative for the Nar+no-Int and Nar+no-Int
conditions. We use the county-level US kindergarten MMR vaccination
rate assessment data [30] to create the exploratory interactive section
(Nar+Int and no-Nar+Int) by enabling users to change the vaccination
rate using a slider and re-run the simulation.
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Fig. 2. We use our design space (Fig. 1) to systematically adapt the
original visualizations to each of our four conditions. How this adaptation
proceeds depends on where in the design space the original version
was; see Fig. 3 for an example of the adapation process.
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Fig. 3. Adapting a visualization from its original place in the design space to other corners of the design space. Here, we show the adaptation
process for Gun deaths visualization. The original version mapped onto Nar+Int corner. We iteratively designed versions which mapped on to other
corners using the definitions of narrative and interactivity. We developed using HTML, JavaScript and D3.js

Healthcare [37] is a two axis parallel coordinate visualization which
compares the cost of healthcare along 7 different metrics to the corre-
sponding quality of care measured by 8 metrics in 35 OECD countries.
It mapped onto the no-Nar+Int corner of our design space. Users can
use two drop-down menus to change the metrics displayed along the
two axes. An introductory passage precedes the visualization and in-
troduces the reader to the data, which we use to create a explanatory
narrative for the Nar+Int and Nar+no-Int versions.

4 METHOD
4.1 Primary research questions

Through this study we attempted to answer the following, pre-
registered?, primary research questions:

1 (a) What is the effect of explanatory narrative on recall?
1 (b) What is the effect of exploratory interactivity on recall?

For both the research questions, we use the probability of an average
participant answering an average question correctly is as the dependent
measure. The primary predictors are interactivity (present or absent)
and narrative (present or absent), along with their interaction term.

4.2 Exploratory research questions

Two subsequent questions arise from our primary research question,
prompting us to conduct exploratory (non-preregistered) analyses. First,
we conduct a replication of Boy et al.’s study to evaluate if the pres-
ence of explanatory narrative or exploratory interactivity affect readers’
exploratory behavior. We investigate:

2 (a) What is the effect of the presence of explanatory narrative on
the total time spent on the visualization?

2 (b) What is the effect of the presence of exploratory interactivity on
the total time spent on the visualization?

Second, even if readers engage with an exploratory interactive com-
ponent of a visualization there is no guarantee that this leads to greater
learning. Thus, we evaluate whether engagement metrics [16] are cor-
related with learning measured by the number of correctly answered
questions by each participant:

3The anonymous pre-registration document can be found in the supplemen-
tary materials

3 (a) What is the effect of total time spent on the visualization on
recall?

3 (b) What is the effect of the number of non-trivial interactions on
recall?

4.3 Assessing learning

To answer our primary research questions we created a ten-item true
/ false questionnaire for each visualization®. We used the revised
Bloom’s taxonomy [6], which allows us to focus on assessing the type
of cognitive process (in our case, recall) rather than the subject area
(topic of the visualization) [1]. The assessment tasks associated with
recall include recall and recognition of facts, data, and basic ideas or
concepts presented through the visualization.

To develop the assessment questions for a given visualization, we
identified ten pieces of factual knowledge presented through that vi-
sualization. We then created one true/false question for each of these
ten facts. We ensured that all the questions could be answered by par-
ticipants in any condition through our pilot study (Section 3.2). We
created one additional question to each questionnaire as an attention
check, to which the answer was clearly false if the reader understood
the topic of the visualization. For example, the attention check question
for the Gun deaths visualization was: “None of the deaths shown in the
graphic were caused by an incident which involved a gun”.

4.4 Other metrics

To answer our exploratory research questions, 2(a), 2(b), 3(a), and 3(b),
we also collected data on the amount of time spent by participants on
the visualization webpage. In the two conditions with exploratory inter-
activity (no-Nar+Int design, Nar+Int), we also measured the number
of non-trivial interactions with the data: the number of clicks used to
filter the data (Gun deaths), change the view (Carbon clock), change
the vaccination rates using an input slider (Measles), or change the
factors being visualized (Health care).

4.5 Study design and procedure

We used a between-subjects design where we randomly assigned each
participant to a single condition—each participant was presented with
one visualization and then answered the corresponding assessment
questionnaire. Participants were not allowed to go back to the visualiza-
tion once they reached the questionnaire, and were informed of this at

4The questionnaires can be found in the supplementary materials



the beginning of the study. We do not collect any demographic informa-
tion, and do not attempt to balance covariates, relying on randomization
and modelling for proper inference. According to Althouse et al. [5],
baseline balance in all covariates is not necessary for valid statistical
inference: “under proper random treatment assignment, distributions of
all baseline covariates among treatment groups are random...As Senn
[18-21 in 5] has discussed previously, the standard probability calcu-
lations applied to [randomized] clinical trial results already make an
allowance for the fact that the treatment groups will almost certainly be
imbalanced.”.

We performed a prospective power analysis to determine the number
of participants to recruit. Based on this, we decided to recruit 100
participants per condition. We pre-registered our Bayesian regression
model, along with exclusion criteria using AsPredicted.org before col-
lecting and analyzing our final dataset. We launched the study as a
single HIT on Amazon’s Mechanical Turk (MTurk). Participants were
instructed to go through each step of the visualization carefully and
then proceed to the questionnaire.

On MTurk, we recruited participants who have a prior HIT approval
rating of 98% and have completed at least 500 prior HITs. Each par-
ticipant was given a base pay of $0.75 and informed that they would
receive a bonus of $0.2 for every question that they answered correctly.
We introduced the incentive for answering questions correctly to mo-
tivate participants to spend time on the visualization, with the goal to
simulate the intrinsic motivation that an internet user might have to
read a visualization on a news site. The average time to finish the HIT
was slightly under 8 minutes and the average payoff was $2.30. In total
we received 389 responses: 97 (83)5111 static, non-narrative condition;
100 (86)5 in interactive only condition; 105 (95)5 in the narrative only
condition; 87 (80)° in interactive and narrative condition.

Our pre-registered exclusion criteria were: (1) answering True to
all or False to all questions, and (2) failing to answer the attention
check question correctly. We rejected two participants outright as they
answered True to all questions. Another 43 participants failed the
attention check question. We noticed that a majority of the partici-
pants (31) who failed just the attention check question saw the Carbon
clock visualization, which was: the graphic showed the amount of
Carbon Dioxide in Earth’s water bodies - oceans, seas and rivers - has
been increasing. We suspect that this attention check question may
have been more difficult than the others. Hence, we performed our
primary analysis twice—first excluding the participants according to
our pre-registration, and then including the 43 participants who were
excluded for failing any attention check question. The results for both
the analyses were similar, and therefore we report our pre-registered
analysis in this paper. The results of both analyses can be found in the
supplementary materials.

4.6 Model

After Kay et al. [26], we implemented a Bayesian multilevel logistic
regression model for our primary analysis using the brms package in
R [17]. Our model can be represented using the lmer formula syntax [9]
as follows (refer to the supplementary materials for the complete model
specification):

logit(correct) ~ interactivity X narrative
+ (1| participant) + (1|question)

+ (interactivity X narrative|visualization)

Our model estimates the probability of an average participant an-
swering an average question correctly, using explanatory narrative and
exploratory interactivity and their interaction as population-level (fixed)
effects. We include group-level effects for participants, questions and
visualization.

We randomly assign participants to each study condition. How-
ever, we cannot assume that all participants would have equal baseline
knowledge. Instead, it is more likely that participants will have differ-
ing abilities resulting in different baseline probabilities of answering a

Snumbers in parentheses indicate the number of responses after removing

participants based on our pre-registered exclusion criteria.

question correctly. To account for these possible differences, we model
each participant using a varying intercept.

We use different questions in our assessment questionnaire, and
all questions may not be equal in difficulty, which may result in the
difficulty of the set of questions for a visualization to vary. We model
each question using a varying intercept, where each question has an
unique intercept based on its difficulty.

Finally, the effect of narrative, interactivity and the interaction term
may also be different for each visualization, because the explanatory
narrative and exploratory interactivity used in each visualization are not
identical. This may be due to the presence of different narrative design
patterns or interaction categories. However, the explanatory narrative
and exploratory interactivity techniques for a visualization also shares
some common aspects with the explanatory narrative and exploratory
interactivity techniques for other visualizations, which allows us to
broadly classify them as explanatory narrative and exploratory inter-
activity. When trying to estimate the effect of explanatory narrative,
exploratory interactivity, this is an important consideration which we
take into account through our hierarchical model, by using varying
slopes and intercepts for these two variables, for each visualization.

5 RESULTS
5.1 Primary analysis

We show the posterior probability density, posterior mean, and 66%
and 95% quantile credible intervals for the probability of answering a
question correctly. In Fig. 4.1, we show the estimates, averaged over the
questions we have tested in our questionnaire. This estimate averages
the variance for different questions, and therefore the estimates are
more precise and close to the observed proportions.

In Fig. 4.2, we show the estimates for a typical (or “average”)
question, which take into account the variance in questions that we
have seen and the difference in difficulty of different questions. As a
result, these estimates will be more uncertain, and may not correspond

1.
The estimate for the
probability of answering, on
average, for the questions
we have tested on our
questionnaire, by a typical
participant.

Nar + Int

Nar + no-Int
This estimate averages the
variance associated with
different questions and

no-Nar + Int hence are less uncertain.

The raw proportion of
questions correctly
answered in each condition.

no-Nar + no-Int

0.6 0.8 1.0

2.

The estimate for the
probability of answering a
typical question correctly
given one of our designs, by
a typical participant, on
average.

Nar + Int

Nar + no-Int
This estimate accounts for
differences in questions, and
therefore will not
correspond exactly to the
observed proportion. Since
this estimate is based on the
variance associated with a
typical question, it will also
be more uncertain.

no-Nar + Int

e ——
06" 0.8 1.0

Posterior probability of
answering a question correctly
in each condition

no-Nar + no-Int

Fig. 4. Posterior probability density, posterior mean, 66% and 95%
credible intervals of p (the probability of answering a question cor-
rectly).Credible intervals are the Bayesian analog of confidence intervals,
and indicate where, based on the data and prior distributions, the poste-
rior estimate of p may lie. We marginalise (average) over the group-level
effects of visualization. The results shown excludes participants who
failed the attention check (preregistered criteria).
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our uncertainty in what the typical effect might be and
the uncertainty associated with designing a new
visualization we have never seen before.

Fig. 5. Posterior probability densities for the mean differences between the conditions. We also show the group-level effects for each visualization, as

well as the expected effect for a new visualization.

exactly to the observed proportions (as the observed proportions come
from questionnaires with multiple questions having varying difficulty),
though the differences in proportions should be similar. Acknowledging
the uncertainty present, it is more important to discuss our results for a
typical question, and not specifically to the questions that were used
in our questionnaire. Thus, we will refer to the estimates for a typical
question subsequently.

Fig. 5 shows the mean difference for the effect of exploratory in-
teractivity and explanatory narrative on the probability of answering
a typical question correctly. We find that the presence of a explana-
tory narrative has a small but positive effect on recall—explanatory
narrative increases the probability of answering a question correctly
on average by 10 percentage points (95% CI: [6.1, 14.3]) (top portion
of Fig. 5). The mean effect size is of the order of getting one more
question correct on the ten item questionnaire, for an average partici-
pant, for a particular visualization. This effect is fairly consistent across
visualization type (middle portion of Fig. 5). On the other hand, the
presence of exploratory interactivity likely has little or no practical
effect—exploratory interactivity increased the probability of correctly
answering a question by 2.3 percentage points (95% CI: [-1.4, 6]). The

upper end of this interval represents only about half a question more
correct on average, and the effect is most likely smaller than that.

As described in Section 4.6, the effect of explanatory narrative and
exploratory interactivity vary for each visualization, and we account for
this using varying slopes and intercepts. Even given that variance, the
presence of explanatory narrative has a fairly consistent positive effect
across visualizations. The effect of exploratory interactivity is also
fairly consistent and is unlikely to be at or greater than 10 percentage
points in any of the visualizations. Our model also allows us to generate
predictions for the mean effect on a new visualization by incorporating
the variance of the visualization-level effects into the estimate of the
mean difference (bottom part of Fig. 5). These distributions suggest
that given a new visualization we have never seen before, there is some
chance that explanatory narrative and exploratory interactivity could
have more or less impact for that particular visualization than what we
observe here.

5.2 Exploratory analysis

To answer our exploratory questions 2 (a) and 2 (b), we fit two mul-
tilevel models with the total time spent on the visualization and the
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Fig. 6. Posterior probability densities for the time spent, and the number
of interactions performed with by an average participant in each condition

number of interactions performed with the visualization as the de-
pendent variables respectively; explanatory narrative and exploratory
interactivity were the independent variables for both models, with vary-
ing slopes for each visualization. Fig. 6 depicts the results, which shows
that the presence of explanatory narrative may have a small positive
effect on time spent; the presence of exploratory interactivity likely
does not have a positive effect on time spent. We also observe that the
presence of explanatory narrative likely does not result in users per-
forming more non-trivial interactions with the visualization. However,
we should note here that there is a lot of uncertainty in our estimates,
as evidenced by the wide 95% intervals.

To answer our exploratory questions, 3 (a) and 3 (b), we fit two mul-
tilevel linear models to estimate the effect of time spent and number of
interactions performed on the number of questions correctly answered.
We find a weak log-linear relationship between the duration of time
spent on the visualization as the independent variable for the first model
(Fig. 7A). 7A indicates that there may be a slight positive correlation
of time spent with the number of questions correctly answered by our
participants. However, in Fig. 7B we see that there may not be any
positive correlation between the number of non-trivial interactions and
the number of correctly answered questions.

6 DiscussION
6.1 Effect of communicative visualizations on learning

Communicative visualizations can have many goals. Our work focuses
on the effectiveness of such visualizations in helping readers learn
knowledge that the author intends to convey. Our findings indicate
that the presence of explanatory narrative can have a small positive
effect on learning, as evidenced by the increase in the probability of
answering recall questions correctly (Fig. 5B). Moreover, the size and
direction for this effect is fairly consistent for each visualization type
we used (middle portion of Fig. 5B). We attempt to acknowledge the
uncertainty in how this effect might translate to new visualizations we
have not seen before through our multilevel model: certainly, some
uses of explanatory narrative will be ineffective (or even detrimental to
understanding), and some may be extraordinarily good, but we expect
typical usage to yield a modest, positive effect.

One explanation for our findings may be that the use of explanatory
narrative helps the designer convey information in a concise and crys-
tallised form, which helps readers focus on the most important aspects
of the data presented in the visualization. Thus, when disseminating
information to a large audience, which may comprise of diverse user
groups and involve different usage patterns, we believe that design-
ers adopting explanatory narrative techniques can make learning more
efficient and effective.

On the other hand, the presence of exploratory interactivity in a
communicative visualization likely does not have a large positive effect
on learning (Fig. 5SA). Hypothetically, exploratory interactivity should
allow readers to freely explore the data presented and discover meaning-
ful relationships. However, simply providing exploratory interactivity
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does not mean readers will take advantage of it, and even if readers do
take advantage of it, they may not (through happenstance or variance
in ability) come across any meaningful relationships in the data.

Nevertheless, given the small (though uncertain) positive effect of
exploratory interactivity, it may be that some readers who perform
more interactions are able to learn more information. In our exploratory
analysis, we looked at the effect of the duration of time spent and the
number of interactions performed on recall, which revealed mixed
results. We found a weak positive correlation between time spent on
the visualization and recall. However, we found that there was likely
little or no correlation between the number of interactions performed
in the exploratory interactivity visualizations (no-Nar+Int and Nar+Int
conditions) and recall.

Thus, for communicative visualizations, we find some evidence to
suggest that enabling un-directed, interactive exploration of the vi-
sualization may not be the most effective way to help readers learn.
This may be because such exploration may not result in the reader
uncovering all the relevant information from the visualization (partic-
ularly when graphical literacy varies), or even worse, may result in
misinterpretations or spurious conclusions [51].

6.2 Costs and benefits in designing communicative visu-
alizations

To inform the design of communicative visualizations, it is worth con-
sidering the costs and benefits to employing interactivity and narrative.
Creating interactive visualizations which function seamlessly across
multiple types of devices and interaction modalities can be challeng-
ing and expensive for an organization—design and implementation
requires more time than for a static visualization, and development may
even require hiring additional personnel with expertise in interactive
visualization. Similarly, creating a narrative can entail costs as well.
As not all uses of narrative will be effective, creating a compelling



narrative might require expert storytellers; Extracting meaning from
the data may require expert analysts. However, for news organisations,
we expect that such expertise may be more readily available.

In light of the relatively small potential benefits to exploratory in-
teractivity we have found, if a designer’s goal is to communicate a
particular message to their readers, the potential benefits to exploratory
interactivity may not be worth the associated design, implementation,
and personnel costs. This cost/benefit ratio may help explain explain
why fewer outlets have been creating purely exploratory interactive
news graphics.

However, exploratory interactivity does not represent the only type
of interactivity used in communicative visualizations. Kim et al. have
shown that using interactions to elicit users’ prior knowledge and pro-
viding feedback can improve data recall and comprehension [27-29].
These approaches use interactivity to support active learning, and have
been employed in data journalism; e.g. The New York Times’ “You
Draw It” visualization [4]. For communicative visualization, perhaps
emphasis should be placed on interactivity specifically designed to
improve learning from a visualization, instead of augmenting visualiza-
tions to allow freedom of exploration, as in the exploratory interactivity
approach we tested. This suggests that the purposes and techniques
for interactivity in communicative visualization may be quite different
from those traditionally developed for information visualization for
exploratory data analysis.

Finally, even though a large percentage of the consumers of com-
municative visualizations do not use exploratory interactive features
when they are present [2,47], and our analysis suggests that exploratory
interactivity does not substantially improve learning, this does not nec-
essarily imply that it has no benefit. Exploratory interactivity may help
provide transparency and increase trust in the data and the source—
Aisch posits that since all of the data is accessible to the audience, skep-
tical viewers may be more certain that a visualization is not depicting
partial results or hiding important aspects of the data [3]. These claims
about the potential benefits to adding interactivity in such contexts have,
to the best of our knowledge, not been empirically investigated, and
may be a possible avenue for future research.

6.3 Using engagement metrics to evaluate visualizations

In our exploratory analyses, we attempted a replication of Boy et al.’s
[16] study for communicative visualization, and our results are similar.
Note that however, unlike their users, who were either information-
savvy or visualizaiton-savvy, our users were Mechanical Turkers.

It is worth addressing discrepencies in the conclusion between our
work and Boy et al. [16]. Both our and their paper had similar results
with respect to attention span, finding that given readers’ limited atten-
tion spans, when a narrative section is provided and people spend time
on it, they are consequently less likely to spend time on an exploratory
section. However, the stated design goal in Boy et al. was to encourage
use of the exploratory section of their visualizations: “our goal is to
understand how to engage people with exploratory visualizations on
the web”; perhaps on the assumption that making use of an exploratory
section is likely to lead to more knowledge discovery. Therefore, given
that adding a narrative section led to less use of the exploratory section,
they conclude that one should not employ an narrative techniques.

By contrast, our goal is explicitly knowledge transfer in the con-
text of a communicative visualization (which we measure directly),
not engagement or exploration (which we consider useful only inso-
far as they serve the goal of knowledge transfer). We similarly find
that adding a narrative section is likely to steal some attention from
the exploratory section, but also that an explanatory narrative likely
improves knowledge transfer. Therefore, since we do not consider use
of the exploratory section an end in itself (but rather a technique to
be employed if it improves knowledge transfer), we conclude that one
should employ narrative techniques.

Further, in our second exploratory analysis, we observe that the
number of correctly answered questions has a weak positive correlation
with time spent (Fig. 7A), but little or no correlation with the number
of interactions performed. This suggests that simple metrics of user
engagement may not be adequate proxies for other goals, such as

learning.

Mahyar et al. [35] note that “there is no clear definition of what
engagement means in the Information Visualization domain”. Recent
work has proposed alternative metrics for measuring user behavior such
as exploration uniqueness, exploration pacing [20], and data point
coverage, data point distribution [48] etc. Although these proposed
metrics may better describe users’ exploratory interactions with vi-
sualizations, further research is necessary to identify what constructs
these behavioral measures best correspond to: are these measures of
engagement, learning, or something else?

Until such validation has been done, we recommend that researchers
making use of engagement metrics be very clear about their research
goals: engagement itself may be central to one’s research questions, in
which case engagement metrics are an obvious fit. However, higher
engagement according to these metrics does not necessarily imply more
learning; if one’s research questions relate to learning, it may be better
to measure learning more directly.

6.4 Limitations

The questions we tested participants on naturally do not encompass
all the information that can be gathered from each visualization. Our
study is concerned with the message that the visualization is trying to
convey, and we focus only on recall, which is just one cognitive process
involved with learning. Our study design does not allow us to investi-
gate other phenomena associated with learning from visualizations: for
example, some readers may have come up with their own questions and
discovered answers to these questions. Additionally, we do not measure
higher-order cognitive processes associated with learning described
in Bloom’s taxonomy [6, 12], such as apply, analyse, evaluate and
create. Instead, one approach might be to conduct a qualitative study,
similar to the methods proposed by Saraiya et al. [42,43]. This may
be more effective in comparing all the information that the reader of a
visualization gleans from it, rather than the specific message intended
by the designer.

7 CONCLUSION

We study the effect of explanatory narrative and exploratory interactiv-
ity in communicative visualization on learning, measured using recall
of the data presented in the visualization. We find a consistent small
but positive effect on recall due to explanatory narrative, but likely little
meaningful effect due to exploratory interactivity. We also observe that
time spent on the visualization may have a weak positive correlation
with recall, but the number of interactions with the visualization (a
metric which is commonly used to measure engagement) may not be
correlated with recall. Thus, we recommend caution in using engage-
ment metrics as a proxy for learning; if learning is central to one’s
research questions, better to measure it more directly.

In light of our results, we argue that exploratory interactivity should
not be considered an essential component of communicative visual-
izations. Instead, if the main goal of a visualization is to convey a
particular message to the viewer, emphasis should be placed on ef-
fective narrative and visualization techniques (including interactive
visualization techniques) designed to support learning. Put another way,
if communicative visualization design is viewed as a user-centered prob-
lem, interactivity should be added only if it helps the design support
users’ learning, not assumed a priori as a necessary component.
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