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ABSTRACT

Iteration is a ubiquitous need across many different visualization design workflows.
For visual design, practitioners often need to transition between the automated generation
of visuals and manual drawing; however, existing software makes free-form iteration
between these modalities difficult or impossible. A similar challenge exists for data as well:
data abstractions often need to be adjusted; however, many data reshaping operations—
particularly graph wrangling operations—have support only in programming environ-
ments that may not be accessible to many visualization designers.

This dissertation begins with an effort to better understand how graphic designers, a
specific subset of the broader visualization community, work with data. The lessons from
that effort inspire our remaining contributions, which are directed toward the broader
community of visualization practitioners: first, we present a software model and a system
that make it possible to iterate between drawing and generative visualization. Second, we
present a visual technique that enables inquiry into the relationship between two specific
graph data wrangling operations: pivoting and filtering. Finally, we present an interface
that supports a broader range of graph data wrangling operations that enable iteration

between many different graph data abstractions.
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CHAPTER 1

INTRODUCTION

This dissertation addresses two practical challenges in data visualization authoring
workflows through novel tools for rapid prototyping and for designing new data ab-
stractions. The first challenge that we address is the inability to iterate between drawing
tools and automated visualization toolkits—which constrains rapid prototyping of custom
visualizations. The second challenge is that interactive software for designing and refining
graph data abstractions does not yet exist. Our efforts are grounded in formative work,
interviewing and observing how graphic designers work with data; reflections on our
experiences show that each challenge is common to visualization practitioners with very
diverse skill sets, and they also reveal new strategies that software can use to address each
challenge. These strategies include a model for bridging drawing tools and automated vi-
sualization toolkits. We demonstrate its effectiveness through an Adobe Illustrator plugin.
We also present novel, interactive systems that facilitate designing and refining graph data
abstractions. Both approaches represent new ways to support more expressive visualiza-
tion authoring.

Our work was initially motivated through informal discussions with graphic designers,
as well as surprising online examples of custom visualizations. The examples that we
found contained layout inconsistencies or errors that would not have been produced by
a generative system, such as those in Figure 1.1 containing an out-of-order item, and
Figure 1.2 containing inaccurate encodings of the data. These examples suggest that the
designers followed a process for creating visualizations that was very distinct from our
own workflows as visualization programmers.

To better identify and understand the differences, we conducted interviews with
graphic designers and observed how they work with data in a natural context as well

as controlled lab studies [3]. Reflections on the interviews and observations revealed
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that visualization programmers and graphic designers share two major challenges in
visualization design. The first is that it is difficult to iterate between drawing software
and automated visualization toolkits, which creates a barrier to rapid prototyping. The
second is that the lack of software support for designing and refining data abstractions

results in reduced variation, creativity, and quality of visualization designs.

1.1 Constraint on Rapid Prototyping

One pattern that we saw was exporting the results of an automated visualization toolkit
to a drawing program. Although this approach combines the advantages of each modality,
it has a critical weakness: once the visualization has been exported to a drawing program,
it becomes impossible to iterate on an automated aspect of the visualization. In the current
software ecosystem, going from automation to drawing is a one-way journey.

This problem is common to the visualization community as a whole, especially in
the context of rapid prototyping. Visualization practitioners frequently make sketches
and static mock-ups with drawing tools, but they have very few ways, if any, to test
the interactivity of an interface, or the behavior of real data, without starting over from
scratch with code. The incompatibility of these types of tools, therefore, presents a barrier
to iterating between each modality in the rapid prototyping process.

To overcome this practical challenge, we present a model for bridging drawing tools
and automated visualization toolkits [4]. The key insight of the model is that it converts
the serial iteration problem into a parallel merge problem—this way, each tool can keep
its internal representation of a visualization, and use all of its features, without needing
to account for the internal representation or features of another program. The model
identifies key areas that a bridge designer should consider: how to identify changes in
each tool, how to merge changes from each tool, how to capture designer intent, and how
to reintegrate changes across tools. We demonstrate the kind of expressive workflows
that the model enables through a proof-of-concept Adobe Illustrator extension, enabling

two-way iteration between Illustrator and d3.js visualizations.



1.2 Designing and Refining Data Abstractions

Another major need that designers have in common with the larger visualization
community is the ability to design and refine data abstractions. In some cases, we saw
that accepting the given structure and interpretation of data—without any exploration or
reinterpretation—can severely constrain the visual designs that are considered. In contrast,
we learned that when designers explored or reshaped data, encountering unexpected data
behavior could inspire novel, creative visual designs.

We see both effects in the visualization community: the relationship between choosing
an effective data abstraction and the quality and effectiveness of the resulting visualization
is well documented [10]. However, few software tools exist that assist in this process—and
the few that do focus exclusively on tabular data and/or impose arbitrary interpretations
that are based on the initial data structure. Consequently, alternative data abstractions
are difficult to explore in practice, and data behavior that could inspire or break a visual
design often remains hidden until it is too late.

We present a visual technique for extracting subgraphs as formative work [5], followed
by a novel interactive system for reinterpreting graph data [6]. Most graph databases [11]-
[13], and the few network modeling tools that exist [1], [2], [14] are implemented with a
fixed interpretation layer on top of a relational model that defines what a node is, what an
edge is, and what an attribute is. This approach results in inflexible data abstractions—
users have no way to reassign what a node is, what an edge is, and what an attribute
is. We present an interactive system that allows a user to flexibly specify and modify
that interpretation layer, in addition to other data wrangling operations. We demonstrate
the expressiveness that this approach enables, through examples employing a rich set of
operations, including connection, converting between nodes and edges, edge projection,
attribute promotion, faceting, direct and connectivity-based filtering, changing edge direc-

tion, and in-class and connectivity-based attribute derivation.

1.3 Contributions

The contributions of this dissertation are the following;:

Reflections on observations and interviews of designers [3] that highlight the need

for tools that support iterative visualization design between automation and draw-
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ing, as well as the need for tools that support designing alternative data abstractions

A model [4] for bridging between drawing tools and automated visualization tool-
kits, as well as an instantiation of the model, showing how tools can support iteration

between each modality

A novel system for designing and refining graph data abstractions [6] that is in-
formed by a formative graph exploration technique [5] and that supports exploring

alternative graph data abstractions

Each contribution has a distinct focus, shown in Figure 1.3. We begin in Chapter 2
by identifying gaps in the existing literature with respect to understanding the challenges
that designers face when working with data. We then identify gaps in existing software
with respect to support for iteration in rapid prototyping, as well as support for iteration
in graph data wrangling. In Chapter 3, we detail interviews and observations of designers
and reflect on how they inform the development of future software. Here, our main
objective is to learn from graphic designers.

In Chapter 4, we present a model and tool that enable iterative visual design, focus-

ing on first steps toward filling missing software capabilities that are needed in order to

Learning from people

Chapter 3 Chapter5
Lr}’rgg/si%\?/]se,rgbservoﬁons Jacob's Ladder
Focus on Focus on
graph/'c c/esign data wrcmg/mg
Chapter 4 Chapter 6
Model for bridging diverse tools Origraph

Exponc/mg software copobi/iﬁes

Figure 1.3. Each contribution has a different focus. In Chapter 3, the interviews and
observations focus on learning from graphic designers. In Chapter 4, the model for
bridging diverse tools focuses on expanding software capabilities, in a way that could
eventually lead to improved tools for graphic designers creating visualizations. Jacob’s
Ladder, the interface presented in Chapter 5, is evaluated with a more general set of users
wrangling network data, that informs Origraph, a more powerful network wrangling
system in Chapter 6.
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enable iterative workflows. Chapter 5 evaluates Jacob’s Ladder, a formative technique
that probes the relationship between two graph wrangling operations. The main objective
in evaluating Jacob’s Ladder is to understand whether and how general users, not just
graphic designers, can make use of a simple network wrangling operation. Based on
these lessons, in Chapter 6, we expand network wrangling capabilities with a tool that
implements a set of visual techniques that enable a broader set of operations for iterative
graph data wrangling. Together, our interviews, observations, models, visual techniques,
and software systems fill major gaps in the existing literature and software capabilities, and
lay the groundwork for future exploration into extended practical challenges, implications
for creative software design, and understanding how creative visualization practitioners

think and work. We discuss these extensions and future work in Chapter 7.



CHAPTER 2

BACKGROUND AND RELATED WORK

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 [15]. Despite the wealth of tools that have been proposed and devel-
oped, 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 have been generated by an automated system
that ties visuals closely to the data, such as the examples in Figure 1.1 and Figure 1.2.
These observations match what others have reported [16]. Second, we engaged in informal
conversations with design professionals and students 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.

To better understand this underserved segment of the visualization practitioner com-
munity, we conduct interviews and observations of practitioners with a background in
graphic design, and report our findings in Chapter 3. 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 De-
signer’s Outpost [17] is an environment designed to support web designers; it is based on
a previous study examining design practice around websites [18]. Grammel et al. examine
how visualization novices use visualization systems and programming environments [19].
In Chapter 3, however, we explore limitations of these models in a design context. Another

line of related work is that of Walny et al. [20], which looks at sketching on whiteboards
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as a design practice. These diagrams are often representations of systems or interactions,
and are not necessarily related to data; the charts tend to be highly abstract. In this work
we specifically look at how designs work directly with data to create concrete charts and
graphs.

Visually, one of the most fundamental goals in graphic design—whether or not data are
involved—is to establish a hierarchy that matches the underlying message that a design
needs to communicate [21]. What is the primary thing a viewer needs to see? Secondary?
Tertiary? Similarly, the academic information visualization community tends to discuss
visual hierarchy in terms of task and data abstractions [10] that map to encoding channel
effectiveness [22] to show users what they most need to see. What aspect of the data should
be encoded spatially? With length? With color?

Establishing an effective visual hierarchy for a data visualization can be especially chal-
lenging. Data abstractions themselves need to be designed [23], and the abstraction layer
can be validated only after at least a prototype visualization is designed, implemented,
and tested [10]. Stakeholders’ needs and priorities are often challenging to understand and
articulate, and the act of visualizing data itself can change what those needs and priorities
are [24],[25].

In practice, therefore, underlying data and task abstractions are prone to frequent re-
visions and refinements over the course of designing a visualization—and abstraction
changes can cascade to visual hierarchy changes. For example, identifying that specific
biologists have a primary need to perform detailed comparisons of gene expression over
time—a task abstraction refinement—can inspire a new visual hierarchy [26] that priori-
tizes expression levels with more salient, spatial line charts, instead of using traditional
color heatmaps to encode gene expression. Similarly, recognizing that bioinformaticians
intuitively understand sequencing contig overlaps as nodes, rather than edges—a data
abstraction refinement—can lead to groundbreaking research into novel ways to visually
encode edge attributes [27].

However, current visualization toolkits and related software provide very little, if any,
support for these kinds of dramatic shifts neither at the abstraction level, nor at the vi-
sual encoding level. In both cases, practical limits on the ability to explore many varied

designs [28]-[31]—with respect to either the visual hierarchy, or with respect to the un-
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derlying abstraction—increase vulnerability to the threats of ineffective encoding choices,
and/or abstractions that do not match user needs [10] and can result in premature fixation
on a poor design [25].

Consequently, visualization practitioners need better tools that do not force them to
start from scratch every time they consider an abstraction refinement or a visual encoding
change. For visual encoding changes, we build on the rich history of rapid prototyping
software, and focus on challenges that prevent iterating between different tool modalities,
particularly in the context of graphic design. At the abstraction level, we focus on graph
data wrangling challenges, as little software exists for enabling users to think about alter-

native network models, and no software exists that supports iterating on them.

2.1 Rapid Prototyping Challenges

Practitioners need to test whether and how a visualization design fails as quickly as
possible [32], in order to focus effort on the most effective solutions. To explore the space
of possible solutions, they can choose from a variety of tools, from paper [33], [34] to
tangible blocks [35]. For rapid prototyping in a digital context, however, the available
modalities are relatively constrained: designers can choose from generative tools that
facilitate encoding many data points quickly; drawing tools that facilitate more expressive,
custom designs; hybrids tools that compromise between the strengths of each modality; or
multiple tools used in the same workflow.

Generative tools can help with rapid prototyping because they can efficiently render
visualizations almost instantly once they have been configured. Tools like Microsoft Excel
are relatively easy to configure for standard chart types; however, standard chart types in
isolation may have limited use in rapid prototyping. More customization can be achieved
with more complex tools. Tools such as Tableau [36] or Plotly [37] give access to more chart
types and more style controls, but the amount of configuration required increases with
expressive power. At the extreme end of this spectrum are programming environments
such as D3 [38], Processing [39], or VIK [40] that provide extensive expressivity, at the
expense of needing to spend time learning and writing code.

Alternatively, practitioners can turn to drawing tools, such as Adobe Illustrator, Sketch,

or Inkscape. These tools give visualization designers much more flexibility to create any
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visuals that they wish, with any style; however, creating a data visualization in a drawing
program can be extremely time consuming, as some encodings may need to be imple-
mented manually, one point at a time.

Efforts to make hybrid tools that combine the strengths of both modalities, from early
efforts like SageBrush [41] and RBE [42], to more recent approaches like Lyra [43], iVisDe-
signer [44], SketchInsight [45], iVOIVER [46], or Data Illustrator [47], could also be useful
in the rapid prototyping process. However, user studies of these kinds of hybrid interfaces
have consistently shown [44],[46],[47] that they suffer from the same fundamental tradeoff
that purely generative toolkits have: greater expressive power comes at the cost of a longer
time investment to learn and configure the interface.

A fourth alternative is to use multiple tools in the same workflow, and our research
focuses on this approach. Some generative tools like RAWGraphs [48] are explicitly de-
signed with this kind of workflow in mind—they are generative tools that export directly
to drawing programs. Other approaches, like D3 Deconstructor [49], support extracting
components of interactive visualizations for reuse in other visualization toolkits. Migrat-
ing a visualization from one tool to another has the advantage that the full capabilities of
each tool can be used when needed, such as plotting many points with a generative tool,
and then customizing the style or drawing unsupported encodings with a drawing tool.

A major challenge exists, however, in that there is no way to reimport a visualization
from a drawing tool back into a generative environment—exporting to a drawing tool is a
one-way journey. This is especially problematic for exploring alternative visual encodings,
because any custom work done in a drawing tool must be discarded and redrawn if an
automated aspect of the visualization needs to be changed.

To address this problem, the bridge model that we present in Chapter 4 depends on
the idea of bringing together distinct sets of modifications from multiple sources, making
it similar to both revision control systems [50] and collaborative editing systems. Each
of these has mechanisms for merging changes made by disparate practitioners. Revision
control concepts have been applied to design contexts, such as CAD tools [51] and collab-
orative editing of 3D models [52],[53]. One important difference is that the bridge model
focuses on iteration between different classes of tools, rather than different people using

the same tool.
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In Chapter 4, we show how this approach overcomes practical constraints in multitool
workflows that arise from the differences between generative and drawing modalities.
With this model, a broad range of visual refinements become possible, including funda-
mental changes to the visual hierarchy of a visualization, such as converting a pie chart to

a bar chart, without losing drawn annotations or styles.

2.2 Graph Data Wrangling Challenges

A similar challenge exists at the data abstraction level: here, too, significant iterative
changes are difficult or impossible to accomplish with existing software, such as changing
what a node is and what an edge is in a graph. Few software tools exist to assist in this
part of the workflow, even though it requires a significant proportion of a practitioner’s
time [54]. We explore how software can support graph reshaping operations, first with a
visual technique for extracting subgraphs using pivot and filter operations in Chapter 5,
and then a system that supports a wider set of operations in Chapter 6. In doing so, we
build on existing tools that enable tabular data wrangling, graph editing, graph databases,

pivot operations, and broader network modeling.

2.2.1 Wrangling Tabular Data

Applications for wrangling tabular data include tools such as Google Refine [55], Data
Wrangler [56], and Microsoft Excel, which focus on data transformation and cleanup.
These systems enable analysts to reformat input data to best suit their analysis tasks, but
they are not designed to support network data.

Some data wrangling tools use network visualization in the process of wrangling data.
D-Dupe [57] uses a network perspective to help resolve duplicate entities while cleaning a
dataset, and Schema Mapper [58] uses network visualizations to explore how one hierar-
chical dataset maps to another. Although these approaches utilize network visualization
in the wrangling process, and support wrangling tasks on nontabular data, they do not
wrangle networks themselves.

NodeXL [59], an extension to Excel, allows users to import, visualize, and transform
network data. However, NodeXL provides only a minimal set of network transformation

features. Moreover, as pointed out by Liu et al. [2], conducting extensive network reshap-
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ing with NodeXL would require users to be Excel experts.

2.2.2 Graph Editing

Beyond tabular data wrangling, a wide array of tools support graph editing that al-
low users to visualize and edit networks and their associated attributes. Tools such as
Cytoscape [60] and Gephi [61] focus on layout of the topology of the graph, but also offer
several editing features. Similarly, Graphviz [62] is a collection of graph drawing tools that
can render hand-edited or programmatically generated text files.

Tools in this space allow users to modify a network, mainly by creating or deleting
nodes and edges. This level of editing is useful for tasks such as finding and correcting
mistakes in the data or inputting new data. However, these edits are not rule-based and
are therefore limited to the instance level and do not generalize to the entire network. Ad-
ditionally, graph editing tools assume a well-defined network as input. They are primarily
tasked with representing network models as they exist, and do not have features aimed at

creating or deriving new models.

2.2.3 Graph Databases

Unlike graph editors, graph databases enable generalized rule-based transformations.
These systems are optimized for storing, indexing, and querying large networks, and spe-
cific languages have been developed to query and manipulate graphs in these databases.
Graph databases such as Neo4j [12], OrientDB [13], and GraphDB [11] allow users to
create and transform network models as needed. The potential operations that can be
performed are broad—we utilize a Titan [63] graph database in Chapter 5 as the underlying
technology as we explore the relationship between pivot and filter operations. In general,
however, creating or changing a network model in such databases must be done through
scripting, requiring users to be proficient in the database-specific query language. In
contrast, the interfaces that we present in Chapter 5 and Chapter 6 are interactive; they

support many wrangling operations without any programming knowledge.

2.2.4 Graph Pivots
The pivot operation that we explore in Chapter 5 has made both direct and indirect

appearances across graph visualization literature. In using the term “pivot,” we refer to it
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in the sense of traversing an existing graph, from one set of nodes to another [64]-[70],
rather than toggling between node and edge interpretations [71], or aggregating node
attributes [2]. Although pivots have been identified and used in the past—we do not
claim the identification of pivots as a contribution—their usage is typically limited to
an initial seed node set of size one. Chaining pivots together is often not supported,
pivots are used to support specific tasks on specific data abstractions, and/or pivots are
integrated as part of a broader system that does not present an opportunity to study them
in isolation. Chapter 5 explores the power and effects of graph pivots in general, ignoring
any particular abstraction.

We focus on pivots separate from other wrangling operations, as it is strictly neither
a wrangling operation nor an exploration operation. In terms of the Graph Task Taxon-
omy [72] by Lee et al., a graph pivot falls into three of the four identified categories. It
is a topology-based operation, in that it starts by identifying the neighbors of the seed
nodes. It is an attribute-based operation, in that it filters the neighbors to the set of target
nodes. Finally, it is fundamentally a browsing operation, in that it traverses a set of n
paths through the graph simultaneously. As pivots are essentially an aggregate form of
traversal, there is no comparison to be made to traditional instance-based techniques, such
as node-link diagrams or adjacency matrices. Rather, the technique that we demonstrate
in Chapter 5 could be used in conjunction with standard instance-based techniques in a
linked view system. Testing our technique in isolation allows us to reflect on whether and

why additional views may be necessary for exploration, or for subgraph extraction.

2.2.5 Network Modeling
A broader set of wrangling operations is covered by network modeling, i.e., the con-
cept of creating networks from tabular data, which has been explored by several systems.
The need for these tools arises from the frequent storage of network data as tables, contain-
ing a list of items and their associated attributes. Network modeling approaches support
creating graph models from tabular data, and commonly also provide visualization to

better understand and explore the resulting graph structure.
Commercial systems such as TouchGraph Navigator [73] and Centrifuge [74] support

network modeling by allowing users to create attribute relationship graphs from tabular
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data. Attribute relationship graphs, which were introduced by Weaver [75], refer to graphs
where attributes are connected based on co-occurrence. A related approach, used by both
PivotGraph [65] and HoneyComb [76], generates new network models by aggregating
all nodes that have a certain attribute. The Tulip framework [77] touches on network
modeling by enabling users to import data and generating multiple data models for users
to visualize and explore. However, users do not have control over how these data models
are generated, nor can they modify them.

The two systems most related to the system that we discuss in Chapter 6 are Orion [1]
and Ploceus [2]. Both systems model attribute relationship graphs from tables from rela-
tional databases. For a comparison of supported operations, refer to Table 2.1. Ploceus’s
approach is based on relational algebra, whereas Orion uses relational tables as its base
and represents networks as edge tables. Although Orion and Ploceus are well suited for
network modeling from tabular data, they do not support reshaping existing networks or
rich edge attributes beyond edge weights. The ability to iterate on chosen data abstractions
is restricted to creating a new network model from the raw data. Each distinct network
model needs to be specified from the ground up; users cannot create alternative network
models with an existing model as a starting point. Both tools emphasize analysis of the
network data within the tool, whereas our system is designed as a wrangling-first applica-
tion, with visualization for analysis mostly used for validating wrangling operations.

Another related modeling tool is Graphiti [14], which uses demonstration-based in-
teraction to create edges in networks. The tool infers possible data abstractions from
instance-level operations. Although Graphiti supports modifying existing networks by
adding new edge types, it does not support more extensive reshaping operations such
as changing nodes to edges or deriving new classes from attributes of connected nodes
or edges. Additionally, Graphiti is only suited to working with undirected, unipartite
graphs. Our system offers support for unlimited types of nodes and edges as well as
directed edges, allowing users to connect data from multiple sources to generate a suitable
network model.

Ultimately, each software system that we present builds on a rich tradition of theory
and software tools that inform and support the process of designing visualizations, in-

cluding both challenges of rapid prototyping and refining graph data abstractions.
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Table 2.1. Operations supported by Origraph, Orion [1], and Ploceus [2]. In some cases,

operations are only partially supported, as denoted by the superscripts.
Only for immediate neighbors

* Ploceus can identify specific node values through the search function

¥ Ploceus does allow for duplication of attributes across tables

Modeling / Reshaping Origraph  Ploceus Orion Ploceus Term Orion Term
Connect/Disconnect Nodes yes yes yes Create Connection Link
Promote Attribute yes yes yes Create Promote
Facet Node/Edge Class yes yes yes Slice n'Dice Split
Convert Between Node/Edge yes no no
Project Edges yes partially  partially
Create Supernodes yes no no
Roll Up Edges yes yes yes

Item Operations

Filter by Attributes yes no yes
Connectivity-Based Filtering yes no no

Attribute Operations

Change Edge Direction yes no no
Derive In-Class Attributes yes yes yes
Connectivity-Based Attribute yes not no

Derivation




CHAPTER 3

REFLECTIONS ON HOW DESIGNERS
DESIGN WITH DATA

To better inform the development of tools intended for designers working with data,
we set out to understand designers’ challenges and perspectives. In this chapter, we report
on an observational study with designers [3], both in the lab and in situ, as well as a series
of interviews with design professionals. Identifying patterns in these observations and
interviews exposed several emergent themes: the role of manual encoding, how and when
designers make visual encoding decisions, the importance of workflow flexibility, and why
data exploration and manipulation is critical to the design workflow. Finally, we discuss

how these themes translate into rich opportunities for toolkit developers.

3.1 Motivation

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, the humanities, and even our day-to-
day lives [15]. Among the growing number and types of visual analysis tools created for
analysts, infographics [78]-[80] are a quickly emerging subclass of visualizations. These
visualizations use static, visual representations of data to tell a story or communicate
an idea, and they have infiltrated the public space through a wide variety of sources,
including news media, blogs, and art [81]. The increasing popularity of infographics has
grown a large community of practitioners. This community includes designers, artists,
journalists, and bloggers whose main expertise is not in engineering or programming.
These infographic designers tend to rely on drawing tools that ease the workflow while

creating a visual representation of data.
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3.2 Methods and Participants

The data we collected came from several sources: observations of designers in con-
trolled, observational studies; observations of designers working on teams in situ at a de-
sign hackathon; and a series of unstructured and semistructured interviews. For each ob-
servation and interview, we took notes and voice recordings and collected design artifacts
when appropriate. The voice recordings were later transcribed. We identified patterns
through frequent discussions and several collaborative writing drafts between coauthors
in a process similar to thematic analysis, but not explicitly following its methodology.
These patterns are presented in Section 3.3.

In total, we observed and/or interviewed 15 designers with a diverse range of expe-
riences and with strong design skills and training. Our participants included academics
teaching in design departments; design students; and a spectrum of professional design-
ers: at a large software company, at a large scientific research lab, and working freelance.
Participants were solicited based on convenience and snowball sampling to identify indi-
viduals with appropriate expertise, and their participation was voluntary. Table 3.1 lists
the designers, their design role, their experience with programming and data analysis, and

in what aspect of our studies they participated.

3.2.1 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 [7],[82]. The first was a time-travel dataset depicting years traveled in popular
movies. The dataset was 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 disrupt a designer’s workflow. All the movies
that we included traversed several to hundreds of years, with one exceptional trip that
traversed 150 million years. A second outlier was a second trip from a movie already
represented in the dataset.

The second dataset captured the reuse of actors, directors, and other staff in popular

HBO TV productions. This dataset included two tables, the first where each row was
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Table 3.1. Skill levels of each designer who participated. *T4 was also on the FitBit
hackathon team and H1 participated in unstructured interviews.

Programming Data
Code Gender Design Role Experience Experience
One 2-hour Exercise (Time Travel)
T1 M Student None None
T2 F Student None None
Two 2-hour Exercises (Time Travel)
T3 F Industry: software None Basic
T4* F Industry: software None Basic
One 2-hour Exercise (HBO)
H1 M Industry: freelance Basic Basic
H2 F Industry: software Basic Basic
10 hours observation at hackathon (FitBit)*
F1 F Industry: software None Basic
F2 F Industry: software Basic Expert
3 hours observation at hackathon (Bug Tracking)
Bl F Industry: software None None
Unstructured Interviews*
I1 M Academic None Basic
12 M Industry: design firm Expert Expert
Semistructured Interviews
I3 M Academic Expert Expert
14 M Industry: freelance Basic Basic
I5 F Academic Basic Expert
16 M Industry: laboratory Basic Expert

an individual and each column was a production title. In the cells, each individual’s

role was given for the productions in which he or she participated. The second table

consisted 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. Although the data were originally inspired by

the relational infographic in Figure 1.1, we instead chose to present the data in a tabular

format.
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3.2.2 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 de-
signers 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 [83]. One team chose to work with FitBit activity monitor [84] 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. The designers discussed interactivity, but the only rep-
resentations of data that they produced directly were static, and the patterns we observed

were consistent with our other observations and interviews.

3.2.3 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 workflow, how working with data influenced their design workflow, and the types
of tools used. Semistructured interviews also specifically included two topics: whether,
and to what extent, designers enjoyed repetitive tasks, as well as discussing the role of
constraints in the design process, including relationships between data values and graph-

ics elements.

3.3 Patterns
From an analysis of the data that we collected from our observations and interviews,
we identified 12 emergent patterns of how designers work with data to create infographics;
the evidence for each pattern is summarized in Table 3.2. Below we break these patterns
into three classes: how the designers approached data, how data affected the designers and
their workflow, and alternatives to manual encoding of data that the designers employed.

Each specific pattern is stated in bold and numbered.
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Table 3.2. Instances in which we recorded designers saying or doing something specific
that supports an emergent pattern

Code Context P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12
Exercise

1 (Time Travel)
Exercise

T2 (Time Travel)
Exercise

13 (Time Travel)
Exercise

T4  (Time Travel)
Hackathon
(FitBit)
Exercise

H1 (HBO)
Unstructured
Interview
Exercise

H2 B0y

F1 Hz?clfathon
(FitBit)
Hackathon

F2 (FitBit)

Bl Hackathon
(Bug Tracking)
Unstructured

11 .
Interview
Unstructured

12 .
Interview
Semistructured

13 .
Interview
Semistructured

14 .
Interview
Semistructured

15 j
Interview

16 Semistructured

Interview
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3.3.1 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 3.1. 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 whereas
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 workflow once the data behavior
was explicitly explored. In the time travel studies, T3 misinterpreted one trip that later

caused a complete redesign.

Figure 3.1. A whiteboard sketch of a repeated radar graph design from the hackathon.
This sketch shows the planned visualization in the context of the rest of the design.
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Furthermore, the designers’ inferences about data structure were often separated
from the actual data (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 workflow. 15 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 they were working with.

Our interviews also confirmed pattern P4. 12 commented: “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 design-
ers 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,
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guidelines, and tick marks to assist in this process. All of our interviews confirmed that this
is a common practice, but we were surprised to learn that designers did not necessarily
dislike manual encoding (P5). 12 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 [85]. I1 explained:

Ilustrator 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 manually encoding the data and not during their earlier attempts to
explore the data.

Manual encoding usually occurred toward the end of each designer’s workflow after
he or she 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 were included. For example, in our observational
studies, T3, T4, and H1 spent considerable time at the beginning of their workflow with
decisions 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 the 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






