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Today’s overwhelming volume of data has made effective analysis virtually in-

accessible for the general public. The emerging practice of data-driven storytelling

is addressing this by framing data using familiar mechanisms such as slideshows,

videos, and comics to make even highly complex phenomena understandable. How-

ever, current data stories still do not utilize the full potential of the storytelling

domain. One reason for this is that current data-driven storytelling practice does

not leverage the full repertoire of media that can be used for storytelling, such as

speech, e-learning, and video games.

In this dissertation, we propose a taxonomy focused specifically on media types

for the purpose of widening the purview of data-driven storytelling by putting more

tools in the hands of designers. We expand the idea of data-driven storytelling

into the group of casual users, who are the consumers of information and non-

professionals with limited time, skills, and motivation , to bridge the data gap

between the advanced data analytics tools and everyday internet users. To prove the



effectiveness and the wide acceptance of our taxonomy and data-driven storytelling

among the casual users, we have collected examples for data-driven storytelling by

finding, reviewing, and classifying ninety-one examples.

Using our taxonomy as a generative tool, we also explored two novel sto-

rytelling mechanisms, including live-streaming analytics videos—DataTV—and se-

quential art (comics) that dynamically incorporates visual representations—Data

Comics [1]. Meanwhile, we widened the genres we explored to fill the gaps in the

literature. We also evaluated Data Comics and DataTV with user studies and ex-

pert reviews. The results show that Data Comics facilitates data-driven storytelling

in terms of inviting reading, aiding memory, and viewing as a story. The results

also show that an integrated system as DataTV encourages authors to create and

present data stories.
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Chapter 1: Introduction

If raw data is the crude oil of the information age, then digital tools are the

re�neries needed to turn data intoinformation |or crude into gas|ready for con-

sumption. Unfortunately, current data science tools typically require signi�cant

expertise far beyond that of the normal citizen.Visualization, which uses interac-

tive graphical representations of data to aid cognition [87], has the potential to lower

the threshold of understanding data by virtue of using visual representations that

are both accessible to casual users [88], as well as scale gracefully to large data [89].

However, even interactive visualization tools such as Tableau [90], Spot�re [91], and

QlikView [92], which provide point-and-click interfaces on standard computers and

devices, require specialized knowledge in mathematics, statistics, and data man-

agement as well as access to clean, complete, and properly formatted data sources.

These barriers are essentially insurmountable to the average person, or what we

here call acasual user[88]: a person with average knowledge in science, technol-

ogy, and mathematics, with normal computer savvy, and with moderate interest in

harnessing data to enrich or enhance their lives.

This dissertation proposes methods for data-driven communication [93] for

casual users [88] using so-calleddata-driven storytelling[2]: interactive visualization
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in conjunction with storytelling methods. The focus is primarily on casual users as

consumers of information, not as authors.

In this chapter, we set the stage for this dissertation: the data deluge in today's

society, the use of storytelling to make all this data accessible to casual users, and

the gaps in current data-driven storytelling practice that this work will address.

1.1 Motivation: Harnessing the Data Deluge

Our society is under a veritabledelugeof data [94]; we are inundated with

massive, detailed, and complex datasets, and we need digital tools to help us stay

a
oat. This deluge is a double-edged sword: It's anopportunity, because never before

in human history has so much of our world and our society, of science and of arts, of

medicine and of life itself been captured by sensors and stored in machine readable

form. If we were to harness this data e�ectively, there is tremendous potential

in improving the collective lives of millions|even billions|of people around the

world. For example, reserving informative patterns and knowledge for big data

provide the public sector an opportunity to improve productivity and higher levels

of e�ciency and e�ectiveness [95, 96]. The opportunities lie in �elds such as E-

health, Internet of Things, public utilities, transportation, logistics, public services,

government monitoring, and so on [97].

It's a challenge, because the data is complex, large, heterogeneous, uncertain,

and 
eeting [98]. Extracting actionable information from such data requires a careful

and deliberate approach. When handling big data problems, there are di�culties in
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data capturing, storage, searching, sharing, analysis, and visualization [96,99]. Fur-

thermore, in a world of ever-increasing surveillance, there are several ethics concerns

that must also be considered [100,101].

1.1.1 Opportunity: The Scale of Big Data

Today's world is facing the problem that the amount of available data is ex-

ploding [102]. Until 2003, humans had created approximately 5 exabytes (1018

bytes) of data [103]. By 2012, this amount of information was created in two days,

and the digital world of data had expanded to 2.72 zettabytes (1021 bytes) [103].

In 2012, IBM indicated that every day 2.5 exabytes of data was created and 90%

of the data produced by then was produced from 2010 to 2012 [98]. By the year

2020, 50 billion devices will be connected to networks and the Internet [104]. Ac-

cording to estimates, the volume of business data worldwide, for most companies,

doubles every 1.2 years [95, 96]. Several resources exist surveying the scope of big

data [94,105]. To take YouTube as an example, in 2014, there were about 300 hours

of video uploaded to YouTube every minute [106], and almost 1 billion minutes of

videos watched on YouTube every single day [107].

In an era when a common smartphone holds more computing power than all

the computing power of NASA in 1969 combined [108], it is no surprise that humans

are producing a huge amount of data everyday and everywhere. Accordingly, the

ability required to handle big data is increasingly demanding for virtually all �elds,

including physics simulation, �nance, business, and personal care [94,105]. Further-
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more, beyond sheer scale, the data comes in many shapes and forms, can be faulty,

and is produced at signi�cant speed.

Obviously, the opportunity in harnessing this data for governmental, societal,

humanistic, or business interests is signi�cant. Many of these approaches are auto-

matic and based on machine learning and arti�cial intelligence. For example, today's

recommendation engines know the preferences of their customers, and are able to an-

ticipate which products the consumer will want to buy [109]. YouTube, as the largest

and most popular online video community, can analyze personal preferences of its

large user group [110]. Modern web services, such as Amazon Web Services [111],

Microsoft Azure [112], and Google Cloud [113] have successfully served businesses

across the world with very large data volume and storage requirements.

1.1.2 Problem: The Digital Data Divide

For the average American who is not specialized in data analysis, dealing with

all this data is increasingly challenging. In today's information society, it is di�cult

to be an e�ective citizen without coming into contact with the internet and the

digital sphere. Most people have to deal with di�erent kinds of data in their daily

lives, from health data collected by sport apps on their smartphones, to stock market

data governing their �nances [102]. They have to use the internet to balance their

checkbooks, pay their bills, and manage their mortgages. In this case, the amount

and type of data makes it increasingly di�cult for the average American to handle.

Given the ubiquity of data, there is a risk that people not capable of analyzing
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and understanding data will fall behind in society [114]. This e�ect is only exacer-

bated by the increasing scope and magnitude of the aforementioned data deluge and

the lack of e�ective, accessible, and approachable tools for casual data analysis. We

refer to the gap between the di�culty of processing large amount of data and the

lack of data analysis skill and processing power of casual users as thedigital data

divide.

Overcoming this barrier requires tackling both the lack of ICTs (information

and communication technologies, akin to the original de�nition of the \digital di-

vide" [115,116]), as well as the lack of specialized data analytics knowledge. For the

former, technology progress is fortunately helping; there is more computing power

available for casual users than ever before. A Samsung 
agship smartphone to-

day possesses more 
oating point computing power than the supercomputer Deep

Blue [117, 118], which beat the world champion in chess [118], and mobile devices

are coming down in price while the interfaces are improving. Even elderly users can

make full use of most apps on a smartphone with basic training. These factors all

contribute to shrinking the divide in terms of device access.

However, this still leaves a signi�cant gap in data analytics capability. Most

current data science tools are simply not designed for novice users. One possible way

to overcome this is to leveragedata visualization: the use of interactive graphical

representations of data to amplify cognition [87]. Unfortunately, even commercial

point-and-click data visualization tools|such as Tableau [119], Spot�re [120], and

Qlik [92]|rely on signi�cant training and intimate knowledge of many advanced

mathematical and statistical concepts.
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1.1.3 Setting: Data for Casual Users

While visualization is more approachable than typical data science tools, vi-

sualizations must still be deliberately designed to be appropriate forcasual users:

non-professionals with limited time, skills, and motivation. In 2007, Pousman et

al. [88] proposed the topic ofcasual information visualizationas visualization sys-

tems that are not designed for professional work tasks. They went on to paint a

vision for using computer mediated-tools to depict personally meaningful informa-

tion in visual ways that support everyday users in both everyday work and non-work

situations.

Many examples of casual visualizations exist; we give a sampling here. Some

help normal citizens understand complex scienti�c phenomena [121]. Embedding

visualization into presentation software such as PowerPoint [122], Tableau [123],

and Excel [124] can give people who are not familiar with visualization skills great

leverage over interpreting and analyzing large amount of data. Other tools dealing

with data for everyday users are also rich in visualization applications. For exam-

ple, line charts can be used to show the moving average of changes in the stock

market [125], health apps use histograms and pie charts to show the workout daily

distribution [126], and personal accounting software uses visualizations such as line

charts, treemaps, and histograms to show the annual change of a person's �nancial

situation [127].

However, while casual visualization is a powerful method for conveying data to

the average user, this entire topic represents a large design space. Applying casual
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visualization to aid data-driven communication requires adopting a speci�c strategy.

In this dissertation, we use storytelling for this purpose.

1.1.4 Solution: Data-Driven Storytelling

Data-driven storytelling [128] is the use of traditional storytelling techniques|

such as from oral narratives, �ction, and �lm|to convey narratives about data.

This approach to visual communication [93] is particularly appealing because of

its high familiarity and accessibility to casual users. Thus, our focus here is on

data-driven storytelling for casual users . As de�ned above, a casual user is a

non-professional consumer of data that has limited time, skills, and motivation. In

addition, our emphasis here is primarily on consumers as casual users; the authors

of a data-driven story may still need to be an expert.

Data-driven storytelling has seen increasing popularity in the visualization

and human-computer interaction communities. Using methods such as narration,

animation, cinematography, art, and design, these methods aim to shape �ndings

from complex and large-scale data into a story form that is more amenable to human

understanding than typical data displays. In particular, a recent book on data-

driven storytelling by Riche et al. [128] reviews this burgeoning �eld. However, the

repertoire of available media types for such data-driven stories is still limited.
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1.2 Background: Data Visualization

Here we take a step back and review the research area of data visualization

and its related topics and technologies.

1.2.1 De�nition

Data visualization represents data using visual displays to improve cogni-

tion [129]. It can also be considered as a medium to capture and share thoughts on

data with others [130]. More speci�cally, it is a process of exploration, analysis, and

presentation for data with graphics information and tools [131,132].

1.2.2 Examples of Data Visualization

Data visualizations are designed for both visualization professional and casual

users to understand and analyze data. While visualization has been around for a long

time [133], the academic �eld was formally founded in 1987 with a special volume on

the use of computer graphics for scienti�c and engineering applications [134]. Here

we review some representative examples of data visualization.

Multiple visualization tools exist, both commercial and academic. Tableau [90,

135] is a popular commercial visual analytics tool used for creating visualizations.

This tool is mostly used by people with background of business analytics or infor-

mation visualization. Additional commercial tools include Spot�re [91], Qlik [92],

and Keshif [136].

In the last decade, visualization has increasingly moved from personal com-
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puters to a web-based ecosystem. D3.js [137] is the primary JavaScript package used

by front-end developers to create attractive data visualizations. Google Charts [138]

is another widely used package for front-end development to create rich interactive

data visualizations. The most recent development is the introduction of visualiza-

tion grammars, such as Vega [139] and Vega-Lite [140], which enable creating charts

using declarative speci�cations.

1.2.3 Data Visualization for the Masses

More and more people are facing the need to analyze, present and interpret

data [141]. Data visualization is not only used by professionals, but also by casual

users who adopt visualization as a tool to improve presentation, exploration, and

analysis. Wattenberg et al. [142] gave an example of how a visualization of baby

names can bring together communities of people on the internet. Many Eyes [143]

was one of the �rst visualization systems \for the masses" that enabled people, often

casual users, to collaborate on data using just their web browsers. This has shown

that visualization has been both a challenge and an opportunity for the masses when

dealing with large range of visualization tools to handle and analyze data. Viegas

and Wattenberg call this ideacommunication-minded visualization[93].

Today, data visualization has a�ected lives in many di�erent ways in education,

medicine, �nance, meteorology, astronomy, etc. We have our smartphones loaded

with apps with data visualization such as Uber, Google Map, and stock market

apps. We see people tweet about their workout condition with visualization of their
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physical data. We use Google Map everyday for navigation. We predict stock price,

house price, and other price trends with line charts or other dashboards. We also

use data visualization to present data in our PowerPoint slides.

Adopting visualization for a mass audience requires adopting casual visualiza-

tion practices. Freyne et al. [114] note that next generation visualization tools are

set to play an important role to overcome the challenge of large amount of raw data,

but current generation of visualization tools are sometimes too complex for typical

users. Infographics is a widely used media that primarily consists of data visualiza-

tion, and tools such as Infogram [144] provides means to create such artifacts easily.

More e�ort is needed to make this kind of mechanisms accessible to casual users.

1.3 Background: Data-Driven Storytelling

In data-driven storytelling, we harness the age-old practice of storytelling to

create narratives about data. This section describes the de�nition, background, and

existing work for data-driven storytelling.

1.3.1 De�nition of Storytelling, Story, and Data-driven Storytelling

Storytelling is the conveyance of a sequence of events (often involving charac-

ters and places)| stories|using speech, sound, visuals [145], and other multisensory

stimuli, and has a history spanning thousands of years [146, 147]. It is one of the

oldest form of human communication, record-keeping, and entertainment, well pre-

dating the written word [146{148]. Stories|sequences of events involving characters
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Figure 1.1: Genres of narrative visualization by Segel and Heer [2].

and places|are particularly well suited for this purpose because their chronological

structure enables memorization and recall, entices listeners, and facilitates under-

standing [145, 148]. For this reason, narration and storytelling retain important

roles even in today's information society, where these properties are particularly

important in helping people understand an increasingly complex world. This has

recently given rise todata-driven storytellingwhere narrative techniques are utilized

for telling stories about data [2], often using visual media [149,150].

A visual narrative is a story told primarily using visual media, such as illus-

trations, photographs, animations, video, and|now|visualization [149, 150]. In

particular, visualization has a speci�c proclivity for communication by virtue of its

graphical form, yielding the notion ofcommunication-minded visualization[93] to

support collaborative analysis. Combining the idea of communication-driven visu-

alization with storytelling yields the notion of data-driven storytelling: narrative

techniques for telling stories about data [2,128].
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1.3.2 Existing Frameworks

Our focus in this thesis is on exploring communication mechanisms|orme-

dia|used for conveying data-driven stories that are speci�cally suitable for casual

users. Here, we de�ne \media" as the channel or the tools used to store and deliver

information. While data-driven storytelling is a nascent research topic in visual

communication and visualization, there has so far been no speci�c focus directed to

the speci�c media used. Instead, existing e�orts tend to revolve around the seven

genres of narrative visualization proposed by Segel and Heer [2] (Figure 1.1):

� Magazine Style: A data-driven image integrated in a page of text, where

the text refers to and explains the image.

� Annotated Chart: Chart adorned with descriptive text and labels for the

purpose of explaining its contents.

� Partitioned Poster: A poster or dashboard consisting of multiple images,

each with separate data.

� Flow Chart: Visually ordered sequence of images and annotations designed

to tell a story.

� Comic Strip: Sequence of frames containing images and text organized in a

comic-style strip layout.

� Slide Show: Deck of slides combining images and text to sequentially tell a

story.

12



� Film/Video/Animation: Motion graphics that incorporate data-driven im-

agery and visualizations, often animated.

However, as readily admitted by Segel and Heer, their �ndings are limited to

a sample of 58 examples. They also do not claim that their genres are exhaustive,

noting for example that their work did not include video games or e-learning tools.

Furthermore, the above seven genres con
ate the media used for storytelling with

the format, method, and components employed. The seven genres have proven to

be extremely powerful for categorizing research in this �eld. They have even played

a prescriptive role, with Graph Comics [151] and Data Comics [1, 152] arising as

examples of the Comic Strip genre, Data Videos [153,154] drawing inspiration from

the Film/Video/Animation genre, and infographics [155] from the combination of

text and visualization However, there certainly is room for expanding the framework

further.

This suggests that the community may be limiting itself by needlessly adhering

to a framework that was intended to be generative rather than delimiting. What

about using the spoken word for data-driven storytelling, i.e., supporting speakers

talking to an audience? What about the written word, i.e., data-driven prose,

such as for inclusion in a textual report? Much innovation remains in data-driven

storytelling, but this requires going beyond existing frameworks.
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1.3.3 Brief History of Storytelling

From the hunter returning from his latest foray to tell tall tales of stalking his

prey, to the shaman spinning a yarn about the origins of the gods, the stars, and the

moon, storytelling is one of the oldest ways for people to record, communicate, and

inherit information. There are drawings portraying �ghters against wild animals be-

fore stone ages. The famous Homeric Hymns has provided us countless inspirations

for ancient Greek history. We learned the ways how ancient people were thinking

and behaving by all kinds of historical literature in the form of stories. Oral, written,

and drawn artifacts were the three major ways of storytelling in ancient times.

Modern technologies have helped storytelling evolve into multimedia forms

including audio, video, games, etc. Recently, virtual reality and argument reality

have joined the arsenal of methods and media for storytelling.

1.4 Purpose of This Work

The overall purpose of this Ph.D. thesis isto expand the horizon of media

for data-driven storytelling to aid casual users viewing, analyzing, and

understanding data. To achieve this, our work collects extensive examples and

explores the use of di�erent media types for this purpose. From the taxonomy and

guideline derived, we investigate media types particularly useful for casual users

with little professional training or background in data visualization and analysis.

In particular, based on recommendations from Segel and Heer [2], this work

was the �rst to propose a practical system for leveraging comics (sequential art [156])
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for data-driven storytelling [1] (�rst submitted in September 2014). Furthermore,

our work is the �rst to propose live-streaming data videos for this purpose (in sub-

mission). Finally, our taxonomy reviewing media types for data-driven storytelling

is, to the best of our knowledge, the �rst of its kind (in submission).
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Chapter 2: Related Work

In this chapter, we will examine the literature that helped setup the back-

ground, de�nition and other relevant materials.

2.1 Visualization and Visual Analytics

Visualization is de�ned as translation from data to image [157], or the use of

interactive graphical representations of data to aid cognition [87]. Visual analyt-

ics is an analytics discourse to make the processing of information and data more

transparent [158]. In \Illuminating the Path" [159], visual analytics is de�ned as

analytical reasoning science with interactive visual interfaces.

2.1.1 Foundational Work on Data Visualization

There are many early attempts on building taxonomies of visualization system

for its data [160] and algorithms [161]. The design space of information visualization

has laid foundations for research on the components of visualization [162]. Both in-

formation visualization and visual analytics are possible ways to handle the problem

of information overload [158].
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2.1.2 Examples of Classic and Well-known Visualizations

While only recently recognized as a research �eld in its own right, visualization

has a long history [133]. For instance, the famous Napoleon March Map by Charles

Minard [4] in Figure 2.2 is a well-known example of using visualization to tell the

story of Napoleon's failed campaign into Russia. John Snow's cholera map [3] in

Figure 2.1 is an early example of using a dot graph to map the relation between

cholera death and location of water wells. The diagram of the deaths during the

Crimean war by Florence Nightingale shows the relation between causes of death

and time [163].

Figure 2.1: Visualization of locations of cholera cases and wells [3].
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Figure 2.2: Visualization of Napoleon'ss failed campaign into Russia [4].

2.2 Production, Presentation, and Dissemination

The research agenda for visual analytics called for a focus on the production,

presentation, and dissemination of analytics results to stakeholders, policymakers,

and the public [159].

� The case for communication: Vi�egas and Wattenberg remarked upon

the proclivity of visualization for communication by virtue of its graphical

form. They encouraged focusing on so-calledcommunication-minded visual-

ization [93] where communication enables collaborative analysis.

� Embedded dissemination: To reach its full potential, communication ca-

pabilities should be integrated into the visualization tools themselves [159]; for

example, Tableau now incorporates the story points feature [119], and most

commercial tools support exporting interactive dashboards and workspaces to

18



the web.

� Literacy and casual viewers: Presenting insights from data to the masses

requires taking the visualization literacy [164] of everyday users into account.

Thus, the notion of \casual visualization" [88] is important.

2.3 Visual Communication and Visualization

Visual aids such as images, signs, typography, icons, and drawings have long

been used as a particularly e�ective medium for communication [150]. Beyond

human perceptual factors, part of the reason for this e�ectiveness is the mutual

knowledge, mutual beliefs, and mutual assumptions that visual communication en-

joys. These mutually agreed-upon conventions allow a particular medium|such as

the visual|to encode signi�cant amounts of information with minimal resources

given.

Visualization is a particular form of visual language traditionally used for soli-

tary sense-making. The notion of communication-minded visualization (CMV) [93]

builds on ideas from visual communication by noting that visualization can often

be used for more than just individual insights. There are many examples of CMV

systems that exist as precursors to storytelling, including Themail [165], the Baby

Name Explorer [142], and Isis [166].

19



2.4 Visual Storytelling

Storytelling is when a sequence of events are conveyed using plots, locations,

and characters. It is a particularly e�ective communication medium because of

the typically high degree of common ground shared between narrator and listeners.

Visual storytelling draws upon imagery|both static and dynamic|for this purpose,

and includes media such as �lm, television, animation, design, and even art.

Already in 2001, Gershon and Page [167] suggested using storytelling in visu-

alization to improve its use for visual communication. In fact, the newly popular

infographics practiced on the web is built on many such storytelling principles. De-

spite this, it is only recently that data-driven storytelling was fully embraced by

the visualization community, such as the survey by Segel and Heer in 2010 [2], and

successful workshops at the annual conference in 2010 and 2011 [168,169]. Hullman

and Diakopoulos followed this up by studying how framing, context, and design

impact the rhetoric of a narrative [170]. Since then, several practical methods

and techniques have been proposed, including using free-form sketching for nar-

ration [171], story points in Tableau [119], and automatic spatialization for visual

exploration [172]. Most recently, Hullman et al. [173] studied sequence in narrative

visualization, proposing a graph-driven approach for transitioning between views to

minimize load on the viewer.
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2.5 Data-Driven Storytelling

Combining the idea of communication-driven visualization with storytelling

yields the notion of data-driven storytelling: narrative techniques for telling sto-

ries about data [2]. Gershon and Page �rst proposed using storytelling for visual-

ization [167], and their work has since been followed up by workshops [168, 169],

surveys [2,170], and even commercial tools [119].

The purview of data-driven storytelling has quickly grown, from dashboards

and slideshow presentations [119] to more esoteric formats such as sketching [171],

journeys in time and space, and even comics [151,174]. In their survey of narrative

visualization, Segel and Heer [2] identi�ed seven genres|magazine style, annotated

charts, partitioned posters, 
ow charts, comic strips, slideshows, and videos|and

also suggested that future storytelling approaches may combine genres.

2.6 Comics as a Storytelling Medium

Comics are often de�ned as sequences of images|\sequential art" [175] or

\sequential images" [176]|that combine to tell a story using graphical means [149].

It is therefore a visual communication medium. Because of its familiarity for many,

it enjoys a high level of common ground for conveying information. Furthermore,

the visual language of comics is often clear, concise, and intuitive [176,177].

How comics a�ect the reader has long been a topic of study. Dorfman et

al. [178] discussed the ideology in Disney comics from the perspective of culture and
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economics. McCloud [175] built on these ideas by suggesting that the engagement

in comics mainly arises from the simpli�ed and non-photorealistic appearance of

faces and characters, increasing recognizability and facilitating imagination. In a

way, this \vague and unspeci�c" nature and lack of �xation in comics helps bridge

the gap between books and �lm [179].

Some e�orts have tried to harness comics for visualization. Jin and Szekely [174,

180] proposed a visual query environment that uses a comic-strip metaphor for

querying and presenting temporal patterns. However, their system solely uses comics

strip for layout, and does not leverage the full potential of comics as a visual com-

munication medium.

The most recent and most relevant work in this vein is Graph Comics [151],

which are data-driven comics used for telling stories about dynamic networks. Si-

multaneously invented as our work in this dissertation, Graph Comics draw on the

same comic medium principles as Data Comics, but are restricted to node-link di-

agrams. Furthermore, whereas the Graph Comics work merely proposes the idea

and explores its utility, it does not provide any authoring support for creating them.

Thus the Graph Comics e�ort is complementary to the more general Data Comics

approach proposed here.

There are other relevant works including applications and surveys. Kim et

al. [181] proposed the DataToon for interactive data comics and dynamic networks.

Moore et at. [182] introduced the comic-strip narratives in time geography. Bryan et

al. [183] proposed an approach for interactive annotation to narrative visualization

with comic-strip style snapshots. Wang et al. [184] compared the e�ectiveness and
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engagement of data comics and infographics. Wang et al. [185] also explored how

to teach data visualization and data-driven storytelling with data comics. Bach et

al. [186] explored the design patterns of data comics for data-driven storytelling.

2.7 Animated Graphics as a Storytelling Medium

Video-based storytelling is making signi�cant inroads on the internet as a

whole. Never mind streaming services such as Net
ix, Hulu, and Amazon Prime,

which according to the network service company Sandvine accounts for up to 70%

of peak internet tra�c [187] (December 2015), the new generation of so-called

\YouTubers", or YouTube celebrities, are challenging the boundaries of the medium

through novel formats such as \vlogging" (short for video blogging), \reaction

videos" (recording of a person reacting to an event), or \unboxings" (video of some-

one unpacking a new product, commonly a high-tech one). One format in particular

is fascinating: so-called \Let's Play" video capture the gameplay as well as live au-

dio and video of a person playing a computer or console game. Sometimes likened

to watching a friend play a game while sitting on a couch in their home, Let's

Play videos are characterized by focus on the often humorous, irreverent, and some-

times profanity-�lled commentary that the recorded person provides. Popularize

by Swedish YouTuber (and now general celebrity) Felix Kjellberg, better known by

his YouTube alias PewDiePie and holding the distinction of having more than 42

million follower and more than 10 billion views, this phenomenon has since given

rise to live-streaming Let's Play videos, such as through the online streaming service
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Twitch.tv. 1 Combined with their focus on broadcasting eSports, where professional

gamers play electronic games for prize money and salaries, Twitch has quickly risen

to be the fourth largest source of internet tra�c in the United States [188].

Amini et al. [153,154] recently identi�ed data videos as motion graphics that

combine both sound and visuals to tell a data story. Pointing to prominent examples

from the New York Times and the Guardian, their work is descriptive and formative

in nature, engaging professional storytellers to use visuals to craft their narratives.

While obviously deeply in
uential to our work, their treatment focuses on the careful

and deliberate production of painstakingly designed data videos through ideation,

sketching, storyboarding, capturing, and editing; live streaming is not covered or

even considered, and the software, resources, and skills needed of their approach

is substantial. Furthermore, unlike our DataTV platform, their work provides no

technical interventions to support data video authoring.

1http://www.twitch.tv/
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Chapter 3: Taxonomy of Media for Data-Driven Storytelling

We present a new taxonomy focused on the media for data-driven storytelling

with the purpose of opening the �eld to a wider set of future possibilities. Our work

started with collecting a signi�cant corpus of evidence of data-driven storytelling

using novel and diverse media, from the spoken word to interpretative dance and

choreography. We then use these wealth of data to derive a taxonomy and classify

all of these examples into a coherent framework. Finally, by generalizing across

storytelling practice for di�erent media, we derive design guidelines for data-driven

storytelling and discuss how future narrative techniques about data may look.

3.1 Method

To collect examples with enough quality and quantity, we start from data

features and storytelling features, by collecting examples with proper data com-

ponents and clear storytline. The sources of examples are online articles, blogs,

visualization tools, video websites, books, research papers, and software packages.

In order to generate a robust taxonomy, we chose the examples from a wide range

of genres including infographics, documentaries/data videos, data comics, visual

analytics/visualization tools, virtual reality visualization tools, augmented reality
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visualization tools, Computer game tools, and etc. Figure. 3.1 shows the distribu-

tion of all the sources of examples. We started from about one hundred and thirty

examples. Ninety-one are left after removing examples without clear storyline, ex-

plicit data for a story, or clear group audiences.

Figure 3.1: The distribution of all the sources of examples.

3.2 Evidence

To illustrate the prevalence and variety of di�erent data-driven narratives in

the world, we here enumerate and discuss a set of representative and innovative

such examples. We only list three representative ones; the rest are explained in

Appendix A with classi�cation in Table 3.1. The purpose is to provide a basis for

a taxonomy that can be used to classify the storytelling media used for the data-

driven narrative. For each example, we use an informal classi�cation scheme to
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describe the media in more detail. This scheme will then feed into our taxonomy in

the following section.

Figure 3.2: Image from the videoA Day in the Life of the (Polluted) Ocean.

3.2.1 Exhibit 1: Storytelling in Movies and Documentaries

The movie "A Day in the Life of the (Polluted) Ocean" [189] talks about the

pollution emission of the main character (the person in yellow) for one day. The

storyline moves with him as a regular person getting up in the morning and proceeds

with his normal day. The idea is to show how much pollution a normal person can

produce with simple activities.

Figure 3.2 depicts one scene that shows that the amount of plastic waste

produced for every capita in each continent. In this scene, the underlying data is

the weight of plastic waste, and the story is that there is too much plastic waste

produced for generating a certain amount of value. There is also a simple chart on
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the left upper corner illustrating the portion of plastic waste per capita for each

continent. This scene has both simple numbers and data visualizations to facilitate

the storytelling.

Informal classi�cation: As a movie that is shared online, the audience is po-

tentially many peopleon the internet, typically viewed individually on their per-

sonal devices(although public mass viewings are certainly possible). The delivery

method is thusdistributed and asynchronous. The visual componentsused include

full-motion video, animated graphics, text, and non-interactive static data visual-

izations. Video isstatic in that it cannot be manipulated or interacted with (except

for controlling the playback) by the audience. The typical way to view a video is

in sequence. However, it is alsoreplicable, as it is stored and can be played back at

any time.

Figure 3.3: Physical dance demonstration of a bubble sort algorithm.
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3.2.2 Exhibit 2: Dance

Figure 3.3 shows an image from a performance where dancers demonstrate how

the bubble sort algorithm works [190]. This algorithm pushes the largest element

to the right and forms a ordered sequence of numbers. For clarity, each dance is

labeled in the this picture. In reality, the dancers wear uniforms with numbers on

them, where each dancer stands for a di�erent element in the array. The storyline

is the movement of all the array elements. The data is the ordered sequence.

A similar data-driven dance performance was created by the NSF-funded

Dance.Draw project [191], where the movements of dancers in a physical space

was conveyed using visual representations. This mechanism could also be used as a

vehicle for conveying data-driven stories.

Informal classi�cation: Dance performances typically take place in an audi-

torium or studio, which supports a large audience. Disregarding video recordings

of the performance (which would be another form of media), this does require the

audience to be physicallyco-located with the performance, and to consume it in

synchronously, in real-time. The sorting process demonstrated by sorting is view

in sequence. This means that the performance is not stored; it isephemeral. The

components of the performance are human bodies in motion over the duration of the

performance, and can also include text, sound, light, and visuals (typically projected

in the workspace).
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Figure 3.4: Data-driven story of a session in the PC gameCivilization 3.

3.2.3 Exhibit 3: Data-Driven Storytelling in Video Games

While Segel and Heer [2] explicitly note that they chose not to include video

games in their survey, games have long been instances where visualization is often

integrated. As it turns out, they have also been used for data-driven storytelling.

Figure 3.4 depicts an image from the replay session that is shown at the end of

a completed game session, i.e., after one of the players (human or computer) has

achieved one of the victory conditions: conquering all opponents, winning the space

race, taking over most of the land, or scoring a diplomatic or cultural victory. The

replay shows a history of how each civilization was founded, expanded across the
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world, and was eventually defeated. While the interaction is limited, playback

controls allows the user to go back and forward in the history. Similar session

playback functionality|often called theater mode|can be found in Halo 3 and

Call of Duty: Black Ops.

Informal classi�cation: The audience for most theater modes isindividual

players who wants to study their own and other players' performance. However,

many theater modes typically also allow the player to cut and paste clips together,

eventually producing a resultingvideo to sharewith others. The resulting video will

have the same features as a data video (see above). A playback session typically

uses a map view, so the bandwidth requirement is lower than full-motion video, thus

reducing the cognitive load. One feature of most theater modes is that they make

it easy to navigate in 2D or 3D in the scene, thus changing the viewpoint. The

viewing sequence of a playback system is insequence. While the action itself cannot

be changed (since it represents events that already happened), this interaction is

powerful in that it can, for example, allow a player to put themselves in the shoes

of another player to see what an encounter looked like from their viewpoint.

3.3 Taxonomy Dimensions

We propose to identify, study, and classifymedia that have traditionally been

used for storytelling. The purpose of this activity is to expand existing genres of

narrative visualization to encompass the entire scope of storytelling in society. This

would generate a wealth of new research ideas for how to best use such media for
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data-driven storytelling. We found the following dimensions useful in classifying

such media, based on our survey of the existing evidence of a wide variety of media

for data-driven storytelling:

� Audience Cardinality (A): Who is the intended recipient for the story?

� Space and Time (S/T): What is the temporal and spatial delivery mecha-

nism for the story?

� Visual Components (VC): What are the visual and sound building blocks

employed? Are the components interactive?

� Data Components (DC): How is the data conveyed to the viewer?

� Media Viewing Sequence (SQ) How is the media viewed by the viewer?

� Storage and Persistence (SP): How is the media preserved. Is it temporary

or replicable?

The methods we used to derive these dimensions included reviewing a sam-

ple of about one hundred and thirty examples of data-driven storytelling, and then

narrowing our selection down a set of 91 representative examples. We looked at

the fundamentals of the process regarding creating data stories, broadcasting them,

and interacting with them. From the dimensions we selected, we are able to deter-

mine a pro�le of a data-driven storytelling media type, so that the media types are

descriptive enough in our taxonomy. For example, the dimension Data Bandwidth

is highly correlated with data components. But this dimension is very important
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for storyteller when choosing a media type to convey large amount of data in real

time. These examples have been classi�ed into the taxonomy and can be viewed in

Table 3.1.

3.3.1 Audience Cardinality (A)

In our notion of the audience of the data-driven story, we also include the

storytellers: whether it is one or several people who are creating or viewing the

narrative, respectively. A group performance, such as the bubble sort dance in the

example above, would be an example of many storytellers (the dancers) conveying

data to many recipients (the audience in the dance studio). When choosing the

Audience Cardinality, the storytellers can adjust the way of the story is conveyed.

For example, by changing the way computer game is recorded, we have changed the

media type from local video to online broadcasting, and thus we have changed the

Audience Cardinality from one-to-one to one-to-many.

Audience has one of the below values:

� One-to-one(1:1): one storyteller and one recipient, such as in a private conver-

sation. The traditional storytelling process from one storyteller to an audience

is a typical one-to-one process.

� One-to-many (1:N): one storyteller and many recipients, such as a speaker

giving a talk to a group. Most media with broadcast ability is one-to-many,

since one storyteller often creates the data story and communicates it to more

than one receipt. For example, the creating and broadcasting process of info-
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graphics, data comics, and data videos.

� Many-to-many (N:N): many storytellers and many recipients, such as a dance

troupe giving a performance to an audience. There are media types that

allow multiple storytellers to broadcast at the same time. For example, in the

advanced version of Data TV, the system allows more than one user to tell

data stories at the same time.

Although the values of this dimension seem straightforward, there are situa-

tions from which choosing values can be hard. For example, during the live stream-

ing with data stories, the video is broadcast to multiple viewers. This seems typical

one-to-many cardinality. However, for extreme cases, such that there is only one

recipient, the broadcast of the media becomes one-to-one. In general, we only cover

the basic cases here.

3.3.2 Space and Time (S/T)

We borrow the notion of space and time from CSCW [192], where the space-

time matrix has long been used to characterize forms of groupware based on the

spatial and temporal relations of the human users. Some media types naturally

require that the storytellers and recipients are located in the same place, such as

dancers and their audiences. Other media types, such as infographics, movies, and

comics are easily recorded and broadcasted. The storytellers and the recipients can

stay in di�erent places and time periods. It is a useful property because both space

and time have a signi�cant impact on the delivery and storage mechanism for the
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data-driven story.

Space and time has two values, one for each dimension:

� Space: relative physical locations of storyteller and recipient.

{ Co-located(coloc): the storyteller and the recipient are in the same phys-

ical space. Traditionally, the storyteller is in the same location with the

audience when communicating a story, such as giving a speech, showing

a dancing performance, or giving a presentation in person.

{ Distributed (distr): the storyteller and the recipient arenot in the same

physical space. Some examples of this space attribute are media types

using modern technology such as live video streaming, phone meeting,

and other collaborative work tools.

� Time: temporal locations of storyteller and recipient.

{ Synchronous(sync): the storyteller is delivering the story to the recipi-

ent in real time. This time attribute applies when it is required that the

storytellers and recipients share the same temporal locations. Such in-

stances can be included for media types that have a broadcasting ability

and have no method of saving a record, such as live streaming and dance

performances.

{ Asynchronous (async): the storyteller is delivering the story in a form

that will be consumed by the recipient at a later time. Examples of

this include media types that have default saving capabilities, such as

35



infographics, in which the recipient can consume the story anytime after

the story has been delivered.

The dimension valuesCo-locatedand Distributed are very important in terms

of determine the media type to use when there are limited resources. For example,

if the storyteller and audience are located separately, the storyteller has to choose

a media type that is able to convey the story in aDistributed way.

This dimension can be heavily a�ected by the habits and preferences of the

storytellers and recipients. For example, dancing performance are often recorded by

video. As a result, the habitual way to tell this story is by distributing in both time

and space, allowing recipients to view it at a di�erent location in the future.

3.3.3 Visual Components (VC)

The nature of the media captures the composition of the media being used

for data-driven storytelling. Since we are typically talking about composite media

types, the Media Components is a set variable that can include one or several of the

below:

� Audio (aud): audio, such as speech recordings, ambient noise, or sampled

sound e�ects.

� Photographs(pho): pixmap images.

� Live video (vid): animated pixmap images with basic control.

� Static graphics(gra): non-dynamic vector graphics.
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� Animated graphics(ani): dynamic vector graphics with control.

� Text (txt): textual representations.

We covered the media components that used for data-driven storytelling, and

did not include other components that do not contribute as much. This list of media

components may not be complete, as we only covered the major media components

shown by the examples.

3.3.4 Data Components (DC)

The core purpose of a data-driven storytelling artifact is to convey data from

the storyteller to the viewer. The form that this takes is captured in the Data

Components (DC) dimension. For this dimension, we enumerate the most common

components used by the examples. When designing the Data Components for data-

driven storytelling media, storytellers are choosing what is the way that data will

be presented. Our enumeration of the components is su�cient to cover most of the

common data expressions. For example, we know that table is used for structured

data, map is used for geological information, and time visualization is used for

continuous time series. It is a set variable that will take or several of the below

values:

� Table (tab)

� Map (map)

� Statistical graphics(stat)
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� Discrete event visualization(event)

� Continuous time visualization(time)

� Graph visualization (graph)

� Text visualization (txtvis)

� Formula (fmla)

This dimension covers the major artifact that carries data from the examples.

The list of values can also su�er from incompleteness caused the limited scope of

the examples.

3.3.5 Media Viewing Sequence (SQ)

From the nature of the media types, there are viewing sequences better ac-

cepted than others. For example, a comic strip can be viewed in sequence or with

branches in most of the cases. A video is mostly viewed in sequence. Infographics

can be viewed in parallel, which makes them capable of conveying information faster

in certain situations, and thus can be more di�cult to understand [1].

� Sequence(seq): viewed linearly, the stroyline is in sequence.

� Branch (brch): viewed in sequence, but with branches.

� Parallel (prll): be able to viewed in parallel.
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3.3.6 Storage and Persistence (S/P)

While related to the delivery mechanism of the story artifact, the storage and

persistence aspects of the artifact governs how and when it can be consumed. It

takes one of the following values:

� Ephemeral (eph): generated once and not recorded, not easily replicated.

Some media types have stories received by the audience immediately after

the stories are generated and told, such as gestures, speeches and facial ex-

pressions. These types of storytelling process relies on other tools to record

them and are hard to replicate. These media types can be recorded by other

media types, but we only consider the media types by themselves.

� Replicable(rep): generated once, but can be replicated by the storyteller on

demand. Some media types are easily replicated and stored, such as video,

audio and infographics.

3.4 Examples Using the Taxonomy (Applications)

With our taxonomy, we explored a few applications with new designs. By

changing the values of certain dimensions, we were able to test or propose new

media for data-driven storytelling.
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3.4.1 Data Comics

In an e�ort to show how sequential art|also known as comics|can be used

as a novel method for storytelling, we presented this example with a technique of

creating sequential art for data-driven storytelling. We developed the Data Comics

system with the design principle from our taxonomy|combining storytelling with

the comic media [152].

The data comics technique, speci�cally introduced in appendix [152], allows

the users to build narratives using comic layouts of panels containing both snapshots

and live visualizations. Comic features are seamlessly emerged into the comic layout

panel. The storytelling process leverages the continuous frames as the organization

of storyline and the comic features, such as speech bubbles, comic �gures, and

directional arrows, to bring the data-based storytelling into another dimension.

The above �gure is an example of the data comic frame produced with our de-

sign philosophy by the data comic system. The design of the data-driven storytelling

in data comic system is not much di�erent from traditional oral way, users are still

dominant in the system as the system is not capable of generate the storyline by

itself. More speci�cally, users start by collecting the data-visualization by cropping

a subgraph and decide the size and location of cropped part. Such cropping �nish

allows the user to choose the level focus and decontextualization, which encourages

the users to summarize the most interested part of the whole visualization. Then

they are free to map the data visualization with frames of any size and sequence.
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3.4.2 Data TV

DataTV is a prototype system for authoring live-streaming data videos using

single, integrated interface. The DataTV prototype is based on OBS Studio1, a

popular Open Source project for game streaming that supports multiple di�erent

operating systems. The prototype supports three separate modes for (1) produc-

tion, (2) recording, and (3) editing, in a highly streamlined and optimized work
ow

that allows a single content creator to control the entire process, even during live

streaming. The tool incorporates multimedia sources such as live webcams, live au-

dio recordings, web browsers, image viewers, and full-motion video. In particular, it

supports live recording of any selected window presumably containing an interactive

visualization, such as a web browser or dedicated application window.

Furthermore, the tool incorporates advanced video functionality, such as chroma

keying (making parts of a stream transparent, such as for blue or green screens),

picture-in-picture, hand-drawn annotations (for highlighting important parts of a

stream), viewport control (zooming and panning), and advanced source composition

operations (transitions, stretching, and �tting). To validate the DataTV platform,

we engaged three visualization tools which are the results of published work in the

information visualization community and created data videos analyzing a certain

topic with them. Further more, we asked two visualization experts to create a data

video less than one minute long with DataTV on a random topic to test if our system

is adaptive on a wide range of topics.

1Open Broadcaster Software:http://obsproject.com/
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Our DataTV interface supplies as much space as needed for the web-based

visualization to support its interactive features (Figure 3.7).

3.5 Implication for the Taxonomy

We have successfully labeled about 91 existing examples with our taxonomy

shown as Table 3.1, 3.2, 3.3, and Figure 3.5. The examples cover movies, docu-

mentaries, web articles with data visualization, infographics, comics, social media,

visualization tools, games, dance, and sketching tools, which are a large part of the

major categories for storytelling. This comprehensive classi�cation provides good

evidence that our taxonomy is su�cient and complete.

From Figure 3.5 we can see that there are thick paths that indicate there are

more examples categorized with the values in these dimensions. The parts with

light paths or without paths are the gaps between examples. To�ll the gaps of

the taxonomy and the examples, we can �nd examples based on light path or the

dimension values that have not been explored. For example, to create media type

data comics from infographics, we can follow the design space and dimensions of

infographics, then change the viewing sequence from parallel to sequence or branch.

Using partitioning and sequencing, we can reorganize the content of infographics and

add static comic graph to create data comics. The detailed process and evaluation

is mentioned in Chapter 5 later.

From collecting the examples, we have found media types primarily in the

form of data videos (23%), infographics (14%), web articles (5%), visual analyt-
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ics/visualization tools (8%), data comics (18%), virtual reality visualization tools

(7%), augmented reality visualization tools (9%), and computer game tools (3%).

We also observe that the values of some dimensions are more diverse than others.

For example, the dimension Data Component has the most diversity, meanwhile

some of examples share part of the values for this dimension.

Our taxonomy is an extension that builds on the foundation that Segel and

Heer [2] laid in 2010. While this foundation has proven instrumental in the guiding

the development of data-driven storytelling, their model is limited in scope and con-


ates the delivery mechanism with the media used for the message. We believe our

taxonomy provides a more comprehensive view of media for data-driven storytelling

while still building on their foundational work. Using our taxonomy, designers will

be able to widen the horizon of data-driven storytelling. By providing a taxonomy

with detailed dimensions, we explored the possible values for each dimension. By

expanding the list of dimensions and dimensions values, we can also keep tracking of

the emerging media types. In particular, the terms and dimensions in our taxonomy

provides a standardized vocabulary to use when discussing data-driven storytelling.

This enables researchers and practitioners alike to classify their own work so that

existing and new media can be systematically organized with a common ground.

However, the true value of a taxonomy such as ours is in generating new ideas

by identifying gaps in the literature. By grouping and labeling the dimensions of

existing media, our taxonomy can help researchers identify new areas to explore

in the future. For example, this new design space can be generated by exploring

previously untested combinations of dimensions. While we have done so in the
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previous section, speci�cally in terms of the Data Comics and Data TV applications,

the space is wide open for even more radical ideas. For example, consider employing

data-driven storytelling in e-learning, social media, or even video games. What

about interpretative dance, theater, improv, music, or even song for data-driven

storytelling? The possibilities are endless.
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Figure 3.6: Data Comic on the European debt crisis.
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Figure 3.7: Webcam and Keshif visualization being recorded for the Nobel Prize
Winner data video. A data video can be made with user as the presenter.
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Chapter 4: Designing Data-Driven Tools for Casual Users

The overall purpose of this Ph.D. thesis isto expand the horizon of media

for data-driven storytelling to aid casual users viewing, analyzing, and

understanding data. Traditionally, infovis systems are designed for experts and

professionals with strong domain knowledge.

4.1 Casual Users

To expand to a larger population including everyday internet users, the elderly,

and young people, we consider casual users as the group of consumers of information

such as data stories, who leverage storytelling and infovis systems to gain meaningful

information for both everyday work and non-work situations.

4.2 Casual Information Visualization

Pousman et al. [88] proposed casual information visualization by expanding

traditional visualization research to edge cases such as ambient infovis, social infovis,

artistic infovis. The three sub-domains seem far from the core infovis research.

� Ambient Infovis are systems that can be loosely de�ned as infovis, with very

sparse and abstract expressions of data.
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� Social Infovis are collaborative visualization systems that work on social

information.

� Artistic Infovis are information visualization systems that work on data-

driven art.

All these di�erent kinds of infovis are not strictly bounded by the traditional

visualization tools which are widely used by the professionals such as Tableau [135],

Microsoft Power BI [196], and Many Eyes [143].

4.3 Why Data-driven Storytelling for Casual Users

To make a greater impact on the largest user group, we choose to focus on the

casual users. As smartphones are widely accepted by people of di�erent ages, from

young kids to elderly, large amount of computing power is spread as well. We want

to leverage the computing power to level the digital data gap between experts and

casual users with data-driven storytelling media.

In today's internet world, the majority of the users are young and open to new

media types. One of the most popular Youtubers, "PewDiePie" [197], who makes

original videos and live streaming on Youtube for a living, has a subscriber count of

70 million. This size is larger than some that of the population of large countries.

For the casual users without professional training, using visualization tools

can be both an opportunity and a challenge. The visualization tools have already

provided a powerful way to analyze, understand, present, and interpret raw data,

but current visualization tools are often too di�cult for inexperienced users.
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4.4 Which Media to Use

Most of the media types on the internet, such as online articles, online videos,

live streaming, online infographics and etc, are well accepted by casual users. For

instance, we developed DataTV using live streaming and data visualization to help

data videos broadcast to casual users. . We also developed Data Comics with comic

as media, as well as an online application to develop data comic for online users.
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Chapter 5: Data Comics

In this chapter, we present Data Comic, a technique that can be created by

juxtaposing multiple visualizations into comic strip layouts for casual users as con-

sumers of information. Data Comic consists of a sequence of panels, each annotated

with both visual and textual elements, and arranged into a sequence that progres-

sively develops the overarching story told in the comic.

To facilitate the creation of Data Comics, we presentDataComicsJS (Fig-

ure 5.1(b)), a Google Chrome extension that consists of four components: (1) the

Clipper, for collecting both snapshots of visualizations and images as well as raw

data from any webpage viewed in the browser; (2) the Decorator, for editing the vi-

sual design of an individual panel, including clips, images, captions, and comic-style

visual elements; (3) the Composer, for managing the layout, size, and position of

panels making up the comic; and (4) the Presenter, for ultimately allowing a viewer

to navigate in a �nished Data Comic, including viewing the entire comic as a whole,

as well as view single panels in sequence.
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5.1 De�nition

Data Comics is a visual storytelling method based on sequential images con-

sisting of data-driven visual representations. Its purpose is to support for expert

users to build engaging narratives about data. Our inspiration for this method came

from several sources, including the recent focus on storytelling for visualization [198],

the increasing use of comics for \serious" applications (e.g [175, 199, 200]), and the

EuroVis 2011 keynote by Scott McCloud on comics [156].

Our motivation is to take advantage of both the plethora of existing visual-

izations on the web and the familiar visual language of comics, including layout,

characters, and comic elements such as motion lines, speech bubbles, and arrows.

Below we review an operational model for data comics and then discuss each of

its aspects, including creating panels, managing their layout, and letting a viewer

navigate the comic.

5.1.1 Basic Model

For the purposes of this chapter, a comic consists of a sequence ofpanels

organized into one-dimensionaltiers (or strips) and separated bygutters, or spacing,

between the panels [149, 175]. The panels in a tier are organized to be read from

left to right to form a narrative (at least in Western cultures). Tiers can in turn be

organized intopages, where each tier becomes a row separated by a vertical gutter,

and several pages can be linked together into abook (or comic book).
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5.1.2 Panel Content

Unlike a normal comic, most panels in a Data Comic consist of visualizations

that convey information using graphical means.1 These could be simple and familiar

statistical graphics such as barcharts, time-series charts, and piecharts, or more

advanced visualizations such as treemaps [201], node-link diagrams, or even parallel

coordinate plots [202], all depending on the visualization literacy of the intended

audience and the instructional annotations in the panel.

Because of this focus on data-driven graphics, the designer is largely relieved

from creating artistic content, which requires drawing skills that only few people

have. Instead, the visual content can be constructed by either creating entirely new

visualizations from raw data, or by clipping a snapshot from an existing visualiza-

tion.

5.1.3 Characters, Annotation, and E�ects

A Data Comic would not truly be a comic if it did not also leverage the visual

language of comics. Designers creating Data Comics can be given access to this in

several ways:

Comic-style rendering: To emphasize the comic medium, content can be

drawn using non-photorealistic rendering (e.g. [203]).

Characters: Characters often drive the narrative and complement the data-

driven visualizations. Because this requires artistic talent, designers should be given

1For engagement and e�ect, a few panels may consist solely of artistic content, but this puts
corresponding artistic burden on the designer.
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a library of characters.

Comic elements: Designers should also be given access to common visual

elements used in comics, such as motion lines, highlights, or even onomatopoeia

(words that mimic sounds).

Captions, speech, thoughts: Visuals are often sca�olded by text in captions

as well as speech and thought balloons [149,175].

5.1.4 Layout Management

The layout of a Data Comic|the organization of panels into tiers and pages|

is an important consideration in creating a narrative. To facilitate easily construct-

ing a narrative, the Data Comics model should allow a designer to easily change the

order of panels.

5.1.5 Viewing

Finally, after a Data Comic has been created, its purpose is to be viewed

by its intended audience to convey its designer's story (and message). Just like a

traditional comic, the default view for a Data Comic is to view an entire page, with

all of the panels visible. Since screens are di�erent from the written page, however,

it also makes sense to support a single-panel navigation mode, where the viewer

can sequentially navigate backwards and forwards in the comic. This is not unlike

traditional slideshows in PowerPoint or Keynote.
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5.2 Implementing Data Comics

We have implemented Data Comics as a web application calledDataComic-

sJS. It is a hybrid application consisting of both client-side and server-side compo-

nents. Client-side components are built using JQuery for DOM manipulation and

D3 for visualization. The content is stored on the server-side backend, implemented

as a simple Python server communicating using JSON-RPC.

(a) Composer in DataComicsJS. (b) Data importing.

Figure 5.1: (a) Basic DataComicsJS interface with the Composer in the middle of
the workspace and Decorator on the left side. The Decorator is composed of four
expendable menus including data importing, operations, comic elements, and collec-
tion of clips. (b) Data import is used to load and update visualization clips from a
server where the user can also save �nished work and reload them for presentation.
SVG clips is the content captured by the Clipper.

5.2.1 Clipper

The Clipper component of DataComicsJS is implemented as a Google Chrome

extension that users download and install in their local browser. This allows the

system to integrate with and extend the browser so that users can clip content from

any website they visit. This is achieved by traversing the DOM from the element
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that the user indicates. Three di�erent types of content can be clipped: (1) Raw

data: structured data, such as in an HTML table element or tab-delimited text, can

be parsed and saved; (2) Snapshot (SVG): Parts or all of an SVG element can be

clipped, including any CSS that a�ect its appearance; and (3) Snapshot (raster): A

speci�ed bounding box of the webpage can also be clipped as a raster screenshot.

5.2.2 Decorator

The panel is the basic building block of a Data Comic, and panels are created

using the Decorator, which consists of a toolbox (graphical tools, such as translation,

scaling, rotation, annotation, cropping, etc), the workspace (a blank area with panel

borders that can be dragged to change the aspect ratio of the panel), the clip

collection (the visual and raw data content that the user has collected using the

Clipper; the user can simply drag and drop elements from the collection, or drop

raw datasets to bring up a dialog to select the visualization), and a symbols library

(comic-style elements and direct access to the Noun Project free icon library).

5.2.3 Composer

The Composer gives the user control over the layout and organization of panels

for a speci�c Data Comic. The layout 
ows to �t the page from left to right, top to

bottom based on the number of panels and the page width. The interface provides

buttons for adding and removing panels as well as dragging and dropping them to

change their order. Double-clicking on a panel will open it in the Decorator.
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Figure 5.2: Viewing individual panels using the Presenter in slideshow mode. But-
tons allow for navigating slides in sequence.

(a) Text driving narrative. (b) Seeing the whole from
parts.

(c) Tiers and pages.

Figure 5.3: (a) The use of text to drive narrative. (b) Encapsulation of moments in
panels juxtaposed yield closure as the viewer connects them and sees the whole. (c)
Panels organized into tiers with horizontal gutters; multiple tiers form pages with
vertical gutters.

5.2.4 Presenter

Once the designer has created and exported a Data Comic, he or she can share

it widely using a unique URL that can be sent via e-mail, shared on social media,

or posted on a forum. Everyone opening the URL will be given the Presenter view

of the comic, which is a read-only viewer. The Presenter supports two viewing (and

printing) modes: (1) viewing the entire comic, as is common for normal comics,

and (2) viewing individual panels by navigating using on-screen buttons or the

arrow keys (Figure 5.2)). The latter presentation mode is implemented as smooth

animated transitions from one panel to the next to reinforce the comic metaphor.
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5.3 Telling Stories Using Data Comics

Creating a Data Comics requires some knowledge of the narrative style of

comics; the layout, content, and size of panels; as well as the use of text in driving

the story. Here we draw on the general literature of comics to operationalize these

concepts for data stories [175].

5.3.1 Comics Narration

While comics narration is generally linear, the medium by necessity cannot

present the continuous narrative made possible by media such as digital video or

�lm. Instead, comics narration depends onencapsulation, the focus on particular

moments in the possible narrative arc to be represented in individual panels. Writers

and pencillers exercise syntagmatic choice in establishing a series of juxtaposed

images in the panels. The edges of the panels represent the limits of representation

within this smaller bit of the page layout, but each panel also contributes to the

larger unit, leading to an interpretive experience that is both linear and holistic since

each panel is interpreted individually but also as part of the larger page. The gutters,

while delineating the limits of each panel, also indicate the necessity for the reader

to engage inclosure in order to generate a more coherent narrative (Figure 5.3(b)).

The progression of syntagmatically related panels can follow a number of pat-

terns. The progression may be temporal, following the same event as it unfolds in

time. It may be spatial or spatial/temporal, moving between a number of locations

at a given moment or during a speci�ed time, or else presenting a series of localized
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micro-events happening within a larger framework (akin to a series of reaction shots

to the same event used in �lm). Panels could also relate conceptually, presenting a

series of related abstractions and calling upon the reader to form associations be-

tween them. The panels in Figure 5.5, operating in a relatively static timeframe and

without a speci�c location, might best be thought of as such a conceptual arrange-

ment, isolating and explaining particular phenomena within the broader structure

of the U.S. Census data.

5.3.2 Panel Content and Size

The comic panel is among the most fungible methods of representation, capable

of presenting visual data ranging from a full landscape or urban horizon to a mid-

range \street scene" shot to a close-up portrait shot or even the so-called extreme

close-up of a particular detail. While layout possibilities are nearly limitless, most

American (or European)-produced comics follow some variation of a grid pattern

in which rows are read left to right while proceeding from the top to the bottom

of the page. Panels might all be of equal size, as in Figure 5.5, but it is typical

to encounter panels with particularly important details occupying more space on

the page (Figure 5.3(c)). The extreme of this narration is the \splash page," in

which one panel occupies an entire page, or even two pages, a rare panel known as

a \double-page spread."

The combination of larger and smaller panels can often be used to convey a

large quantity of visual information in a large panel while highlighting particular
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elements of the larger panel's content in smaller panels, such as presenting a land-

scape or a cutaway view of a house in a larger panel and then presenting close-ups of

various visual elements in smaller panels collected near the larger panel. (The visual

content need not be a natural or built environment, however: a similar layout for

Figure 5.5 with a single large panel depicting the overview of the U.S. Census data

could readily be supplemented by rows of smaller panels presenting the individual

elements of the data set.)

5.3.3 Textual Narration

Comics panels may feature dialogue or textual narration, or these elements

may be omitted, a stylistic choice embedded in the form's eighteenth-century origins.

The satirical engravings of the British artist William Hogarth generally omitted dia-

logue, whereas politics cartoons dating from the eighteenth and nineteenth centuries

often featured multiple characters speaking (to all appearances simultaneously) in a

one-panel image. Narration and dialogue are typically omitted for action sequences,

focusing the reader's attention on the implied movement of the characters or objects

in the panels. Dialogue is generally placed in speech balloons that are superimposed

on the image. Narrative captions can be placed in a box, usually located at the top

of the panel, and delivered in the �rst, second, or third person (Figure 5.3(a)).

An entirely di�erent method of narration is available in the form of direct

address using a character in the comic, usually anthropomorphized to one degree

or another. Breaking the so-called \fourth wall" between the page and the reader,
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such characters can function as avatars drawing the reader into the narrative or

as interlocutors presenting essential information to the reader. (The narrator in

Figure 5.5 represents the latter approach.) Scott McCloud combines both functions

in his Understanding Comics[175] guide to the visual interpretation of the medium,

deploying a cartooned avatar of himself to walk the reader through the essential

physical elements of comics layouts and illustration styles while also dispensing

information necessary to the reader's interpretation of these elements.

(a) The Greek debt crisis. (b) Journals in neuroscience.

Figure 5.4: Examples of Data Comics. (a) The role of Greece in the European debt
crisis. (b) Trends in scienti�c journals in neuroscience.

5.4 DataComics Examples

To validate the Data Comics method and give a concrete idea of what it is

capable of, we present a few examples based on real-life data. The inspiration comes

from online data visualizations and infographics we experience on a daily basis. Our

work here reformulates some of these insights using the comics medium.
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