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Crossing the Chasm:
Bridging Visual Augmentations and Designer Intent

Luke S. Snyder, Maureen C. Stone, Jeffrey Heer

Abstract—To direct attention and communicate context, visu-
alization designers often employ augmentations such as annota-
tions, animated transitions, and stylistic layouts. While graphical
perception principles can helpfully prescribe effective low-level
representations of data, they lack guidance for augmentations
that service higher-level communication goals. To bridge this
gap, we contribute a design space that frames designer intent
as viewer-oriented cognitive behaviors, grounding communicative
aims in actionable visualization design techniques, including both
visual encodings and augmentations. This design space consists
of common augmentation tactics (annotation, animation, stylized
encodings, etc.) that implement design strategies (spotlighting,
sequencing, association, etc.) to achieve higher-level design goals
(observe, interpret, introspect), often simultaneously. We demon-
strate the analytic and generative value of our design space
with examples across varied designer objectives. We discuss
how our contributions help align designer intent with reader
takeaways, pave the way for readers to learn more effectively, and
enable future (semi-)automated systems to support visualization
designers in achieving their communication goals.

Index Terms—Visual augmentations, communicative visualiza-
tion, visualization design.

I. INTRODUCING THE CHASM

V ISUALIZATIONS are used as communicative aids in
contexts such as teaching, business, news, and scientific

papers. During the design process, designers must consider
their audience, what message they want to convey, and how
they want to convey it. Designers typically convey this intent
by augmenting their visualizations (e.g., annotations, anima-
tion, semantic color encoding, etc.), but how can they ensure
that their intent was correctly decoded by the reader? Graphi-
cal perception literature provides grounding for effective low-
level representation of data [1], [2], but we lack similar
guidelines to help designers express communicative intent.

We use “communicative” and “designer” intent interchange-
ably throughout the paper. This can be defined at multiple
levels, each increasingly difficult to assess. For instance, the
designer’s intent may be rhetorical [3] or affective [4] in
nature: to persuade or evoke an emotional response. On the
other hand, the goal may be for readers to learn something
important [5] or modify their future behavior based on new
knowledge. Each of these goals, however, may be secondary
to less savory intents such as deceit or profit. We frame
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communicative intent as explicit properties of the design:
general cognitive actions that the designer wishes to induce
on behalf of the reader, such as observing an important fact
about the data or reflecting on their own knowledge. Though
these behaviors may still be in service of higher-level goals,
this more abstract framing has two primary advantages: (1)
we are able to more concretely reason about design objectives
from a varied set of augmentations used throughout the litera-
ture, in contrast to more specific and complex objectives (e.g.,
learning, emotional, etc.) that are difficult to relate to each
other and explicate without discussions or assessments with
designers and readers; (2) designers are encouraged to reflect
on the viewer’s behavior, using our objectives as actionable
guides to help achieve their ultimate intents.

Consider the political issues that US voters associate with
the Democratic Party across past decades (Figure 1). After
the data has been encoded, a number of decisions were made
that affect communicative intent [5], [6]. For instance, color
not only helps relate annotated text with the data, it also
exploits cultural associations to ground meaning (i.e., visual
metaphors [3]): green for climate change, blue for working
class (“blue-collar”), and pink for healthcare (breast cancer
ribbon). The placement of the annotated text also orders the
content left-to-right to convey the temporal shift from working
class to other issues more clearly. However, if additional
design constraints were present (e.g., more data, heavy overlap
of lines, etc.), other sequencing techniques might be used
instead, such as animation (e.g., fading to layer in each line),
annotated labels (to enumerate content), faceting, a stepper,
etc. Additional annotations with historical context could help
explain voters’ shift, but would alter the communicative in-
tent. Each of these decisions—or lack thereof—make use of
visual augmentations (defined in section II) to direct readers’
attention and convey context. These objectives and supporting
augmentations move beyond standard graphical perception
concerns to influence the message that the designer conveys
and what readers may learn.

A gap remains between design intent and the specific visual
augmentations: how might a designer’s communication goals
be achieved within a vast space of varied augmentations? To
bridge this gap, we contribute a design space that characterizes
connections between how designers augment their charts and
why they employ these augmentations. We survey literature in
narrative visualization, graphical perception, communication,
and learning sciences to distill a design space with three tiers:
a common set of augmentation tactics (annotation, animation,
stylized encodings, etc.) that implement design strategies
(spotlighting, sequencing, association, etc.) to achieve higher-
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level design objectives (observe, interpret, introspect). We find
that many tactics and strategies are reused across other tiers,
often achieving multiple goals simultaneously. In addition,
our design space can be aligned with prior work on learning
objectives [5], [6] to support more systematic design and
assessment in the future.

Our design space serves as both an analytic tool to evaluate
and compare communication aims across different visualiza-
tions, as well as a generative aid for exploring new designs
with competing augmentation strategies and objectives. We un-
pack examples in communicative visualization to demonstrate
these contributions, noting trade-offs and opportunities.

By grounding communicative intent in visual augmenta-
tions, designers gain more actionable techniques—including
visual encodings and augmentations—that they can use as
communicative “levers” to convey different messages. These
“levers” may also encourage reflection about what readers
will take away, better aligning designers and readers. We
discuss this alignment in greater depth, along with how our
contributions can help pave the way for readers to learn more
effectively, enable future (semi-)automated systems to sup-
port visualization designers in achieving their communication
goals, and help scaffold and evaluate visual augmentations.

In summary, we make the following contributions:
1) We identify and characterize the gap between visual

augmentations and design intent as a disconnect between
how designers augment their charts and why.

2) We formally bridge this gap by surveying the visu-
alization literature to distill a design space of what
augmentations designers use (tactics), how they use
them (strategies), and why (to what aim) they use them
(objectives).

3) We demonstrate the analytic and generative value of
our design space across examples with varied designer
intents, identifying both trade-offs and opportunities.

II. CHARACTERIZING THE CHASM: BACKGROUND

To illustrate the gap between visual techniques and designer
intent, we first define visual augmentations, using motivating
scenarios (Figure 1, Figure 2, Figure 3) to surface potential
types of designer objectives and supporting aids.
Defining Visual Augmentation. We define visual augmenta-
tion as any use or modification of existing or supplemental
graphical elements designed to communicate information be-
yond denotative graphical decoding.
Our definition broadens the scope of augmentations explored
by prior work, such as annotations [7] (which constitute a
subset of visual aids) and augmentations used to highlight data
relationships [8], [9] (which represent one kind of design goal).
In addition, we recognize that non-supplemental, standard
encoding choices (not only new ones [10]) made during the
initial data mapping may also serve communicative goals (e.g.,
in addition to categorizing data, red and blue colors connote
the Republican and Democratic parties in the United States).
We fully operationalize our definition in section IV, identifying
augmentation tactics, design strategies, and higher-level goals
to form a design space.
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Fig. 1. Augmented visualization by Burn-Murdoch [11], which illustrates
the change in perceptions of Democratic Party values over time (A). (B) The
placement of annotated text subtly encourages left-to-right reading; (C) Color
hue is used to relate annotated text with line marks and connote subject matter
(e.g., blue for blue-collar workers or green for climate); (D) Footnotes provide
context for how the data was sourced.

Example: Democratic Party Trends. Perceptions of political
party values have shifted over time. This shift within the
Democratic Party is demonstrated in Figure 1, with vot-
ers’ increasingly associating the party with issues related
to marginalized groups, healthcare, and climate regulation.
The title (Figure 1(A)) and footnote (Figure 1(D)) serve as
guides for additional context on what the data represents
and how it was sourced, aiding interpretation. Annotated
text (Figure 1(B,C)) provides additional context for each of
the line marks. The placement of these annotations sequence
the reader left-to-right, prompting them to observe the shift
in associations from working class to other topical issues.
Finally, color hue (Figure 1(B,C)) assists interpretation by
relating annotated text with each line mark and connoting
higher-level associations (e.g., blue for blue-collar workers,
pink for breast cancer awareness, and green for the climate).
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Fig. 2. Augmented visualization
by Tufte [12] that shows weekly
cholera deaths during the 1854 London
cholera outbreak. (A) Casket symbol
that represents 50 deaths; (B) Pictures
of Queen Victoria and John Snow;
(C) Annotated text that contextualizes
when the handle from the Broad street
pump was removed and by whom; (D)
Annotated connector that identifies the
when the pump was removed; (E) Ag-
gregation to display weekly deaths.

Example: Cholera Out-
break. London suffered a
cholera epidemic in 1854.
Physician John Snow sur-
mised that the source was
contaminated water, remov-
ing the Broad Street pump
to test his hypothesis. Fig-
ure 2 visualizes Snow’s ac-
tions within the context of
the epidemic, with several
visual augmentations em-
ployed to support commu-
nication goals. The visual-
ization makes use of textual
and connector annotations
(Figure 2(C, D)) that pro-
vide context (Figure 2(C))
as well as spotlight (Fig-
ure 2(D)) when the Broad
Street pump was removed.

Rather than use standard
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Fig. 3. Augmented visualization by Victor [15], demonstrating interactive
and explorable explanations of a car simulation algorithm. (A) Linked color
highlighting to indicate mouse hovering, which sets the algorithm parameter
(degrees of turn) in views (D) and (E); (B) Linked color highlighting to
indicate mouse clicking, which sets a specific parameter value in views (D)
and (E) and focuses the region of interest (C); (D) Slider to explore different
parameter values.

bar marks, the designer encoded the number of deaths with
symbolic caskets (Figure 2(A)) and includes pictures of histor-
ical figures (Figure 2(B)). These symbolic representations may
help the reader associate the meaning of the data with known
referents, which can aid interpretation of the subject matter. It
is worth noting that the decision to include these associations
was strongly criticized by Tufte [12]. Indeed, this decision may
have little effect on the reader’s ability to accurately decode the
information presented in the chart, a topic of some debate [13],
[14]. However, with respect to higher-level communication
objectives, symbols may more directly convey a visualization’s
thematic content by engaging a reader’s prior associations.

Finally, the chart aggregates data by week (Figure 2(E)) to
help the reader observe the reduction in deaths after the handle
was removed. This tactic must be used with care: depending
on the context, aggregation achieves rhetorical aims or it may
mislead the reader by hiding data that conflicts with a chosen
narrative [3], [12]. Here, the number of daily deaths were
already decreasing before the handle was removed.

Example: Exploring Algorithms. Explorable Explanations
surface underlying models in the form of interactive content
for readers to investigate, test, and refine both the assumptions
that the model and themselves make [16]. One example of
this type of content is demonstrated in Figure 3, which com-
municates different layers of abstraction in a car simulation
algorithm [15]. As in previous examples, repeated use of
linked colors help relate different content and functional-
ity, aiding interpretation. Red coloring (Figure 3(A,C,E)) is
used consistently throughout the article to help the reader
observe specific interactive abilities (e.g., mouse hovering in
Figure 3(A)), as well as spotlight selected content in faceted
views (Figure 3(C,E)). Underlined blue text (Figure 3(B))
represents snapshots of different model states, which the reader
can click to spotlight corresponding content (Figure 3(C)).

Finally, an interactive slider (Figure 3(D)) enables the reader
to explore and test the algorithm across faceted views. Criti-
cally, this functionality encourages the reader to introspect by
self-reflecting and repairing their knowledge. Specifically, the
reader engages in a cycle in which they make tacit predictions
about the algorithm, use the interactive slider to test these
predictions, and revise their assumptions if the simulated

content differs from the expected outcome.
Summary of Examples. These examples illustrate varied
design tactics (encodings, annotations, interactive simulations),
strategies (spotlight, contextualize, relate), and objectives (ob-
serve, interpret) to scaffold how and why visual augmen-
tations are employed. Crucially, a single tactic can serve
different strategies and objectives, sometimes simultaneously.
For example, as in Figure 1(A), annotations may sequence
data to guide readers in observing important data insights
or phenomena, as well as provide context to connect and
explain these insights, aiding interpretation. Consistent use
of colors can both relate and semantically associate content
for interpretability (Figure 1(B,C)).

During the design process, authors must consider (1) their
communicative objectives, (2) what encoding and augmenta-
tion techniques are available to them, (3) which techniques are
appropriate for their objectives, and (4) trade-offs and inter-
actions between different techniques. Currently, the literature
provides guidance on points (1) and (2), but stops short of
relating them to achieve points (3) and (4).

III. EXAMINING THE CHASM: RELATED WORK

We review literature on graphical perception, visualization
taxonomies, communicative visualization, and learning sci-
ences to note current gaps in scaffolding communicative aids
and providing designers with actionable design guidance.

A. Graphical Perception

While the creative and effective use of visualization to lever-
age human cognition can be traced back as early as William
Playfair’s The Commercial and Political Atlas [17], Bertin’s
Semiology of Graphics [1] arguably contributes the first for-
malism for visual encodings and the appropriate mappings
from different types of data (e.g., categorical vs. quantitative).
These principles have been empirically studied [18], [19] and
mapped to effectiveness rankings for automatic systems [20],
smart defaults in visualization systems [2], [21], [22], and
general criteria for appropriate chart design (e.g., Mackin-
lay’s expressiveness and effectiveness principles [2]). Recent
work has shown that perceptual principles which govern our
visual system (e.g., Gestalt principles [18]) can even affect
higher-level comprehension, as readers focus on certain data
relationships (e.g., trends) which affects their insights and
interpretation of a chart’s intended message [23], [24]. In part,
this work empirically validates early efforts of psychologists to
understand how humans comprehend graphics, as well as why
various chart types and encodings are better suited for certain
tasks than others (e.g., using bar chart to compare overall
trends vs. a line chart to comprehend changes in slopes) [18].

Graphical perception principles helpfully prescribe effective
low-level representations of data, such that readers can (on
average) accurately decode visualized data. However, visu-
alizations within a communicative context may be viewed
more appropriately as a learning problem [25]. As such,
while perceptual principles might help readers quickly and
accurately comprehend a chart (applying a cognitive-efficiency
perspective), they fail to guide designers in reasoning about
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and achieving higher-level communication and learning goals.
Within the context of visual augmentations, graphical per-
ception work may guide how the augmentation should be
implemented (e.g., use color to encode categorical data or
animation to convey change [26]), but not why in the context
of communication (e.g., use red / blue color to culturally
associate data with Republican / Democratic parties, or an
interactive stepper that sequences the order of content to
improve the reader’s interpretation of the narrative).

B. Visualization Tasks & Evaluation

Most visualization taxonomies consider the role of the data
analyst, providing useful guidance for appropriate types of
charts [9] or interactions [27] based on that context. Low-level
task taxonomies operationalize graphical perception principles
as different analytic tasks that the user might perform (e.g.,
compare distributions, retrieve / identify values, etc.) and the
appropriate representations for these tasks (e.g., scatter plot
for detecting outliers) [9]. Brehmer and Munzner’s typology
of abstract visualization tasks [27] mirror our efforts in the
analytic space, bridging the why, what, and how for analysis
tasks. However, this typology relegates all communicative
objectives to a single abstract category: present. As Adar
et al. [5] note, although this decision can reflect the constant
cycle between analysis and communication [28], [29], it fails
to delineate nuanced interactions among varied communica-
tion aims. Naturally, this design process involves a different,
possibly more complex, set of questions beyond the scope of
analysis – namely, what to communicate, how to communicate
it, why it should be communicated and to whom it will be
communicated (i.e., the audience). By bridging design intent
with augmentation tactics (i.e., how designers may realize their
intents), our design space provides an initial foundation to help
answer these questions, including reasoning about tradeoffs
and interactions between visual augmentations which can be
formally assessed in future studies.

Commonly, the effectiveness of a visualization is evaluated
with a suite of cognitive-efficiency metrics (e.g., accuracy,
speed, size) that focus on data insights [23], [24]. However,
in isolation these metrics are often not the most appropriate
for communicative visualization. Rather, the primary concern
is whether the reader actually learned what the author in-
tended [5], as opposed to how quickly or accurately they
could decode insights, some of which might be tangential to
the original intent. Although the use of visual augmentations
outlined in our design space might require additional effort and
time to decode (e.g., annotations, explorable explanations [16],
etc.), we expect that what the reader learned will be closer to
the designer’s intent. We leave this evaluation as future work.

C. Communicative Visualization & Design

A large body of work helps scaffold the design dimensions
of communicative visualization across multiple contexts, in-
cluding data storytelling and narration [30], business dash-
boards [31], interactive articles [32], [33], [34], and research
papers [35]. Although these design spaces address how de-
signers might author a visualization, they remain disconnected

from why (to what aim). As a result, designers lack guidance
when reasoning from high-level design goals, including how
their final design might be improved to better align with reader
takeaways. For instance, when are explorable explanations
appropriate (which have been used incorrectly, much to Bret
Victor’s chagrin [16]), and what are alternative techniques
depending on the viewing context?

We take direct inspiration from this line of work, asking,
“How do varied techniques relate to designers’ communicative
goals?”, and use literature in this area to scaffold our design
space, noting similarities in how divergent tactics can be used
to accomplish similar goals, often simultaneously. A central
benefit to bridging visual augmentations with design intents is
the ability to identify potential mismatches with what readers
actually learn. For example, under what contexts (e.g., back-
ground knowledge, domain, learning goals etc.) do narrative
systems (e.g., Idyll [32], explorable explanations [16], playable
guessing games [36]) provide learning benefits to readers?
To answer this question empirically, we must first unpack
the intended uses and interactions behind such augmentations,
including when and why an augmentation outperforms others.

There exists a long-standing debate as to under which
circumstances visual augmentations are beneficial to readers
and to what the extent they are mere “chart-junk” [14]. Tufte’s
well-known prescription to maximize the data-to-ink ratio of
a chart [37] (i.e., representing the most amount of (necessary)
data with the smallest amount of “ink” in a chart) has been
shown to not always equate with maximal comprehension
or learning [13], a central aim of communicative graphics.
Hullman et al. [13] characterize these differences as visual
difficulties, such as charts with lower data-to-ink ratios that
are more likely to engage the reader. As an alternative to
cognitive-efficiency evaluations, these benefits may arise (in
certain contexts) by inducing active processing and self-
explanation to better manipulate internal representations and
expectations of data [38]. Visual augmentations may also
provide novelty, aesthetics, personalization, challenge, and
reflection, promoting engagement [13]. By supporting learning
outcomes at the expense of cognitive efficiency, we expect
future assessments will help formalize the opportunity cost
of visual augmentations, including diminishing returns (e.g.,
too many augmentations, additional augmentations needed for
more complex types of content or domains, etc.).

D. Visualization Objectives & Extant Design Spaces
Prior work classifies visualization objectives at multiple

levels: perceptual, descriptive, and cognitive. Perceptual goals
are often insight-driven [39], [40], [41], [42], ranging from
low-level tasks such as summarization, comparison, and iden-
tification [7], [9], [27], [43] to high-level comprehension (e.g.,
reader takeaways) [18], [19], [44], [45] or aesthetics such as
legibility [37], [45]. Most design spaces, however, often only
relate these objectives to a single tactic in our design space,
such as annotations [7], text [43], [46], or encodings [2], [47].

Descriptive objectives delineate what a visualization or
augmentation is intended to accomplish, which roughly cor-
respond to strategies in our design space. For example, prior
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work in narrative visualization [30], [48], [49] relates spe-
cific implementation features (e.g., zooming, progress bar) to
structural devices affecting narrative flow (e.g., highlighting,
transitions, sequential ordering). We organize implementation
features into tactics to more clearly delineate important dif-
ferences in how divergent tactics are used (e.g., zooming,
animated transitions, and annotations can each be used to
highlight or sequence content, though annotations may be used
in other ways, such as to provide external context).

Cognitive goals are the highest level and often the most dif-
ficult to assess. These objectives may span the following con-
texts: learning [5], [6], [50], [51], affective or emotional [4],
rhetorical [3], engagement or reflection [34], [52], [53], effi-
ciency [13], and reasoning or decision-making [54]. However,
these objectives may comprise sub-goals themselves. In the
context of learning, “recall” / “remember” may be viewed as
the first level (though this remains controversial [55]) before
progressing to higher levels such as “understanding”, “applica-
tion”, and “analysis”. Though “recall” may be used as a proxy
for comprehension [13], [14], [56], this begs the question: why
does the designer want to the viewer to remember certain
information? Cognitive goals (affective, rheotrical, learning)
may, for example, be in service of specific outcomes, such as
modifying the viewer’s behavior, improving trust, or profit.

A central issue is that prior work often discusses perceptual
and cognitive goals interchangeably at different levels of
abstraction that are difficult to define and relate. For instance,
graphical perception work discusses “interpretation” in the
context of visual encodings and semantics [18], [19] (i.e.,
which marks are better at denoting different types of data and
relationships?), while “interpretation” as a learning goal [6]
is often higher-level and depends on both the encodings
and visual augmentations (e.g., using annotations to help
readers’ interpret a correlation or summarize key temporal
stages [5]). Certain learning verbs (e.g., summarize, compare)
also overlap with analytic visualization tasks in the context of
interaction [27] or chart encodings [9], which obfuscates what
the viewer does cognitively versus what the viewer can do
analytically (e.g., via interaction).

Conceptually, our visualization objectives (observe, inter-
pret, and introspect) abstract descriptive goals into explicit
properties of the chart that reflect what the viewer will do
as a result of a visual augmentation. These objectives are
partitioned in a general manner to help relate perceptual and
cognitive aims through our objective hierarchy: observation
augmentations serve primarily as attention aids (e.g., to iden-
tify, compare, etc.), while interpretation and introspection aids
modify what the viewer interprets from this attention and how
they may assess their interpretation. Designers can then use
these objectives as guides to reflect on the viewer’s behavior
and reason about how to achieve higher-level cognitive goals
(e.g., learning, rhetorical, etc.).

Our design space reflects general-to-specific structures be-
tween low-level verbs and high-level goals from prior tax-
onomies [27], [30], [49]. However, several gaps remain in
extant taxonomies:

G1 Communication goals aimed at viewers are often rele-
gated to a single category [27] or not abstract enough

to relate varied augmentations [30], [49].
G2 Communication goals are described without connection

to the full range of tactics [5], [13].
G3 Augmentations are only discussed for a single tactic [7],

[57] or context [30], [49].
G4 Roles and relationships among augmentations at differ-

ent levels are not delineated, including (1) similar uses
of divergent tactics, (2) different uses of the same tactic,
(3) or using a single tactic to achieve multiple goals
simultaneously.

These gaps pose two primary risks: (1) the visualization
community cannot adequately analyze and evaluate diverse
communication visualizations across a variety of presentation
contexts due to a lack of shared goals and language for
describing visual augmentations; (2) without a sufficiently
nuanced vocabulary, designers lack tools that both encour-
age reflection about what the viewer does and guide them
with different strategies and tactics for achieving these goals,
resulting in potentially sub-optimal designs that limit reader
comprehension and learning.

Our design space defines augmentations at multiple levels
of specificity (tactics, strategies, objectives), enabling us to
capture nuanced roles, relationships, and dependencies (G2-4).
To provide scaffolding, we abstract perceptual and cognitive
goals into more general categories that describe viewers’ cog-
nitive behaviors (G1). Since the designer cannot “force” their
ultimate goal (e.g., that the viewer will have learned exactly
what they intended), our objectives can also be interpreted as
“guides” to help designers achieve such higher-level intents.

E. Communication & Learning Sciences

Our interest in the relationship between the use and intent
of visual augmentations was inspired heavily by Adar and
Lee-Robbins [5]. They frame communicative visualization as a
learning problem, building off process- [58] and meaning [1]-
focused communication theories and extending Bloom’s tax-
onomy of educational learning objectives [50]. This framing
provides important scaffolding for designers to both describe
what they want readers to actually learn and use assessment
to highlight gaps in the design. We view our design space as a
next step in this direction, seeking to provide more actionable
design techniques to control different learning “levers”. While
we reason about how our designer objectives, strategies, and
tactics (section IV) might relate to Adar’s learning taxon-
omy [5] (section VI), we leave a more exact mapping to
future work given the need for further empirical grounding.
One benefit of keeping an arm’s length between our notion
of design intent and learning objectives is that our intent
goals might be related more cleanly to additional objectives,
including affective [4] and rhetorical framing [3], [43] goals.

Our design space builds on theoretical foundations in com-
munication theory, cognitive psychology, and semiotics [1],
[18], [19]. Central to this foundation is the notion of syntax
(i.e., how marks are visually interpreted based on spatial
grouping and organization), semantics (i.e., what the configu-
rations of marks represent, such as data values, axes, legends,
labels, etc.), and pragmatics (i.e., how indirect information
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is conveyed beyond semantic interpretation, which may be
affected by the context of viewing, how much information is
included, etc.) [19]. Graphical perception literature helpfully
distills principles grounded in syntactic and semantic no-
tions [1], [2], [20], elucidating how humans comprehend visual
information (e.g., use of shape encoding conveys categorical
semantics effectively, but not quantitative). However, we find
that visual augmentations often extend beyond denotative
semantics to drive connotative meaning and pragmatic intent.
For example, the use of caskets instead of bars (Figure 2) may
evoke emotion or serve rhetorical aims [3] (e.g., shifting the
focus to John Snow’s heroic efforts, or commenting on the
religious influences in medicine at that time).

We consider the manner and context in which augmentation
tactics might be used, reflecting both denotative semantics
and varied connotative and pragmatic goals. For example,
color encodings may be used to spotlight specific content
(denotative semantics), associate data with cultural concepts
(Figure 1(B,C)) (connotative semantics), or relate groups of
content together due to spatial proximity (Figure 1(B,C))
(pragmatics). The distinction between denotative and connota-
tive semantics and pragmatics helped us partition and reason
about different uses of tactics more effectively: observation
aids often affect denotative semantics, while interpretation and
introspection tactics support more complex connotative and
pragmatic aims that consider the background of the reader, the
complexity of the data, and in what context the visualization
will be viewed.

Visual augmentations in communicative contexts other than
data visualization have been explored, such as mathematical
notation [46], constrained highlighting for text [59], and code
debugging [60]. We find that our design space shares certain
tactics with these domains (e.g., annotation, use of color to link
concepts), suggesting that some augmentations might share
communicative grounding and learning benefits more broadly.
Our work considers additional tactics central to spatiovisual
data representations (e.g., animation, sequencing, & layout),
including their relationship with varied design goals.

IV. BRIDGING THE CHASM:
A DESIGN SPACE OF VISUAL AUGMENTATIONS

To bridge visual augmentations and designer intent, we
sought to (1) identify instances of visual augmentations
throughout the visualization and perception literature, (2)
characterize higher-level design goals, and (3) ground augmen-
tations in these goals. This survey resulted in a design space
with three tiers: objectives, strategies, and tactics (Table I).
Objectives encompass core viewer-oriented goals by which
authors seek to communicate the message of their visual-
ization, such as directing attention to important observations
or adding context to aid a reader’s interpretation. Tactics are
lower-level implemented design techniques, such as animated
transitions or stylized encoding choices, that can influence
viewer attention, interpretation, and consideration. Strategies
are approaches the author selects to connect the two, applying
one or more tactics to achieve an objective (e.g., both anima-
tion and encoding may be used to emphasize an observation).

Type Augmentation Description

Objective
Observe Direct attention to one or more elements
Interpret Manipulate semantic or pragmatic intent
Introspect Promote learning and reflection

Strategy

Sequence Arrange content in a particular order
Spotlight Focus viewer attention on specific content
Relate Conceptually link disparate data or views
Associate Ground representations in known referents
Contextualize Supplement chart with additional information
Reflect Self-examine knowledge
Repair Self-correct knowledge

Tactic

Transform Apply transformations to data
Animate Temporally sequence static frames
Layout Spatially arrange two or more views
Annotate Introduce notational graphical elements
Encode Map data attribute(s) to visual channel
Symbolize Symbolically represent object or idea
Guide Describe data semantics or thematic content
Query Probe reader’s knowledge directly
Predict Self-predict unseen data
Explain Self-explain observed data
Evaluate Critique elicited prior knowledge
Simulate Update visualized data, driven by reader input

TABLE I
OVERVIEW OF VISUAL AUGMENTATIONS.

A. Survey Methodology

We seeded our survey of visual augmentations with several
key papers and books in communicative visualization, visual
learning, and graphical perception, such as Segel and Heer’s
design space of narrative visualization techniques [30], Tver-
sky’s evaluation of the effectiveness of animation for learn-
ing [26], Adar and Lee-Robbins’ extended learning objectives
for communicative visualization [5], [6], Tufte’s Visual Ex-
planations [12], and McCloud’s Understanding Comics [61].
We then snowball-sampled papers across related areas, such
as uncertainty visualization [47], interactive articles [16], [32],
[34], augmented visual tools [8], existing design spaces [49],
[62] and visualization taxonomies [9], [27], [63]. Additionally,
for completeness, we widened our search by searching for key
terms and phrases on Google Scholar, such as “communicative
visualization”, “visual augmentations”, “visual learning”, etc.
In total, we collected an initial set of 70 papers.

As with prior design spaces [30], we do not claim that
our sample is exhaustive, though we optimized for a rich set
of diverse themes within the scope of communicative visual-
ization, prioritizing a diversity of goals (e.g., perceptual [9],
cognitive [5], etc.), media forms and contexts (e.g., narrative
journalism [30], comics [49], dashboards [31], etc.), and
augmentation roles (e.g., annotation [7], animation [26], self-
prediction [52], etc.). We also found that additional relevant
papers contained either repetitive ideas or were described
by taxonomies already present in our corpus (e.g., anima-
tion in learning contexts, types of communication devices
in visualization, etc.). Still, we acknowledge some inevitable
subjectivity in this process. We removed 18 papers from our
augmentation coding process that: described graphical com-
prehension (2/18), visual learning (3/18), or attention (4/18),
but not augmentations therein; supported objectives outside the
cognitive domain such as affective (1/18), rhetorical (1/18), or
social engineering (2/18); or provided textual augmentations
not primarily focused on aiding visualization (5/18).
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Symbolize

Observe Interpret Introspect

Sequence Spotlight Relate Contextualize Reflect Repair

Transform AnnotateAnimate Layout Encode Guide Query Predict Explain Evaluate SimulateTactics

Strategies

Objectives

Fig. 4. Overview of augmentations by Objective (Observe, Interpret, Introspect), Strategy (Sequence, Spotlight, Relate, Associate, Contextualize, Reflect,
Repair), and Tactic (Transform, Animate, Layout, Annotate, Encode, Symbolize, Guide, Query, Predict, Explain, Evaluate, Simulate). The objectives span from
lower-level perceptual aims to higher-level cognitive aims: observation goals seek to direct attention by emphasizing and sequencing content; interpretation
aids add supplemental information affecting inference; and introspection helps readers assess and update their understanding.

We open-coded the resulting set of 52 papers, deriving a
shared set of 12 tactics, 7 strategies, and 3 objectives, with
the relationships between these categories depicted in Figure 4.
We describe this open-coding process in more detail, revisit
our paper corpus to categorize each paper along our design
space dimensions, and provide a selected set of additional
examples in the Appendix.

B. Augmentation Tactics

We first describe tactics, which categorize common aug-
mentation techniques and their implementation (e.g., interac-
tive features, context of use, etc.). Tactics indicate how an
augmentation achieves its design goal.
Transform Designers employ a variety of data transfor-

mations including derivations such as regressions [7], [8],
[10], segmentation (drill-down) [10], or normalization [54]
(Figure 5(A)). Filtering transforms [9], [27] may also structure
visual information or highlight particular insights.
Animate Animation is widely used across a variety of

contexts [13], [51], [57], [62], [64], [65], including facilitating
transitions between statistical views [63], [66], [67], providing
narrative structure [30], [64], [68], aiding learning of complex
processes [26], [51], or to convey real-time change [26], [66].
Clever use of animation can provide tacit tutorials for interac-
tions [30]. Judicious use of motion and timing can also help
group, filter, or understand data relations [69] (Figure 5(B)).
Layout Layout refers to any arrangement of multiple views in

space used to guide readers or facilitate examination. Faceting
is heavily employed [2], [12], [34], [44], [48], [70], [71], [72]
to aid visual comparison [16], [73] (Figure 5(C)). Space can
also structure content in a particular sequence to guide read-
ers [48], including the use of scrolling [33], [34], steppers [64],
[65], or ordering to fit a particular narrative [30], [49], [61].
Content may also be superimposed to facilitate engagement
and relate distinct views (e.g., before and after images [12]),
or hide supplemental information that can be displayed on-
demand via mouse hovering or toggle buttons [34].
Annotate Annotation primarily directs attention or adds use-

ful context [7], [8], [12], [27], [32], [33], [44], [45], [61], [65],
[73], [73], [74] (Figure 6(A)). Annotations help add / layer
useful marks such as glyphs, threshold lines, and trends [10],

[66] to focus data characteristics. Occasionally, annotations
may be dynamic for details-on-demand, which can be revealed
through click or hover interactions [30], [68], [75]. Designers
also annotate for context (e.g., using a question mark to
indicate missing values [54] or uncertainty [47], [73]) or to
guide readers through explanations [73] or sequences [74].
Encode Encoding refers to a broad set of augmentations that
exploit visual channels or mappings of data to convey higher-
level information [8], [9], [10], [27], [47], [54], [65], [74], [76]
(Figure 6(B,C)). Common channels to emphasize particular
information include brightness and size [66], color [9], [45],
[66], [72], or the shapes of marks themselves [10]. Encodings,
such as color, can also help order [10] or link [16], [33], [45],
[65], [71], [72], [75] items within a view. We also noted that
the layout within a single view (e.g., by modifying the position
encoding via sorting or stacking [9], [23], [24], [77]) could be
used to arrange items in a particular way to emphasize or order
content [23], [24].
Symbolize Symbolize refers to the use of icons, pictures,
or other referents to ground and concretize the meaning of
a visualization, employed broadly across designs [12], [13],
[54], [62], [74], [76], [78] (Figure 6(C)). For instance, Conlen
et al. [33] utilized an interactive guitar to contextualize an
article on tuning. Other uses might include annotated question
marks to reference uncertainty [47], [73] or unit visualiza-
tions [34]. The degree to which symbols are used within a
visualization can constitute chart junk [13], [14], although in
proper contexts, pictorial illustrations can aid learning [6] and
storytelling [30], [49], [61].
Guide Guides refer to a set of contextual aids that help com-
municate the visualization’s message, intent, or provenance.
Examples include captions / titles [30], [79], footnotes [72],
personalized information such as date, time, location [25], [72]
(Figure 7(A)), the level-of-detail of text [13], [34], [80], [81],
or progress bars to aid navigational context [30], [76]. Design-
ers might also include links to external data or views [73] to
indicate the source or methods of data collection.
Query Query mechanisms incorporate quizzes, potentially
spaced out over time with recurrence, to test reader knowledge
directly and encourage learning [34], [82] (Figure 7(B)).
Predict Prediction tactics engage readers in “guessing” the
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Fig. 5. Example augmentation tactics to observe. (A) Applying a normalization transform to COVID-19 data, which alters the sequence of data [54];
(B) Animated sequence of world population demographics from young to old to draw attention to the gradual changes between each age group [69]; (C)
overview+detail with faceted layout to sequence a horse’s trot, revealing that all four hooves break contact with the ground [34].

data, encouraging self-reflection (Figure 7(C)). These include
graphical elicitation (i.e., drawing) [34], [52], interactive wid-
gets and annotations to facilitate active reading / question gen-
eration [16], [32], [33], [34], [68], [71], [75], and games [36].
Explain Explanation tactics are mechanisms that motivate

readers to self-reflect, potentially using inference to fill in
missing gaps in their knowledge [52]. Examples include self-
explanation summaries [34], [52] or self-drawing to explain
complex processes [78].
Evaluate Evaluation techniques assess reader predictions,

including graphical feedback [52], results of quizzes [82],
and game win / loss [82]. Self-evaluation can also take place
by hiding contextual information behind interactions, allowing
readers to in effect use visualizations as flash cards [34].
Simulate Readers’ input with a visualization or interactive

article can drive / simulate dynamic system behavior, enabling
them to compare system output with tacit predictions about
their input: [16], [32], [33], [34], [36], [68], [72], [75].

C. Designer Objectives

Augmentation tactics are used to implement broader de-
sign objectives. From our survey, we identified three broad
categories of goals that guide design decisions, signaling
why designers use varied augmentations. These objectives
operationalize intent as core viewer-oriented mechanisms to
effect differences in chart (1) attention and observation (i.e.,
what readers notice and in what order), (2) comprehension
and inference (i.e., the message and intent that the reader
discerns, potentially driven by attention aids), and (3) self-
assessment (i.e., enabling the reader to explore and refine their
comprehension).

We intentionally characterize design intent according to
more general cognitive descriptors such as attention and un-
derstanding (rather than, for example, specific learning [5]
or rhetorical [3] goals) to relax conceptual constraints, en-
abling us to relate and organize augmentation tactics more
meaningfully and encode communication design as actionable
techniques. To connect augmentation tactics with objectives,
we surface design strategies that represent the manner in
which divergent tactics are instrumented to achieve similar
goals, grounding tactics in objectives as a result. Concretely,
strategies represent how a tactic contributes to an objective.
Observe A variety of augmentations direct readers’ atten-

tion [24], [68], [73] to specific areas within a visualization.
However, directing attention often serves the broader aim of

helping the reader observe specific or important aspects of the
data. We categorize these augmentations as Observation aids,
which help the designer more readily communicate insights for
the reader to observe and takeaway [7], [73]. The following
two strategies support this objective, commonly via tactics
that facilitate important lower-level perceptual tasks, such as
comparison, identification, or summarization [7], [9], [27],
[44], [62], [83]:

1) Sequence : Sequencing refers to the general strategy
of arranging content in a particular order. Animation can be
effective tactic for readers to observe important aspects about
the manner of change [26] (e.g., how temporal data changes
over time). For instance, items might be unveiled (e.g., fading)
in a particular order [62] to draw attention to specific changes
between data values (Figure 5(B)). Spatial layout tactics, such
as coordinated multiple views [73], faceting [2], [16], [72],
or structured narratives [48], can draw readers’ attention to
important differences that are more readily apparent between
sequential views [10], [48], [72], [73]. A historical example
of note is that sequenced frames helped people observe that
all of a horse’s hooves break contact with the ground during
a trot [34] (Figure 5(C)).

Further, position and color encodings (e.g., stacking /
sorting [23] or sequential color hue [10]) can affect how
readers group visual marks into separate arrangements to make
comparisons [23], [24], [77] or observe salient trends more
easily [27] based on Gestalt principles of perception [18]. In
addition, certain transformations such as normalization can
substantially alter a data distribution and, as a result, the order
of a trend (Figure 5(A)).

While annotations are frequently used as attention or
contextual aids [7], they can also explicitly sequence content.
For example, annotated numbers or arrows can enumerate or
reinforce existing sequences [7], [64], [74], or draw attention
to less obvious sequences [5], [74] that convey important
trends across time.

2) Spotlight : Spotlighting strategies focus or highlight
specific information, most often as observation cues. Lone
encoding variations and annotations emphasize and distin-
guish particular data [7], [66], [74]. This emphasis can help a
reader recognize anomalies [66], values of significance [10],
[74], missing values (e.g., election data [54]), or small /
occluded items that orient a reader (e.g., mouse cursor [66]).
For instance, Heer et al. [73] include an example of a reader
using a crowdsourced system who draws a line (annotation)
mimicking the data distribution, helping other readers recog-
nize that the data distribution is being referenced. An annotated
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

Fig. 4: An illustrative example of annotations in a scatterplot showing
(a) enclosure of a group of data, (b) a connector between text and an
indicator, (c) text describing the result, (d) glyph and color that highlight
certain data points, two indicator annotations show (e) correlation and
(f) average, and (g) a geometric annotation in the form of a zoom box.

gantt chart, density map, and radar chart. From the collected corpus
of charts, we observed that the distribution among the chart types was
not uniform, likely indicative of their popular use.

We removed 1,244 duplicate images from the dataset during our
initial evaluations of the images. We then removed 4,847 based upon
additional exclusion criteria, including images with chart types not
considered in the study, images with charts that are not clearly visible,
images with charts without annotations, and images with charts that do
not represent real data. This left a total of 2,677 images in the dataset.

4.2 Data Coding
We employed a thematic coding process to analyze our dataset. The

themes were based on five annotation types from a prior study [64],
in which visualization students annotated bar charts to answer high-
level questions through specific low-level tasks [2]. This study led to
a taxonomy of bar chart annotations, namely enclosures, connectors,
text, glyphs, and color, which we then used as initial themes in our
coding process. Two coauthors independently coded all 2,677 images
in multiple iterations with frequent meetings involving all authors to
discuss and update the themes. Ultimately, the two coders identified
1,888 and 1,844 images, respectively, where the chart types relevant
to the study were present, and the annotation type was not classified
as “no annotation”, “undetermined” (i.e., ambiguous), or “other” (i.e.,
not a commonly practiced annotation type). We evaluated the inter-
rater reliability of our coding process using the Kappa statistic [58].
We compared the annotation types for the corresponding images be-
tween the raters and calculated the average Cohen’s Kappa coefficient
of 0.886, which indicated a very high agreement between the raters.
Thus, for data analysis, we utilized the annotations from the first coder.
Supplementary materials provide the coding from both coders.

4.3 Taxonomy of Annotation Types
Upon analysis of our data, we identified seven annotation types

applicable to various chart types: enclosures, connectors, text, glyph,
color, indicator, and geometric annotations. Fig. 4 provides examples
of each of these annotation types.

Enclosure: Enclosure is an annotation that uses a partially or
fully closed boundary, including ellipses, brackets, rectangles,
etc. These enclosure annotations find application in a variety of

situations. For instance, in Fig. 4a, a rectangle identifies a group of data
points within the scatterplot, and in Fig. 1d, a rectangle is employed
for a similar purpose within the node-link diagram. Additionally, in
Fig. 1a, ellipses are used with connectors (i.e., arrows) to emphasize
specific numbers in the bar chart.

Connector: A connector annotation involves using a line en-
compassing various forms, such as solid, dotted, or directional
(i.e., arrows) lines. For instance, in Fig. 4b, the connector

points the text to the element it refers to. The role of arrows is exem-
plified in Fig. 1a, where they are employed with ellipses to visually

represent distinctions between different years. Furthermore, in Fig. 1c,
lines are employed to establish connections between specific points of
interest on the line and corresponding text descriptions. Similarly, in
Fig. 1e, lines and text pair to highlight significant events on the map.

Text: Text annotation involves using words or sentences to
provide answers regarding the data. Text primarily functions
as descriptions, explaining phenomena in the data and events

depicted in charts, or indicating specific dataset values. For instance, in
Fig. 1a and Fig. 1c, text values pinpoint significant aspects within the
charts. In Fig. 1c and Fig. 1e, textual descriptions elaborate on different
events shown on the line chart and the map, respectively. Additionally,
in Fig. 4c, text descriptions, along with arrows, clarify the positive
correlation between two scatterplot variables.

Glyph: Glyphs are annotations that employ symbols or shapes
to address data-related queries and identify specific objects
or categories. For instance, in Fig. 1c, circular glyphs draw

attention to the focal point on the line in the line chart. In the illustrative
figure shown in Fig. 4d, glyphs, combined with colors, distinguish data
points of various types in the scatterplot.

Color: Color annotations are any property of color (gener-
ally, but not exclusively, hue) to answer questions about data.
Colors commonly serve to spotlight specific segments of a

chart or to distinguish between various categories. For instance, in
Fig. 1f, color effectively sets apart and emphasizes the lacrosse slice
from other sections in the pie chart. Similarly, in Fig. 4d, distinct colors
differentiate various glyphs, even when they possess differing shapes
(e.g., cross and circular), underscoring their disparities.

Indicator: For several chart types, we found many annotations
that indicate trends, statistics, thresholds, etc. in the data. For
example, we can see a line in Fig. 4e that shows that there is

a positive correlation between test scores of students from different
groups and time spent studying. Fig. 6c also uses lines to indicate
declining trends of deaths of despairs.

Geometric: Geometric annotation involves modifying chart
areas to highlight specific information, such as enlarging a
specific area or portion of a chart and zooming in a particular

part (see Fig. 4g). Examples include enlarging a specific pie segment
to identify a particular piece of information (see Fig. 1f) and zooming
in on a particular part of a graph (see Fig. 1d).

5 DESIGN SPACE FOR ANNOTATIONS

Annotations, like other aspects of visualizations, are deliberately de-
signed to accomplish specific communicational tasks or goals, serving
as a critical component of visualizations. Therefore, we found it useful
to situate the design space of annotations within a well-established
visual analytics task framework, particularly within the “Why? How?
What?” framework of Brehmer and Munzner [10].

We addressed three main questions derived from their task typology,
specifically focusing on the process of using annotations in charts
within our design space:
Why?— aims to understand the analytic purposes of using annotations
in charts (Sect. 5.1). It helps designers identify the tasks they want to
support with annotations.
How?— explores the strategies available to annotate a chart (Sect. 5.2).
It assists designers in navigating the variety of annotation options
available, tailored to their analytic purposes.
What?— explores the types of data needed to generate the chosen an-
notations (Sect. 5.3). It assists designers in identifying the relationship
between the annotations and the data from which they would be created.

The interrelation among these three questions provides a structured
and systematic framework for analyzing and constructing annotations
in visualizations aimed at improving how data is communicated and
understood.

5.1 Why? — Tasks for Annotations
There are multiple reasons for annotating a chart, including offering

context via textual explanations or emphasizing particular data elements
through methods such as zooming or highlighting critical data points.
Exploring the analytical purpose behind using annotations in visual-
izations is the focus of Why?. Although it was challenging to analyze
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Fig. 6. Example augmentation tactics to interpret. (A) Annotated trend line (dotted blue line), national average (dashed red line), and student performance
relative to peers (green circle and red strike-through glyphs, with a legend provided in the bottom-left) to provide context about student’s test scores [7];
(B) linked red / blue hue encoding to relate visualizations and text during an Arizona gubernatorial race and associate with political parties [76]; (C) use of
repeated symbols to both relate consumer metrics after the 2008 recession (each row) and help associate the subject matter [3].

question mark is then included to further clarify that the
distribution confuses the reader.

Linked or repeated annotations and encodings can empha-
size groups of items to more readily make comparisons [9],
[10], [45], [72] and highlight data trends [8], [44]. These
augmentations also extend to different viewing contexts for
the reader. For interactive content driven by user input, linked
annotations (e.g., underlined text [16]) may facilitate observa-
tion of dynamic updates within the article. In addition, humans
can dynamically annotate during presentations by gesturing
with their hands [66], such as lassoing with one’s finger to
attend to a certain grouping (circle annotation) or using spread
fingers to indicate the range of data (interval annotation).

While less common, creative uses of animation can func-
tion as a filtering / sliding window [66], zoom-in lens [57],
or motion separator [62], reducing information overload and
revealing data outliers more easily [66]. Transformations
such as filtering [9], [27] and threshold annotations [7] can
graphically aid observation of irregularities with data distri-
butions [66]. Aggregation or drill-down transformations may
also highlight fine-grained details more clearly, such as how
individual data items contribute to the whole [10]. Finally,
jutaxposted cut-outs of visualizations regions ( layout ) can
emphasis [49] important content.
Interpret Even when augmentations are used to facilitate

observation, readers may lack the appropriate background
knowledge to understand the context and message of a visu-
alization [74]. To address this issue, Interpretation aids are a
class of augmentations designed to help the reader understand
what the visualization means (i.e., the semantics), such as
relationships between data or multiple charts, thematic content,
or external information important for context. The following
three design strategies aid reader interpretation:

1) Relate : Relate strategies connect and link content to
more easily understand conceptual relationships or convey
semantic similarity. Sequence tactics can directly support
the relation strategy for readers to more easily comprehend
difficult concepts or transitions. A primary example is the
use of animation to follow difficult transitions or maintain
orientation, helping readers understand the relationship and
connection between disparate views [26], [51], [57], [63],

[64], [66], [67], [68], [69]. Further, the sequential layout of
content can convey cause-and-effect [34], [74] relationships or
narrative events [49], [61], [62], [68], [72] more effectively,
providing benefits to learning [81]. Sequential content can also
relate the overall structure and organization of a visualization
or story, enabling readers to comprehend the intent or message
more easily while also enhancing aesthetics and clarity [45].
For example, parallel layouts [12], consistent templates (e.g.,
general-to-specific transitions within a narrative story [30],
[48]), and navigation bars [30], [64] can orient readers within
the narrative and help them form connections between views.

More broadly, relate augmentations can help readers under-
stand exact relationships, classifications, or meanings between
parts of a visualization (e.g., groups of text or marks), affecting
the message that is conveyed. For instance, encodings (e.g.,
partial coloring [10]), annotations (e.g., glyphs [7]), motion
(e.g., marks with different animated movements [69] that
exploit the Gestalt Law of Common Fate [84]), repeated use
of symbols (Figure 6(C)), or layout (e.g., clustering) can
link similar groups of items [16], [33], [45], [71], [72]. In
addition, certain annotations like arrows or connectors may not
only facilitate observation of specific chart data, but also link
contextual descriptions to the data [74], [81] (Figure 6(A)).

Although linked encodings help delineate categories in
standard graphical perception [2], they may also link the
semantics (e.g., linked content can indicate reactive updates,
interactive behavior [16], [34], [53], [71], or dynamic an-
notations for details-on-demand [34], [75]). For example,
judicious use of underlined text ( annotation ) in interactive
documents [16], [32], [33], [72] not only serves to draw
attention to updated content, but also for readers to interpret
such text as linked and interactive. This augmentation can then
function as a spotlighting mechanism for the reader to search
for similar content later on (as with text highlighting [59]).

2) Associate : Association strategies ground content with
semantic or connotative referents, facilitating interpreta-
tion [13], [14], [33], [34], [62] if the reader has sufficient back-
ground knowledge [74]. For instance, a guitar symbol [33]
readily associates a narrative with musical content, which
can serve as a future memory aid [13], [14]. The timing of
animated transitions [57] and encoded angles and colors of
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Consider Arkansas County, Ark., our best guess for where you might 
be reading this article. (Feel free to change to another place by 
selecting a new county on the map or using the search boxes 
throughout this page.)

It’s below average in helping poor children up the income ladder. It 
ranks 668th out of 2,478 counties, better than about 27 percent of 
counties. It is relatively worse for poor girls than it is for poor boys.

Here are the estimates for how much 20 years of childhood in 
Arkansas County adds or takes away from a child’s income 
(compared with an average county), along with the national          
percentile ranking for each.

Figure 1. Sample personalization of image and graphic in The Times’ article “The Best and Worst Places to Grow Up: How Your Area Compares”
(Simulated view generated from a computer in Dewitt, Arkansas which is in Arkansas County.)

of the reader: features and preferences of the reader/viewer
from intrinsic (e.g., personality traits) to extrinsic (e.g., age),
and from explicit (e.g., the name I provided when signing
up) to inferred (e.g., movie interests inferred from from past
search behaviors. PersaLog currently supports two common
properties: geolocation and demographic inference.

Authors can personalize content–which includes text and mul-
timedia features (e.g., charts, static or interactive, photographs,
videos, etc.)–through PERSALOG or higher-level GUI tools.
PersaLog supports modifying any web page element that can
be programmatically changed, thus reconfiguring the set of
facts in the article. Facts are the information-carrying ‘atomic
units’ by which the journalist can personalize content (adding,
removing, or emphasizing key facts). For example, “unem-
ployment in county Y is x%” may only be an interesting fact
to residents of Y or nearby locations, and could be replaced by
more locally relevant information. In another article, “Sobotka
is the prime minister of the Czech Republic” is a contextualiz-
ing fact valuable to readers outside the Czech Republic.

To determine the best design for PersaLog, we surveyed 22 me-
dia professionals and interviewed creators of personalized con-
tent from The New York Times and Washington Post, with the
goal of understanding definitions, possibilities, and limitations
of personalized content. Our work contributes a distillation
of this information into a broader set of guidelines and design
criteria for content personalization in news, which we utilize
explicitly in architecting and building PersaLog. PersaLog is
designed to serve the needs of journalists in creating person-
alized content to increase engagement and educational value.
Conversely, the system simplifies deployment to consumers.
We describe a number of innovations designed to support a
broad set of personalization pipelines and demonstrate their
applicability through a set of case studies and a controlled lab
study to validate the usability of the DSL.
RELATED WORK
News Personalization
Feed personalization, or automated curation of articles based
on information about an individual, was originally im-
plemented to help people deal with information overload

(e.g., [11]). Research has since expanded to support presen-
tation of archival content, increasing engagement, and the
creation of ‘sub-properties’ (e.g., local news through hyper-
localization) [59]. Collaborative filtering approaches have
been broadly studied as mechanisms for filtering, sorting, or
organizing a stream of news articles [11, 22]. Subsequent re-
search has found that feed personalization can also increase en-
gagement (e.g., [10]). News services including the BBC, The
New York Times, The Huffington Post and NPR and aggregators
(e.g., Google News) have integrated feed personalization.

Content personalization2 is much less evident in journalism
research and practice. A recent article by The New York
Times (see Figure 1) is one highly visible example [2]. The
article dynamically adjusts visualizations (e.g., a thematic
map) and article text based on geolocation (inferred by IP
address). In the context of broadcast news, the BBC has used
object-based broadcasting–content ‘chunking’–to shorten or
otherwise personalize broadcasts while still retaining coher-
ence [34]. Creating interactive features is time and resource
consuming. Smaller publishers, without the resources of The
Times, would be particularly constrained in their ability to
produced personalized content given current technology.

Abstractly, any article with interactive content may appear
to support personalization (i.e., is adaptable [49]). Take the
example of an article that contains a map that users can modify
based on ZIP code. Contrast this to the article that automati-
cally infers (i.e., is adaptive) the ZIP code from the reader’s
IP address to adjust the visualization. In developing PersaLog,
we focus on the latter definition of personalization. That is,
if the only way an article’s content is changed is in reaction
to the reader’s direct manipulation, we do not consider this
personalization (though we acknowledge that such actions
produce personally-relevant views).

Personalization in other domains
Personalization is often used outside of the news domain. For
example, personalized advertising is fundamental to advertis-
2We note that feed personalization is sometimes also called content
personalization in the media. We use the more specific meaning here.
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...
Consider Arkansas County, Ark., our best guess for where you might 
be reading this article. (Feel free to change to another place by 
selecting a new county on the map or using the search boxes 
throughout this page.)

It’s below average in helping poor children up the income ladder. It 
ranks 668th out of 2,478 counties, better than about 27 percent of 
counties. It is relatively worse for poor girls than it is for poor boys.

Here are the estimates for how much 20 years of childhood in 
Arkansas County adds or takes away from a child’s income 
(compared with an average county), along with the national          
percentile ranking for each.

...

Figure 1. Sample personalization of image and graphic in The Times’ article “The Best and Worst Places to Grow Up: How Your Area Compares”
(Simulated view generated from a computer in Dewitt, Arkansas which is in Arkansas County.)

of the reader: features and preferences of the reader/viewer
from intrinsic (e.g., personality traits) to extrinsic (e.g., age),
and from explicit (e.g., the name I provided when signing
up) to inferred (e.g., movie interests inferred from from past
search behaviors. PersaLog currently supports two common
properties: geolocation and demographic inference.

Authors can personalize content–which includes text and mul-
timedia features (e.g., charts, static or interactive, photographs,
videos, etc.)–through PERSALOG or higher-level GUI tools.
PersaLog supports modifying any web page element that can
be programmatically changed, thus reconfiguring the set of
facts in the article. Facts are the information-carrying ‘atomic
units’ by which the journalist can personalize content (adding,
removing, or emphasizing key facts). For example, “unem-
ployment in county Y is x%” may only be an interesting fact
to residents of Y or nearby locations, and could be replaced by
more locally relevant information. In another article, “Sobotka
is the prime minister of the Czech Republic” is a contextualiz-
ing fact valuable to readers outside the Czech Republic.

To determine the best design for PersaLog, we surveyed 22 me-
dia professionals and interviewed creators of personalized con-
tent from The New York Times and Washington Post, with the
goal of understanding definitions, possibilities, and limitations
of personalized content. Our work contributes a distillation
of this information into a broader set of guidelines and design
criteria for content personalization in news, which we utilize
explicitly in architecting and building PersaLog. PersaLog is
designed to serve the needs of journalists in creating person-
alized content to increase engagement and educational value.
Conversely, the system simplifies deployment to consumers.
We describe a number of innovations designed to support a
broad set of personalization pipelines and demonstrate their
applicability through a set of case studies and a controlled lab
study to validate the usability of the DSL.
RELATED WORK
News Personalization
Feed personalization, or automated curation of articles based
on information about an individual, was originally im-
plemented to help people deal with information overload

(e.g., [11]). Research has since expanded to support presen-
tation of archival content, increasing engagement, and the
creation of ‘sub-properties’ (e.g., local news through hyper-
localization) [59]. Collaborative filtering approaches have
been broadly studied as mechanisms for filtering, sorting, or
organizing a stream of news articles [11, 22]. Subsequent re-
search has found that feed personalization can also increase en-
gagement (e.g., [10]). News services including the BBC, The
New York Times, The Huffington Post and NPR and aggregators
(e.g., Google News) have integrated feed personalization.

Content personalization2 is much less evident in journalism
research and practice. A recent article by The New York
Times (see Figure 1) is one highly visible example [2]. The
article dynamically adjusts visualizations (e.g., a thematic
map) and article text based on geolocation (inferred by IP
address). In the context of broadcast news, the BBC has used
object-based broadcasting–content ‘chunking’–to shorten or
otherwise personalize broadcasts while still retaining coher-
ence [34]. Creating interactive features is time and resource
consuming. Smaller publishers, without the resources of The
Times, would be particularly constrained in their ability to
produced personalized content given current technology.

Abstractly, any article with interactive content may appear
to support personalization (i.e., is adaptable [49]). Take the
example of an article that contains a map that users can modify
based on ZIP code. Contrast this to the article that automati-
cally infers (i.e., is adaptive) the ZIP code from the reader’s
IP address to adjust the visualization. In developing PersaLog,
we focus on the latter definition of personalization. That is,
if the only way an article’s content is changed is in reaction
to the reader’s direct manipulation, we do not consider this
personalization (though we acknowledge that such actions
produce personally-relevant views).

Personalization in other domains
Personalization is often used outside of the news domain. For
example, personalized advertising is fundamental to advertis-
2We note that feed personalization is sometimes also called content
personalization in the media. We use the more specific meaning here.
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Fig. 7. Example augmentation tactics to interpret (A) and introspect (B,C). (A) Personalized content as guides, which displays income mobility data for
the state that the reader accesses the article from [25]; (B) use of quizzes (within an article about spaced repetition) to query reader knowledge and promote
reflection [34]; (C) self-predicting the trend of CO2 emissions to encourage reflection [34].

annotations [73] can connote emotion [57]. Encoding chan-
nels and animation can also communicate uncertainty, such
as blurred motion [62] and disordered stacking [47]. Further,
designers can employ colors signifying political parties [76]
or errors [52] and use symbolic representations of missing
data (e.g., question marks or disjointed lines [54]).

3) Contextualize : Context strategies provide additional in-
formation to deepen the reader’s understanding. Annotations
are widely used as contextual aids to provide details-on-
demand [30], [32], [34], [68], [75] or include external informa-
tion necessary for interpretation [7]. Annotations can be used
in tandem with spotlighting strategies to contextualize specific
data [73]. Guides also contribute important context, such as
captions and titles [30], [52], legends [13], footnotes [72],
personalized text [25], [34], [72], [80], [81] (Figure 7(A)),
progress bars [30], [36], [76], and external links [73].

Content tutorials provide useful context for the reader prior
to engaging with main content. Initial layouts can provide
tacit tutorials [30], [73], while animating specific interac-
tions may help readers understand their functionality [57],
[73]. Spatial layouts can also provide overview+detail con-
text [49]. Further, sequential illustrations may be used to
provide additional information not readily comprehended from
text alone [49], [61], [78].

Introspect Observation and interpretation help designers
tailor the message of their visualization, but do not motivate
readers to examine or repair their own assumptions, biases,
knowledge, or meta-knowledge (i.e., the process by which they
acquired that knowledge [52]). Introspection aids are a class
of augmentations that facilitate self-learning [52], hypothesis
generation and testing to explore one’s understanding [16],
and repair of faulty knowledge [52], [82]. The following two
strategies can refine readers’ prior beliefs and knowledge:

1) Reflect : Reflect strategies prompt self-examination of
one’s assumptions to apply their understanding and generate
inferences. Graphical interventions drive readers to predict
partially unseen data, encouraging them to construct external
representations of their prior knowledge and engage more
deeply with understanding the data [34], [52] (Figure 7(C)).
For instance, Kim et al. [52] asked readers to predict the
change in voting percentage of Hispanic voters between
income brackets by drawing a line; percentages for White
and Black voters were provided as context. Readers can also
generate textual (self-) explanations [52], which may prompt

them to reflect on their prior knowledge to generate inferences
that fill in gaps [38]. For explaining complex processes, self-
illustration may be used instead [78].

Other types of visual augmentations that encourage active
reading, such as explorable explanations [16], [32], [33], [34],
[68], [75] (Figure 3), can prompt (self-) prediction in which
readers generate hypotheses about the data that they test
by modifying system parameters via dynamic (interactive)
widgets. Assessment queries (e.g., quizzes as in Figure 6(B)
or flashcards [34], [82]) can directly prompt reflection, and
may use a sequencing strategy (e.g., interspersing quizzes
throughout data narratives [34]) to promote learning [82].

2) Repair : Repair strategies provide feedback for read-
ers to observe knowledge failures, encouraging self-learning
and potentially critiquing meta-knowledge [52]. We observed
three primary tactics to facilitate self-repair. Evaluate tactics
directly assess the correctness and quality of readers’ elicited
beliefs / knowledge from the reflection stage. For example,
self-prediction techniques help readers repair their knowledge
by providing the correct result [52]. Graphical feedback may
utilize observation and interpretation aids to draw readers’
attention to the literal gap in their knowledge (i.e., magnitude
of the error in their prediction [52]). Visualization games [36]
and quizzes / flashcards [34], [36] can also evaluate reader
input (e.g., game win / loss, correct result shown after quiz).

Interactive content, such as explorable explanations (Fig-
ure 3), may provide a similar feedback loop to evaluation by
simulating dynamic content with interactive input, rather than
assessing the correctness of that input. Specifically, readers
may generate predictions and hypotheses, modify the system
state via interactive widgets, and use dynamically executed
results to infer relationships and help repair faulty knowledge
and assumptions.

Prior work [52] has shown that (self-) explanation [52] can
improve data recall, which may be explained by the mental
model repair hypothesis [38]: quality self-explanations (which
may be dependent on adequate prior knowledge) prompt
readers to generate inferences that fill in gaps in their prior
knowledge, and repair faulty knowledge during this process.

D. Augmentation Properties
1) Concurrency: We observed that certain tactics could

achieve multiple strategies or objectives simultaneously, as
shown by tactics being shared between strategies in Fig-
ure 4, though only for observation and interpretation . After
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completing the coding process, we went through each tactic,
reasoning about cases in which a tactic could support multiple
strategies in tandem. We describe a few illustrative cases here.

Animation can be used as a moving time window, both
sequencing and spotlighting content to more easily observe

errors [66]. Dynamic widgets may be used as interpretation
aids and (self-) prediction mechanisms (e.g., using tog-
gle to display contextual annotations in a math formula to
check understanding [34]). An annotation can both provide
context (aiding interpretation ) and spotlight specific por-

tions ( observing data characteristics) [7] (e.g., a single text
annotation next to a peak in a distribution can both “point
out” the peak and provide external context to explain its
occurrence). In the same scenario, an arrow annotation could
both point out the peak and relate it to the text annotation.

2) Hierarchy: Our survey revealed an implicit hierarchical
dependency among the objectives (though not for strategies or
tactics within each objective), as illustrated by the gradated
arrows spanning from observe to introspect in Figure 4.
The objective hierarchy represents the increasing cognitive
complexity on the part of the viewer, with simpler objectives
often invoked to satisfy more complex ones. For example,
observation aids serve as “first-order” perceptual cues to

highlight salient aspects of the data. However, interpretation
aids may be needed to contextualize such insights (e.g., Fig-
ure 8(B,C)) or communicate the message more viscerally
(e.g., Figure 8(F,G)). When introspection is desired, lower-
level objectives can provide essential context and direct the
reader’s attention to their mistakes (e.g., Figure 10(E,F)). This
dependency is reflected in our design space coding (see Table
A1 in Appendix): individual objectives, notably observe and
introspect , are less common, while observe and interpret

co-occur together frequently and with introspect .
One explanation for this hierarchy is concurrency: use of

certain tactics, such as encode or annotate , may be used
primarily as interpretation aids, but serve as lower-level
observation aids by default when used appropriately (e.g.,

using a magma color gradient in Figure 8(D,E) to associate
with temperature also sequences the data by default, though
a different color gradient could have been used).

3) Containment: Increasing complexity within the objec-
tive hierarchy results in overlap between certain tactics and
strategies from different tiers. Specifically, augmentations
classed within an individual objective (e.g., symbolize for
interpret or reflect for introspect ) may contain a tactic /

strategy from a lower-level objective within its implementa-
tion. For instance, a textual guide (e.g., captions or titles) also
annotates the chart; symbols may encode data (e.g., Fig-

ure 2); and sequencing may be used as a sub-strategy to
relate disparate views (e.g., parallel layout [12]).

Conceptually, containment functions similar to concurrency,
such as when a textual description both annotates and
guides , though at a level below tactics (i.e., implementation).

However, we retain properties of containment in our design
space to both ensure consistent levels of abstraction (i.e.,
connections only exist between different tiers) and represent
the hierarchical nature of certain tactics and strategies them-
selves. For instance, encode and symbolize both connect

to interpret via relate and associate strategies, though do
not share any connections through observe . This relationship
accurately reflects the fact that, when containment occurs,
any sequencing or spotlighting of data is an artifact of the
encoding (i.e., how data values are mapped to symbols ).

V. CROSSING THE CHASM:
GENERATING & ANALYZING COMMUNICATIVE GRAPHICS

Our design space helps express and ground communicative
intent as a series of design goals, which can then be mapped
via strategies to specific, actionable tactics (i.e., “crossing”
the chasm from intent to implementation). This benefit not
only supports formal specification of an augmented chart, but
also contributes a principled framework which can assist with
generating and searching over a space of different augmenta-
tions (e.g., by varying tactics / strategies for a chosen goal).
Our design space also aids analysis and reasoning about affor-
dances different charts may provide. For instance, differences
in reader takeaways can ostensibly be mapped to structural
variations in augmentation graphs (Figure 8(C,E,G)), surfacing
communicative tradeoffs to designers (from the perspective of
readers) that can help align design intent and reader learning.
We demonstrate both generative and analytic properties in the
following examples, along with other insights and observations
that result from using different tactics.

A. Example: CO2 Concentration

To illustrate the value of our design space, we selected an
initial visualization of atmospheric CO2 concentration from
1958-2020 (Figure 8(A)) absent augmentations (e.g., the tren-
dine and axes are required to decode denotative chart seman-
tics). We then explored several augmentations to generate the
following design variations and reason about their differences:
(Figure 8(B)) adding context to more clearly visualize and
call attention to the exponential rate of change; (Figure 8(D))
cleverly cycling the trend to emphasize finer detail (i.e.,
zooming in), with sequential color hue to indicate warmer
temperatures (originally authored by Gregor Aisch [85]); and
(Figure 8(F)) using animation with ramping speed to convey
CO2 increase more viscerally (originally authored by The New
York Times (NYT) [86]).

Although a non-linear increase is apparent in Figure 8(A),
suppose that we want to help readers better understand how
quickly CO2 concentration is increasing (Figure 8(B,C)). We
can describe this intent as showing the reader what a slower
rate (e.g., linear) would look like (i.e., provide context
for interpretation ). Of the different tactics for context ,
annotating with external data (i.e., linear regression) best
enables visual comparison between the linear and exponential
trends to facilitate comprehension. If we also wanted readers
to observe the increasing gap, we could encode (e.g., shade)
the region between the two trend lines as a spotlighting tech-
nique. Given that the linear regression is only fit to an initial
subset of data (1956-1970), we add a text annotation with
this information as context , though guides (e.g., footnote,
chart title, or caption) could achieve the same effect. We use
an arrow annotation to relate this contextual description
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Fig. 8. Application of our design space to a CO2 emissions chart to generate new designs. (A) Original, non-augmented chart. (B, D, F) A variety of possible
augmented versions with (C, E, G) associated augmentation graphs. Designers can map high-level intents to a set of actionable tactics via strategies of their
choice, enabling search and exploration of augmented communicative visualizations.

with the regression, as well as spotlight when the fitted data
ends. To further help readers interpret the regression’s fit,
we dot the remaining line as “imaginary” to associate it as
predicted linear data. Finally, to direct the reader’s attention
(i.e., observe ) to the linear trend – the primary focus of this
chart – we spotlight it with a red hue ( encoding ). It is worth
noting that introspection tactics, such as (self-) prediction
or simulating different regression curves, could be used to
encourage the reader to reflect on their prior expectations
about CO2 levels, given the importance and global urgency of
the climate crisis (Figure 7(C)).

Expanding the trend in Figure 8(A) adds more detail,
helping reveal both the exponential rate of change and the
seasonal variation in level (Figure 8(D,E)). Given the inherent
ordering of the temporal data, we can make clever use of
transformation to cycle or “wrap” the data around the y-

axis, helping the reader observe the over-decades increase.
Although y-axis labels provide the time periods necessary for
context, we can use sequential encoding to make the order of
data more transparent. Many sequential color schemes might
be appropriate, but the magma color encoding simultaneously
exploits color-concept assocations (i.e., bluish hues for colder
temperatures and reddish ones for warmer) to convey the
relationship ( interpret ) between increasing CO2 levels and
global temperature.

The variation in Figure 8(D) could be augmented fur-
ther to help readers interpret this rate more viscerally as
demonstrated in Figure 8(F,G). This visualization retains the
cyclical transform from Figure 8(D) to help readers observe

annually increasing temperatures, while using animation to
draw attention to this change over time. Given that periodicity
may be less obvious compared with Figure 8(B,D), we can
add a footnote ( guide ) to contextualize seasonal differences
between May and August. We can also exploit the speed
of the animation to both convey the rate of increase more
directly and connote urgency ( association ). In particular, just
as the actual CO2 trend increases exponentially, so does the
rate of animated motion that introduces each annual time slice
in sequence (i.e., the animation starts out slowly, ramps up
exponentially, then slows down towards the end to avoid an
abrupt halt). As a result, the animation offers the reader a
“roller coaster” experience to better interpret the alarming
rate at which CO2 levels are rising.

While sequential color encoding is also retained to help
readers’ interpret sequence , it is not required given the use
of animation and labeled year at the center of the visualization.
Further, the color hue in Figure 8(F) may negatively affect
interpretation given the mismatch between color-concept
associations . Specifically, increasing levels of CO2 are en-
coded with darkening blue hues, despite this scheme’s typical
association with cooler temperatures (as in Figure 8(D)).
While this augmentation is in line with standard graphical
perception principles, our design space helpfully reveals how
this encoding might conflict with higher-level interpretation
objectives. One possible explanation for this discrepancy is
that a red hue encoding is used at the end of the animation to
instead spotlight CO2 concentration surpassing 420 parts per
million (enabling association with dangerous levels), which is
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augmentation graph that prioritizes recognizing change over time between two metro areas. Potential differences between reader takeaways (C, F) can be
linked to augmentation differences, aiding design reasoning to align designer intent with reader takeaways.

referenced later in the article to compare with levels before the
Industrial Revolution [86]. However, other encodings (e.g.,
bolded font) or annotations (e.g., arrow call-out) might be
used instead.

B. Example: Income Inequality

To demonstrate the analytic affordances of our design space,
we consider a visualization authored by Mike Bostock that
snapshots the change in income inequality across major United
States metros in 1980 versus 2015 [87] (Figure 9(A)). This
visualization was adapted from a NYT publication [88], which
uses animation instead of single static frame (Figure 9(D)).

The static visualization (Figure 9(A, B)) uses arrow and
sequential color hue encoding as sequencing strategies for
readers to more readily observe differences between 1980
and 2015 income inequality. Selective annotations for certain
metro areas serve as both spotlighting emphasis to observe
the significant rise in inequality among major cities and
contextual aids to help readers interpret the data. Finally, the

visualization uses red hue ( encoding ) as an association for
more severe inequality, given that the overwhelming majority
of metro areas worsened in this respect. This visualization
also makes subtle use of augmentation concurrency with both
tactics by using color encoding to achieve multiple strategies
simultaneously ( associate and sequence ) across different
objectives ( interpret and observe ), as well as annotations
(to both spotlight and contextualize ).

The NYT visualization (Figure 9(D, E)) uses animated
transitions to sequence data points between 1980 and 2015
frames and spotlights (bold font) Binghamton and New
York to draw readers’ attention ( observe ) to the fact that
New York’s inequality worsened significantly more than Bing-
hamton’s, which remained relatively stagnant. Contextual
annotations for other major metro areas are also provided to
aid interpretation . Guides (titles, captions, links, footnotes
with data sources) also provide context .

When comparing potential differences between reader take-
aways from these two visualizations (Figure 9(C, F)), we can
reason from structural divergences in the augmentation graphs
(Figure 9(B, E)) to expose such differences more concretely
and transparently. The graphical relationships between objec-
tives and strategies are structurally the same, aside from using
an association strategy to aid communication in static form
(Figure 9(B)). As a result, we can expect that differences
in takeaways likely result from which tactics are employed.
For instance, readers of both visualizations might notice that
the majority of US metro areas had a significant increase
in inequality due to shared use of sequencing . The NYT’s
animated representation reveals that Binghamton’s inequality
not only increased substantially less than New York’s, but
also substantially less relative to most metro areas. However,
Bostock’s visualization may bias readers to focus only on the
significant increase in inequality among major metro areas
(the annotated points). Finally, the NYT’s spotlighting of
New York and Binghamton (bold font encoding ) may bias
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Interaction is undirected but corresponds to analytic 
interaction intents and visual analytic tasks. Moving the 
slider enables interaction intents such as encoding and 
connecting, and facilitates tasks such as characterizing the 

parameter distribution geographically, seeing anomalies or 
outliers, and clustering values. The static representation of 
the slider also supports finding a range and extremum for 
the current parameter. Hovering over counties corresponds 
to the interaction intent of elaboration and supports 
retrieving values or looking for correlations between 
demographic statistics and the current parameter. Changing 
the parameter corresponds to a filter on the visible data and 
also supports correlation between parameters by flipping 
back and forth.  

Salubrious-Guess (SG) 
The first game-y design that we developed, Salubrious 
Guess (SG), builds on the visual representation of SNG but 
adds a guessing game mechanic that includes goals, 
scoring, and competition. The overall goal of the game is to 
accurately guess the magnitude of a given health parameter 
for a randomly selected target county. The player may 
inform their prediction using their knowledge of the health 
parameter in conjunction with the given demographic 
statistics, or using information gleaned from how the map 
changes color in response to manipulating the slider. The 
more accurate the guess, the more points the player scores. 
The design structures attention such that each of the eight 
levels consists of one health parameter and one target 
county. In addition to earning points, players can compete 
for the high score and compare their score to others’ at the 
end of the game.  

The visual representation of SG is shown in Figure 2b. and 
is very similar to SNG including the map, key, and slider. 
One exception is that the target county for each level is 
increased in size and highlighted in blue. An animation at 
the beginning of each level draws attention to the target. 
There is additional feedback at the top of the graphic to 
show the user the current level, parameter, and scores.  

There is a slider similar to that of SNG that is used by the 
player to enter their guess for the current parameter. A 
submit button next to the slider enters the guess and scores 
it, while providing visual feedback about the correct 
answer. The user interacts with the graphic via the slider, 
which works the same way as for SNG, via hovering to 
obtain demographic statistics for the given county, and by 
hitting the submit button. The visual analytic tasks 
supported by SG are very similar to that of SNG except that 
in SG, there is no capability to filter or correlate between 
variables by flipping back and forth. Clicking the submit 
button supports retrieving a value by revealing the true 
value for the health parameter. After submitting a guess, the 
user can continue to explore the map until deciding to 
advance to the next level. In this interim period the hover 
info box also shows the exact value for the parameter.   

Salubrious Eliminate (SE) 
The second game-y version of Salubrious Nation that we 
developed explores a different part of the design space. We 
recognized that color matching games such as Bejewled or 
Snood are tremendously popular online casual games. The 
game mechanic entails matching groups of colors in order 

 
Figure 2a. Salubrious Non-Game-y - SNG 

 
Figure 2b. Salubrious Guess - SG 

 
Figure 2c. Salubrious Eliminate - SE 
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readers to primarily focus on the wide variance between these
two areas, while Bostock’s global encoding representation
emphasizes the wide variance across all metro areas as a result
of significant mark overlap.

C. Example: Self-prediction

As demonstrated with prior examples, a central benefit to
our design space is the ability to reason more precisely and
descriptively about differences between augmented visualiza-
tions. On the other hand, we can also identify similarities
between charts that differ substantially in either form or pre-
sentation. For example, the following three visualizations en-
courage active learning with interactive charts spanning differ-
ent contexts: (Figure 10(A)) self-directed tool for learning the
telltale signs in machine-generated images [34]; (Figure 10(C))
a visualization game for guessing binge drinking percentage
rates across different US counties [36]; and (Figure 10(E))
an interactive visualization for predicting rates of Hispanic
voters by income bracket, with other voting statistics provided

as context [56]. In Figure 10(A), readers may hover over
annotated regions to view descriptions of machine-generated
artifacts; multiple examples are provided in a faceted layout
at the bottom right corner for the reader to explore. To guess
health statistics in Figure 10(C), readers can change the slider
threshold to (re-) encode county data above / below the new
slider value. Readers (self-) predict data in Figure 10(E) by
drawing a line with their mouse.

Despite dissimilar presentation (e.g., interactive features),
data domains, and viewing context (e.g., interactive article
that includes additional text and material), our design space
(Figure 10(B,D,F)) reveals both important similarities and
differences. In particular, each of the visualizations use the
same tactics and strategies to introspect on the data. In
each case, the reader is encouraged to reflect by predicting
something about the data that is not displayed in the de-
fault view: machine-generated artifact (Figure 10(A)); health
statistic (Figure 10(C)); and voting trend (Figure 10(E)). To
repair the reader’s prior knowledge, including assumptions
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or (mis)understanding of the data, reader predictions are
evaluated via feedback. Such feedback includes annotated

explanations (Figure 10(B)), a guide that displays the running
total of the reader’s score (Figure 10(D), and annotated
text and arrows with red color encoding to spotlight (Fig-
ure 10(F)) any prediction errors.

Despite sharing introspection aids, the “lower-level” tactics
and strategies which facilitate observation and interpretation
diverge in certain respects (e.g., only Figure 10(A) sequences
deliberately). As a result, these “lower-level” cues may
affect self-learning directly, “guiding” the reader through
the process of understanding their mistakes. For example,
Figure 10(A,B) utilizes layout techniques (i.e., details-on-
demand, which hide content behind interaction, and faceting)
to provide additional observations and help relate the types
of machine-generated errors to facilitate learning. However,
by spotlighting these mistakes in the default view (via
circle annotations ), is the reader able to recognize machine-
generated images in the future when augmentations are absent?
By comparison, the other two examples (Figure 10(C,D)) and
Figure 10(E,F)) also augment with context and relation
strategies, via encoding channels. Figure 10(C) also pro-
vides readers with a dynamic threshold ( transform ) that (re-)
encodes data to observe geographical correlations more

readily, which could benefit learning.
Using the descriptive and systematic reasoning affordances

of the design space, this analysis suggests an interesting possi-
bility. Do learning benefits generalize to similar introspection
aids used in different contexts? For instance, self-prediction
improves recall and data comprehension with graphical elic-
itation techniques [52]; does this hold for other prediction
techniques (e.g., details-on-demand across multiple instances
in Figure 10(A) and guessing games in Figure 10(C))? If not,
can learning differences be attributed to divergent observation
and interpret aids? Future work should explore this relation-
ship more deeply to identify the exact process of self-learning
under these conditions, which we discuss in section VI.

VI. BEYOND THE CHASM: DISCUSSION & FUTURE WORK

A. Contribution & Limitations

Our primary contribution is a design space for augmenta-
tions in communicative visualization, which consists of tactics
(the implemented design features), strategies (the approaches
the designer selects to achieve an objective), and objectives
(how the reader is affected perceptually or cognitively). This
design space formally bridges the gap between intent and
design, enabling designers to map their goals via strategies
to a concrete set of actionable tactics.

We frame communicative / designer intent as explicit cog-
nitive behaviors on behalf of the viewer. This framing synthe-
sizes perceptual and cognitive visualization goals from prior
work to provide a useful level of abstraction for deconstructing
the different roles and uses of varied augmentations. Unlike
prior objectives, our viewer-oriented goals helpfully relate
an expressive range of augmentation tactics (e.g., animation,
annotation, self-prediction, etc.) across different contexts (e.g.,
narrative visualization, data comics, dashboards). As a result,

our design space is able to capture more nuanced relations
and dependencies (e.g., concurrency and hierarchy) at multiple
levels (tactics, strategies, objectives) that help analyze and
evaluate communicative aims more precisely. Designers can
reflect on the way they are using augmentations, how these
decisions reinforce their high-level goals, and communicative
tradeoffs between different designs. Our design space may
offer support for exploring alternatives (Figure 8), either with
respect to different approaches to achieve the same goals,
or modifying the augmentation to support alternative goals,
which we aim to validate in future work.

We present the hierarchical design space as a color-coded
graph and apply it to a rich set of examples to illustrate its
descriptive and analytic power (Figure 8, Figure 9, Figure 10).
By grounding objectives in tactics, we provide a principled
framework to help generate and search over a space of
augmentations (Figure 8). Designers can formulate their high-
level intents as a series of viewer-oriented objectives: what do
they want they viewer to pay attention to, interpret, or reflect
on? Each objective can then be mapped to a set of strategies
and tactics, varied based on the data and context of use. For
example, annotate and transform tactics can both spotlight
data, though the designer’s choice depends on what they wish
for the viewer to observe (e.g., a specific point along a
trendline Figure 8(B) vs. trend increase over time Figure 8(D)).
This process is further aided by analyzing structural diver-
gences between augmentation graphs (Figure 9), encouraging
designers to reflect on potential shifts in viewer behavior and
reason about communication tradeoffs. Specifically, by adding,
removing, or modifying an augmentation, what information
and takeaways will the viewer likely prioritize over others?

Appropriate use of augmentations can also be navigated by
first selecting individual tactics, then noting potential concur-
rent and hierarchical dependencies. For instance, our critique
of different color encodings in Figure 8(D,F) stems from
the concurrent relationship between sequence and associate .
Figure 8(D) exploits the magma color association with rising
temperatures, while Figure 8(F)’s blue gradient conflicts with
these semantics. Our design space hierarchy facilitates this line
of reasoning: tactics used to first observe , such as encode or
annotate (Figure 9(A)), can be matched next against concur-
rent strategies for interpret to identify unintended effects. In
such cases, the designer can select a different implementation
for the same tactic (e.g., color scheme), an alternative tactic
that supports the same strategy or objective, or use the proper
implementation based on concurrent strategies and objectives.

A major advantage of our design space is that it provides a
consistent lexicon for describing complex communicative visu-
alizations that may appear very different (e.g., different tactics)
but have similar goals (Figure 10). For instance, our design
space helped relate explorable explanations [16] with other
uses of similar augmentations from visualization games [36]
or graphical self-prediction [52], despite significant differences
in form and presentation. These connections could suggest
that similar methodologies and assessments might be used
to investigate actual learning benefits (which, for example,
remains an open question for interactive articles [32]).
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Despite promise, some augmentations, such as self-
reflection and repair (Figure 10), are rarely used in general
practice, likely due to the design and/or engineering knowl-
edge necessary to implement them. Future (semi-) automated
authoring systems may provide some relief on this front,
leveraging our design space to evaluate or generate designs.
Going forward, we plan to also continue evaluating our design
space through discussions with expert designers themselves
and more tightly integrating with learning objectives.

B. Scope of Augmentations

We expect our design goals to be sufficiently high-level to
capture more abstract intents, while also providing enough
grounding to help designers identify actionable strategies and
tactics that can facilitate design iteration and reason about
readers’ takeaways. However, future work is needed to test
our design space with various designers across different do-
mains, which may reveal gaps between how they express
and organize their intents and how the literature captures
communicative intent. Naturally, the intent may shift with
varying communication contexts (e.g., didactic, rhetorical /
persuasive, affective, etc.). In these situations, we expect that
our design space may function as “middle-ware” in which
the augmentation objectives uniquely map to the higher-level
“context” objectives. This connective tissue might even serve
as an additional resource for mapping between “context”
objectives (e.g., how do learning objectives map to rhetorical
aims via visual augmentations), or even connecting with
lower-level tasks throughout perceptual [9] and analysis [27]
taxonomies. As a result, designers may have more flexibility in
generating designs that can be adapted across multiple contexts
according to their intent.

Given the existence of augmentations, we expect there
to be anti-augmentations (akin to anti-learning objectives as
noted by Adar and Lee-Robbins [5]), which serve to distract
or bias readers or impede learning. For example, removing
clutter (e.g., gridlines, unhelpful annotations, etc.) [45]. Anti-
augmentations may also entail removing particular types of
content to aid observation (e.g., filtering) or interpretation,
which has been observed with decluttering visualizations [45]
and, in certain cases, animation [13].

C. Relation to Learning Objectives

We began this work particularly inspired by Adar and Lee-
Robbins’ extended learning objectives taxonomy for visualiza-
tion [5]. We view our characterization of augmentations and
the resulting design space as a step towards evaluating and
reasoning about learning objectives, allowing designers to use
the strategies and tactics we have surveyed to achieve different
learning outcomes. For instance, Adar et al. [5] operationalize
learning objectives as statements of the form: The viewer
will [verb] [noun]. This construction delineates cognitive con-
structs (verbs) (e.g., RECALL, CLASSIFY, IMPLEMENT, etc.)
and knowledge dimensions (nouns) (e.g., factual knowledge
like terminology or conceptual knowledge like categories). We
might leverage observation mechanisms (i.e., spotlighting or

sequencing ) to convey or focus alternative knowledge rep-
resentations (nouns); interpretation and introspection aids
can then instrument the desired learning processes (verbs).
However, the exact connection between our design space
and learning objectives, as supported by empirical evaluation,
remains as future work, in part due to the difficulties and
training that can be required for designers to formulate their
intents as learning objectives [5].

D. Extensions to Augmentations & Authoring Tools

We contribute a systematic outline of the visual augmen-
tation space that can serve as a springboard for future em-
pirical work and communication tools. We hope to use our
design space to ground empirical assessment and treatments
of various augmentations, including their relationships with
domain knowledge, other learning objectives (e.g., rhetorical
or affective), and augmentations in different contexts (e.g.,
math formulas [46]), to assess ecological validity. Although
trade-offs and opportunities for learning outcomes must be
evaluated, visual augmentations may provide other benefits
such as engagement or joy [27].

Several exciting directions for future work revolve around
using our design space as the basis for a design language,
potentially even a computational domain-specific language
(DSL). For instance, do the tiers of tactics, strategies, and
objectives serve as useful “building blocks” or composable
primitives for a grammar of communicative graphics? The
generative and analytic capabilities of our design space might
help scaffold future authoring systems, enabling designers
to create communicative visualizations more rapidly. Such
capabilities may also be used to encode knowledge in DSLs for
different domains, or more generally leverage this knowledge
as input to AI systems (e.g., using language models to author
data stories [89]) to identify possible augmentations during the
design process.

The space of possible augmentations is expansive, encom-
passing non-visual channels (e.g., narration or text [81], [90],
[91]), assumptions about readers (e.g., visual literacy and
background knowledge), different device types (e.g., mobile
vs. desktop [92]), and context of use (collaboration, dash-
boards, teaching, business presentations, etc.). Our design
space examines a particular subset of augmentations (visual)
within a specific context (data communication & learning),
which we hope to help scaffold future work across other
modalities (e.g., multimedia voice narration [81]), types of
learning (e.g., affective [4] or social [56]), and contexts.
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