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ABSTRACT

complex data, a quickly emerging subclass of visualizations
are infographics [2, 3, 14]. These visualizations use static, visual representations of data to tell a story or communicate
an idea, and have infiltrated the public space through a wide
variety of sources including news media, blogs, and art [38].
The increased popularity of infographics has subsequently
grown a large community of people who create these visualizations. This community includes designers, artists, journalists, and bloggers whose main expertise is not in engineering or programming. These infographic designers tend
to rely on software illustration tools that ease the process of
creating a visual representation of data.

In recent years many popular data visualizations have emerged
that are created largely by designers whose main area of expertise is not computer science. Designers generate these
visualizations using a handful of design tools and environments. To better inform the development of tools intended
for designers working with data, we set out to understand designers’ challenges and perspectives. We interviewed professional designers, conducted observations of designers working with data in the lab, and observed designers working
with data in team settings in the wild. A set of patterns
emerged from these observations from which we extract a
number of themes that provide a new perspective on design
considerations for visualization tool creators, as well as on
known engineering problems.

(a)

Categories and Subject Descriptors
Human-centered computing [Visualization]: Visualization
application domains—Information visualization; Humancentered computing [Visualization]: Visualization systems
and tools—Visualization toolkits

General Terms

(b)

Design

Keywords
Figure 1: Examples of infographics where the visual representations do not explicitly match the data. (a) The data
shown in the text does not match the percentages encoded in
the pie charts [24]. (b) One item in an ordered list is shown
out-of-order [34].

Visualization, infographics, design practice

1. INTRODUCTION
Interest in visualization has exploded in recent years. Driven
in part by the emergence of cheap, ubiquitous data, visualizations are now a common medium for exploring and explaining data produced in the sciences, medicine, humanities, and even our day-to-day lives [13]. Amongst the huge
growth in the number and type of visual analysis tools created for researchers and scholars who want to make sense of

The design and development of tools for creating visual
representations of data has been a topic of interest in the
computer science community for many years. In designing
these tools, computer scientists have long battled the conflicting requirements of ease-of-use and flexibility [13]. Despite the wealth of tools that have been proposed and developed, we suspected that many people creating infographics
today do not use most, if any, of these tools. Our suspicions arose from two sources. First, we found a number of
infographics on the web that would not be generated by an
automated process that ties visuals closely to the data, such
as the examples in Figure 1 — these observations match
what others have reported [28]. Second, we engaged in informal conversations with design professionals and students
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additional, external data.
The first two characteristics, semantics and behavior, are
inherent to data and are not decided or modified in the process of creating a visualization. They are, however, critical
for a designer to understand. The latter two characteristics,
structure and derived data, are an important part of the design decision process when working with data [26]. Specifically, designers have the freedom to create, define, and modify data structure and derived data. Taken together, these
latter two characteristics are known as the data abstraction, which is a specific interpretation of data that supports
the high-level goals of a visualization. Data abstractions
play a central role in how visualization programmers reason
about and work with data [25, 27, 31, 37].
Designing a data abstraction requires the freedom to explore alternative interpretations of data, including alternative data structures and deriving new data. Some amount
of innate understanding of data analysis is necessary to effectively evaluate the space of possible data abstractions.
A number of general purpose data abstraction tools designed for data wrangling and manipulation can help in these
decisions. These tools include spreadsheet software such as
Microsoft Excel, which allow users to perform simple manipulations such as aggregation, filtering, sampling, and sorting.
Other tools in this category include general purpose data
cleaning tools [12, 16, 17, 32, 47] which are able to parse files
of various formats and scales, provide some amount of data
manipulation, and scale to larger amounts of data. Fundamentally, though, testing and validating the efficacy of a
data abstraction for a specific problem relies on representing
the abstraction visually [27].
A significant amount of visualization research focuses on
tackling the challenge of making visual representations easy
to create [10]. Visualization creation tools, such as NoPumpG [20], SAGE [35], Tableau [22, 40], Many Eyes [44],
Graph Sketcher [39], and Vis-à-vis [9] make importing data
and visual representation specification easy and largely automated. As we show in this paper, however, they tend to
limit the design space, reducing their applicability to designers. Visualization programming environments, such
as Processing [33], D3 [5], Protovis [4], VTK [36], and ggplot [48], support the creation of sophisticated, flexible, and
creative visualizations. These environments, however, rely
on non-visual techniques such as programming, grammars,
or declarative constructs that take skill and time to learn.
Our data shows that designers tend to acquire these skills
only when they have no other alternatives.

who indicated to us that they largely plot data manually in
a design tool such as Adobe Illustrator. These suspicions
led us to explore how designers create visualizations and
what challenges they have, as well as to probe the disconnect between how designers design with data and the tools
programmers create for them to do so.
In this paper we contribute an observational study with
designers, both in the lab and in situ, as well as a series of
interviews with design professionals. Identifying patterns in
these observations and interviews exposes several emergent
themes. These themes are the role of manual encoding, how
and when designers make visual encoding decisions, the importance of tool flexibility, and why data exploration and
manipulation is critical to the design process. We discuss
these themes in the context of two known challenges in the
visualization community, that of exploring and modifying
the data abstraction, and that of creating and modifying the
visual representation. Finally, we show how these themes
translate into rich opportunities for programmers creating
new visualization design tools.

2. BACKGROUND
For purposes of comparing domains, we delineate visualization practitioners based on their primary skill sets, whether
in design or programming. In this work, we study designers whose main expertise is in design. In contrast, we refer
to people who primarily create visualizations and visualization creation tools programmatically as visualization programmers. While there are many practitioners who have
expertise in both, we find interesting comparisons when individuals have different skill levels in these areas. A third
skill set that emerges as important for both designers and
visualization programmers is expertise in data analysis.
Our analysis methods are inspired by the long history in
the human-computer interaction community for examining
design practice and building tools to support a wide variety of contexts. For example, the Designer’s Outpost [18]
is an environment designed to support web designers; it is
based on a previous study examining design practice around
websites [29]. Grammel et al. examine how visualization
novices use visualization systems and programming environments [11]. In this paper, however, we explore limitations
of these tools and models in a design context. Another line
of related work is that of Walny et al [46] which looks at
sketching on whiteboards as a design practice. These diagrams are often representations of systems or interactions,
and are not necessarily related to data; the charts tended to
be highly abstract. In this work we specifically look at how
designs work directly with data to create concrete charts and
graphs.
To avoid ambiguity, we define the following terms when
discussing the characteristics of data. First, data semantics
are the real-world meanings of the data, such as whether the
data represents temperature or height measurements. Second, data behavior encompasses the trends, patterns, and
shape of the data values relative to each other. Third, data
structure, sometimes referred to as data type [27], is the
chosen organization of data, from low-level decisions to order or filter data attributes through high-level decisions to
abstractly represent data as a table or graph. And fourth,
derived data are created from the original data values.
These include measures such as count, summation, or average, transformations such as binning, or the inclusion of

3. METHODS AND PARTICIPANTS
The data we collected comes from several sources: observations of designers in controlled, observational studies;
observations of designers working on teams in situ at a design hackathon; and a series of unstructured and semistructured interviews. For each observation and interview we
took notes, voice recordings, and collected design artifacts
when appropriate — the voice recordings were later transcribed, and the artifacts are available in the Supplemental
Material. We organized the raw data around emergent patterns presented in the next section.
In total, we observed and/or interviewed fifteen designers
with a diverse range of experiences — all of the participants had strong design skills and training. Our participants included academics teaching in design departments;
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the data in a tabular format.

design students; and a spectrum of professional designers:
at a large software company, at a large scientific research
lab, and working in freelance. Participants were solicited
for their expertise, and their participation was voluntary.
Figure 2 lists the designers, their design role, their experience with programming and data analysis, and what aspect
of our studies they participated in.
Code Gender
Design Role
One 2-hour Exercise (Time Travel)
T1
M
Student
T2
F
Student
Two 2-hour Exercises (Time Travel)
T3
F
Industry-software
T4*
F
Industry-software
One 2-hour Exercise (HBO)
H1*
M
Industry-freelance
H2
F
Industry-software
10 hours observation at hackathon (FitBit)*
F1
F
Industry-software
F2
F
Industry-software
3 hours observation at hackathon (Bug Tracking)
B1
F
Industry-software
Unstructured Interviews*
I1
M
Academic
I2
M
Industry-design firm
Semistructured Interviews
I3
M
Academic
I4
M
Industry-freelance
I5
F
Academic
I6
M
Industry-laboratory

Programming
Experience

Data
Experience

None
None

None
None

None
None

Basic
Basic

Basic
Basic

Basic
Basic

None
Basic

Basic
Expert

None

None

None
Expert

Basic
Expert

Expert
Basic
Basic
Basic

Expert
Basic
Expert
Expert

3.2

3.3

Interviews

We conducted a series of unstructured and semistructured
interviews with designers both in person and over Skype.
The interviews included questions about the designers’ design process, how working with data influenced their design
process, and the types of tools used.

4. PATTERNS
From an analysis of the data that we collected from our
observations and interviews, we identified twelve emergent
patterns of how designers work with data to create infographics. Below we break these patterns into three classes:
how the designers approached data, how data affected the
designers and their work process, and alternatives to manual
encoding of data that the designers employed. Each specific
pattern is stated in bold and numbered.

Figure 2: Skill levels of each designer that participated. *T4
was also on the FitBit hackathon team and H1 participated
in unstructured interviews.

3.1

Hackathon

We also observed two teams consisting of both designers
and programmers at a three-day data visualization hackathon.
The hackathon provided an opportunity to observe designers
working in a real-world setting, as well as in a team environment. Each hackathon team was created organically, with
participants choosing their own team, data sources, and objectives, reducing the potential bias due to lack of motivation
and engagement typical in lab studies [30]. One team chose
to work with FitBit activity monitor [1] data, and the other
focused on software repository bug tracking data.
In contrast to our observational studies, the hackathon
was not strictly limited to static infographics; both teams
planned interactive software visualizations. While the designers discussed interactivity, the only representations of
data that they produced directly were static, and the patterns we observed were consistent with our other observations and interviews.

Observational studies

We designed our observational studies to better understand how designers work with data. These studies centered
around two datasets that we prepared, inspired by existing
infographics [23, 34] — these datasets are included in the
Supplemental Material. The first is a time-travel dataset
depicting years traveled in popular movies. The dataset is
tabular with the rows representing a time-travel trip in a
movie, and the columns consisting of the movie title, movie
release year, and the start and stop years involved with the
trip. We deliberately included two outliers in the dataset in
an attempt to observe how unexpected data disrupts a designer’s process. All of the movies that we included traversed
several to hundreds of years, with one exceptional trip that
traversed 150 million years. The second outlier is a second
trip from a movie already represented in the dataset.
The second dataset captures the reuse of actors, directors, and other staff among popular hbo tv productions.
This dataset includes two tables, the first where each row is
an individual and each column is a production title. In the
cells, each individual’s role is given for the productions he or
she participated in. The second table consists of aggregate
information about each production, indicating how many
actors, directors, etc. were reused from another production.
We designed this dataset to test how designers explore data
structure; while the data was originally inspired by the relational infographic in Figure 1(b), we instead chose to present

4.1

How designers approached data

In our observational studies we observed all of the designers initially sketching visual representations of data on
paper, on a whiteboard, or in Illustrator. In these sketches,
the designers would first draw high-level elements
of their design such as the layout and axes, followed
by a sketching in of data points based on their perceived ideas of data behavior (P1). An example is
shown in Figure 3. The designers often relied on their understanding of the semantics of data to infer how the data
might look, such as F1 anticipating that FitBit data about
walking would occur in short spurts over time while sleep
data would span longer stretches. However, the designers’
inferences about data behavior were often inaccurate (P2). This tendency was acknowledged by most of
the designers: after her inference from data semantics, F1
indicated that to work effectively, she would need “a better
idea of the behavior of each attribute.” Similarly, B1 did not
anticipate patterns in how software bugs are closed, prompting a reinterpretation and redesign of her team’s visualization much later in the design process once data behavior was
explicitly explored. In the time travel studies, T3 misinterpreted one trip that later caused a complete redesign.
Furthermore, the designers’ inferences about data
structure were often separated from the actual data
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that designers did not necessarily dislike manual encoding (P5). I2 said, “I am amazed at what people will sit
through in terms of doing something manually with Illustrator or InDesign... not all of it is unenjoyable for them....
There’s something great about just sitting there [with] my
music on... [and getting] it perfect.” Furthermore, this toleration for manual work is in exchange for flexibility, which
is consistent with what others have observed [45]. I1 explained, “Illustrator is the basic go-to tool that allows for
enough creativity and flexibility to create and prototype what
we want... [but] there’s this lack of being able to connect
real data to it. It just doesn’t exist, so we sit there and have
someone read through a spreadsheet.” We also noticed that
for some of the designers, manual encoding was a form
of data exploration (P6). In the time travel study, both
T3 and T4 discovered the outlier film with multiple trips
while manual encoding the data and not during their earlier
attempts to explore the data.
Manual encoding usually occurred toward the end of each
designers’ process after they created and refined other visual
elements. This delay suggests that data encoding was a
later consideration with respect to other visual elements of the infographic (P7); they attempted to understand what a visualization would look like in the context
of the rest of their design before real data was included. For
example, in our observational studies T3, T4, and H1 spent
considerable time at the beginning of their process deciding things such as general layout, typefaces, color schemes,
and paper sizes, along with sketching their perceptions of
the data behavior. These decisions were explored long before considering where specific data points would actually
fall. Another indication of this pattern was observed at the
hackathon as F2 was presenting high-level ideas for a visualization to her team: when a programmer interrupted to
ask what the axes were in a plot, the designers on the team
emphatically responded that that level of detail would be
decided later. H1 explained, “You almost see masses and
blobs and shapes, and the relationship between them.” I1 observed, “The way that [programmers] approach it is from the
detail, back out.... [for us], the data binding stuff is really
less important at first.... [Programmers might say] that’s a
very unstructured way to approach the problem, [but designers say that] if you start with specifications, you’ve limited
your design world immediately.”

Figure 3: A whiteboard sketch of a repeated radar graph
design from the hackathon. This sketch shows the planned
visualization in context of the rest of the design.

(P3). In brainstorming sessions at the hackathon, the designers described data that would be extremely difficult or
impossible to gather or derive. In working with the HBO
dataset, H1 experienced frustration after he spent time writing a formula in Excel only to realize that he was recreating
data he had already seen in the aggregate table.
Our interviews indicated that both (P2) and (P3) are
common patterns. The designers stressed that thorough
data exploration is necessary to avoid misinferences, and
that it is an important part of the design process. I5 said, “I
spend most of my time with the data. That is the hard part
when you are teaching because the students like to jump very
quickly into solutions. It is very hard to explain that most
of your time spent creating a visualization is with data.”
Not surprisingly, the amount of data exploration and
manipulation was related to the level of a designer’s
experience working with data (P4). In the time travel
observational studies, both T3 and T4 discovered the 150
million year outlier quickly; T3 accomplished this by asking
the interviewer specific questions about the data, and T4
discovered it by creating charts in Excel. They also both
discovered the repeated film. In contrast, the student designers T1 and T2 did not explore the data at all, and even
resisted leading offers to have the data sorted toward the
end of their exercises — they did not discover the outliers
on their own. Similarly, at the hackathon, F2 was the only
designer to ask the programmers on her team specific questions about the data that they were working with.
Our interviews also confirmed pattern P4. I2 commented
that “There’s a default on the design side to go quickly to
how it looks and not necessarily find the outlier.” I3 similarly said, “Having a knack for the data science part often
separates the good designers from the great ones. Personally
I believe that the data science part is the Achilles heel of the
designer. You gain insight by working directly with the data.
The best designers are the ones that will open up Excel and
manipulate the data before they get to the graphics part.”
All but one designer in our observational studies manually
encoded data; we observed T1, T3, T4, H1, and H2 looking at data points one at a time, estimating the placement
of marks, and placing the marks by hand. Most often, the
designers would draw an axis, guidelines, and tick marks to
assist in this process. While all of our interviews confirmed
that this is a common practice, we were surprised to learn

4.2

How data affects designers

We observed that while the designers frequently refined
the nondata visual elements of their designs, such as color
and font choices, the design of their data encodings
remained unchanged until assumptions about data
behavior were shown to be incorrect (P8). For example, in the time travel study T3 introduced curves into her
design after encountering the incompatibility of one movie in
her initial design. Similarly both T1 and T2 made changes
to their designs after discovering one of the outliers: T1 repeatedly drew roughly the same bar chart early in his process, but introduced a curled bar when shown the outlier,
shown in Figure 4(a). Similarly, T2 changed to a completely
different circular encoding. In contrast, the designers on the
FitBit hackathon team did not have direct access to their
data, and in spite of breaking out for individual brainstorming sessions, F1, F2, and T4 drew only variations on a single
representation type, a radar graph as shown in Figure 3. Ad-
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had to manually pull them apart when they overlapped. I
did the donut chart in Excel because Tableau doesn’t have
them. I then changed the colors [in Illustrator] to greyscale
to get rid of the Microsoft colors.” As with manual encoding, the labor-intensive nature of importing a single chart
kept designers from attempting to import multiple charts.
Another technique we heard in our interviews was to encode the data programmatically and import the resulting
graphic into Illustrator. I5 described how she used programming this way: “Then I decided to use a radial layout
to plot the data. I started in Illustrator, but then I realized
it was going to be way too hard to do... so then I said, oh
this is stupid, so I went to Processing. I looked online to
see if I could learn some tutorials to help me put the data
into this idea. Then I [wrote the program]. I brought all
the data into my simple Processing code, and then I created
a pdf, and brought it back into Illustrator.” Designers frequently expressed dissatisfaction with these approaches. I5
lamented, “I teach myself programming when I don’t see any
other way.”
A common frustration with alternatives to manual encodings that we heard about in interviews was that the designers disliked tools that enforce a design process
(P12). For example, I6 indicated a strong negative reaction
to Tableau’s Show Me functionality [22]: “Tableau has lots of
prescribed things... they say, okay, you have these two data
types, then we recommend that you use this plot. I hate that
thing; I always turn that thing off.” Similarly, I3 commented,
“developers always want to [control the design steps]; [they
say] here is your flow, you go through these steps, here are
the tools, here are the things you can do, here are things you
can’t do. I don’t think designers want that.... [They] want to
create something that you’ve never seen before. And to create a tool that will allow that amount of flexibility is really
challenging. Designers like Illustrator because it lets them
do whatever they want.”

ditionally, we observed that the designers did not vary
from the initial, given structure of the data (P9). For
example, in the HBO study both designers created a matrixstyle visualization that mimicked the input file format, one
of which is shown in Figure 4(b). This contrasts the original
infographic that inspired the dataset that explicitly represented the data relationally, shown in Figure 1(b). H2 even
commented, “I feel like I’m stuck in this treemap world.”

(a)

(b)

Figure 4: Examples of how data can inspire or limit variety.
(a) T1 introduced a curled bar when informed of the outlier.
(b) H2 recreated the dataset’s tabular file format graphically.
Despite the benefits seen from manual encoding, we also
observed that the cost in effort and time of manual encoding kept designers from trying many varied ideas
(P10). In the time travel study T1 plotted 21% of the
movies, T3 plotted 14%, and T4 plotted 25%. T2 plotted
no data points at all. For the HBO study, H1 was able to
encode 26% of the actors while H2 was able to encode 32%.
As the designers engaged in manual encoding, comments
about inefficiency were frequent. For example, H1 said “I
don’t want to do this, but I... manually put in all the dots.”.
Furthermore, H1 reluctantly stuck with his original design
even after making discoveries about the data that prompted
dramatic changes in sketched encodings. He said “I sketched
that I was going to do [one thing]... but once I got it on the
page, I saw something else.... If I twist this, then the whole
grid is going to change, and I’m going to have to move everything around, and I’m going to have to manually reset all
the text.” While these effects may have been compounded by
the time limits of our observations, deadlines remain critical
factors in the design process.

4.3

5. THEMES
The observed patterns reveal four themes. First, manual
encoding is acceptable when the tradeoff is flexibility, and is
a form of data exploration. Second, designers prefer to place
data on existing graphics instead of generating graphics directly from data. Third, to support flexibility, operations
should be commutative. Finally, tool creators should be
aware of designers’ struggles to define and modify data abstractions. These themes have interesting implications for
two known challenges in the visualization community: the
challenge of creating tools that support defining and modifying the data abstraction; and the challenge of creating
flexible yet efficient tools for producing visual representations of data. We denote each theme in bold.

Alternatives to manual encoding

We observed some designers using external tools to encode the data into a chart and we discussed this process in
several interviews. In our observational studies we saw two
designers copy charts from Excel into Illustrator, while a
third commented that she wished she could follow this pattern: “I would rather make [Excel] do this for me... [but]
I don’t know how — and it’s not as pretty.” In all cases
where this technique was observed or discussed, however,
the designers still performed downstream repetitive
tasks to refine an imported chart to meet their design goals (P11). I6 described his process: “I created a
plot in Tableau and then exported it to Illustrator to put the
labels on. I had to add the specific tick-marks by hand. [For
the labels], Tableau does labels, but it isn’t very smart... I

5.1

Manual encoding has its benefits

Our observations and interviews point to a clear trend
that manual encoding is not only tolerated, but even
embraced by designers in order to maintain flexibility and richness in the design process. This finding
is in juxtaposition with the motivations and goals of many
visualization creation tools that strive to ease the burden of
encoding data by limiting the design space and enforcing an
order of operations. Even in situations where designers use
external tools to encode data, this step was just one of many
— designers still spent significant time and effort manually
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avoid tools that enforce a process (P12). This supports the
idea that designers prefer a flexible design environment that does not enforce a specific order of operations. Consistent with what others have observed [41], the
order in which designers will perform various operations can
not, and perhaps even should not, be anticipated; instead
visualization design environments could support a workflow
with a flexible sequence. Changes in one area of the design
could, ideally and intuitively, affect changes in another.
This need is due, in part, to the fact that designers consider many aspects besides just the visual encoding itself,
including annotations, labels, and embellishments (P7). Interestingly, designers use external tools not as closed solutions, but as just one step in their workflow(P11). This is
a reaction to native restrictions in these tools: current tools
force designers to specify a complete mapping their data exactly once, and the result is brittle. To accommodate these
tools, designers still had to engage in repetitive work similar to manual encoding (P11). This resulted in the same
drawbacks of manual encoding (P10), to the extent that
their entire process had to be repeated if anything beyond
a superficial change was to be made.
This theme lies at the intersection of the data abstraction and visual representation challenges. In many ways,
the visualization community faces the same commutativity
problem: 1) updating a visualization in response to a data
abstraction change, or 2) updating a data abstraction in
response to a visualization are extremely laborious. Techniques to facilitate either are open areas of research.

modifying and refining externally generated charts (P11).
We found that designers are willing to endure repetition in
order to keep their process and their options flexible (P5,
P12). There are even benefits to manual encoding: it provides unique opportunities for designers to discover aspects
of the data (P6), and it can even be enjoyable (P5).
There are trade-offs, however, as manual encoding consumes significant time and effort, reducing opportunities and
a willingness to explore a variety of design alternatives of
visual representations of data (P10). This limitation contrasts a central tenet of design practice to try many ideas
and explore alternatives. Recent research supports this tenet
by looking at how starting with multiple examples [19], exploring a variety of approaches [21], and building multiple
prototypes [7,8] can help designers approach problems more
creatively and produce higher quality solutions.
This pattern sheds light on a part of the visualization
representation challenge that has not received much attention. Currently, users of both visualization creation tools
and visualization programming environments are vigilantly
protected — and, in most cases, prevented — from engaging
in manual encoding in part to avoid the time consuming efforts necessary in manual encoding. The benefits of manual
encoding our patterns expose, however, are not currently
exploited and could provide interesting new directions for
future tool development.

5.2

Placing data on existing graphics

While automated visualization generators provide ease of
use, efficiency, and sometimes support user-specification of
the look and feel of marks, these features come at the expense of flexibility [13]: the underlying visual representations are all predefined or selected via a gui. Instead, designers told us they want to be able to create something new
and novel. Visualization programming environments also
have benefits in that they provide more flexibility, but they
require the representation to be defined in a non-visual, symbolic manner. Instead, we observed designers creating visual
representations graphically (P1), and that they were often
unsatisfied by the results of both visualization creation tools
and visualization programming environments (P11,P12).
In contrast to these two bottom-up approaches, our observations indicate that designers create visualizations
in a top-down, graphical process where they place data
marks on top of other visual elements. Designers tend to try
to understand the overall appearance of a visualization before plotting real data on axes that they draw (P7). There
are usually other design elements in an infographic that they
must consider — data is only a part of how they tell a story
— and they tend to think of influencing existing graphics
that they have already created, instead of generating graphics directly from data.
The seemingly irreconcilable balance between ease of use
and flexibility is another part of the visual representation
challenge. This theme suggests that if tools can support
placing data on existing graphics instead of generating graphics from data, they will be both intuitive to use and very
flexible. While calls for this kind of approach have been
articulated in websites and blogs [42, 43], little academic research has pursued this direction.

5.3

5.4

Creating an effective data abstraction

As designers with data experience are aware (P4), designers have a critical need to be able to define and
modify data abstractions. This is important for two reasons. First, the time spent planning or implementing ineffective or incompatible visualizations can be reduced by understanding data behavior (P2) and structure (P3) early
on in the design process. And second, variety in design is
increased when the data behavior (P8) and structure (P9)
are well understood. Others have shown that variety in design is important in that it directly affects the overall quality
of the finished product [7, 8, 19, 21].
Data abstraction tools that attempt to provide the freedom to explore alternative interpretations of data, including
alternative data structures and deriving new data, are still
in their infancy. The idea that a data abstraction is in part
created and a piece of the overall design suggests that working with data abstractions may be a creative space in its own
right [26,37]. As such, some have suggested that the responsibility for a given data abstraction belongs to its creator [6],
not necessarily the tool that facilitated its creation.

6. OPPORTUNITIES
These themes expose rich opportunities for visualization
creation tools. One is to separate the processes of visual
encoding and data binding so that manual visual encoding
is allowed, but data connections are maintained. Granting
designers direct control over what data bindings exist could
liberate them to follow any order of operations in their process: similar to existing approaches, they could create visual elements from data. Alternatively, they could first create visual elements, and later associate them with data, as
our themes suggest they prefer. This opportunity, however,

Relaxing the sequence of processing

We found that the designers we observed and interviewed
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P. Isenberg. Creation and collaboration: Engaging new
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Visualization, pages 92–133. Springer, 2008.
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with visual difficulties. Visualization and Computer
Graphics, IEEE Transactions on, 17(12):2213–2222,
2011.
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Conference on Human Factors in Computing Systems,
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ACM.
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presents implementation challenges, including how to handle
ambiguous states and how to support a design’s longevity.
Another opportunity is to allow a designer to explore data
abstractions directly in the context of visualization, and
vice-versa. For example, a designer may wish to select all
visual items associated with negative data values, similar to
Illustrator’s functionality for selecting items of a given color.
Visualization tools could support data operations internally,
or connect to data abstraction tools externally. They would
provide a flexible order of operations in a different sense, in
that it would be easier to iterate on data abstractions and
visual representations together. Open problems in this area
include how to make data abstraction tools and visualization design environments interoperable such that they are
agnostic to process.

7. CONCLUSIONS AND FUTURE WORK
In this paper we present an observational study, as well as
a set of interviews, about how designers design with data.
The observations include exercises with prepared data sets
in the lab and observations of designers working as teams in
the wild. From these observations and interviews we extract
a set of patterns that support themes that have implications
for data abstraction and visual representation challenges.
While these challenges are well-known to visualization programmers, the design perspective we present yields new insights into ways to address them. We intend to explore and
validate the typical tasks involved in visualization design
in light of these opportunities via technology probes [15].
Designers’ struggles with data mirror challenges in the visualization community; as a result, continued experiments and
discoveries in this space will benefit not just the creation of
infographics, but broader questions of creating visualizations
quickly, efficiently, and flexibly.
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