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Data visualizations are a powerful tool for understanding data and conveying complex in-
formation to audiences with diverse technical backgrounds. However, designers often struggle
to choose and craft visual representations that fit their analytical and communicative goals. In
practice, when designers cannot develop design ideas, they often use examples of past visualiza-
tions to find inspiration or conceptualize the space of possible designs, offering an avenue for
designers to understand what designs are possible for the data they are working with and how
they can author these designs. Yet, many existing visualization authoring tools assume design-
ers always have a fully specified design intent, completely overlooking the use of examples as
cognitive scaffolds for the visualization design process.

This dissertation systematically investigates example-aided design in data visualization.
First, through semi-structured interviews with novice and expert visualization designers, this dis-

sertation studies what, how, and why designers engage in example-aided design. The results of



this interview study reveal designers’ motivations and processes for engaging in example-aided
design, highlighting gaps between designers’ practices and current visualization tools. Specif-
ically, there is a lack of adequate support for retrieving diverse design examples and enabling
designers’ example adoption strategies (i.e., select & merge, replicate & modify, trial & error).
Second, this dissertation presents a two-part controlled experiment to identify and measure the
factors that modulate curated examples’ influence on design outcomes and investigate the rela-
tionship between example browsing patterns and design outcomes. The findings from this ex-
periment show that design outcomes are influenced not only by data schema similarities between
examples and the working dataset but also by the timing of example exposure during ideation and
the visual complexity of the examples. Furthermore, connections exist between designers’ strate-
gies to filter and browse example galleries and the quantity and variety of designs they produce.
Finally, towards translating these findings of how designers engage in example-aided design to
improve design tools, this dissertation presents Mirny, a web-based tool that supports example-
based iterative prototyping of interactive D3 visualizations, enabling the process of replicating
and modifying design examples to suit a designer’s design and analytical contexts.

By integrating empirical insights with a practical authoring environment, this work ad-
vances our understanding of how to harness examples for more expressive visualization creation
and lays a foundation for a new avenue of research on example-aided design for next-generation

data visualization design tools.
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Chapter 1: Introduction

Visualizations leverage our perceptual and cognitive abilities to interpret visual patterns and
translate them into meaningful insight. As such, visualizations play a dual role in data analysis
and communication, i.e., exploring and uncovering patterns in complex data during exploratory
analysis and translating insights to diverse audiences. Effective visualization design is therefore
essential for data analysis and communication, especially in today’s world, where the inaccurate
representation of data can easily lead to misinterpretation and misinformation.

Determining an effective visualization design is not straightforward, as it is not always
obvious which visual representation is the most appropriate for a designer’s analytical or com-
municative goals. As a result, visualization designers must carefully explore multiple design can-
didates and consider a number of factors, such as appropriate visualization heuristics, how the
visualization will be consumed, and the target audience’s technical experience. Consequently,
navigating the space of appropriate designs is a hard and tedious process, often requiring man-
ual implementation and evaluation of multiple design alternatives before selecting a final design.
This process is particularly challenging for designers who may not have the technical know-how
or time to realize their designs. We use the term “designers” broadly: while “designers” often
refers to individuals who specialize in the profession of design, in this dissertation, this term

refers to individuals who create any form of data visualizations for various purposes, including



but not limited to journalists, data analysts, and UX designers.

Towards alleviating these challenges, visualization designers often resort to using “exam-
ples” of existing visualization designs (e.g, images or code shared on online repositories) as
sources of inspiration. These examples not only help designers find inspiring ideas but also pro-
vide guidance on how to implement their design ideas. Research in creativity and design has
long recognized examples as vital cognitive scaffolds in creative work [68, 134, 194], yet stud-
ies on the use and adoption of examples into the visualization design process are overlooked in
visualization literature. As such, there is limited understanding of how examples influence visu-
alization designers, how they integrate examples into their designs, and the challenges designers
face during example-aided design.

Furthermore, current visualization tools focus on facilitating the implementation of visu-
alizations from scratch (via programming [36, 184] or direct manipulation [119, 182]) or recom-
mending a limited set of visualizations to designers [64,99,217]. These methods assume that
a designer always has a specific design intent in mind, overlooking this crucial behavior of re-
purposing ideas from examples into visualization designs. This over-focus on creating designs
from scratch directly contradicts designers’ workflow of creating visualizations, which typically
starts from adapting an example to their data. Therefore, there is a need for improved tools to

support the exploration and implementation of data visualization design candidates.

1.1 Thesis Statement

This dissertation investigates the process of example-aided visualization design, where

examples act as stimuli and cognitive scaffolds for generating new visualization designs. Visual-



izations in this context extend beyond common statistical graphs such as bar charts or scatterplots
to include the more bespoke (e.g., chord diagrams, Network charts) and unconventional (e.g, data
art) designs.

Our focus is on uncovering the creative process underpinning example-aided data visual-
ization design. Thus, the central research question in this dissertation is How can we understand,
measure, and support example-aided design in data visualization authoring? Towards answering
this question, this dissertation makes four core contributions:

1. A qualitative characterization of designers’ motivations, strategies, and challenges in example-aided
design (Understand).

2. A controlled experiment that quantitatively measures the factors modulating an example’s
influence on design outcomes (Measure).

3. An analysis of ideation strategies that lead to increased quantity and variety of visualization
designs (Measure).

4. A design tool that automates example adaptation for iterative visualization prototyping in

D3 (Support).

Together, these contributions provide a holistic view of the example-aided design process,
from the drivers behind example use to the empirical impact of specific example attributes and
behaviors and tailored tool support to enhance example exploration and adaptation. By linking
in-depth qualitative insights, controlled experimental findings, analyses of designers’ interac-
tion patterns, and the development of an authoring environment, this dissertation uncovers the
foundations of example usage in data visualization design, towards establishing a comprehensive

framework for example-aided visualization design.



1.2 Thesis Organization and Contributing Papers

Chapter 2: Background and Related Work. This chapter presents a comprehensive overview
of existing literature on the idea generation process using examples, example search and curation,
and how examples influence creativity. It also discusses core concepts and techniques for visual-
ization authoring tools and recommendation systems, connecting the significance of this work to
the literature in all of these fields.

Chapter 3: The Role of Examples in Visualization Design. Although the use of examples by
visualization designers is known anecdotally, visualization literature offers no systematic account
of such “example-aided design” process. chapter 3 contributes the first formal study of the role
examples play in visualization design, uncovering how, why, what, and when designers engage
with examples. Using a semi-structured interview of 30 visualization designers, we examine (1)
what types of examples designers seek, (2) why they choose particular visualizations, (3) when
examples enter their workflow, and (4) how they adapt them—employing strategies such as select
& merge, replicate & modify, and trial & error—to inform their own designs. These insights
highlight both designers’ current workflows to search for and use examples, and the limitations

of existing visualization tools, which lack adequate support for example retrieval and adaptation.

Contributing Papers:
H. K. Bako, X. Liu, L. Battle, and Z. Liu. Understanding how designers find and use data visual-
ization examples. IEEE Transactions on Visualization and Computer Graphics, 29(1):1048-1058,

2023

Chapter 4: Factors that Influence Example-Aided Visualization Design. Towards developing



computational means to support example adaptation strategies, it is essential to first understand
how example-aided ideation influences design outcomes and what factors may modulate this
influence. chapter 4 empirically investigates how example-aided ideation shapes visualization
design by running a controlled experiment in which participants created data visualizations with
the aid of examples. This experiment controlled when participants were exposed to examples
(before or after initial brainstorming), allowing them to browse and curate relevant examples as
they sketched designs, thus varying the data-schema similarity, diversity, and quantity of curated
examples. Our findings reveal a positive influence of delayed example introduction on visual-
ization design quantity and variety. We also find that a higher dataset similarity between curated
examples and the dataset being visualized results in increased idea transfer from examples to
generated designs. Furthermore, these results reveal that, in addition to data compatibility, the
timing of an example’s introduction and its visual complexity significantly affect the quantity
and variety of the designs a designer creates as well as the degree of idea transfer from examples
to designs. These findings contribute to ongoing debates on the usefulness of delayed exam-
ple introduction and introduce dimensions of examples that are relevant and important for data
visualization design, challenging the prevailing emphasis on data matching alone for selecting

relevant designs.

Contributing Papers:
H. K. Bako, X. Liu, G. Ko, H. Song, L. Battle, and Z. Liu. Unveiling how examples shape
visualization design outcomes. [EEE Transactions on Visualization and Computer Graphics,

31(1):1137-1147, 2025

Chapter 5: Ideation Strategies in Example-Aided Visualization Design. Analogous to the



factors that modulate an example’s influence on design outcomes are the strategies that designers
actually engage in to browse through a gallery of examples. Chapter 5 builds on the empirical
insights of chapter 4 by shifting focus from which example properties influence design outcomes
to how designers actually engage with examples during ideation. Through event-sequence anal-
ysis of timestamped interaction logs from a controlled study with 32 designers, it shows that
early exposure to examples encourages broad filtering and exploratory browsing, whereas later
introduction drives more targeted, data-focused search. Moreover, strategies combining consis-
tent anchoring, flexible filtering, and detailed inspection yield a higher quantity of designs and
greater design variety. By revealing these dynamic ideation patterns, chapter 5 deepens our under-
standing of the mechanisms behind the effects observed in chapter 4 and also suggests actionable
guidelines for design retrieval and authoring tools that adapt to designers’ evolving strategies

during creative ideation.

Contributing Papers:
H. K. Bako, K. T. Zinat, S. N. Sakhamuri, and Z. Liu. Patterns of inspiration: Analyzing ideation

strategies in example-aided visualization design. Under Review, 2025

Chapter 6: An Example-Driven Prototyping Tool for Interactive D3 Visualizations. A key
challenge designers face is the lack of support for strategies for adapting ideas from examples
to designs in current visualization authoring tools. One of these strategies is to “replicate &
modify” existing examples, which often involves replicating visualization example code with the
data a designer wants to visualize and modifying the resulting chart to suit their design needs.
chapter 6 presents Mirny, a web-based environment that builds on the replicate & modify strategy

identified in chapter 3 to support the iterative generation of interactive D3 visualizations. Mirny



draws from a corpus of 2,500 curated D3 code examples to offer designers dynamic templates
that they can iteratively adapt via a GUI interface. Mirny bridges the gap between GUI-based
visualization generators and the fine-grained control afforded by programming toolkits like D3.js,
demonstrating its utility for both novices, who gain an accessible entry point into code, and
experts, who benefit from example-driven code scaffolding. Furthermore, Mirny shows how
tooling can operationalize example adaptation strategies identified in this dissertation to support

more expressive, efficient visualization authoring.

Contributing Papers:

* H. K. Bako, A. Varma, A. Faboro, M. Haider, F. Nerrise, B. Kenah, and L. Battle. Streamlin-
ing visualization authoring in d3 through user-driven templates. In 2022 IEEE Visualization
and Visual Analytics (VIS), pages 16-20, 2022

e H. K. Bako, A. Varma, A. Faboro, M. Haider, F. Nerrise, B. Kenah, J. P. Dickerson, and L.
Battle. User-driven support for visualization prototyping in d3. In Proceedings of the 28th

International Conference on Intelligent User Interfaces, IUI *23, page 958-972.

Chapter 7: Conclusion and Future Work. Finally, Chapter 7 presents exciting directions for
research on example-aided design, and the development of the next generation of co-design tools

to enhance productivity and creativity in visualization authoring.



Chapter 2: Background and Related Work

Examples are used to fulfill diverse goals in learning and creation. On one hand, examples
serve as a tool for gaining inspiration for new ideas; on the other, examples serve as learning
guides to understand how one can accomplish a specified goal. For instance, in educational
settings, step-by-step worked examples guide student learning by illustrating problem-solving
processes and reducing cognitive load [174, 175, 177]. In creative fields, exposure to example
designs fosters creativity by illustrating what is possible [92,94]. Analogous to this, in software
engineering, programming-by-example uses exemplar demonstrations by users to support pro-
gram synthesis [84] while code examples are used as reference templates to replicate solutions
and accelerate implementation [95, 150, 153]. As such, examples serve multiple purposes in the
design process: a single example can simultaneously inspire new ideas and offer concrete guid-
ance. This dissertation explores the dual role of examples as both sources of inspiration during

design ideation and as structured guidance for visualization Authoring.

2.1 Example Usage in Design

2.1.1 Idea Generation Using Examples

One school of thought defines Creativity as the process through which a person generates
ideas. The creative process involves combining past or recently gained knowledge in a novel
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way to generate appropriate solutions to a problem [213]. In the past, research has attempted to
provide a framework for the creative process [8, 155,191,208]. Recently, Warr and O’Niel [213]
provided a unified definition of creativity. They argue that creativity itself encompasses the com-
bination of two or more thought processes in a way that is considered new to the mind and in
a manner that solves a defined problem. They propose a unified generic model of past research
that describes the creative process as three iterative and intertwined phases. These phases include
(1) Problem Preparation to develop an understanding of domain knowledge, (2) Idea Generation
where an individual generates new ideas using both past and newly gained knowledge, and (3)
Idea Evaluation where the ideas generated are judged for their appropriateness as solutions to the
defined problem.

In general, idea generation for designers encompasses Idea-Finding, or a search for knowledge—
new or old—that sparks inspiration for solutions to design problems [155,213]. While idea
generation is an integral part of the creative process, in practice, designers struggle the most with
coming up with new design ideas [155]. Smith et al. find that designers often engage in deliberate
information retrieval methods—either through search engines or past experience—to understand
the problem domain in order to generate ideas [195]. Designers have employed various tech-
niques to aid the idea-generation process. Smith et al.. synthesized a list of 55 ““active ingredi-
ents” that describe the techniques used for idea generation [195]. These techniques were broken
down into (1) Strategies that describe means for generating ideas, (2) Tactics that refer to de-
vices for ideation, and (3) Enablers which are the conditions or passive means of promoting idea
generation. The most common strategies identified in this work involved deliberate information
retrieval methods through search engines or past experience to understand the problem domain in

order to generate ideas. For example, designers could form associations between problems and
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ideas in memory or past experience to generate ideas. Herring et al. similarly define three activi-
ties within the idea-generation process, which involve research, represent, and refine [93]. They
also identify 19 idea-generation techniques employed by professional designers. They find that
designers seek inspiration through images, text, physical objects, or analogies, etc. [93]. Design-
ers were also found to have a preference for visual artifacts over textual descriptions as sources
of inspiration [79].

While extensive research into example use for ideation has been explored in fields like
engineering and graphic design, to the best of our knowledge, how data visualization design-
ers currently seek out inspiring examples has not been studied. We contribute to this body of
knowledge by examining if visualization designers employ similar strategies to generate design

ideas.

2.1.2 Example Search and Storage Strategies

Examples provide a visual framework for designers to understand problem domains, build,
generate, and validate ideas, and communicate to other designers [92, 121, 141]. For example,
knitwear designers use past designs and newly found examples to generate ideas and share trend-
ing styles with others [68]. Designers often seek out examples using a variety of tools and sys-
tems, such as search engines [92,156,157], books and published material [67,86,229], and online
sharing platforms [92, 128, 141].

Designers tend to use two strategies for finding examples: an active search where there is
a deliberate search with a “target” example in mind [93]; and a passive search where the goal
is to browse material to randomly find inspiration [10, 79,92]. Miller et al. observe that the

type of design activity and a designer’s job role influence the strategies and criteria designers
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use to find, store, and use examples. For example, web designers use examples to search for
known solutions to a problem and to differentiate their designs, whereas industrial designers use
examples to understand the domain [141].

While examples clearly influence how ideas are generated, finding relevant examples can
be a challenge. The web is a popular resource for examples [92,141], but designers often struggle
to compose the right search queries [93,202,215] and search results may not contain any inspiring
examples. As a result, designers are often forced to modify their keywords to diversify search
results [92,94, 180]. Past work has also found the opposite: that designers may seek out similar
examples, restricting the diversity of their exploration [141]. Once relevant examples are found,
designers tend to curate them into personal collections [107] as mood boards, design documents,
electronic bookmarks, or image libraries [92,220].

A few tools aim to help designers find relevant visualization examples. Hoque et al. created
a search engine to help users find relevant D3 designs by matching search queries to the visual
style and structure of D3 visualizations [97]. Saleh et al. enable similar search capabilities
by computing style similarities between low-level visual elements within infographics [181].
IdeaRelate provides users with relevant examples based on their conceptual distance from a user’s
design idea [221].

Prior work identifies key strategies that designers use to search and store design examples.
In chapter 3, we clarify how these strategies apply specifically to visualization design by investi-
gating how visualization designers structure their search parameters to elicit design examples, as
well as how these examples are selected and used—independently or together—to generate novel

design ideas.
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2.1.3 Example Usage and Influence on Creativity

Extensive research in fields such as psychology, design, and mechanical engineering have
highlighted the challenges of finding and extracting ideas from relevant examples [10, 79, 92,
141] and explored how examples affect the ideas designers create [68, 79, 103, 141, 165, 194,
196]. Collectively, these works show that examples significantly affect creativity: some report
examples as a source of inspiration [15,68,79, 141, 158], while others report constraining effects
of examples [56, 103,103,116, 133, 164, 194]. Together, these works have identified key factors
that modulate the effect that an example has on the ideas designers come up with. In chapter 4

we evaluate how prior findings on these factors apply to the data visualization context.

2.1.3.1 Factors that Modulate an Example’s Influence

Timing of Example Introduction. Much research has explored when examples should be in-
troduced in a design process. Smith et al. show that introducing a delay between exposure to
examples and design ideation does not reduce conformity (the number of features copied from
examples) within designs [196]. These findings support long-term retention of examples [189]
and suggest that design conformity may be a result of the unintentional use of memory from
prior exposure to examples [133, 135]. However, there is no consensus on when examples should
be introduced. Kulkarni et al. suggest early exposure to examples [111], while others advo-
cate for on-demand provision of examples [48, 193]. Yet, another thread of research shows that
when designers have had time to brainstorm potential solutions before exposure to examples, they
can better integrate examples into their solutions instead of conforming their solutions to exam-

ples [144,194,202]. Tradeoffs have also been observed on the delayed introduction of examples,
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with some works observing Einstellung effect where designers are unwilling to let go of past
ideas even in the presence of new examples, ultimately inducing fixation [29,30, 122]. Our work
extends these emerging findings on the timing of example introduction by investigating how the

time of exposure to examples may lead to meaningful differences in design outcomes.

Commonness of Examples. The “commonness” of an example, refers to how typical an example
is as a solution for a given problem [47, 194]. For instance, in data visualization, bar charts are a
common solution for comparison tasks where one seeks to observe similarities or differences in
values across different data groups. Research finds that focusing on common examples, closely
related examples, or examples related to the problem domain limits the space of ideas explored,
which may lead to fixation [103]. Expanding the space of explored examples to include solutions
slightly distant from the problem domain [54,74] or even analogical examples [31,46,47,90] has
proven more beneficial for idea generation [164], leading to higher quality and novelty of design

solutions [194].

Diversity of Examples. Research on example-aided design has demonstrated that showing de-
signers stimuli of diverse types and formats may influence design fixation [58, 194]. Yet these
studies rarely define or quantify “diversity” in a systematic way. Nevertheless, the results of prior
work show that diverse examples lead to increased novelty and diversity of ideas [22, 152, 192].
However, when it comes to the influence of diverse stimuli on the quality of design ideas gener-
ated, the results diverge [105]. Some experiments report that diverse examples improve design
quality [98,199,226], while others find a negative impact of diversity on the quality of generated

design ideas [25, 146].

Quantity of Examples. Compared to other properties, there has been less investigation into how
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the number of examples examined by designers influences designs. Marsh et al. investigated
how exposure to different numbers of examples (n = [1, 3, 6, 9]) may increase conformity [134].
Their results show that more examples lead to more critical features copied from examples to
designs. Sio and Kotovsky also find a negative correlation between the number of examples and
the novelty of design ideas [194]. However, there is no consensus on the appropriate number of
examples to provide as experiment stimuli. Recent studies tend to arbitrarily choose the number
of examples from an exploration of the solution space [47,54,74], while others allow participants

to independently curate examples from the web [141].

Quality of Examples. Literature shows that examples induce conformity for designers [103,
134, 196]. However, the quality of examples determines the degree to which conformity en-
hances or impairs design outcomes. Janson and Smith found that individuals do not only copy
ideas from examples that solve the provided problem but also from examples with obvious de-
sign flaws [103]. Chrysikou and Weisberg found that individuals copy inappropriate ideas from
examples even when instructions explicitly ask them to avoid these inappropriate ideas [56]. Fu
et al. also show that introducing poor examples leads to a decrease in the ability to converge
on solutions and the quality of solutions [73]. In these works, “poor” examples are designs with
problematic features that do not adequately solve the defined design problem. Assessing the qual-
ity and effectiveness of visualization designs is highly subjective [44, 161], dependent on many

dimensions beyond just encoding choices, such as the context of use and the intended audience.
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2.1.3.2 Metrics for Evaluating Design Outcomes

In previous work, design outcomes are often measured by quantitative metrics such as the
quantity and conformity of designs and subjective evaluation of the quality, variety, and novelty of
designs. The conformity of designs, as described by Smith et al., is the tendency for designers to
copy features of examples into their design ideas [196]. In most studies, conformity is measured
by assessing the number of example-related ideas duplicated in final designs [194] and is believed
to be an indication of the constraining influence of examples [134, 194, 196].

Subjective measures such as the quality of design outcomes measure the degree to which a
design solves the specified problem [43,47]. In general, the evaluation of design quality is based
entirely on metrics decided upon by researchers, such as ease of use [43], cost feasibility, and
build time [47,74]. Similarly, the novelty of designs is based on how unique a generated design
is relative to design ideas generated by other participants [6, 176, 194,202]. Variety, on the other
hand, measures the explored space of solution ideas, i.e., the range of ideas produced by a single
participant [6,43,202].

In data visualization, metrics for evaluating visualization design are often subjective or
rely on perceptual guidelines to judge effectiveness [126]. In this dissertation, we are interested
in objective metrics that can be derived from explicit properties of visualization components
such as visual marks, layouts, and encodings. Accordingly, we adopt established, quantifiable
measures from the design literature, such as quantity, variety, and design conformity, to assess

both example visualizations and designer-generated designs.

15



2.1.3.3 Design Fixation

Examples can significantly elevate creativity, and designers have been found to use exam-
ples to prime themselves towards thinking of certain ideas [6]. However, examples have also
been found to inhibit creativity when designers prematurely fixate on certain ideas, leading to
unintentional transfer of ideas that are either wrong or unhelpful to the current problem-solving
task [56, 116, 165, 194]. This phenomenon is known as “design fixation” [103, 164]. Parsons et
al. find that data visualization professionals employ various techniques to avoid fixation, such
as incubating themselves from the problem, seeking external input, and seeking inspiration in

existing visualizations [158].

2.2 Visualization Authoring

There are a plethora of tools available to create data visualizations. These tools take three
forms: programming-focused tools, direct manipulation tools, and visualization recommenders.

Below, we discuss each of these approaches to visualization creation.

2.2.1 Programming Tools

Programmatically creating visualization designs has been a challenging process for most
designers. Historically, creating visualization designs required understanding and using low-
level graphic libraries such as the Java 2D graphics library to create visualizations [69, 89, 139].
In 2011, Bostock et al. introduced D3, a JavaScript-based language for creating visualization
designs in the browser [36]. D3 gained popularity among visualization designers as it supported
manipulating the Document Object Model on a web page, creating affordances for more expres-

16



sive visualization designs and interactions. However, D3 remains notoriously difficult to learn,
creating a barrier to its adoption by less technically savvy designers. To overcome the limitations
of low-level programming languages, Vega-lite, a high-level grammar for specifying visualiza-
tions, was introduced [184,217]. Built on D3, Vega-lite allows users to provide a specification
of the visualization as a JSON object. Programming-based approaches to visualization design
remain the most expressive, allowing designers to have more fine-grained control over their de-
signs. Yet, they all still suffer from steep learning curves, which remains a major hindrance for

fledgling designers.

2.2.2  Direct Manipulation Tools

The second set of visualization authoring tools focuses on no-code approaches [89, 119,
182]. Some of these tools provide users with a set of chart templates that they can use to cre-
ate visualizations [137,162,206]. Other tools such as Lyra [182], iVisDesigner [171], and Data
[lustrator [119] eliminate the need for programming by providing users with a graphical user
interface where designs are created in response to designers’ interactions with the system. These
tools offer flexibility by supporting direct manipulation; however, considerable effort is still re-
quired from designers to create a single design, making it challenging to evaluate and iterate on

multiple designs.

2.2.3  Visualization Recommendation Tools

Advances in Machine Learning have given rise to a wave of visualization generation tools,

which focus on different techniques to recommend appropriate visualization designs to users [64,

17



99,123,127,143,217,218,222,227] or generating visualizations in response to natural language
(NL) instructions [149,219]. These tools offer users the ability to quickly generate visualization
designs for exploratory visual analysis without worrying about any implementation details. How-
ever, the designs generated by these tools are limited to a small set of visualization types, and the
designs themselves cannot be modified. By abstracting the implementation details, these tools
limit design expressivity and creativity. More recently, research has explored the space of gen-
erative design tools that allow users to generate and evaluate design alternatives for glyphs [40]
and dashboards [125]. Some have explored the data-agnostic design of visualization prototypes,
eliminating the data constraints that designers often face when coming up with visualization de-

signs [201,207].

2.2.4 Example usage in Visualization Authoring

In visualization authoring, researchers have introduced tools that retrieve or adapt styles
from existing charts [87,166,231] or infer visualization specifications from visual example sketches [210,
211]. However, many such approaches address only specific chart types or narrow use cases (e.g.,
infographics), raising questions about their generalization and effectiveness in practice [190].
These gaps underscore the need for broader, systematic studies and comprehensive tool support

to understand and leverage example usage across diverse visualization design workflows.
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Chapter 3: The Role of Examples in Visualization Design

3.1 Introduction

From knitting to web design to manufacturing, designers across domains rely on examples
of past visualization designs as sources of inspiration [92, 96, 141]. It is no surprise that visu-
alization designers often look for relevant examples [24, 158] on galleries like Bl.ocks.org [34]
and Observable [35] and sharing communities like Tableau public [4]. Little research has studied
how these designers use examples in their work: what do they look for when exploring exam-
ples? What strategies do they use? How do they incorporate elements from examples into their
own designs? How do examples inspire or hinder creativity? Understanding the role of ex-
amples in visualization designers’ current workflows is crucial to laying the foundation of the
example-aided design process, addressing the first goal of this dissertation.

While others have studied the use of examples by designers in the context of engineer-
ing [32,33] and graphic design [68, 79,92, 141], the findings are not readily transferable to vi-
sualization. Engineering design often focuses on the development and performance of physical
products, while graphic design is purely concerned with the visual representation of information.
Visualization design, on the other hand, focuses on visually representing data so that it is easy to
find and interpret patterns [203]. As a result, the design decisions made by visualization design-

ers are both informed and constrained by the underlying data [209]. Furthermore, the metrics to
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evaluate a visualization design involve both objective measures (e.g., perceptual accuracy) and
subjective criteria (e.g., visual appeal), requiring more balanced considerations in choosing and
using examples.

In this chapter, we attempt to address this gap in the visualization literature by investi-
gating how visualization designers use examples in their current practices. We conducted 30
semi-structured interviews with 15 students (novice) and 15 professional (expert) visualization
designers. We chose to include novice designers in this study to ensure our study reflects the full
range of real-world design experiences. By contrasting the approaches of novice designers with
those of seasoned practitioners, we can pinpoint practices and challenges unique to early-career
designers and also identify findings that generalize across varying skill levels. To understand how
designers find and use relevant examples, we asked our participants to describe how they sought
out examples, how they determined if an example was useful or not, and how ideas were trans-
lated from examples to their final designs. Through qualitative analysis of our interview data, we
contribute core themes, patterns, and challenges centered on example-based visualization design
activities.

Our analysis focuses on two major activities: searching for relevant examples and utilizing
examples. We find that designers search for examples to not only find design ideas, but to gain
contextual information about their data and target audience. Further, designers may adopt differ-
ent strategies to search for examples depending on their experience, such as performing a targeted
search to match a known design prior (i.e., a design idea they have in mind before search), ver-
sus an exploratory search to opportunistically identify new and interesting examples. We discuss
how these variations in strategy lead to differences in tool selection and usage as well as in the

challenges designers encounter while searching for examples.
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We find that designers engage in three main strategies when using examples: 1) select
and merge visual elements such as color schemes and glyph designs from multiple examples,
2) replicate and modify an example to suit design goals, and 3) perform trial and error on many
examples to identify a desirable design. We discuss the tools used to implement the strategies, the
role of example reuse in design, and the common issues designers face when using examples. We
observe that designers select relevant examples based on their effectiveness and aesthetics, and
often examine the trade-off between these two criteria. Finally, we examine existing practices
and perspectives around example curation and design fixation, and discuss the challenges our
participants face and their visions for ideal example search and utilization environments.

Through our findings, we suggest research opportunities to help visualization designers
find new examples to spark their creativity, select useful examples relevant to their target use

case, and reuse examples effectively.

3.2 Methods

Our goal in this work is to understand the practices of visualization designers and how they
find and utilize design examples. To this end, we conducted semi-structured interviews with both
novice and professional visualization designers. In this section, we describe the selection criteria

for participants and the study design.

3.2.1 Participants

To fully understand the role of examples in visualization design workflows, we needed

to account for all levels of visualization design expertise. We recruited two groups of partici-
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pants: students representing novice visualization designers, and professionals with industry ex-
perience in designing visualizations. We recruited participants from university and visualization
conference mailing lists, online visualization communities (e.g., r/dataisbeautiful) and Twitter.
A demographic survey was used to screen participants. To evaluate participants’ experience, we
collected data on their occupation, past visualization projects, how often and how long have they
been creating visualizations.

We recruited 9 male and 6 female student designers in our study. They self-report as stu-
dents, and have created visualizations in an academic context (e.g., class projects) but not in a
professional setting (e.g., [with] clients) . 80% (n=12) of our student designers had between 1 to
4 years experience creating data visualizations, the remaining 3 students had between 3 months
to 1 year experience. 53% (n=38) of these students report creating visualizations less than once a
month, 33% (n=5) less than once a week and 12% (n=2) create visualizations weekly or daily.
Their background ranged from domains like security or robotics to more diverse domains such
as journalism and architecture.

We recruited 8 males and 7 females as professional designers for our study. All but one of
our professional designers report their job function as designing visualizations for others (e.g.,
UX designer, data analyst, BI developer) . Only one of our participants identified as senior man-
agement, working as a manager of a team of data analysts. 86% of our professional participants
reported between 3 years to over 5 years of visualization design experience. 80% of professional
participants report using data visualizations either daily (n=7) or weekly (n=5). A total of 30
participants (17 males and 13 females) between the ages of 18 to 54 were interviewed. In-depth

details of participants’ demographics can be found on OSF !.

! Click to visit our OSF repository

22


https://osf.io/cuqbt/?view_only=aa0ba363ed934454ac0cb356b84af801

3.2.2 Interviews

We conducted semi-structured interviews, which were held remotely and lasted between
43 to 83 minutes. All interview sessions were recorded and transcribed using Zoom. First,
participants were briefed on the study protocol and given time to complete the consent form.
Then, we asked open ended questions that encouraged participants to describe past experiences.
For example, participants were asked “Can you describe a situation where you found an example
that sparked a new design idea for a visualization?”. Participants were encouraged to share
pictures of visualizations as they described their experiences. The interviews followed a loose
script as follows:

1. How do designers find examples? To understand how designers found relevant examples,
we explored what types of tasks lead to the search for visualization examples, and the
resources (including recommendation engines) and strategies used to find them.

2. How do designers identify relevant examples? We asked questions to understand what
makes an example useful, what features indicate a good example and what practices (if
any) do designers engage in to curate and manage collections of examples.

3. How do designers use examples? To understand how ideas are transferred from examples
to final designs, we investigated how designers use examples in their workflows, what tools
designers used to implement their visualizations, and if participants were aware of design
fixation and how do they overcome fixation.

4. What challenges do designers face? We investigated the challenges designers faced while
seeking and using examples. We also sought to explore what designers thought an ideal

search and retrieval process would be. To do so, we asked designers to reflect on their
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current processes of finding and using examples and describe what an ideal process would
look like for them.

Our interview script is shared in our OSF Repository (see footnote 1).

3.2.3 Analysis

In line with existing qualitative analysis approaches [7], each response to an interview
question was coded. We used an iterative open coding process where two coders independently
coded every interview and then swapped codes with each other. Both coders worked together to
correct mistakes in the transcripts generated by Zoom.

Then, each coder reviewed their partner’s codes and updated any codes they agreed with
but missed during their own coding. The coders met weekly to resolve disagreements in the
codes. One coder consolidated the codes and organized them into clusters based on context.
These clusters were subsequently analyzed, refined and consolidated (if needed) into a second
layer of categories describing the high-level activities occurring within each cluster. The authors
met to discuss these clusters and identify any emergent themes.

In the following sections we discuss these high-level themes across two main activities: the
Search for examples (section 3.3) and Utilization of examples (section 3.4) . In section 3.5, we
discuss the cross cutting themes identified in our analysis: 1) the criteria to select examples, 2)
example curation practices, 3) design fixation, and 4) participants’ reflections. We use descriptive
statistics in parentheses and quotes to support our claims. For the rest of the chapter, we denote
professional and student participants using the characters “P” and “S” respectively. Participants
discussed multiple sentiments and also engaged in a variety of example usage activities; we report

distributions on how many participants explicitly discuss each point we observed. The full list of
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extracted thematic codes and their corresponding distributions among our participant groups is

available on OSF.

3.3 The search for examples

In this section, we discuss our observations on when and why visualization designers search
for examples, the approaches taken to find relevant examples, and the challenges faced while

searching for examples.

3.3.1 Why and When are Examples Needed?

We find that most designers look for examples when they want to communicate using vi-
sualizations. Examples are used to not only generate design ideas, but also to gain contextual

information about data and the intended audience of the visualizations.

3.3.1.1 Examples are Sought When Designing to Communicate

Whether the audience is clients, colleagues or the general public, visualizations provide
an easy medium for designers to explain key ideas and concepts as opposed to displaying raw
data [12, 185,203]. Participants repeatedly discussed using visualizations to fell a story about
the data and break down interesting insights into a form that can be easily understood by their

audience (9 P, 13 S).

So one of my biggest reasons, [ would say, is when I'm trying to explain something to some-
one, I use visualizations because it’s easier to do it that way -S13 I do create more of a

custom visualization to tell the very precise story that [ want to tell. -P9.

25



While visualizations are a convenient medium for communication, participants struggle
with finding an effective way to express ideas to an audience. Examples can provide guidance on
what visualizations to create to achieve specific communication goals. Using examples, partici-

pants can acquire ideas and use them to inform their designs:

These visualizations inform how decisions are made. I think when you need to convey your
ideas to someone you start to look for examples and based on that example reference we

iterate and it becomes our own visualization idea... -P14

3.3.1.2 Examples are Used to Generate Design Ideas

We observed that participants may search for examples at the start of the design process
when brainstorming ideas or trying to find new representations of data. Examples may also be
used in the later stages to refine their visualization designs. These sentiments were similarly

echoed by engineering and graphic designers in prior work [92].

Finding common visualization designs. Designers may seek out popular examples as inspira-
tion for design ideas. This often occurs during a brainstorming session with friends, teammates,
or colleagues (3 P, 9 S). During these sessions, participants may iterate over examples and draw
out ideas they would like to include in their designs (5 P, 2 S). These sessions may focus on

understanding common visualizations for certain data types or topics (3 P, 7 S). For example:

First I'll try to see what might be the best way of showing a data. And I may type my topic

into Google just to see data visualizations examples for these topics. -S9

Finding new visualization ideas. A few participants also distinguished between finding exam-

ples while brainstorming ideas and finding examples to avoid what they perceived as “boring”
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visualizations. In these cases the goal is to find unconventional ways of representing data (4 P, 5
S). A participant recounts searching for such examples while working on new projects:
yeah I do that [search for examples] every now and then, when things are boring, to me,

sometimes I just get bored and I want to try something new -P8

Making visualization designs fancier. Some participants described searching for ways to im-
prove design aesthetics after they already had some design priors in mind (4 P, 2 S). In this case
the goal is to improve on current designs by making them “fancier”. For example:

I usually look for how to make it look fancier... I think of how can I do this kind of a bar

chart and make it more beautiful. At that time I may find examples -P4

3.3.1.3 Examples are Used to Understand What Users Want

Before beginning the ideation process, examples may be used to gain a high-level under-
standing of the needs of the target audience. Some professional participants described using
examples to understand what their users want and how they will eventually use these visual-
izations (3 P). The contextual information derived from these activities influence the nature of
visualizations that participants may search for and eventually implement. P8 describes work-
ing with clients to understand design requirements for visualizations. Once high-level goals are
understood, P8 searches for examples, presents them to the clients for feedback, and uses that
feedback to guide their designs. Similarly, P7 describes using examples provided by clients to
guide their search:

If they send me examples—when they have some good examples—I can go find more exam-
ples. I do send them something back to see [final designs] to make sure that it’s clear.. give
me some feedback -P7
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One participant emphasized how important it is to understand who the target users of the visual-
izations are and how they intend to use the visualizations. This contextual information informs

the design decisions for the dashboard they eventually create:

I think the most important is to figure out who that user to be and then how they’re going to

use this dashboard. I think this leads to the main direction for me to design. -P11

3.3.2  What Tools and Resources are Used to Find Examples?

Designers rely on various tools and resources to find visualization examples, such as search

engines, portfolios, books, and news articles.

3.3.2.1 Common Sources of Examples

Search engines and image sharing sites. These two types of resources were mentioned the
most during the interviews. Participants frequently utilized keywords to search for examples
on Google and websites like Pinterest [160], Tableau public [4] and Behance [5] (11 P, 11 S).
Participants may favor Google because of the variety of designs that can be found. On the other
hand, designs from websites like Pinterest and Behance were perceived by some as having higher
quality:
...because Google, it has everything so whether it’s good or bad it has everything, and Pin-
terest feels like someone already filtered those for you and if they are being collected by
someone probably people think they’re good, so it’s one filter up -S9
Online communities. Participants described browsing through examples on community sharing
sites like Subreddits (e.g., r/dataisbeautiful [168]) where they can view and comment on visual-
izations. These types of resources were often discussed in the context of exploratory search and
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USER INTERACTION SCIENCE

GLOBAL STOCK GROWTH

Figure 3.1: The top two images are visualizations created by P7, showing the authors and co-
authors of published research funded by NASA and projects they have worked on. The image on
the bottom is a snapshot of a futuristic design in a movie that inspired P7.

were frequently engaged in by professional visualization designers (7 P, 2 S). Participants gener-
ally found them to be great sources of information that require some filtering to sort through and

find relevant examples.

Tableau is a tool that there’s a vibrant online community for ... So there’s just a lot of

information out there you just have to sort through it. Some of its better than others, but that

that’s helpful. -P6

Published media. Some participants rely on published media, such as news articles, blog posts,
and movies, as resources to find examples. Participants described having specific news websites

(e.g., New York Times, Washington Post) they frequent to find design examples (4 P, 5 S). Exam-
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ples may also be sourced from books, research papers and occasionally training materials (6 P, 7

S). Books may be used when participants are looking for high quality examples. For instance:
...but when we want more solid and accurate information, we kind of went into the library, 1
think we did go for hard-copy books...and look for visualizations which really connected to

what we wanted to do. -P3

Some professional participants also described using portfolios of experts and colleagues
published online or on social media sites to find examples (7 P). In general, media resources pro-
vide participants with access to new visualization types and can help them gain inspiration, even
from abstract concepts. For example, one participant describes getting inspired by a visualization

example from a movie (see Figure 3.1):

When I did this one, I was looking a lot at the futuristic user interfaces that you see in like
science fiction movies. I think there was like a tron globe on this one and I liked how it
connected with space. -P7
Software documentation. Participants reported using documentation for visualization tools and
libraries as a resource for examples (2 P, 5 S). Most visualization tool developers provide galleries
of example designs. The main appeal for these resources is the availability of code or demo
videos alongside visualizations, which serve as implementation tutorials and resources that can

be modified or repurposed.

3.3.2.2 Visualization Recommenders

Recommendation engines such as Tableau’s ShowMe [127] and Excel’s Recommended
Charts [140] are frequently used to find appropriate visual representations [127,217,218], and are
employed by both professionals in their analytical work and in academia to teach students [214].
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We asked participants about their experiences (if any) using visualization recommenders to come
up with designs.

A total of 11 participants report never using recommendation engines (5 P, 6 S). The re-
maining 19 reported using recommendation engines frequently (7 P, 8 S) or at least once in the
past (3 P, 1 S). On the one hand, some participants found recommendation engines to be help-
ful resources for providing new options and templates, which they could use to start their own
designs (5 P, 7 S). These tools also eliminate the burden of implementing visualizations, making

them easy to use and appealing to students (1 P, 6 S):

It’s easy to try out new visualizations that I, maybe wouldn’t have tried before or like they’re
kind of too hard to do in a quick amount of time, so I think that the Tableau recommendations

definitely do help me to look at new visualizations that are not total garbage -S8

On the other hand, a few participants reportedly avoid using recommenders because they
do not see value in the recommendations (3 P, 1 S). They tended to be professionals with consid-

erable experience. For instance, P10 who has 3 - 4 years professional experience said:

Recently it’s it hasn’t been as necessary as it used to be ... I used to use it a good bit back
when I was still sort of grasping what you would need to maybe make an area chart... I've
just become a little more skilled and knowing what I want once I understand the data. So I

think I need less of that direction -P10

Participants also noted specific challenges that may hinder the adoption of recommenders.
Participants found that they may not understand why certain visualizations are recommended to
them (1 P, 2 S). The variety of charts and styling options included in recommendation engines

are limited and could restrict participants (1 P, 2 S). As a result, participants find themselves
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frequently making modifications to tweak recommended charts, which may discourage them
from using these tools (2 P, 1 S). Finally, some participants find the available interactions (e.g.,

tooltips) in recommended charts to be too limited (2 S).

3.3.3 How do Designers Search for Examples?

Participants discussed different approaches they took to find examples. We characterize
the different ways participants construct search queries to find relevant examples and discuss

recurring themes here.

3.3.3.1 Targeted vs Exploratory Search

Visualization designers may discover inspiring examples spontaneously or through delib-
erate retrieval efforts. Participants reported two main approaches to finding examples: rargeted
and exploratory search. Visualization designers may engage in a fargeted search for examples
where the goal is clearly defined (3 P, 4 S). In these situations, there is typically a design prior
in mind and a search is initiated to find an example that matches this design prior (5 P, 7 S). For
instance:

...but then, if I know what my data looks like, for example, and I know how I need to visualize
it, I will usually look for examples [implementation] in the particular tool I'm using to create

the visualization. -S8

On the other hand, exploratory search occurs when participants skim through examples
with no goal in mind, hoping to randomly find an interesting visualization example (8 P, 2 S).
In these cases, there is no established design prior and the search process is more open-ended (4
P, 3 S). We find that participants who engaged in this type of search were mostly professionals.
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Participants described engaging in exploratory search to keep abreast with what other people are

creating:

...to be honest I'll go out there and see what other people are doing and see how I can apply
that to what we’ve got going on...If I'm bored I just type in some random stuff and I find

something that looks interesting to me... -P8

3.3.3.2 Search is an Iterative Process

The search for relevant design examples is an iterative process. Participants report iterating
over keywords to retrieve different sets of examples (4 P, 6 S). The search starts with general pur-
pose keywords to find a diverse set of examples (1 P, 6 S) (e.g., “map related data visualization”
-S9). As interesting examples are found and design concepts become concrete, the search shifts;
keywords become more explicit to target specific examples. For instance, participants may refer
to the type of chart they want to create (e.g., “area chart” -P5). Explicit keywords help to narrow
down the scope of search results (2 P, 2 S). Participants may also use visualization libraries or
tools to fine-tune the search scope. Visualization tool names are used as keywords to narrow
down the results or find implementations; excluding them as keywords increases the variety of

retrieved examples (11 P, 12 S).

Usually I'll try to find a couple of examples, three or five that I can compare and then I'll do
individual searches on each one usually to get more specific. I know that I definitely don’t
want to look at these now or like these are definitely very interesting...I’ll just kind of start

adding words to my search to get more and more specific -S5
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3.3.3.3 Search Query Construction

Whether engaging in targeted or exploratory search, we find that our participants empha-
size different kinds of parameters, such as dataset characteristics, visualization design, and the
visualization task that the examples are used for. We describe the key parameters here.

Search based on dataset characteristics. When asked to give examples of how they phrase
their keywords during search, some participants often discussed their keywords in terms of the
characteristics of the datasets they were working on (11 P, 6 S). There seems to be a preference
among professionals to center their search strategies on dataset characteristics such as data type

or domain:

I work in sales marketing so I'll type in like “sales KPIs” or “targeting metrics” or “market
share dashboard”. So anything that I'm working on, and those are all like standard terms

that you would use across any business. -P8

Search based on visualization design and elements. Participants may tailor their keywords to
finding a specific type of visualization (e.g., “pie chart” -P1) or visual element (e.g., “MatPlotLib
error bars” -S12) (3 P, 11 S). Participants may search through examples to find a target design or
to identify a common strategy for creating a visualization, which they identify by examining and
isolating common design concepts among the examples (5 P, 4 S). These types of keywords may
also be used to find corresponding implementations (1 P, 6 S). For instance:
let’s say I want a visualization about a map, for example. I would actually search for “map”
and google the D3 version [as keywords] and then it kind of pops out right away...and I get
their sources [code]. -S7
Search based on a task or goal. While less common, both professional and student participants
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may also use the intended visualization task (2 P) or their design goals to search for visualizations
(2 P, 2 S). These strategies are exploratory in nature and would often involve general purpose

keywords such as “connectivity city mapping’-P3.

3.3.4 What Challenges Arise When Searching for Examples?

The challenges often discussed by participants were associated with the inability to find
truly relevant examples. First, participants find it hard to identify the right keywords to use
to search for examples (2 P, 5 S). As mentioned in section 3.3.3.2, participants often iterate
over search keywords. This iteration occurs in part because participants may be unfamiliar with
established terminology for their target visualizations. Hence, participants initially resort to trial

and error to identify relevant keywords. For instance:

With my first search trial, it may not work. But then I make some changes two or three times
and then I get mostly what I want. So it’s always difficult to look for the most optimal one,

but you know it’s pretty easy to get what you want after like two or three shots. -S8

The search results may also be incompatible with participants’ datasets (3 P, 2 S) or clut-
tered with examples that are not useful (2 P, 4 S). This requires additional effort from participants

to identify and eliminate these irrelevant examples. One participant said:

When trying to find examples of projection plot, it looks similar to scatter plot, so all the
examples [ was seeing it was like it just implementations of scatter plot they have like similar

name and they look similar but they’re actually different things. -S14

Even when the right keywords were identified and relevant visualizations were found, some

participants reported having insufficient experience or knowledge to understand what a makes a
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particular example good (2 P, 1 S) or how to use a good example when they find one (1 P, 1 S).

P2 who uses blog posts to find examples said:

You need to have the base knowledge to know what you’re looking for and you need to have
the base knowledge to understand the post you're reading, and really dig in to make sure

that this example is completely irrelevant or not.

A few participants describe not using examples often (3 P, 2 S). This may be as a result of

their experience or lack of time.

From time to time and try and get ideas but honestly I feel like my style is different ... maybe
I’m too stuck in my ways and it really is a bandwidth issue too a lot of times I’ll do it for like

15 minutes at a time, but I've got work to do. -P11

3.4 Using Examples

Finding relevant examples is just one step in the visualization design process. The next
step for visualization designers is to translate the idea(s) they derive from examples into their
own design(s). In this section, we discuss strategies participants used to apply ideas inspired by

examples, criteria for reuse, and challenges faced when using examples.

3.4.1 How do Designers Use Examples?

We observed that our participants were largely responsible for the design and implementa-
tion of their visualizations and described 3 strategies to using examples in visualization designs:
(1) select and merge features from one or more examples, (2) replicate an example then modify

it, and (3) trial and error with multiple examples.

36



(a) Design examples and sketches (b) Final design

Figure 3.2: An example showing how ideas are translated from multiple examples into a single
design. Visualization elements like circles with images of race car drivers are selected from
example A and merged with paths from the Sankey chart in example B. The participant sketches
their design idea in C and includes a note about radial bar charts as another source of inspiration.
In the final design, we can identify relevant design elements from the two examples and initial
sketch.

3.4.1.1 Select and Merge

Many participants report using more than one visualization examples to generate design
ideas (11 P, 11 S). Using multiple examples allows participants to pick and merge different visual
elements that inspire them (6 P, 8 S). For example, S2 describes using examples from a blog post,
portfolio and radial bar chart to visualize the lap times of race car drivers, shown in Figure 3.2.
We can see the influence of the radial bar chart (A) and sankey diagram (B) in Figure 3.2a on
the representation of the lap times in Figure 3.2b, as well as the influence of example (A) on the
annotated image of the driver with the fastest lap time in Figure 3.2b.

One participant described using the select and merge strategy to break down complex vi-
sualization ideas into individual components or visual elements. This allowed them to isolate
elements in examples, and seek out implementations for these elements which they merge to-
gether in their design. A few participants describe combining multiple examples together to form

multiple-view visualizations (3 P, 1 S).
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3.4.1.2 Replicate and Modify

Examples are sometimes used as a baseline for visualization design. Some participants
discuss making copies of interesting examples using their data (replicate) and altering the design
(modify) to fit their design goals. The major reasons for modifying examples involved changing
core features of the example (5 P, 7 S) such as adapting a visualization to match their data or
introducing interactions to the visualization. P5 describes modifying examples to fit the scope of

their dataset:

...50 the first modification is that ... I swapped the data content. The data content is different,
so your data scope might be different. They [example] might be using very small dataset, for
example, if you are using like bubble chart, your x axis or y axis can be super different; they

can be very small, but yours might be pretty large -P5

While replication is convenient, some examples do not meet the aesthetics standard a de-
signer may want. Participants discuss making modifications to adjust visual styles and layouts in
replicated examples (5 P, 3 S). These changes typically targeted components such as the font, ori-
entation, and color schemes. For professionals, modifications may be aimed at matching designs
to the stipulated company branding.

...And I think that goes back to there’s not a lot of business examples out there, so you kind
of have to “steal” from other contacts and a lot of it isn’t that translatable that you can just
grab it and go. I think most of the time it would require applying our branding guidelines to

something. So that’s color palette, fonts that kind of stuff. -P6
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3.4.1.3 Trial and Error

While most visualization designers distill ideas from one or more examples, a few would
resort to a brute force approach towards using examples. Six participants report trying to imple-
ment multiple visualization examples and ideas until they find an acceptable design. Participants
resorted to this strategy when they were in situations where they did not know what to create
or were stuck in making design decisions (2 P, 1 S). Participants may also use a trial and error
approach when working with tools that provide quick access to different visualization designs

(e.g., visualization recommenders) (3 S):

What I used to do in tableau is just hit every every button... if I really don’t know what to do,
I can change the map layers, I can include this check the boxes if I want streets on here or

landscapes, like all those different things make it pretty easy to customize -S6

For some designers,trial and error is not limited to recent searches for examples. They may
also iterate over design ideas from visualizations remembered from previous design sessions. P9

describes:

To me it’s almost like testing a hypothesis, when I come to a dataset I've got some precon-
ceived notion of what I want to tell people... At this point in my career, I will have observed
so many different visualizations styles that I have a decent idea of what I want to try first.
And then I will try to objectively judge how well I've succeeded there and then I’ll start
tweaking it and occasionally scrap the whole thing and start over, so it’s kind of like trial

and error -P9
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Figure 3.3: An example of reusing a single example to generate multiple data representations.
Here, P3 reuses a base map layout (A) to visualize data on building structures in a specific geo-
graphic location (B).

3.4.2 Reusing the Same Example

Participants report reusing the same example for multiple visualization designs (10 P, 11
S) when they are engaged in repetitive tasks such as representing different dimensions from the
same dataset, or when engaged in creating visualizations that were “standard” for their field. A
few participants reuse examples by applying the same design concept to represent different data
points. For instance, P3 who is an architect describes using a single map layout example to
visualize data on multiple aspects of building structure as seen in Figure 3.3.

Some participants may be inclined to reuse an example because it has been successful at

communicating information to their audience in the past (2 P, 3 S).
These are things people have already seen in my own field so it’s sort of a common language
type of thing. So it’s best to just go with the same thing. -S8

Participants may also reuse an example if they have easy access to the code (2 P, 2 S). For
example, S10 recalled reusing the concept of a 3D scatter plot from a word cluster to visualize
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human skeletons in 3D by visualizing each joint with a point as in a scatter plot. They were
even able to reuse the same code. We also find that participants often engage in reuse when the
underlying visualization task is similar. For some participants, this may be a result of the type
of data they work with. For instance, P5S who is a risk management associate, tends to reuse the

same examples and designs because their job is mostly concerned with identifying trends in data.

3.4.3 Tools Designers Use

Most participants discussed using visual analysis tools like Tableau to create visualizations.
Other tools mentioned include direct manipulation and sketching tools (e.g., Adobe Illustrator,
and visualization libraries such as D3.js in JavaScript or MatPlotLib in Python). A few partic-
ipants mentioned using specialized tools to create custom visualizations. For example, S5 uses
ArcGIS to develop story maps. A detailed breakdown of the distribution of tools used by the
participants can be found on OSF 2.

Participants generally felt supported by visualization tools (10 P, 8 S) as they help expand
their visualization design skills, provide guidance on how to create visualizations, and allow users
to customize their visualization designs. Participants reiterate that each tool plays a specific role
in the design process. For instance, Tableau reduces effort for conventional designs and allows
quick exploration of visual designs. On the other hand, tools like D3 are more useful when there
is a specific design in mind. Participants may also sketch out design ideas on paper or using tools

like MS Paint before implementing their designs (6 P, 8 S).

2Click to visit our OSF repository.
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3.4.4 Challenges Faced While Using Examples

So far we have discussed how participants re-purpose ideas from examples and the tools
used to implement their designs. However, the process is not always easy. We summarize the
main challenges that designers face when using visualization examples.

Several participants (mostly professionals) complained about how much time they had to
spend modifying examples to implement their design ideas (7 P, 3 S). These complaints focused

on the significant time needed to tweak replicated examples. A participant comments:

I think the big challenge is that it’s not fun right, it’s fun to have a good quality output and
it’s fun to have the moment where you understand that your visualization is going to work
for what you intended to work for. But it’s the formatting, the layering, the time spent on all
the little things that maybe you’re the only person who'’s ever going to notice. You know that
can be a bit of a slog. -P9
Another challenge is related to operationalizing desired changes using specific tools. For
example, participants may have difficulties translating desired changes to specific components
that need to be modified in the target example (4 P, 3 S). Some participants complained about
not knowing how to use tool interfaces, or they had troubles understanding the documentation
and tutorials (5 P, 1 S). Tools often require too much manipulation to implement changes (2 P,
4 S), and the designers may have to use multiple tools that may not be compatible (1 P, 4 S).
Additionally, programming based tools often required significant effort (3 P, 6 S) and version
changes may make examples created with previous versions no longer functional (2 S). One

participant said:

Now, regarding the fine tuning that’s the trickiest part because that’s what requires knowing

42



where exactly to change to make it suitable...For that, I just go to the documentation to see if
I can find what I'm looking for. Sometimes it doesn’t work, because it is not easy to read. So
I just end up spending some of my time on stack overflow or general forums on how to get

certain things done. -S13

A few participants acknowledged the role that their experiences played in responding to
challenges faced while implementing design ideas (5 P, 3 S). Participants thought that under-
standing what and how to make modifications became easier as their experience and understand-
ing of the design process and tools increased. A few participants describe the process as learning
on the job. One participant (P5) in particular, reflected on the nature of strategies they employed
to create visualizations. For this participant, as a novice, it was easier to just replicate examples;
as they became more mature in the field, they found themselves graduating from copying ideas
to devising their own ways to improve designs as they came across examples. Other participants

had similar trajectories, for example P9 comments:

I will say you know earlier in my career learning to use the tool effectively, learning how to
make all those adjustments Without digging through endless menus or options or stuff like

that, that is a technical challenge I don’t really have anymore. -P9

3.5 Cross Cutting Themes and Activities

Our analysis revealed three themes that cut across the two main design activities (search
and utilize): (1) criteria for determining if an example is useful, (2) practices and perspectives for

curating examples, and (3) factors inducing design fixations and overcoming fixation.
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3.5.1 Selecting Examples

Here, we discuss factors influencing how professionals search for and select visualizations

and key criteria for selecting useful examples.

3.5.1.1 The Role of the Target Audience in Search and Selection

Most of our professional participants described their job roles as primarily involving creat-
ing visualizations for “clients”. These clients were typically colleagues, management, or business
stakeholders who were often described as being less visualization savvy. We observed that pro-
fessional designers often discussed how much the backgrounds, needs, and interests of their target
audience influenced the types of visualizations they searched for and selected.

For example, participants have to consider how clients would perceive the visualizations (2
P) and the context in which the visualization will be used (3 P) when making design decisions.
Some professional designers restricted themselves to using to common visualizations such as bar
charts in order to accommodate the needs of their clients, even if they would prefer to try out

more sophisticated designs (4 P):

...50 while I have created a chord diagram for fun, in the professional world I would never
share that to anyone to transmit a message. I would share it only to make them impressed
with how well I can visualize ... if I were to put it [chord diagram] in front of someone, I'm
going to have to spend a long time explaining to that person what the chord diagram is and
they’re going to have to spend a long time studying it ... and there is almost always a simpler

way to represent what’s going on. -P9

Participants would also stick to using charts that their clients are already familiar with to avoid
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presenting charts they may not understand (5 P).

Accommodating participants’ requests for specific designs can be particularly taxing for
designers as they have to prioritize these requests even if they may not necessarily think they are
good designs. Participant P9 recalls clients requesting designs that were not always feasible or

“«

appropriate and, in some cases, having to “...talk people out of bad designs”. Ultimately, these
considerations may leave participants feeling limited on the amount of control they have over
design choices. While some participants consider this limitation as part of the job, others find
ways to introduce interesting designs into their visualizations.
...although most of our clients like things simple, like a bar chart for example, or tables...you
have to find a way of being creative with the things they give you. So instead of showing just

a bar chart of this year’s sales, you can show last year sales overlaid behind it, instead of

just a pie chart use a donut chart with KPIs in the middle. -P11

3.5.1.2 Criteria for Selecting Inspiring Examples

During our interviews we sought to understand what signals participants used to determine
how useful a design example was. We identified six criteria that participants use to select useful
design examples. While we discuss these criteria individually, participants often considered mul-
tiple criteria simultaneously when evaluating the usefulness of an example. The weights placed

on each criteria were subjective.

The effectiveness of a visualization. Most participants (11 P, 7 S) agreed that the most useful ex-
amples are effective at communicating the right information to their audience i.e., the example is
easy to understand. Participants often stressed the importance of making sure that visualizations
were easy to interpret and presented the message as simply as possible. These participants were
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often less concerned with how well the design adhered to visualization rules like the appropriate-
ness of data encodings. On the contrary, data encodings were generally an implicit consideration
for useful examples and only mattered if the rules of thumb for data encodings were violated.
When I started doing data visualization, there was a lot of emphasis on Edward Tufte versus
Nigel Holmes rules [where Tufte placed emphasis on visual processing while Holmes was
more concerned with making visualizations memorable]...So I'm no longer interested in
“this is the Platonic ideal of visualization” and more interested in what are people going to
see, or respond positively to... -P6
The aesthetics of a visualization. Several participants mentioned visual elements such as visual
appeal and color schemes as criteria for determining if an example was useful (14 P, 6 S). Sur-
prisingly, participants often held aesthetics in the same regard as the effectiveness of an example,
mentioning the two criteria together. The aesthetics criterion may include layout and fonts used
in a visualization, how appealing a visualization looks, or the use of annotations or colors to
provide contextual information. For instance,
100% the color scheme is the first thing that comes to my mind, if they have like the nicest
colors on there, like different shades of purple is something that I really gravitate towards
for some reason, as soon as I like that [example], it’s like a fish bait, then [the second point]
it’s can I quickly understand it? -P11
Three participants discuss having to find some balance between the aesthetics and effec-
tiveness of visualizations (1 P, 2 S).They admit that the most aesthetically pleasing examples may
not be the most effective at communication, indicating some trade-offs between the two criteria.
I also try to balance it out like it’s not all visual aesthetic and the data doesn’t correspond
to the scale and stuff. So I'm trying to like balance at all -S2
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The similarity between design priors and examples. Some participants evaluate how similar
an example is to the design idea they have in mind as a criterion for selection. In these cases,
participants select an example only if it matches their idea or improves on their original design
(3 P, 4 S). Occasionally, visualizations that provide improvements are described as unique since
they are not visualizations that participants have encountered before (4 P, 4 S). One participant

said:

For me it would be how unique the design is. I try to compare it with my previous work. At
times I compare it [example ] with what I really wanted at that moment. Most time I focus on

how it improves from what I want -P1

The ease of integration with data and tools. We find that some participants were concerned
with how compatible examples were with the dataset they intend to visualize and how much
effort would be required to implement the example. These participants were more likely to select
examples that had similar data structures (1 P, 6 S) and were easy to implement (1 P, 5 S). One

participant comments:

So communicating the data is more important than being able to create it easily, but there is
a threshold. If it’s too difficult, then I’ll start thinking is there some other way I can spend

my time... -S1

The use of interactions and animation in examples A few participants discussed using the
presence of interactions and animations as criteria for selecting an example (3 P, 4 S). Partici-
pant P10 notes that interactions can be combined with complex charts to help users understand

examples and tell a moving story. Another participant said:

I will say, the one thing I love seeing is like somebody using like actions, in a creative way
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. 1 just like people who get creative with it [dashboard] in a way that’s still really easy
to use...because they’re [clients] always going to ask another question and then another
question, so you want to make sure you have the ability to get to all four or five level questions
within your one dashboard either by drill downs or by filtering or by whatever...a simple

overview is never enough. -P8

How examples support inclusiveness Three participants discussed criteria for example selection
that focus on evaluating how the design choices in the example support people who may be
colorblind or have ADHD (Attention Deficit Hyperactivity Disorder). Participant P8 reports that
since they have ADHD, they tend to disregard examples with designs that have too much going
as these examples “wreck my brain” and make it hard to concentrate on the key ideas within the
examples. Two participants (P5 and S9) consider how the colors used in visualization may be

perceived by users who are colorblind.

So 1 feel like sometimes some of the examples are not very like color blind friendly...So
sometimes I may look for something that’s like you know not completely based on the color
like sometimes if they have like patterns, but you know, sometimes, if we add more patterns,

it will make the graphic looks very busy for normal people -S9

3.5.2 Curating Examples

We explored designers’ example curation practices to assess how curated examples may be
used in the design ideation process. Similar to past research, we also find that some participants
regularly save examples for future use while others do not curate examples [92]. We discuss the

emergent patterns for example curation below.
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3.5.2.1 Curated Examples are Rarely Revisited

Several participants regularly save useful visualization examples found during search. These
collections take many forms such as digital file folders (4 P, 3 S), web browser bookmarks (4 P,
3 S), links in text files (3 P, 2 S) or liked examples on social platforms (e.g., Pinterest) (1 P, 2
S). Due to the volume of curated examples, these participants labelled collections either by visu-
alization type (e.g., bar charts) or the topic of the project they were working on. This labelling
strategy helped participants organize their collections to simplify example retrieval.

We observe that only 3 participants reported routinely reviewing these collections to either
organize or retrieve examples after they save them. Most participants who curated examples said
that they never returned to these collections after creating them (3 P, 1 S), or returned to them

only if they remember something exists (3 P).

If I see something I will usually like bookmark it, whether it’s in my browser or my reading

list or if I'm an on Reddit. The problem is I don’t ever go back to my bookmarks. -S8

Participants struggled with managing their collections. These challenges can be attributed
to collections being messy, requiring designers to manually search through them. For example
P15 recalls clicking through a list of saved web addresses to find an example they had found
before. One participant noted that due to the volatility of web pages on the internet, some book-
marked pages may not be accessible when they return to them. Finally, managing saved examples
is a time consuming task that may dissuade designers from saving them in the first place. These
findings echo observations from existing work in design, which demonstrate that designers ex-
press a desire to curate and manage a collection of design artifacts, but this process is often
hindered by the difficulty of example curation and reuse [62, 101, 179, 188].
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3.5.2.2 Interesting Examples Will Be Remembered

Roughly half of our participants said they do not curate examples (6 P, 10 S). Some partic-
ipants found curation unnecessary because they could easily remember where they came across
compelling examples (4 P, 3 S), or they prefer to implement these examples immediately. We
find that participants who expressed this sentiment had a median of 3 to 4 years of visualization
experience. Some participants often rely on examples they have seen in the past to generate new

visualization ideas (3 P, 2 S). One participant said:

No, I'm either making a visualization for a purpose or not. I mean certainly I might it store

away in my head the fact that some kind of visualization exists but I won’t save it -S12

3.5.3 Design Fixation and Its Effects on Example Use

We sought to understand if designers were aware of design fixation and how they avoid
getting fixated on design ideas while searching for and using examples. Inline with the protocol
used in past work on design fixation [57, 158], we first asked participants if they were familiar
with design fixation and then explained the concept using Jansson and Smiths’ experiments [103]
as an example of design fixation and its effects. We present our observations on factors that can

induce design fixation and strategies that participants use to overcome this fixation.

3.5.3.1 Factors that Induce Fixation

Participants often noticed fixation when they relied too much on past work, made assump-
tions about what visualizations were industry standards, or were overly focused on examples
found during search.
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Participants recall fixating on designs they had previously created which were well received
by clients. Participants often assumed that these designs were safe and would often continue to
use them for different projects over an extended period of time (3 P, 4 S). Participants may also
fixate on ideas they perceive as standard visualizations that are accepted by their industry or

community (3P, 7 S).

...only because I see certain visualizations being used in a certain way and people respond-
ing to those visualizations, so I get attached to those designs alone and it does have a big

impact on me, maybe not consciously -S13

This perception may also be induced by the types of examples that participants find while
searching for examples. Some participants may commit to designs that repeatedly appear in
search results, as they assume that such examples must be the standard or the best way to rep-
resent the information they want (2 P, 4 S). For a few participants, fixation could be caused by
requirements from superiors which may make it difficult to balance new design ideas with job

expectations (2 P) and cause them to commit to inappropriate ideas (2 S).

3.5.3.2 Examples and Feedback Can Help Avoid Fixation

Participants often tried to avoid fixation by changing their search terms to use simpler
words, or adding new words such as “fancy” to change the types of examples they are seeing
(4 P, 4 S). Others may consider completely changing the tool they use to search for examples.
For instance, S2 mentioned switching from Behance to Google when they would find themselves
seeing the same types of design examples.

Participants may connect with colleagues, teammates and clients to talk through ideas they
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are fixated on, in order to get a different perspective that may guide them to alternative designs
(3 P, 7 S). Feedback may be obtained from evaluations of implemented designs or through con-

versations with people (5 P, 10 S). For example:

...1 just think out loud to my co-authors “hey how about this” and just kind of describe my
ideas. And I will look at their expression or excitement, and that gives me good feedback.

Even if they don’t tell me which one is a good direction to go in -S13

3.5.4 Reflections on Desired Tools

We asked participants to reflect on their current process of finding and applying examples
and to describe ideas for ideal tools and resources they would like to use instead. We summarize
their ideas below.

Increased search modalities. Participants frequently described a desire for tools that support
more search modalities (1 P, 5 S). These ranged from booklets of examples and corresponding
implementations, to tools that could allow search in design centered domains, to find examples
outside of data visualization. Three participants (S1, P9 and P3) also mentioned tools that sup-
port search for examples based on uploaded datasets. P9 described tools that can transform the
underlying dataset into a format that is compatible with target examples. Designers also want
to specify search criteria through examples (1 P, 4 S), design specifications (1 P, 2 S) or natural

language descriptions (3 S).

Automation to aid, not replace design decisions. Regarding tools that recommend charts to
meet the specified design criteria, four participants (2 P, 2 S) expressed concerns about balancing

how much control they would have over the design decisions with the level of automation in these
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tools. For these participants, automation should only be used to augment their skills by providing
designs they would not have found themselves and the ability to rapidly evaluate multiple designs.

The final say on what design is used should be left to the designer.

I need to think about the audience and the context of the data as well, so that part I think I’ll

do it [make decisions| myself -S13

3.6 Discussion

Our findings highlight interesting patterns of example search and usage that are unique to
visualization design as well as patterns that echo observations in other design domains [92, 141].
Unlike designers who specialize in preparing and handing off visual concepts to developers [209],
our participants are responsible for designing and implementing their visualizations. As a result,
data is an important consideration for these designers throughout the design process. Visualiza-
tion designers have to take into account the constraints imposed by data, the needs of their target
audience, and the effectiveness of designs as they search for and use examples. This challenge is
also magnified by external factors such as job expectations that can influence their design choices.

We find that experience plays a huge factor in how designers search for and use examples.
Professional designers heavily rely on their experience to determine what visualizations they need
to create and are more interested in seeing variety in visualization design. As a result, profes-
sionals mostly engage in exploratory search and are more likely to focus on examples that are
both effective at communicating insights and aesthetically pleasing. On the other hand, students
are limited by their knowledge of visualizations and programming languages. Consequently, stu-

dents are more concerned with the ease of integrating examples into their current workflows and
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often opt to replicate and modify examples or iterate over different designs before settling on
an optimal design. Our participants acknowledge that these challenges diminish as experience
increases. We reflect on the practices and challenges faced by designers and discuss research

opportunities, for example, retrieval and visualization authoring.

Enhance visualization retrieval: more criteria, modalities and diversity. Our results reveal
three main criteria used by designers to search for examples: 1) dataset characteristics, 2) visu-
alization features and styles, and 3) visualization tasks. However, existing visualization retrieval
systems only support search using specifications of visualization features and styles [97, 181].
Consequently, designers often fall back on general-purpose search engines like Google, which
lack the specialized filtering and retrieval capabilities needed for visualization examples; echo-
ing shortcomings observed in other design domains [200]. To support the needs of designers,
visualization retrieval systems and example gallery designers need to support more searching
criteria based on data semantics and tasks. Additionally, these tools need to go beyond using
specifications as search parameters to accommodate more modalities, such as natural language
descriptions and visual examples. Such tools will enable visualization designers expand their
example search space.

Our results also suggest that a tool that supports the serendipitous discovery of new and
interesting visualizations may be preferred by experienced users. However, current retrieval tools
are optimized to find results that match search queries, potentially missing less relevant yet useful
examples. This presents an opportunity for the visualization community to explore how to support
serendipity in exploratory search for examples. Specifically, research has to identify how to

balance variety in search results with the quality and relevance of visualization examples [76,

54



141,197].

Understand and support example-based design ideation. Examples are useful for conceptu-
alizing design ideas for visualizations. However, there is a risk that designers could focus on
examples that lead to ineffective designs. Design fixation does not necessarily happen because of
inherently bad designs, it may result from multiple factors such as a mismatch between examples
and tasks, or inappropriate perceptions of the examples. For instance, student designers might
fixate on a specific design if they thought it was favored by their community or someone with
greater authority (e.g., a professor). These observations entail the need to understand, measure,
and model the effects of examples on ideation outcomes. The results will be useful for mitigating

fixation and steering ideation practices towards better designs.

Balance multiple design objectives and factors. Research has explored automated generation
(e.g diatoms [40]) and recommendations of baseline designs to build on. However, analysts and
designers desire effective and captivating visualizations [39,225]. Thus, these tools must balance
the effectiveness and aesthetics of visualizations, and provide transparency into why the designs
are generated or recommended. These tools can also be extended to support direct editing and
parallel prototyping, so that users can effortlessly explore and compare multiple design alterna-
tives [65]. Furthermore, research should explore how and to what extent the socio-cultural factors
identified in our work (e.g., expectations of clients and superiors) influence design choices, and
deliver better tools to facilitate design feedback and iteration.

Author visualizations with examples as inputs. Existing visualization authoring tools do not
adequately support any of the example reuse strategies that we have observed (select and merge,

replicate and modify, trial and error). In particular, it is not possible to transfer features between
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multiple visualization designs, nor are there easy ways to import an example and modify it di-
rectly. Some visualization authoring tools offer support for replicating and modifying example
templates for visualization designs [59, 87, 137]. However, these systems are limited in the type
and format of examples they can support. How to easily turn any example into a usable template
is a promising research direction. In the software engineering domain, existing literature has
explored how to support the repurposing or remixing of existing examples for new design con-
texts [37,38,63,91, 142]. Future work on visualization authoring tools needs to explore how to
support similar affordances for the seamless transfer of design elements from an existing example
to new visualizations. One possible approach is to extract visual properties such as color, axis
design, and glyphs from examples and apply these properties to specified attributes. To support
such features, systems first need to understand how to automatically isolate and infer the role,

organization, and constraints of different visual elements from an exemplar image.

3.6.1 Limitations

Our work is intended to provide the much needed context on how visualization designers
use examples as sources of inspiration. Like many other interview studies, our participants may
not reflect the overall population of visualization designers. Specifically, our participants were
recruited from institutions of higher learning and visualization tool communities. Consequently,
the experience of our participants is slightly more advanced and analytical in nature, which may

not reflect the experience of casual and non-technical visualization designers.
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3.7  Summary

In this chapter, we sought to understand how visualization designers find and use examples
to generate and implement visualizations. Through an interview study with 30 visualization
designers, we observed two main approaches to the search for examples and three strategies that
designers use to translate ideas from examples to their visualization designs. We also uncovered
cross-cutting themes related to the selection and curation of examples, as well as the challenges
designers face in finding and using relevant examples.

Our findings highlight a lack of support in current visualization tools for common exam-
ple search and implementation strategies used by designers. Understanding these real-world
workflows, the different considerations, and the mental models designers have provides a deeper
understanding of designers’ example usage practices and lays the groundwork for a systematic

exploration into the process of example-aided design.
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Chapter 4:  Factors that Influence Example-Aided Visualization Design

4.1 Introduction

In the previous chapter, we established the example usage practices of data visualization
designers. However, the dynamics of example-aided design and its measurable impact on de-
sign outcomes remain unclear. Previous studies have identified several factors that modulate the
influence of examples on design outcomes, including the quantity, quality, and diversity of exam-
ples [47,159,194], and the timing of example introduction during design ideation [134,144]. Yet,
these prior studies have conflicting results (see Chapter 2.1.3 for discussion) and visualization
design presents unique challenges and complexities that are not shared by other disciplines: visu-
alization designs are constrained by the data to be presented, and designers struggle to anticipate
how real data may impact visual forms, constrain design choices, and lead to unexpected edge
cases [209]. Thus, there is a need for empirical data that sheds light on the influence of examples
in the context of data visualization. Specifically, we need to assess how factors identified in prior
studies, alongside those unique to visualization, modulate the influence of examples on design
outcomes. Additionally, we need to understand how designers decide which aspects of examples
to incorporate into their designs.

Based on these considerations, this chapter contributes an exploratory study with 32 visual-

ization designers to understand the influence of examples (e.g., images of existing charts) in data
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visualization design. The study loosely follows the protocol of Smith et al.’s seminal work evalu-
ating the influence of examples [196], where designers are given a design task with accompanying
examples and asked to brainstorm design ideas. However, we make some strategic adaptations to
our study design. First we use a faceted browsing interface for participants to explore and curate
relevant examples, allowing us to examine multiple factors (e.g., quantity, commonness, etc.) in
the same study. Secondly, we include a think-aloud protocol to capture deep contextual informa-
tion about designers’ thought processes during design ideation (details on our study design are
discussed in section 4.3). Our analysis focuses on quantifying the features of an example and
using this information to generate metrics that describe the collective properties of example sets
curated by participants (section 4.4). We use quantitative methods to measure how properties
of curated example sets influence objectively measurable design outcomes like the number and
variety of designs and ideas copied from examples (section 4.5). Finally, we perform qualitative
coding to gain insights into designers’ rationale for selecting examples (section 4.6).

Our results show that 1) the timing of example introduction potentially influences the types
of examples designers curate and the number and variety of designs produced. 2) a higher similar-
ity between the data schema in examples and the data schema a designer wants to present, leads to
more ideas transferred from examples into designs. These results are supported by our qualitative
evaluations highlighting two forms of idea transfer, i.e., partial transfer and design replication.
Finally, we identify salient factors that attract designers to use examples or deter them from doing
s0, such as the underlying visual tasks (e.g., comparison, distribution), visual composition, design
complexity, and the similarity between examples and prior design ideas. Our findings shed light
on results from prior work and introduce new factors that influence design outcomes, giving rise

to guidance on how designers may incorporate examples into the design process and discussions
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on advancing the use of examples for visualization design.

4.2 Factors and Outcomes of Interest in This Study

Examples directly influence the creativity of designers [134] and can be intentionally or
unintentionally transferred into designs when people perform creative tasks [133,135,196,212].
Sio and Kotovsky identify several factors that modulate the influence examples have on cre-
ativity [194], including (1) the commonness of an example which examines how familiar the
example is to the problem domain [47, 159, 194]; (2) The Timing of the introduction of exam-
ples [111,144,193] (3) Number of examples used in the design process [194]; (4) Quality of the
examples [152]; and (5) the Diversity of examples [25, 105]. Please revisit chapter 2 (section
2.1.3) for a detailed overview of the literature on each of these factors and related metrics for
design outcomes.

Previous research identified key factors that influence design outcomes; our study focuses
on three of them: the quantity and diversity of examples, as well as the timing of example intro-
duction. As data informs the design choices a visualization designer makes, we introduced two
additional factors relevant to data visualization: the similarities between examples’ underlying
datasets and the dataset used in the design task in terms of data ropic and schema (i.e., number
and types of attributes). These new factors explore whether or not designers curate examples
based on closeness in topics or the alignment between the working dataset and an example’s
data schema, capturing the multidimensionality of similarity in the data context [77, 132]. For
instance, if a designer is working on the Boston weather dataset [138], which contains temporal

and numerical attributes, is the designer more interested in examples visualizing similar topics
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(e.g., average temperatures or melting ice caps), or do they consider a broader set of examples
visualizing temporal and numerical data? Additionally, does focusing on topic or schema simi-
larity influence their designs? This expands the scope of example-related factors we analyze in
this study to include the of example introduction, , and of
examples, and the data topic ( ) and schema ( ) similarities.

Regarding design outcomes, we focus on the more obvious quantitative metrics: the guant ity
and variety of designs, as well as the conformity of examples, which we referto as 1 dea transfer.
We do not assess subjective factors such as the quality and novelty of examples, nor do we eval-
uate the effectiveness or creativity of design outcomes. Assessing visualization designs across

these axes remains open research for future work.

4.3 Study Design

Our work aims to understand how preexisting and visualization-specific factors influence
design outcomes and how designers decide what aspects of examples should be incorporated into

their designs. In this section, we discuss our experiment design rationale and procedure.

4.3.1 Experiment Overview

From our survey of prior work, we observed that the study design in most of these works
follows the protocol of the foundational study by Smith et al. [196], which examines examples’
constraining effects on creativity. In these studies, participants are presented with a design task
and various examples (or no examples) and asked to develop designs that fulfill the task.

We considered replicating Smith et al.’s experiment [196] with a data visualization design
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context. However, a straightforward replication is not feasible as the design space for data vi-
sualization is much broader than previously studied fields. For instance, in Smith et al.’s study,
examples are characterized by simple binary features, (e.g., if a tail is present in the example).
In contrast, the features of a visualization example can be analyzed along multiple dimensions,
including but not limited to mark choices, visual encodings, layout, and graphical styles. Each
dimension has numerous values; for instance, a mark choice includes but is not limited to rectan-
gle, circle, polyline, and area. It is unclear which dimensions and values are crucial in selecting
and characterizing the features of examples to present to designers. Additionally, there is no clear
guidance from prior work on how many examples should be provided in the experiment.

Consequently, we made strategic changes to our study design based on the following con-
siderations. We have five example-related factors to be examined. Controlling for all these factors
in a single experiment would be impractical as this would lead to an exponential combination of
experiment conditions. Giving participants the freedom to curate examples can naturally give
rise to variations in both the example features (e.g., marks, layouts, encodings, etc.) and factors

, , data ,and This approach is more sim-
ilar to designers’ real-world example curation behavior than providing them with a small set of
fixed examples.

Moreover, letting designers curate examples from the web with complete freedom can be
impractical. In a pilot study with four participants, we discovered that participants were often
distracted by information irrelevant to the design task when exploring examples directly from
source pages. Thus, we constructed a corpus of 50 diverse examples for the participants to use in
the experiment (section 4.3.3).

We decided on a between-subjects experiment with two conditions. We included
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two design scenarios to capture how our results may generalize across multiple datasets and
design goals. This results in four experimental conditions (section 4.3.2). We provided an
experiment interface for the participants to browse and bookmark relevant examples from the
corpus. Participants were asked to explore a given dataset, brainstorm and sketch design ideas
for their assigned scenario. These sketches represent the design outcomes of each experiment
and were evaluated to identify the quantiy and variety of the designs and instances of
idea transfer from examples.

After brainstorming, participants selected two sketches that they perceived satisfied the
design goal, which the experimenter implemented to evaluate the feasibility of the designs. In the
pilot study, we found that the time needed to assess designs, perform data transformations, and
implement sketched visualizations exceeded the allocated time for the experiment. As a result,
the experimenter implemented the designs independently after the experiment. The participants
then review the implemented version of their designs in a 15-minute follow-up session. Section

4.3.5 describes the experiment procedure in detail.

4.3.2 Experiment Conditions

4.3.2.1 Timing Conditions.

Motivated by a lack of consensus in prior work on when examples should be introduced
into the design process, we evaluate two conditions in our experiment. Particularly,
we investigate if a delayed exposure to examples leads to a meaningful difference in the types of
examples curated by participants and the number of ideas transferred from examples into designs.

Hence, we include a baseline condition (7,;), where participants were provided with the example
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Figure 4.1: A snapshot of the experiment interface provided to participants during the experiment.
(A) select tags to filter examples, (B) search for tags with auto-complete suggestions, (C) browse
examples in the main panel, and (D) bookmark relevant examples.

corpus at the start of the brainstorming process. In the treatment condition, the introduction of
the examples was delayed (7y.;); participants were first asked to brainstorm design ideas for 15

minutes, then presented with the example corpus, and then asked to continue brainstorming.

4.3.2.2 Design Scenarios.

We included two design scenarios to capture how our results may generalize across design
goals and datasets. In selecting datasets, we opt for those not commonly used in data analysis
or visualization training to ensure that participants are not inadvertently primed toward certain

visualization designs from prior exposure to datasets.

Blog Post Design Scenario (5;): The first scenario is to design a visualization as the central
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figure for a blog post discussing the effects of average temperature warming on the US climate '
Participants were provided with a dataset on the yearly average weather recordings from thou-
sands of weather stations around the US from 1921 to 2022 [71]. Since our focus in this study is
on the design process and not data analysis, we also included two insights on the rate of warming
across the decades. Participants were then asked to come up with designs that communicate these

insights using the provided dataset.

Bespoke Design Scenario (52): The second scenario focuses on the design of highly customized
visualizations, which we describe as bespoke visualization designs. Participants assigned to this
condition were given a dataset on vegetable crop production land use, deforestation drivers in
Indonesia, and expected yield for vegetable crops [178]. Similar to participants in S;, partici-
pants were given insights on the activities that are drivers of deforestation in Indonesia and palm
oil land use to yield ratio. Participants were then asked to create a visualization highlighting
these insights. For this condition, we varied the design task by prompting participants to think
creatively instead of focusing on communication as in S;. Participants were informed that their
designs would be entered into the Iron Viz competition and would be judged on both the novelty

and efficacy of their designs.

4.3.3 Examples Corpus and Interface

4.3.3.1 Corpus Construction

We searched for visualization designs shared online on popular blogs and resources such

as Our World in Data [2], Storytelling with Data [3], and Information is Beautiful [1]. Informed

'The prompts, datasets, and stimuli examples are provided on OSF.
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Table 4.1: Example selection criteria and definitions

Criteria Description

Knowledge How well does the visualization express the basic facts about its
underlying dataset (i.e. expressiveness)?

Comprehension How easy is it for a user to understand the information that is being
conveyed in the visualization (i.e. effectiveness)?

Relevance (A) How valuable is the information in the visualization in relation

to the experiment task? (B) How closely related is the visualization
to the tasks participants will be asked to perform?

Visual Encoding How appropriate are the selected data encodings in this visualiza-
tion?

Aesthetics How attractive is the visual design for the visualization (e.g., be-
spoke vs common visualization designs, color schemes used)?

Variety How does this example improve the variety of designs (i.e. number

of similar visualization types) in the entire example set?

by a subset of the evaluation criteria proposed by Burns et al. [42], we evaluated candidate exam-
ples across six key criteria: expressed knowledge, comprehension, relevance, encoding choices,
aesthetics, and the variety of designs in the entire corpus (see Table 4.1). Two of the authors
sampled a total of 50 visualizations. Each selected example was evaluated to ensure it was easy
to understand (comprehension), expressive, and had appropriate visual encodings. To allow for
serendipity, we optimized our selection process to include standard (e.g., bar charts, bubble plots)

and customized (e.g., parallel coordinates plot) visualizations.

Tagging Stimuli Examples. To support easy filtering, two authors manually assigned a set of
tags that describe each example’s features based on the four search criteria used by visualiza-
tion designers identified by Bako et al [15]. These tags capture metadata that describe: 1) the
underlying dataset characteristics (e.g., time series, categories), 2) the visual elements in each
example (e.g., points, annotation), 3) the visualization task (e.g., comparison, distribution), and

4) the topic (e.g., climate, human rights).
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4.3.3.2 Experiment Interface

We developed a web-based tool to instrument our experiment, shown in Figure 4.1. Our
tool consists of a faceted search interface that allows users to filter and browse visualization
examples. Users can either choose tags from the side panel (Figure 4.1A) or type in a tag in
the search box (Figure 4.1B). The main view of the interface (Figure 4.1C) presents users with
examples matching the selected tags. Each example is contained in a single card with a thumbnail,
a short description, and a link to see an enlarged view of the visualization. Users could bookmark
examples by toggling the bookmark icon next to each example (Figure 4.1D). We logged users’

interactions (e.g., clicks, hovers).

4.3.4 Participants

We recruited participants via forums such as Reddit’s r/dataisbeautiful, academic and pro-
fessional mailing lists, and posts on X (previously Twitter). We selected 32 participants (Fe-
male=10, Male=22) between the ages of 18 and 44. Participants had between 3 months to 5+
years of experience creating visualizations. Participants reported creating visualizations for a va-
riety of purposes: clients (n=12), blog posts and media graphics (n=7), personal portfolios and
projects (n=13), data analysis (n=22), and design studies (n=12). 12 of our participants created
visualizations weekly while others created visualizations less than once a week (n=9) or less than
once a month (n=11)

To ensure that participants had experience with a wide range of visualization types, we
collected information on the designs participants had created in the past, the tools used to im-

plement visualizations, and how often they had created or used them to design visualizations.
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We selected participants with experience creating visualizations outside of the three most popu-
lar visualization types (i.e., bar charts, line charts, and scatterplots) [23] and had used different
types of visualization design tools such as direct manipulation tools (e.g., Tableau, PoweBI),
programming tools (e.g., ggplot, D3.js) or design focused tools (e.g., Adobe Illustrator, Canva).
Selected participants created a wide array of charts ranging from simple charts like bar charts,
line charts, and scatterplots (n=32 for all three) to more complex charts like Chord Diagrams
(n=9), Sunbursts (n=13) and Parallel Coordinate charts (n=17). Participants also used a range of
tools to create visualizations, such as D3 (n=16), Matplotlib (n=22), Adobe Illustrator (n=17),
and Microsoft Excel (n=27). The complete participant demographic information is included on

OSF.

4.3.5 Experiment Procedure

Participants were first given a brief introduction to the purpose and objectives of our study,
the nature of the tasks they would be asked to complete, and an overview of their rights. Par-
ticipants were then asked to complete the consent form, after which the experimenter provided
participants with a link to the experiment tool and a Google Jamboard for their sketches. Partici-
pants were randomly assigned to one of our four conditions (T, X S1, Tyer X S1, Ty X Sa, and
Ty % S2). Each participant was presented with their assigned design scenario and was given 5
minutes to explore the given dataset in a linked Google sheet. Once the 5 minutes were over, the
participants were prompted to return to the interface and asked to brainstorm and sketch design
ideas for 35 minutes. Participants in the baseline timing (7§,;) condition were allowed access
to the experiment interface immediately after the dataset exploration session. Participants in the
delayed timing condition (7}.;) were asked to begin the brainstorming activity immediately after
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Figure 4.2: A depiction of our experiment protocol focusing on the initial interview. After famil-
iarizing themselves with the scenario description and dataset, participants begin the brainstorming
process. Depending on the © 1m7 ¢ condition, participants are either provided with examples at
the start of the process (7%,;) or asked to brainstorm ideas before introducing examples(7 ;).

the dataset exploration session. After 15 minutes of brainstorming, participants in the delayed
condition were given access to the experiment interface. Once participants were in the experi-
ment interface, they could explore and interact with examples at their discretion. We asked the
participants to bookmark relevant examples and to think aloud.

Once the brainstorming session was complete, the experimenter asked the participants
to select their top two designs. The experimenter then implemented these two designs asyn-
chronously using Tableau, Data Illustrator [119], D3 [36], Vega-Lite [184], Charticulator [172],
or Microsoft Excel at the experimenter’s discretion. A follow-up meeting was scheduled to col-
lect feedback from the participants on the implemented designs and to allow them to complete
the exit interview. Both the initial interview and the follow-up interview took place remotely on
Zoom, and each interview was audio and video recorded. Participants were compensated with a

$20 gift card.
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4.4  Quantifying Curated Examples and Design Outcomes

In this work, our intention is not only to understand how our five factors influence visual-
ization design but also to explore what aspects of the designs are measurable and how to measure
the influence of examples on these aspects. Similar to prior work [134], we code the features
of the examples in our corpus and the sketches produced by participants (section 4.4.1). Subse-
quently, we use these codes to derive metrics that describe different properties of the example sets
curated by participants (section 4.4.2). Below, we discuss our coding process, derived metrics,

and results of preliminary data evaluations.

4.4.1 Coding Visualization Design Components

We first performed qualitative coding to identify each visualization’s data types, marks,
visual encodings, layouts, compositions, and annotations. One of the authors created an initial
codebook based on surveys of existing visualization taxonomies [23,51,88,127,147,167,170]. A
subset of 5 random examples was selected from the example corpus, and three authors indepen-
dently coded the examples and met to discuss the generated codes and refine the code book. Once
the codebook was finalized, the three coders independently coded the remaining 45 examples and
design sketches produced by participants. The coders achieved Krippendorff’s Alpha inter-rater
reliability score of 0.85 [110]. Our codebook is included on OSF.

Data Types. We capture the type of data attributes used in each visualization using the data
classifications provided by Mackinlay et al. [127] to code the quantitative-independent (qi),
quantitative-dependent (gd), categorical (c), and categorical-date (cd) data attributes encoded

in a design. We assign the index for each identified attribute as a concatenation of a suffix and
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Figure 4.3: An illustration of how example properties are calculated for a set of curated examples.
Please read 4.4.2 for more details.
unique identifier (e.g., qi1, qi2, c1).
Marks. To understand the basic graphical marks used to represent data items, we coded the
individual marks based on the taxonomy of graphical marks described by Heer [88] and Mun-
zner [147]. This includes marks such as points, rects, bars, lines, etc. We treat all
graphical items with more than one mark as glyphs.
Visual Encodings. We use Munzner’s taxonomy on visualization channels [147] to capture
visual encodings. We capture each encoding as a pair of the data attribute and the visual channel,
e.g.,if a quantitative—-dependent variable is represented as position, we represent it
as [qd1 — position].
Layouts. Certain visualizations present multiple marks together as a group and rely on the posi-
tions of these individual marks to encode data for that group. For instance, stacked bar charts are
composed of individual rect marks of varying lengths stacked together to form a single bar. At
the time of performing this analysis, there is no comprehensive taxonomy on visualization lay-
outs. As a result, the primary author surveyed papers [14,51,60] and documentation of popular
visualization languages [117, 184] and used this to generate a set of codes to represent the layout

of marks within an example which includes stacked, layered, packing, treemap,
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radial, grouped, network, and branched.

Anneotations. Annotations are often used in visualizations to add context [55] or draw readers’
attention to specific parts of a visualization [109,113]. To code the annotations present in each ex-
ample, we use Ren et al.’s design space exploration of annotated charts [170], which we augment
with a newer taxonomy presented by Rahman et al. [167].

Composition. Composite visualizations consist of multiple views. For each composite visual-
ization, we code individual views separately and rely on Javed and Elmqvist’s taxonomy [104] to
capture the composition strategy used to combine the views into a single visualization.
Visualization Type. Finally, we rely on Battle et.al.’s taxonomy [23] to capture the types of

visualization[s].

4.4.2 Deriving Properties of Curated Example Set

The codes generated from our analysis in section 4.4.1 provide descriptive data on the
features present in individual examples. However, we need quantitative metrics to describe the
collective properties for the entire set of curated examples. We rely on heuristics provided in past
literature on the factors that modulate examples influence to derive these metrics (see section 4.2).
Specifically, we focus on the of curated examples and of the entire
example set. We also measure the similarity between the examples and the provided dataset

captured in the and

Quantity of Curated Examples: Participants were asked to bookmark examples they felt were
relevant or inspiring during the example exploration stage. We also collected data on the ex-

amples that participants interacted with (i.e., expanded to inspect additional details closely) to
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capture unintentional influences of examples they were exposed to [133, 135]. Together, these
bookmarked and expanded examples represent the set of curated examples produced by partici-

pants.

Topic Similarity: We calculate how close the dataset topic matches the topic[s] of selected ex-
amples, which we call the of a curated example set. For each curated example,
we extracted short descriptions of the visualization from their source website (these descriptions
were also presented to participants during the study). We use Open AI’'s ChatGPT 3.5 [154] to
generate topic summaries for each description, which were manually evaluated for correctness
by the lead author. Our scenarios had the following data topics S_1:{global warming,
temperature trends, data analysis}andS_2:{palm oil, deforestation,
land use}. The extracted topics for all examples and the scenario prompt provided to partici-
pants were embedded using sentence transformers [169]. We then compute the cosine similarity
between the two embeddings for each example. The similarity scores are then normalized. For
instance, in Figure 4.3, a participant in the S; scenario bookmarked examples img-003, img-010,
and img-008, comparing the topic for each of these examples to the scenario topic produces a
score of ~ (.4. Participants with scores closer to 1 curated examples that are

closer to their assigned scenario topic.

Schema Similarity: We were also interested in examining if participants selected examples with
similar data schema to the dataset provided to them. For the two datasets used in the scenarios
provided to participants, S; had a data schema: {qi : 4,¢d : 1}. While Sy had a data schema:
{qi : 8,¢cd : 2,c: 4}. We computed a score between the participants’ assigned

dataset and their curated example set. Related work on schema matching has explored the use of
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data types and distributions [27], linguistic similarity within attribute names [115,130], and meta-
data [129] to identify similarities between dataset schema. While we cannot access the underlying
data for each example, we borrow techniques from past work and rely on the codes generated for
data types in section 4.4.1 to compute this metric. We represent examples and scenario datasets
as sets of unique data attributes x and y, respectively. We calculated the Jaccard Index [102]
{J(z,y) = |z Ny|/|x Uy|} between the data attributes in each example and scenario dataset.
In Figure 4.3, we can compare the data attributes for our scenario dataset for .57 to the attributes in
our example (ex)= {qiy, cdy, co }. The overlapping attributes between these two would be S;N ex
= {qi1, cdy }, the Jaccard Index of both sets of attributes, gives a score of 0.25.

We normalized the scores to generate a single score between 0 and 1 per participant. Participants

with scores closer to 0 selected examples with less to the provided dataset and
vice versa.
Diversity: We compute the of examples, which captures the explored solution

space investigated by designers. Our analysis computes diversity by comparing the proportion of
unique visualization components in curated example sets to the unique components in the entire
example corpus. Our intuition is that curated example sets with a higher proportion of unique
elements per component are more diverse than those with a lower proportion of coverage.

For each set of curated examples, we itemize the unique elements for each visual com-
ponent as identified in section 4.4.1. This process is repeated for the entire example corpus
provided to participants. Figure 4.3 shows a simplified version of this calculation: the curated
examples contain mark : {bar}, encodings : {qd — size,c — position,c — color} and the en-

tire corpus of stimuli examples contains mark : {bar, line, point, circle}, encodings : {qd —
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size, ¢ — position, ¢ — color,c — texture, qi — angle}. For each component, we calculate the
ratio of elements in the curated example set to those in the example corpus. We then compute the
score by averaging the ratios, which is equivalent to assigning the same weights to

each component ratio so that the maximum possible score is 1.

4.42.1 Influence of Timing on Curated Examples Properties

Participants curated an average of 7.7 examples (sd = 4.4), with average scores of ~ (.3 for
(sd = 0.04) and (sd = 0.1), and = 0.6 for (sd =

0.18). Figure 4.4 shows the distributions of scores across the three derived metrics by timing
and design scenario. One participant did not bookmark or interact with any example during
the experiment; data for this participant was excluded from the analysis. During our analysis,
we found a high correlation between the of curated examples and
(r(29) = 0.86, p < .001). As a result, we exclude the quantity of curated examples for the rest of
our analysis as the of examples is a more meaningful measure.

Timing influences curated examples’ data topic similarity To evaluate how the

of example introduction may have influenced the properties of curated examples, we fit linear

mixed effects models with the three calculated metrics ( , , and
) as dependent variables, as the fixed effect and scenario as the random ef-
fect. Our analysis presents a statistically significant effect of on the data

(x3(1) = 4.35,p = .037). Participants who saw examples at the start of the experiment are
likely to curate examples whose data topics are 6% (3 = .06) more similar to the dataset they

are working on. We find no statistically significant result for on and
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Figure 4.4: Distribution of scores for properties of curated examples based on the different ex-
periment conditions in our study.
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4.5 Measuring Design Outcomes and its Modulators

We conducted a series of quantitative analyses to identify what factors modulate the number
of design outcomes produced by participants, the variety of design outcomes, and the number of
ideas transferred from examples into designs. In this section, we discuss the data collected and

the results of our analyses.

4.5.1 Data Description

A total of 128 sketches were produced by participants (¢ = 4, sd = 1.8). Similar to our
coding process described in subsection 4.4.1, we labeled the components of each sketch created
by participants. We observe that bar charts account for 25% of all examples bookmarked by par-
ticipants, making them the most frequently curated examples. Similarly, we see that 33% of the
sketches were bar charts as shown in Figure 4.5b. We also find that position was the most com-
monly used visual channel, making up 45% of all encodings used in the sketches and 40% in the
curated examples (see figure Figure 4.5a). Bar charts are commonly used by designers [17,23],
and their popularity may be a confounding factor for the types of designs participants produced
during our experiment. We also considered that the designer’s experience could be a confounding
factor in the designs produced across the experiment conditions. We account for this by includ-
ing the number of years designers have spent creating visualizations in our analyses described in
section 4.5.2.

We find significant overlap in components used in curated examples and design sketches;
nonetheless, a few sketches deviate from this trend as they contain components not found in cu-

rated examples. For instance, we found sketches that use custom glyphs and icons as the primary
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Examples 40% 26% 24% 8%

Sketches 45% 15% 23% 15%

. position . color . size . angle . shape . tilt texture

(a) % of encodings found in curated examples and design sketches.

Examples 27% 24% 16% 12% 6% = 10%

Sketches 34% 29% 13% 8%

. bar . line . circle . area . band . point . rect Other

(b) % of marks found in curated examples and design sketches

Examples 25% 8% 7% 6% 5%

Sketches 33% 25% 1% 10%

. bar chart . scatterplot . range chart . custom
B ine chart [l sankey [ spiral chart | Other

(c) % of Top Visualization types found in curated examples and design sketches

Figure 4.5: Overview of components found in curated examples and design sketches produced
by participants. “Other” contains the sum of all components with less than 5% of each group.

marks and texture as an encoding, as seen in Figure 4.5b. The sketches that participants produced
also had more annotations and layouts than the curated examples and included compositions and

interactions not found in curated examples, as shown in Figure 4.6.

4.5.2 Influence of Timing and Curated Examples On the Quantity and Variety
of Designs

We sought to explore the influence of © 11 and curated example properties (/1 versity,
schema sim.,and topic sim.)onthe quantity and variety of design outcomes. For
example, does curating diverse examples lead to a higher number of designs and more design
variety? Or might early exposure to examples lead to a decrease in the number and variety of

designs? Here, quant ity simply refers to the total sketches produced by participants. While
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Examples 46% 33% 10% 6% 6%

Sketches 40% 26% 11% 13% 6%

. text . shape . icon . highlight . trend Other

(a) % of annotations found in curated examples and design sketches.
Examples 43% 21% 18% 7%
Sketches 28% 39% 8% 11% 11%

. stacked . layered . packing . grouped . treemap . radial Other

(b) % of layouts found in curated examples and design sketches.

Examples 100%

Sketches 55% 36% 6%

. juxtaposed . superimposed . overloaded Other

(c) % of composition properties found in curated examples and design sketches.

Sketches 33% 33% 17%

. hover . slider . animation zoom

(d) % of interactions found in curated examples and design sketches.

Figure 4.6: An overview of the style-related components found in curated examples and design

sketches created by participants.

variety measures the number of unique components (i.e., encodings, marks, etc., identified

in section 4.4) included in design sketches. We fit generalized linear mixed effects (GLME)

models using © 1min¢g as the fixed effect with participants’ design experience (i.e., years creat-

ing visualizations) as the random effect for each dependent variable: quant ity and variety.

An analysis of the intercepts of the GLME model which includes the scenario as a random effect,

yields very small coefficients (< 0) for the scenario. This indicates no systematic effect from

including the design scenario in the model. As such, a simpler model without the scenario is

preferred. We report the results of these analyses below.
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Delay in introducing examples increases the quantity of designs created by participants.
We observe a significant effect of the on the gquant 1ty of designs produced (x?(1) =
5.48, p = .019). Participants who were provided with examples at the start of the experiment
(Ts+) produced (35%) fewer designs on average compared to participants who were provided
with examples after brainstorming (1) ideas (8 = —.43). These findings are consistent with
prior work that finds a delay in introducing examples is more effective at improving the number

of ideas produced while problem solving [144, 194].

Delay in introducing examples increases the variety of designs created by participants. On
average, participants used 9 unique components in their designs (sd = 3.1). Likelihood ratio
tests show a significant effect of on the variety of design ideas used by participants
(x*(1) = 4.54,p = .033). Participants who were provided with examples at the start of the
experiment (Ts;) produced designs with 26% fewer unique components compared to participants
who saw examples after brainstorming ideas.

Example Properties do not influence the number or variety of design outcomes. To assess if
curated examples influence the quant ity and variety of design outcomes, we fit general-
ized linear models for the dependent variables with example properties as independent variables.
We observe no significant effect of , , Or on either

guantity or variety of design outcomes.

4.5.3 Influence of Curated Examples on Idea Transfer

Part of our investigation includes exploring objective ways to measure the transfer of ideas

from examples into final designs. In prior work, idea transfer was measured by simply counting
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overlapping features between examples and designs. However, this technique cannot be directly
applied here as participants may have underlying biases towards certain designs based on their
prior experience, evident in the prevalence of bar charts in the sketches produced by participants.
This introduces a confounding factor that needs to be mitigated.

Consequently, we made two accommodations in our analysis. First, there is no way to
measure the pure influence of examples on designs for participants exposed to examples at the
start of the brainstorming process. Hence, we do not include any of the sketches produced by
participants in the 7%,; condition. This brings our total number of sketches examined to 77, i.e.,
~ 60% of all sketches produced during the experiment. Second, to account for participants’ prior
knowledge, we assume that i dea t ransfer occurs only if a design component used in a sketch
is also present in at least one of the examples bookmarked by a participant but not present in any
of the sketches they created before exposure to examples. For instance, if a participant bookmarks
example img—-001, which has a quantitative dependent variable encoded as size (qd—-size) and
the same encoding is used in a new sketch(sks) but not in any of the sketches they had previously
created. We record gd—size as a component that has been transferred from img—001 into sks.

We found 41 instances of idea t ransfer among 13 participants.

Higher schema similarity leads to more transferred ideas. We considered how the properties
of examples might influence the number and types of idea transfer by participants. For
instance, do higher , and scores lead to a decrease
in idea transfer? We fit a generalized linear model to evaluate how the number of ideas
transferred (dependent variable) is affected by the curated example set’s properties (independent

variables).
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Our results show a significant effect between and the number of transferred
ideas (d = 6.38, p = .02). These results indicate that it is likely that a unit increase in the
of curated examples will result in an increase of 4.08 in the number of transferred

ideas. We find no significant results for or

Section S Summary.

We explored what and how factors such as the timing of example introduction and the

properties of curated examples influenced design outcomes. Our findings show that:

* When examples are introduced after initial brainstorming of ideas, designers are likely
to produce more designs and use a wider variety of visualization components in their
designs.

* Designers who curated more examples resembling their target data schema tend to copy
more ideas from examples.

We acknowledge that due to the small population of designers in this exploratory study,

further research is needed to validate the generalizability of these results. We discuss the

implications of these findings for future work in section 4.7.

4.6 Why and How Designers Incorporate Examples

In this section, we present the results of our qualitative analysis to understand designers’
behavior during the experiment and their rationale for using examples. Two coders independently
coded video recordings of our interviews, capturing participants’ utterances related to the design
process. One of the coders consolidated these codes, organizing them into clusters and then

refining these clusters to identify emergent themes. Due to space considerations, we focus on
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Figure 4.7: A depiction of the forms of idea transfer identified in sketches produced by three
participants who bookmarked the same example. In design replication, the entire example is
copied, whereas, in partial transfer, participants copy either encodings or styles from the example.
two key themes from our analyses: the features influencing example usage and the forms of

idea transfer. We also present a review of infeasible designs and participants’ reflections on

implemented designs.

4.6.1 What Example Features Influence Designers?

4.6.1.1 Features that attract designers to examples

Relatedness and uniqueness of the data presented in the example. The primary rea-
son expressed by participants for choosing examples was the relationship between the data they
wanted to present and that which is present in the examples. Participants often chose examples
that were compatible with their data (n=6) or the examples presented the same data in a unique
(n=3) or different way (n=6).

Similarity in visualization tasks. Participants also selected examples that support similar task/s]
(e.g., comparison, trend) to the task they were trying to present (n=7). P11, when looking at an
example of a ridge-line plot (img—041) remarked “...this is something which we could leverage

to try and distinguish the worst 5 years in terms of the temperature...l like this. This is like a
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combination of exactly comparison and annotation.”

Similarity of design to prior ideas. Certain participants were interested in how close the visu-
alization design was to designs they had already created. All but one of the 6 participants who
expressed this sentiment had seen examples only after brainstorming ideas. These participants
were attracted to examples not just for design similarities but also to see if the examples had
additional design elements that could improve their original ideas. For instance, when P17 en-
countered img—10, they said, “Oh, this is like exactly what I did. Did they do anything better?
They have annotations, ... instead of trying to put them on the Y-axis, they put a percentage of the
total. That’s kind of useful.”. P17 then proceeded to sketch out a new design that incorporates

img-010. This revised sketch can be seen in Figure 4.7b.

Visual Composition. Participants also expressed that they were influenced by the composition of
design elements used in the examples (n=23). These include the overlay of multiple visualizations
in a single chart (n=6) or encoding choices used in the design (n=2). Participants were also drawn
to the use of annotations (n=6), layouts of marks (n=4), color schemes (n=3), and general design

aesthetics (n=2).

4.6.1.2 Features that deter designers from examples

Confusing designs. Participants reject examples if they have difficulty understanding what
is being presented in the visualization (n=9). Participants described these examples as being “too
complex”-P28, “confusing”-P10, P9, P28, or “unreadable”-P25. Sometimes, the confusion
may stem from a lack of clarity on how to apply the example to their data. For instance, P20

remarks on img-001 “I’m just worried that since temperature anomaly goes negative. That
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would confuse people a little bit. so I would have to find another way to show that...”

Incompatibility with data. We observed that participants would reject example designs if the
example is incompatible with the data they are working on. For instance, participants rejected
examples if they had different data types (n=>5) or if they felt the design would not represent tem-
poral data properly (n=3). Participants would also reject examples if they could not mentally map
the data they had to the data encodings (n=6). This could be because some data transformations

must be performed to format the data or introduce new variables.

Lack of inspiration. Finally, designers may reject the examples if they find the designs unin-
spiring (n=10). Participants often describe these designs as “not helpful”. Participants expressed
that they found designs to be uninspiring when they were too similar to the ideas they had al-
ready brainstormed or were designs they had encountered a lot. One participant said, “I’ve seen
this visualization or similar visualization before. I don’t tend to see as much value in this as the

visualization we just did [referring to their sketch]” -P15

4.6.2 Forms of Idea Transfer

We were interested in understanding how designers transferred ideas from examples into
their designs. We evaluated the 41 instances of idea transfer we identified in section 4.5.3 and
reviewed notes taken during the experiment. Qur observations reveal two forms of idea transfer.
Partial Idea Transfer. We observed that participants selected individual features from one or
more examples to incorporate into their designs. This behavior has been observed in earlier work
where visualization designers describe selecting and merging ideas into their designs [15]. Here,

we distinguish between features that specify the parameters for binding data to graphical com-
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ponents i.e., encodings (visual encodings and marks), and those that focus on the presentation
of these features within the sketch, i.e., styles (layout, composition, and annotations). We found
23 instances of idea transfer, which involved participants copying encodings from examples into
their sketches. We call this encoding level transfer, and an example of this can be seen in Fig-
ure 4.7c where a bookmarked example (img—010) has encoded the total deforested land as the
size of the bars (qd—size) which participant P18 copied to denote the total deforested hectares
in their sketch. We found 18 instances of style-level idea transfer in our participants’ sketches.
The most common form of style-level transfer was copying text and shape annotations as shown

in Figure 4.7c.

Design Replication. We observed situations where participants copied entire designs from ex-
amples. In this form of idea transfer, participants replicated examples, only substituting the data
used. An instance of this is shown in Figure 4.7b where P17 copied example img-010. 13
participants engaged in this behavior, producing 21 sketches where entire designs were repli-
cated. Participants often remarked interest in these designs because the examples presented data
in clever, useful, and appealing forms they hadn’t considered. For instance, P22, who copied
example img-012 remarked: “It’s an interesting way of visualizing color, making it appealing
to the eye and interesting to look at... That’s pretty visually interesting. It almost looks like moun-
tains and sunsets”. Two participants recalled examples they had seen in the past which were not
part of the stimuli corpus and replicated these examples. This behavior of long-term recollection

of examples has been reported in prior work [15, 133].
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4.6.3 Reflecting on Implemented Designs

As part of our experiment, we implemented a subset of the design sketches created by par-
ticipants. We present our observations on the feasibility of these designs as well as participants’

reflections.

Infeasible Designs. A total of 64 designs were selected by participants, for implementation.
However, not all designs selected by participants were successfully implemented; we classify
these as infeasible designs (n=7) and successfully implemented designs as feasible designs (n=57).
We find that a mismatch between the intended visualization form and the data primarily caused
infeasible designs. An example of this type of mismatch is when P2 wanted a Sankey diagram
that showed the flow of crop oil production to the total land used for the specific crop and the
total deforested land, faceted by a grouping of years (before and after 1996). Given the dataset
provided to this participant, the data transformation needed to prepare the data for this design
was impractical as the data provided to them for the causes of deforested land did not include
association with the crops. We also observed 3 cases of infeasible designs resulting from partic-
ipants using data not provided in the dataset to create their designs. For example, P21 wanted
to contrast temperature change influenced by human activity with expected temperature change
without human influence. Overall, these infeasible designs reflect a lack of understanding of data
constraints and abstractions, echoing observations made by Bigelow et al. [28]. All infeasible

design sketches are included on OSF.

Reflections on implemented Designs. In follow-up interviews, participants were surprised to
find that the implemented versions of their designs differed from their original sketches. For

some participants, this unforeseen difference was positive (n=6) because the perceived data dis-
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tributions or changes were not as drastic as they thought. For others, these differences highlighted
design issues they had not considered, such as plotting two attributes with different domains on
the same axis. Some participants described their designs as distracting (n=4) or too complex

(n=4) or inappropriate for the given task (n=3).

4.7 Discussion

This chapter presents an exploratory study addressing critical questions about the influence
of examples on design outcomes. Our investigation reveals that the data schema similarity and
timing of example introduction significantly impact how designers curate and extract ideas from
examples. We also uncover insights into designers’ rationale for selecting examples and how
ideas are incorporated into designs. We present discussions on implications for visualization
designers, future research directions, and the limitations of our study.

Enhancing design diversity with timed example introduction. A major finding of our work
is that delaying the introduction of examples increases both the number and variety of designs.
Our observations on the influence of the delayed introduction of examples contribute to ongoing
debates in the design community. We demonstrate a positive influence on delayed example intro-
duction, supporting other works that have observed similar positive effects [144,194,202]. Build-
ing on this insight, designers may benefit more from using examples after initial brainstorming
rather than to jumpstart the design process. This approach expands the space of explored ideas,
allowing them to merge new concepts and reduce fixation. Furthermore, data visualization ed-
ucators can adopt this strategy by delaying the use of examples during class exercises, allowing

students to brainstorm first before incorporating variations from examples.
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Considerations for incorporating example properties into designs. Participants often noted
a mismatch between their initial design sketches and final implementations due to data-task in-
compatibility and overly complex or confusing designs. This issue was especially pronounced
for those who fixated on certain examples and tried to force their data to fit those examples. It is
important that when using examples, designers first evaluate example property dimensions such
as data compatibility, visualization components, and design complexity. Understanding the inter-
actions of these properties and their impact on design feasibility and comprehension could lead
to more appropriate idea transference and better design outcomes.

Investigating emergent factors. Based on our analysis of participants’ rationale for choosing
examples, we find 3 new factors that researchers had not previously evaluated: the similarity of
visual tasks, prior design ideas and preferences, and the visual composition of designs. Future
work is needed to investigate how to capture these properties and measure their potential influ-
ence on design outcomes. This is particularly important for eliciting design preferences, as we

observed during our study that designers struggle to verbalize their design intent.

Developing metrics to quantify example properties. As part of our analysis, we needed to de-
velop metrics to quantify the properties of selected examples in terms of their topic and schematic
relatedness to datasets, as well as the diversity of designs. We did not find sufficient guidelines in
the visualization literature on developing such metrics, especially for the diversity of designs. In
this work, we rely on the underlying visual and data components to generate scores and opt for
simple methods for metric calculation. However, these techniques are exploratory and based on
intuition. More work is needed to evaluate new methods for measuring design diversity.

While developing the code book for identifying the components of designs, we also found
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gaps in the literature on taxonomies for describing the layout of marks within a visualization. As
a result, our codes for evaluating the layout of visual designs may not be comprehensive as we
had to survey a limited set of literature to extract these codes. We encourage the visualization
community to look into how we can develop more comprehensive taxonomies for visualization

layouts.

Analogical Inspiration for Visualization Design. In this study, we focus on understanding how
existing visualization examples influence design outcomes. However, inspiration for designs is
not restricted to visualization examples but can also come from artifacts found in nature, art, or
physical objects around us. Prior research has shown that examples from fields not closely related
to the design task influence the novelty and quality of design outcomes [31,32,47]. These works
show the potential of augmenting ideation with analogical examples to promote the creation of
new and unique concepts. Untangling the influences of analogical inspiration on visualization

design outcomes is an interesting direction for future research.

Studying design iterations. During the experiment, we asked participants to sketch the design
ideas they generated as they explored the dataset and stimuli examples. These design sketches
are the by-product of the brainstorming exercises and represent the first iteration of visualization
designs. Prior work has identified that visualization design requires multiple iterations before a
final design is produced [209]. Our work only captures the first iteration of the design process; fu-
ture work could consider a long-term study design where the experimenter and participants could
implement and iterate on multiple designs. Nonetheless, our results present novel perspectives
on using examples during the design process. Since we have identified that a delay in introducing

examples significantly increases design ideas, future work can explore using examples to support
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the different design stages. For instance, as a designer creates a visualization design, can we pro-
vide suggestions of alternative designs that may be more suited for their selected data attributes

and assumed design task?

4.7.1 Limitations of Our Study

We acknowledge that our choice to limit participants to only 50 curated examples intro-
duces limitations to our study design as it does not accurately reflect the real-world example
search process for designers. However, we had to make concessions to have our study design
be as close to Smith et al.’s protocol as possible. Additionally, both design scenarios in our
work are about communicating insights, and we did not study the influence of examples on the
design of visualizations for data exploration or analysis. Visualizations often need to be interac-
tive to support analytic tasks. Quantifying and evaluating interaction design is beyond the scope
of this work, and future research is needed to investigate this interesting direction. Finally, we
considered the participants’ design experience based on their years of experience creating data
visualizations. However, this is not a comprehensive measure of design experience. Our future

work will examine the development of more robust measures of design experience.

4.8 Summary

In this chapter, we present a controlled experiment to address critical questions about the
influence of examples on design outcomes. We find that delaying the introduction of exam-
ples increases both the number and variety of design ideas and that the extent of idea trans-

fer—whether partial (encoding or style) or full replication—depends on data-schema similarity.
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We also identify key factors guiding example selection, including underlying visual tasks and
design compositions, and introduce quantitative metrics to measure these effects, such as data
schema similarity and idea transfer. Ultimately, this chapter uncovers the dynamics between ex-
amples and design outcomes by establishing the key factors that drive the quantity and variety
of design ideas generated and ideas copied during example-aided ideation. Fulfilling the second

goal of this dissertation on measuring the example-aided design process.
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Chapter 5: Ideation Strategies in Example-Aided Visualization Design

5.1 Introduction

During ideation, the breadth of a designer’s exploration of exemplar artifacts directly im-
pacts the outputs of their ideation process [141, 195, 216]. For instance, prior work has found
that a wide exploration leads to increased novelty and design variety [47], whereas a narrow
exploration may lead to fixation [159]. Yet, little is known about the behaviors and strategies em-
ployed by designers to explore, filter, browse, and manage relevant examples during an ideation
task. This gap limits our ability to develop effective support for key tasks that designers engage
in during ideation. For example, identifying strategies that lead designers to produce designs
with higher variation can inform the development of interactive tools for design retrieval and
recommendation, towards fostering more diverse and creative outcomes.

This chapter addresses this gap by presenting an analysis of designers’ behavior data during
example-aided ideation from chapter 4, where we investigated the influence of examples on
design ideation [15]. In this chapter, we shift our focus to understanding the process of example
exploration during data visualization design ideation. Specifically, we aim to answer two research

questions:

RQ1: What are the common example-aided ideation strategies used by participants, and
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how are they influenced by the timing of example introduction?

RQ2: What relationships exist between example ideation strategies and design outcomes,

specifically regarding the quantity and variety of designs produced?

During example-aided ideation, a designer may engage in a series of actions such as search-
ing, browsing, and curating examples or sketching ideas [106, 107, 124]. Consequently, an
ideation session consists of a sequence of such actions, which can be recorded as time-stamped
logs. This work utilizes event sequence analysis techniques on participants’ actions to uncover
patterns and characterize strategies. We identify five key actions in the ideation processes: (1)

examples based on the dataset properties, topics of interest, visual elements, and tasks, (2)
browsing through retrieved examples, (3) inspecting specific examples, (4) curating interesting
examples, and (5) design ideas.

To answer RQ1, we first focus on the actions and the criteria participants utilize to
query the examples to understand how the selection criteria evolve over time and how the timing
of an example’s introduction potentially modulated what criteria they utilized. We then examine
all five types of actions, focusing on the frequency and duration of each action as well as dif-
ferences in action subsequences between different timing conditions. Our findings indicate that
participants initially anchor their filtering on either data or topic-related terms. Those who saw
examples at the start of brainstorming branched out earlier and engaged more broadly, while those
who encountered examples later adopted a deeper, more selective data-focused approach. Addi-
tionally, early exposure to examples led to more frequent filtering and longer browsing cycles,
whereas later exposure prompted more deliberate filtering and focused inspection of individual

examples.
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Figure 5.1: A screenshot of the web interface used to instrument the example-aided ideation
process. The interface contains a filter panel (A), a search bar (B), and a main view to explore
relevant examples (C). Participants can click on “example source” to expand individual examples
(F) and toggle (D) to bookmark relevant examples. (E) and (G) are used to review bookmarked
examples.

In our analysis for RQ2, we grouped participants based on their design outcomes—the quan-
tity and variety of sketches produced—and then re-examined the emergent strategies for their
ideation process. We find that consistent anchors and flexibility in filtering strategies are associ-
ated with higher design quantity and variety, respectively. Furthermore, inspecting and filtering
actions are key to design outcomes: designers with high sketch quantity rely on intensive in-
specting mixed with thoughtful filtering, whereas those with greater design variety engage in
more diverse, inspecting-focused sessions.

Our work contributes a novel application of event sequencing techniques to understanding
example-aided ideation. Furthermore, we present a characterization of the ideation strategies that
lead to improved outcomes for data visualization design.

In the experiment detailed in chapter 4, participants were provided with 50 stimuli exam-
ples that they could browse to identify relevant or inspiring designs. These 50 examples were

manually curated from online blogs and resources such as Our World in Data ! and Information

1Our World in Data
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Figure 5.2: An overview of our operationalization of the operations and actions involved in the
example-aided ideation activity.

is Beautiful 2. To instrument the example browsing process, we provided participants with a web
interface to filter and browse through the stimuli examples (see Figure 5.1). Using this interface,
participants could either select or type provided tags to filter examples (Figure 5.1 A & B). Once
tags are selected, the interface updates the main view (Figure 5.1 C) to present examples that
match the tags selected by the participant in a grid view. Participants can then scroll through the
presented designs, hover over each example, view a short description of the example, or view
an enlarged version of the example (Figure 5.1 F). Once participants find an inspiring example,
they can toggle the bookmark icon (Figure 5.1 D) to bookmark that example. We also provided
a bookmark panel that participants could open to review bookmarked examples (Figure 5.1 E &

G).

5.2 Operationalization of Example-Aided Ideation

In the experiment detailed in chapter 4, participants were provided with 50 stimuli exam-

ples that they could browse to identify relevant or inspiring designs. These 50 examples were

2Information Is Beautiful
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manually curated from online blogs and resources such as Our World in Data * and Information
is Beautiful *. To instrument the example browsing process, we provided participants with a web
interface to filter and browse through the stimuli examples (see Figure 5.1). Using this interface,
participants could either select or type provided tags to filter examples (Figure 5.1 A & B). Once
tags are selected, the interface updates the main view (Figure 5.1 C) to present examples that
match the tags selected by the participant in a grid view. Participants can then scroll through the
presented designs, hover over each example, view a short description of the example, or view
an enlarged version of the example (Figure 5.1 F). Once participants find an inspiring example,
they can toggle the bookmark icon (Figure 5.1 D) to bookmark that example. We also provided
a bookmark panel that participants could open to review bookmarked examples (Figure 5.1 E &
G).

During the experiment, we collected timestamped logs of participants’ interactions within
the interface. This includes interactions such as hovers over examples, button clicks, toggles, and
chip selections. Motivated by Activity Theory [148] and Gotz and Zhou’s characterization of vi-
sual analytic activities [82], we operationalize a hierarchical structure of the data for our analysis
to capture the activity, actions, and operations participants engage in during the experiment.

Individual event logs collected during the experiment represent the operations that par-
ticipants were engaged in. These low-level operations can be classified into five semantically
meaningful actions: , browsing, inspecting, curating, and . The actions in turn
constitute the example-aided ideation activity participants were engaged in during the experi-

ment, which is the focus of our analysis in this work (see Figure 5.2). Below, we contextual-

30ur World in Data
“nformation Is Beautiful
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ize the connections between the five actions and underlying operations participants engaged in
during the example-aided ideation activity. Additionally, we discuss how each action reflects a
particular mental state that guides participants’ interactions and design process. An overview of

participants’ ideation actions can be found on OSF.

. Within the interface, participants could add and remove tags to query a subset of the
50 stimuli examples. These operations of adding and removing tags constitute a filtering action,
which corresponds to the mental state of querying for examples. In this state, participants are
actively refining their search criteria to surface relevant examples that align with their evolving
design goals. To facilitate this filtering action, each stimuli example was assigned a set of tags
that describe metadata about the constituent visualization design based on the four search criteria

designers utilize during example search [15], which we refer to as “tag groups”:

: These tags describe the characteristics of the underlying dataset used to construct
the visualization example, such as the data type (e.g., “categorical”, “numeric”) or the
number of encoded variables (e.g., “three or more variables”).

. : Tags were assigned to capture the main topic being presented in the example. For
instance, a visualization presenting data on the net change in forest area measures received
the tags “climate” and “geographic”.

. : We also assigned tags to capture the visual elements utilized in the visualization,

such as marks (“bar”, “line”, “point”), layouts (e.g., “stacked”, “grouped”), and annota-

tions.

. : We assigned tags to capture the inferred intent of the visualization based on Amar et

al.’s taxonomy of low-level analytical tasks [9]. For instance, a visualization showing 200
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years of immigration to the United States from different parts of the world was annotated

with the tags “comparison” and “trend”.

Browsing. Participants can casually scrol1 through and hover over each example shown in
the main view. Each hover operation was logged, with the sequence of hovers captured as a
browsing action. This browsing action reflects a mental state of exploration, where participants
are actively scanning and gathering inspiration from examples. During this exploratory state,
participants may refine their understanding of the design space before committing to an idea or

Strategy.

Inspecting. During the course of browsing through examples, participants can choose to target a
specific example by c 1 i ck ing on the ellipse to view the example description or on the example
source to see an expanded view of the example. These two operations delineate an inspecting
action, which indicates a deeper engagement with a specific design to internalize an example. By
carefully examining a specific example, participants may evaluate its components and decide to

integrate aspects of the design into their own design ideas.

Curating. Once the participant identifies an inspiring example, they can choose to toggle the
bookmark icon to either add or remove a bookmark. Additionally, during the course of the
browsing session, participants can open the bookmark modal to review examples that have been
bookmarked. All operations involving adding, removing, and reviewing bookmarks are referred
to as curating actions. This action reflects the mental state of managing inspiring or relevant
examples, where participants actively organize and refine their pool of reference materials. By
curating examples, they create a personalized collection that aligns with their evolving design

ideas.
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. Participants were asked to sketch out design ideas as they explored examples. As
such, participants could spontaneously break from their interactions with examples to sketch out
design ideas. We manually annotated the start and end times for each of these recorded sket ch
operations, which constitute a sketching action. This action represents the mental state of exter-
nalizing ideas formed during the ideation process, allowing participants to translate their design
concepts into tangible representations. By sketching, they refine emerging ideas and iterate on

potential designs that solve their design task.

5.3 Analysis Methods

Our two research questions examine strategies in participants’ example-aided ideation ac-
tions across two axes: the timing conditions participants were assigned to (RQ1) and the proper-
ties of their design outcomes (RQ2). For our analysis, we examine similarities and differences in
ideation strategies for different cohorts of participants along two key dimensions: (1) the preva-
lence and evolution of example criteria and (2) the emergent patterns associated with all
five types of actions. We place a special emphasis on the analysis of actions because
they determine the space of examples participants engaged with during the ideation process. In
the following subsections, we provide a brief review of event sequence analysis for browsing

behavior and introduce our approaches to measure filtering and ideation strategies.

5.3.1 Analyzing Temporal Patterns in Browsing Behavior

Behavior data is inherently temporal. As such, event sequence analytics techniques and sys-

tems have been successfully applied to study user behavior across various domains. For example,
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TipoVis [85] analyzes social and communicative behaviors among children, helping developmen-
tal psychology researchers to identify overlapping behavioral events. Similar approaches have
also been applied to different contexts, such as online learning [50, 83, 145], collaborative writing
behaviors [52], web session logs [112], login and security session analysis [151], clickstream
data [118,120,230], and interactive visualization exploration [70].

These works illustrate the versatility of event sequence analysis in understanding complex
user behaviors, from consumer analytics to education and collaborative work. We extend these
techniques to examine design gallery browsing behavior, focusing on two key analytical objec-
tives: pattern exploration and cohort comparison. Pattern exploration identifies common brows-
ing strategies, while cohort comparison reveals behavioral differences across groups with varying
conditions or outcomes. Since existing visualization systems already support these tasks [232],
we adapt and repurpose these tools for our study.

Our approach integrates multiple complementary techniques with statistical analysis to
develop a comprehensive understanding of example-aided ideation behavior. COCO [131] in-
tegrates visual analytics and statistical testing for comparing event sequences across different
user groups. We apply COCO to identify statistically significant differences in the example-
aided ideation patterns between different groups of participants (e.g., participants exposed to
examples at different times). SentenTree [100]—originally designed for analyzing social media
text—creates a graph-based representation while preserving linguistic context. Zinat et al. [233]
adapted SentenTree for event sequence data, using a summarization algorithm to identify fre-
quent subsequences and represent them as a connected graph. SentenTree reveals how behavior
patterns branch and evolve over time. We utilize Sententree to study the evolution of user filtering

actions during example-aided ideation.
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5.3.2 Example Filtering Strategies

All participants performed 690 filtering actions in total. One participant did not engage in
any filtering actions, and data for this participant was dropped from the analysis. However, the
selection of tag groups is not mutually exclusive—tags from multiple groups are often used in
conjunction for filtering. As such, we were interested in understanding how participants com-
bined and navigated through tag groups over the course of their filtering actions. We chose to
focus on higher-level tag groups rather than low-level tag values as this approach offers a clearer

representation of participants’ filtering strategies.

Tag-Group States: Since selected tag groups are not mutually exclusive, there are 16 possible
states (shown in Figure 5.3) that capture the set of selected tag groups at any time. We analyze
the frequency distribution across all 16 states, including repeated visits to the same state. We
perform Chi-Square tests for homogeneity on the frequency distributions to identify states with

statistically significant frequencies.

Tag-Group Evolution: To identify emerging patterns in participants’ filtering actions over the
course of the experiment, we filtered out non-filtering actions to isolate each participant’s sequen-
tial filtering actions. We analyzed how their filtering actions evolved over time and conducted an
assessment of the selected tag groups using a re-implementation of SentenTree [100] for event se-
quence data developed by Zinat et al. [233]. For our comparison of transition evolution across the
timing conditions, we adjusted the support value to ensure a minimum of two sequences are in-
cluded in each reported pattern (overall=0.05, start=0.1, delayed=0.1). Our analysis of tag-group
evolution is qualitative and intended to complement our quantitative findings. In the following

sections, we offer a descriptive overview of tag evolution, and detailed snapshots can be found
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on OSF.

5.3.3 Example-Aided Ideation Strategies

We identified five high-level actions in section 5.2. To identify emergent strategies in par-
ticipants’ actions during example-aided ideation, we aggregate consecutive events of the same
action into “bursts”, defined as a continuous period spent on a single action before transitioning
to another. For instance, if a participant explores several examples through repetitive hover
operations, we merge them into a single browsing burst. For the remainder of this chapter, we

refer to these “bursts” simply as actions. We perform the four key analyses detailed below.

Action Frequency: To measure the prevalence of different action types, we count the frequency
of each action among participants. We perform Chi-Square test for homogeneity of variance on

the action frequencies to identify statistically significant differences across cohorts.

Duration of Action: The duration of each action reveals how participants allocate their time dur-
ing the example-aided ideation session. We analyze action durations to compare typical engage-
ment time for each action burst while controlling for the 15-minute difference in total example-
aided ideation time between participants in start and delayed timing conditions. Note that this is

different from the total time spent per action across the entire session.

Action Transition Frequency: We analyze transitions between consecutive actions to capture
how participants switch between different tasks during ideation. Statistical comparisons of action
transitions across cohorts posed methodological challenges. With five browsing actions and 20
possible transitions (excluding self-transitions), many transitions were rare or absent, violating

chi-square test assumptions. For example, the —inspecting transition was entirely absent

103



Frequency Distribution per State
Start Delayed
Blank
Task
Visual
Topic
Data
Task + Visual
Topic + Task
Data + Task
Topic + Visual
Data + Visual
Data + Topic
Topic + Task + Visual
Data + Task + Visual
Data + Topic + Task
Data + Topic + Visual
Data + Topic + Task + Visual

60 50 40 30 20 10 O 0 10 20 30 40 50
Frequency Frequency

Figure 5.3: Frequency distribution across all 16 states by timing condition. The “Blank” state is
a state where no tags are selected.

in the start condition. Given these constraints, we adopt a descriptive approach, calculating
transition frequencies and percentages within each condition.

Action Subsequences Comparison: Using COCO [131], we analyze n-gram action subse-
quences (length 2—-10) to identify recurring ideation patterns, considering significant subsequences

at p < 0.05.

5.4 RQI: Effect of Timing on Ideation Strategies

To investigate whether the timing of the example introduction influenced ideation strategies
(RQ1), we conducted an analysis of participants’ actions across the start and delayed timing
conditions. We summarize our key findings below. We refer readers to our OSF repository for a

full report of all the analysis results.
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5.4.1 Filtering Strategies

We found that participants primarily interacted with tags in the (n=336) and
(n=332) tag group categories. This was followed by the (n=254) and (n=191) tag
groups. The tag group associated with the first filtering action is overwhelmingly the tag
group. 25 participants started with -related tag groups, while 5 began with , and 1
with . As each participant progressed through their example ideation session, we observed
an “anchoring strategy”, where participants anchor on the initial tag group they selected (i.e.,

or ) and repeatedly cycle through the tags within the same group. Later in the session,
participants begin adding or removing tag groups while keeping the anchor group selected. Many

participants incorporate tag groups only near the end of their example ideation.

Wider vs. deeper exploration patterns There were a total of 690 filtering actions; 381 of these
actions were by participants in the start condition, while the remaining 309 were by the par-
ticipants in the delayed condition. While participants in the delayed condition had less time to
interact with examples, they generated only 18.6% less filtering actions as their counterparts in
the start condition who had access to examples 15 minutes earlier.

A ChiSq test for homogeneity on the frequency distribution across all 16 states (Figure 5.3)
revealed a statistically significant difference with a medium effect size between the start and
delayed conditions (y? = 107.39,p < .01,df = 15,V = 0.4). Specifically, we find that partici-
pants in the start condition had higher frequencies for the state (adjusted standard residuals
(z) = 2.37,p < .01). On the other hand, participants in the delayed group had higher frequencies

for + (z =2.38,p < .01) and + + (z=4.83,p < .01).

105



These results indicate that the timing of the example introduction potentially impacted
which tag groups participants focused on. Furthermore, we observed that participants in the start
group had a much broader exploration of the filtering tag space, with four core branches emerging
after a max of 3 filtering events. On the other hand, participants in the delayed condition had a
much narrower exploration of the filtering tag space, with branching happening much later in
their filtering events. Participants in the delayed condition were also particular about when they
engaged with certain tags. They had very little engagement with the tag group when at most
two tag groups were selected, avoiding the + and + tag groups combinations

altogether (see Figure 5.3).

Dominant anchors emerge across timing conditions. In the delayed condition, participants pri-
marily utilized a -anchored filtering strategy (n=15). These participants expanded their se-
lected tag groups at different points to include (i.e., + ) and later on include

(i.e., to + + ) after a minimum of 2 filtering actions. In contrast, participants in
the start condition had 2 distinct anchors on (n=10) and (n=5) in their exploration
tree (see Figure 5.4). One participant utilized a -anchoring strategy. Participants who began
with the -anchored filtering had a similar expansion pattern to those in the delayed condition.
However, their tag group expansion advances beyond + + to include , leading
them to a state where all tag groups are selected. Participants in the start condition who anchored
on had less deviation in their exploration and also had shorter filtering operations than those
who focused on . Furthermore, we observed a recurring pattern among the -anchored
filtering, where participants frequently contracted to the blank state before adding another term

within the tag group.
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Figure 5.4: An example of filtering evolution over time. Presented in this figure are the filtering
activities of participants in the start condition, demonstrating dominant anchors on data and topic
tag groups.
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Figure 5.5: Action frequency and duration across different timing conditions

5.4.2 Ideation Strategies

In total, 1,413 actions of all five types were recorded during the ideation sessions. Of these
actions, 714 occurred in the start condition and 699 in the delayed condition, resulting in 1391
(1413 — 32) pairwise transitions across 32 participants (start = 698, delayed = 683).

Browsing is the most frequent action, accounting for nearly half of all actions, whereas

is the least common (Figure 5.5a). As shown in Figure 5.5b, action durations are
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Figure 5.6: Transition distribution for start and delayed timing conditions.

heavily skewed, with mean values often more than twice the median, indicating a long tail of
outlier bursts. The overall duration of all action categories showed significant deviations from

normality (Shapiro-Wilk test). Among the actions, sketching is the longest, while curating is the

shortest.

Timing condition affects action frequency and duration A Chi-Square test (y?> = 16.01,p —

value < 0.01,df = 4,V = 0.11) revealed significant differences in action frequency distribu-
tions across conditions, though with a small effect size. Adjusted standardized residuals (z) iden-
tified significant differences for inspecting (z = 2.78, p — value < 0.01), and filtering (z = 2.52,

p < 0.05). The frequency distributions across timing conditions are shown in Figure 5.5a.

A Mann-Whitney U test on action durations showed statistically significant differences
in browsing (U = 63609.5,p < 0.001), filtering (U = 5077.5,p < 0.05), and curating (U =
3013, p < 0.05). Duration distributions for both timing conditions are shown in Figure 5.5¢ and
Figure 5.5d.

Start condition participants primarily focused on looking for examples Participants who saw

examples at the start of their ideation session perform filtering more frequently than participants
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in the delayed condition (start = 18.3%, delayed = 13.5%) as shown in Figure 5.5a. Their
dominant transition features frequent browsing < alternations, making up 35.8% of
their transitions (Figure 5.6a).

Subsequence analysis shows they repeatedly refine search criteria and then browse through
resulting examples. They are also six times more likely to iterate between and browsing
before curating. The subsequence “browsing— — browsing— — browsing—

— browsing— curating” appears in 37.5% of start condition participants vs. 6.25% of
delayed. They also have longer browsingactions, with a 57.5% longer median duration compared
to those in the delayed condition (13.7s vs 8.7s). These findings suggest that early example

availability encourages more frequent filter refinement and iterative browsing.

Delayed condition participants primarily focused on examining examples Participants in the
delayed condition participants spend less time per browsing action and have a higher frequency
of inspecting actions (start = 21.6% vs delayed = 15.8%). This emphasis is evident in their
transition patterns, where browsing < inspecting transitions make up 39.1% of all transitions
(Figure 5.6b). These participants also demonstrated 25% faster curating.

Interestingly, while participants in the delayed condition performed fewer actions
overall, they spent significantly more time per operation (median = 6.6s vs. 4.8s; a
37.5% increase). These findings suggest they were more deliberate and thoughtful when adjusting

criteria, likely searching for specific examples that aligned with their already-formed

design concepts.
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5.5 RQ2: Quantity of Designs

In our initial experiment, we examined three metrics to assess participants’ design out-
comes: the quantity and variety of sketches all participants produced, as well as the ideas trans-
ferred from examples into sketches [16]. Since idea transfer can only be measured for participants
in the delayed condition, we choose not to include it in our RQ2 analysis. As such, for RQ2, we
focus on how the guantity and variety of design sketches produced by participants differ based
on the filtering and ideation strategies they use. Below, we present the results of our analysis to
understand how example filtering and ideation strategies differ based on the quantity of sketches

generated.

5.5.1 Cohort Overview

Overall, participants produced an average of 4.0 (sd = 1.8) sketches. We first group partic-
ipants into 3 cohorts based on the quantity of sketches they produced: Low, Medium, and High.
These cohorts were created by calculating the average number of sketches and their standard
deviation, then using half a standard deviation as the threshold. Participants with sketch counts
below (mean — 0.5 x sd) were categorized as Low, those above (mean + 0.5 x sd) as High, and
those in between were classified as Medium. Details on participant cohorts for the quantity of
sketches can be found in Figure 5.1. In this section, we use Ly, M,, and H, to refer to the low,
medium, and high cohorts in sketch quantity. Similar to our analysis in Section 5.4, we explored

the example filtering and ideation strategies used by different participant cohorts.
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Table 5.1: Participants split for quan- Table 5.2: Participants split for variety

tity of sketches. of sketches.
Cohort Sketches Participants Cohort Variety Participants
Low <3 g:lrc:yzedl (i 5 Low <76 lS)tZl}Zy:cZ =3
Medium 4 — 5 gZZ; 5 e Medium 7.6 — 10.6 IS;ZZ;;: 5
High  >6 g’ZZ;dlz S High > 10.6 f)tjg;;: q

ﬂ :
- -
-:: 2
- % T
Quantity

Figure 5.7: Participant distribution across quantity and variety of sketches.

5.5.2 Filtering Strategies by Sketch Quantity

A consistent filtering anchor yields more sketches The Chi-Square test for homogeneity on
the frequency distribution for all tag group states across the low (L,), medium (},), and high
(H,) cohorts produced a statistically significant difference with a moderate effect size (x* =
172.32,p < 0.01,df = 30,V = 0.35). Results for states with statistically significant differences
across all cohorts are shown in Table 5.3, while frequency distributions are shown in Figure 5.8.

Our qualitative evaluation of tag-group evolution reveals distinct filtering patterns across
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Frequency Distribution per State by Sketch Cohort
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Blank
Task
Visual
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Data
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Figure 5.8: Frequency distribution for the quantity of sketches cohorts.
cohorts. In the L, cohort, 73% (n=11) participants started their exploration with a -anchored
strategy. We observed some participants in the anchored strategy switched their anchor to
or anchors, oscillating between the blank state and these anchors for a minimum of
18 filtering actions. A similar pattern was also observed for the four participants in the L, cohort
who started with a -anchored strategy. In contrast, in the M, and H, cohorts showed less

oscillation in their anchors. Notably, the H, cohort contained two additional branches where

Table 5.3: Significant differences across quantity cohorts for tag states. z-scores are shown only
for significant results (*).

State Ordering Z-scores
L,(z=2.2,p<.01)
M,(z=—-2.7,p < .01)
. . M, (z=56,p<.01
" Mg > Hq > Ly qu(i« — 26,p< .0)1)
H,(z =4.5,p < .01)
M,(z=-3.3,p < .01)

L: > Hy > M}

* *
+ + H;>M,> L,
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participants remained in their initial anchored strategy and gradually expanded their filtering

criteria to include all tag groups added. The complete overview of tag-group evolution for each

cohort is included on OSF.

Overall, these results highlight a pattern of repeated switching between anchors for partic-

ipants in the L, cohort and demonstrate that a consistent anchor with progressive expansion of

the filtering space is potentially associated with higher sketch production.

5.5.3 Ideation Strategies by Sketch Quantity

Table 5.4: Comparison of ideation strategies by quantity of sketches.

Characteristic Low Quantity of Sketches Medium Quantity of Sketches High Quantity of Sketches
Primary Strategy )
Filtering-dominated Curating -focused Inspecting-intensive
Filtering Actions Significantly more frequent  Significantly less frequent Moderate frequency (13.2%) but
192%;2 = 3.2,p < .01) (12.9%;z=-2.1,p < .01) 1.7 x longer duration than Low (8.6s

with the shortest duration (4.9s
median)

median)

Inspecting Actions

Significantly less frequent
(16.1%,z = —2.4,p < .01)

Moderate frequency (18.3%) with
1.6 longer duration than other co-
horts (23.7s median vs. (L4 : 13.6s
and Hy : 14.8s))

Significantly more frequent

(25.3%,2 = 3.3,p < .01)

Browsing Duration

Moderate (11.4s median)

Longest (12.2s median)

Shortest (8.2s median), at least 27%
shorter than others

Dominant Transi-

tions

Browsing< Filtering(37.7%)

More balanced between Brows-
ing<+ Filtering (25.6%) and Brows-
ing<> Inspecting (34.1%)

Browsing<+ Inspecting(44.7%)

Secondary Transi- Lowest Browsing<«> Filter-
tions Browsing<+ Inspecting(29.1%) Browsing<»  Curating  (22.9%), ino(24.1%)
30% more than other cohorts N
Characteristic Sub-  Extended filtering-browsing chains ~ Methodical curating cycles with  Extensive browsing-inspecting
sequences with occasional inspecting thorough inspecting chains; distinctive  curating-
inspecting transitions (4.3% vs

0 — 0.6% in other cohorts)

Sample Significant
Subsequence

“Filtering— Browsing— Inspect-
ing—  Browsing—  Filtering—
Browsing” (53.33% vs 9.09% in
Medium)

“Browsing— Curating — Brows-
ing— Inspecting— Browsing— In-
specting— Browsing— Curating
— Browsing” (45.45% vs 6.67% in
Low)

“Browsing— Inspecting— Brows-
ing— Inspecting— Browsing— In-
specting” (83.33% vs 33.33% in
Low)

Differences in filtering, inspecting, and browsing across cohorts

The frequency distribution

of actions across quantity cohorts (see Figure 5.9a) is as follows: L,(n = 660), M,(n =
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465), H,(n = 288). A Chi-Square test (x> = 22.88,p < 0.01,df = 8,V = 0.09) revealed
significant differences in action frequency, with a small effect size. Adjusted standardized resid-
uals highlight the strongest contrasts in inspecting and behaviors (see Table 5.4).
Kruskal-Wallis H test to compare ranked action durations across quantity cohorts, reveal
significant differences in inspecting (H = 11.7,p < 0.01), (H =17.2,p < 0.05), and
browsing (H = 9.0,p < 0.05). Post-hoc Dunn’s tests with Holm correction identify specific
cohort differences (see Table 5.5). Median action durations across cohorts are shown in Fig-

ure 5.9b.

Ideation strategies shifts from to curating to inspecting as sketch production increases
As sketch production increases from low to high, participants demonstrate a clear evolution in
their example-aided ideation strategies, as shown in Table 5.4. Participants who generate a low
quantity of sketches predominantly employ a -heavy approach characterized by frequent
(Figure 5.9a) but brief actions (Figure 5.9b), with <browsing as their domi-
nant transition (Figure 5.10a). Their significant subsequences reveal extended -browsing
chains interspersed with occasional inspecting.

Participants who generate a medium quantity of sketches shift to a more curating-focused

Table 5.5: Statistically significant pairwise posthoc analyses results across quantity cohorts for
durations.

Action Ordering Significant Pairs

Hg — Lqg(p < .05)
Hg — Mg(p < .05)
Hy; > Mg > Lg Ly, — Hg(p < .05)
Mg — Lq(p < .01)
Mg — Hq(p < .05)

browsing Mg > Lg > Hyg

inspecting Mg > Hg > Lg
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Low 19.2 16.1 7.0 [l browsing

W
Med. 490 | 1.2 129 18.3 | 8.6 [Bmien
I filtering
High 46.5 101 = 13.2 PIREN) W inspecting
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(a) Frequency of actions in percentage.
browsing curating filtering inspecting sketching
curatin,
Med. 12.2 lo.s -5.3 -23.7 _102.1 ] ,ine,ingg
" M inspecting
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(b) Median duration of actions in seconds.

Figure 5.9: Frequency in percentage and duration of actions in seconds (logarithmic scale) for
each sketch quantity cohort

methodology with longer inspecting times (1.6x longer than other cohorts), and significantly
more browsing-curating transitions, as shown in Figure 5.9b. On the other hand, participants
in the high quantity cohort adopt an inspecting-intensive strategy with the highest proportion
of inspecting actions (Figure 5.9a), shorter browsing durations (Figure 5.9b), and distinctive in-
specting-curating patterns that suggest more deliberate assessment of interesting examples.
These results suggest that participants who generated a lower number of sketches invest in
recurrent refining of search criteria rather than examining examples in depth. On the other hand,
more productive designers may employ more systematic approaches to example-aided ideation:
less but deliberate query refinement and more thorough analysis of relevant examples. For de-
tailed comparisons of action frequencies, durations, transition patterns, and characteristic subse-

quences across quantity cohorts, please refer to Table 5.4.
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Figure 5.10: Action Transition distributions (dist.) for the quantity (row 1) and variety (row 2)

cohorts.

5.6 RQ2: Variety of Sketches

The second part of our analysis for RQ2 is to understand how the example filtering and
ideation strategies relate to the variety of designs. The variety of design sketches provides a
measure of the range of ideas produced by a participant. To assess variety, we calculated the
number of unique elements (e.g., visual encodings, marks, compositions) included in the sketches
produced by participants [16]. Overall, participants had an average design variety score of 9.1
(sd = 3.1).

We use the same grouping strategy described in subsection 5.5.1 to create low (Ly ), medium
(M,), and high (H,) cohorts for design variety. Figure 5.2 presents details for the variety cohort

population, and Figure 5.7 shows the overlap in participants between the quantity and variety

cohorts.
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Table 5.6: Significant differences across all variety cohorts (z-scores shown only for significant
results, marked with an asterisk).

State Ordering Z.-scores
. ., M,(z=2.97p<.01)
My>Ho>Ly o= 97 p< 01
H,(z =3.5,p < .01)
M,(z =—4.1,p < .01)

+ + HY> L, > M,

5.6.1 Filtering Strategies by Variety of Sketches

We also performed a Chi-Square test for homogeneity on the frequency of visits to each
state to evaluate if the tag groups that participants utilized to filter examples differed based on
the variety of produced designs. Our results show a statistically significant difference in the
transition frequencies across participants with low, medium, and high variety (x? = 223.36,p <
0.01,df =30,V = 0.41). We observed statistically significant differences in frequencies across
all cohorts for the only two states shown in Table 5.6. The frequency distribution across all states
is presented in Figure 5.11.

Our qualitative analysis of the tag-group evolution between the two cohorts reveals that
participants in the L, cohort typically remain in their initial chosen anchor (data, , or )
throughout the ideation process. Participants in the M, cohort exhibit similar filtering strategies
as participants in the low sketch quantity cohort who have a very narrow filtering pattern. On
the other hand, participants in the high variety (H,) cohort began with a -anchored filtering
strategy. Still, they switched anchors later in the ideation process, frequently oscillating between

and a blank state before switching to a cyclical or anchored filtering strategy.

These results suggest that a dynamic and evolving strategy that allows for flexibility in filtering

117



Frequency Distribution per State by Variety Cohorts
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Figure 5.11: Frequency distribution for all 16 states across the low, medium, and high sketch
variety cohorts.

strategies potentially leads to higher variety in design outcomes.

5.6.2 Ideation Strategies by Variety of Sketches

Similar to our analysis in section 5.4, we explored the example filtering and ideation strate-

gies used by different participant cohorts based on the variety of sketches they produced.

, inspecting, curating and browsing drive sketch variety cohort differences The action
distribution across variety cohorts is as follows: L,(n = 438), M,(n = 491), H,(n = 484).
A Chi-Square test (y? = 25.64,p < 0.01,df = 8,V = 0.10) revealed significant differences
in action frequency, though with a small effect size. Adjusted standardized residuals show the
strongest contrasts in inspecting and behaviors, similar to quantity cohorts (Table 5.8).

The Kruskal-Wallis H tests reveal significant differences in two actions: browsing (H =

7.18,p < 0.05) and curating (H = 7.39,p < 0.05). Post-hoc Dunn’s tests with Holm correction
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identify specific cohort differences (Table 5.7). Figure 5.12b and Figure 5.12a visualizes median

action durations and frequencies across cohorts, respectively.

Low and high design variety cohorts: shared inspecting-heavy ideation, different curating,
strategies Both L, and [, cohorts demonstrate similar inspecting frequencies (Figure 5.12a)
and dominant browsing < inspecting transition (Figure 5.10d, Figure 5.10f). However, they dif-
fer significantly in several key aspects. First, while both cohorts prioritize curating transitions
over , L, participants have 66% longer median curating duration (Figure 5.12b). Sec-
ond, L, participants engage in significantly less often, whereas H, participants filter
slightly more often. Third, [, participants have 25% shorter median browsing duration than
other cohorts (Figure 5.12b), and the most non-browsing transitions (Figure 5.10f), suggesting a
more varied ideation strategy. Finally, L, participants focus more on curating-browsing chains.
On the other hand, H, participants demonstrate extensive browsing-inspecting chains. Table 5.8
shows detailed comparisons of action frequencies, durations, transition patterns, and characteris-
tic subsequences across variety cohorts.
These findings suggest that L, participants demonstrate a curating-focused approach to
ideation. But they were they were less effective at translating these curated examples into design
elements. In contrast, [, participants’ indicated maintaining design variety through inspecting-

heavy approach with rapid browsing.

Table 5.7: Statistically significant pairwise posthoc analyses results across variety cohorts for
action durations

Action Ordering significant pairs
browsing My, > Ly, H, M, — Hy(p < .05)
curating L, > H, M, L, — Hy(p < .05)

>
>




Table 5.8: Comparison of ideation strategies by variety of sketches

Characteristic Low Variety of Sketches Medium Variety of Sketches High Variety of Sketches
Primary Strategy ) ) . . )
Inspecting and Curating -dominated -dominant Inspecting-heavy
Actions Significantly less frequent  Significantly more frequent = Moderate frequency (14.7%)

(11.9%; 2 = —2.8,p < .01)

(20.8%; 2z = 3.6,p < .01)

Inspecting Actions

Higher frequency (20.6%)

Significantly  less  frequent
(14.3%; z = —3.1,p < .01)

Significantly high frequency
(21.5%; z = 2.0, p < .05)

Browsing Duration

Moderate (median = 10.6s)

Longest (median = 13.1s)

Significantly shorter (median =
8.5s), 20% shorter than other co-
horts

Curating Duration

Substantially longer (median =
1.5s), 66% longer than other cohorts

Shortest (median = 0.8s)

Moderate (median = 0.9s)

Dominant Transitions

Browsing<+ Inspecting (38.6% of
transitions)

Browsing<+
transitions)

(40.3% of

Browsing<> Inspecting (38.0%
of transitions)

Secondary Transitions

Curating transitions exceed sketch-
ing by 1.5

Balanced proportion between cu-
rating  (16.7%) and
(16.9%)

Curating transitions nearly 2Xx
transitions

Non-browsing Transitions

Lowest (4.0% of transitions)

Medium (5.0% of transitions)

Highest (6.5% of transitions)

Characteristic Subse-  Extensive curating-browsing chains ~ Extended -browsing  Extensive  browsing-inspecting
quences chains chains

Sample Significant Subse-  “Browsing— Curating — Brows-  “Browsing— — Brows-  “Browsing— Inspecting—
quence ing— Curating — Browsing— Cu-  ing— — Browsing—  Browsing— Inspecting—

rating — Browsing— Inspecting”
(60% of Low vs. 10% of High and
8.33% of Medium)

” (83.3% of Medium vs.
30% of Low)

Browsing— Inspecting” (80% of
High vs. 33.3% of Medium)

Medium sketch variety cohort:

-focused ideation The M, cohort demonstrates a

-dominant approach to example-aided ideation, setting it apart from both H, and L, cohorts.

This cohort engages in frequently while simultaneously showing the lowest frequency
of inspecting actions among all groups (Figure 5.12a). Consequently, their interaction patterns
are heavily dominated by browsing < transitions (Figure 5.10e). M, participants also

exhibited extended -browsing chains. These repetitive chains often originated

early in ideation sessions. This suggests that while active helps participants explore

more examples, the most varied design outcomes may require a deeper inspection of relevant

examples.
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Figure 5.12: Frequency and duration of actions in seconds (logarithmic scale) for each variety
cohort.

5.7 Discussion

This study examines the strategies data visualization designers engage in during example-
aided ideation and how these strategies potentially differ based on the properties of designs par-
ticipants produced. The results of this work offer key insights into designers’ ideation process.

We discuss the implications of our findings for future work below.

Adapting timed introduction of examples to promote wider exploration and example in-
ternalization. The choice of when to introduce examples can alter how designers approach the
exploration process. In the start condition, where examples are available from the beginning of
the ideation process, designers tend to query a wide range of examples, engaging in more open-
ended filtering and longer browsing actions. This indicates that the space of examples explored
by these participants was much broader, but their interactions with the examples were more ca-
sual. Conversely, in the delayed condition, where designers have already begun skeiching before

seeing examples, their example filtering was more focused and anchored on dataset properties.
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Their ideation process was heavily interspersed by inspecting actions. This highlights that a de-
layed introduction of examples leads designers to engage in a more structured ideation process
with more emphasis on internalizing examples before deciding to use them. Visualization edu-
cators can consider timing the introduction of examples strategically in classroom activities to

promote broader or focused engagement with examples.

Filtering strategies and their impact on design outcomes. Our analysis reveals that
strategies potentially influence both the quantity and variety of sketches. A higher number of
sketches is linked to a stable, progressively expanding strategy, where participants begin with a
consistent anchor and gradually incorporate additional tag groups such as , , and

. In contrast, high design variety is associated with a dynamic process character-
ized by frequent switching between different anchors, mirroring the deliberate jumps in
example search space observed by Chan et. al. [45].

These findings suggest a potential tradeoff in strategies that promote high design
quantity and those that enhance high design variety. Notably, there are strong similarities between
the patterns across some cohorts. For instance, participants with low sketch quantity have
similar patterns as those with medium variety. Future work is needed to investigate if a
tradeoff truly exists between strategies that promote high sketch quantity and variety, as well as
to identify what strategies balance design quantity and variety.

Developing adaptive design tools and galleries. Our results indicate that there are ideation
strategies that are linked to both the quantity and variety of designs produced by participants.
For instance, participants who produced a high (H,) and low (L,) variety of designs both had

inspecting-heavy ideation strategies with dominant browsing<inspecting transitions. We also
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see that as sketch production increases, participants’ ideation strategies shift from being -
dominant (L,) to more curating-focused (M,) and inspecting-heavy (H,). Furthermore, when
comparing M and H,, we found fewer statistically significant differences in their action patterns
than in other pairwise comparisons.

These insights on the associations between ideation strategies and design outcomes can
be utilized for developing adaptive design tools that are capable of real-time monitoring of de-
signers’ strategies as they explore examples or create designs. By detecting suboptimal pat-
terns—such as the repetitive browsing-curating chain observed in low variety cohort —and pro-
viding corrective feedback or tailored recommendations, such tools could help steer designers
toward more balanced approaches that promote both high sketch quantity and variety. Future
work can investigate how to facilitate such real-time monitoring and detection of ideation strate-
gies and what interventions may be suitable to steer designers off sub-optimal strategies.

These results also have implications for the design gallery creators. Design galleries are
repositories that present examples of designs for libraries, most commonly in the form of tutori-
als [223]. Design galleries may also be configured as dynamic repositories that could empower
users by adapting to their exploration strategies. For instance, future research can investigate how
design galleries can adjust displayed examples based on inferred strategies from a designer’s ex-
ploration.

Supporting diverse visualization retrieval. Our findings on designers’ strategies may
offer valuable insights for design retrieval tools. We demonstrate that a dynamic, evolving
approach—characterized by a stable initial anchor that gradually expands to include addi-

tional tag groups—supports both high sketch quantity and variety. However, the current tools for
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visualization retrieval focus on supporting the retrieval of similar visualizations [114, 186,224],
which are in conflict with the needs of visualization designers who may prefer diverse output.
There is a need for future work to examine how we can develop tools that facilitate better explo-
ration of visualization designs, especially those that emphasize semantically diverse designs [221]

and those that are tool or language-agnostic.

5.7.1 Limitations

Our work focuses on understanding participants’ example-aided ideation strategies during
a controlled experiment using a faceted browsing interface for querying examples. While this
setup facilitates our analysis goals for this chapter and our previous study [16], we acknowledge
that it does not fully capture the real-world search process, which relies on search engines and
includes additional modalities such as text queries. Furthermore, our study only focuses on the
first ideation phase. As a result, the designs evaluated are not final polished solutions. Future
work can examine how the results of these studies scale to other search modalities and multiple

ideation sessions.

5.8 Summary

In this chapter, we deepen our understanding of the process of example-aided design by
uncovering the mechanics of example-aided ideation strategies and how they support or constrain
design outcomes. Through an analysis of the actions of 32 visualization designers during a data
visualization ideation task, we assess how the timing of example exposure shapes example-aided

design ideation strategies and how these strategies relate to the quantity and variety of sketches
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designers produce during an ideation session. We find that early access to examples encourages
broad, exploratory filtering and browsing, while delayed exposure fosters a more deliberate, data-
focused filtering approach. Our analysis further reveals that consistent anchoring combined with
flexible filtering and inspection practices is associated with both higher sketch production and
increased design variety. The insights from our work collectively capture the dynamic nature of
example-aided ideation, providing a methodical overview of how designers filter and navigate
through examples, and completing our investigation into the process of example-aided design

ideation.
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Chapter 6: Mirny: An Example-Driven Prototyping Tool for Interactive D3 Vi-

sualizations

6.1 Introduction

Creating thoughtful and captivating data visualizations necessitates careful consideration
of multiple design alternatives as designers program their visualizations , i.e., visualization pro-
totyping [15,28,136,209]. This chapter explores the interplay between visualization program-
ming, i.e., creating interactive visualizations via languages, and visualization design ideation, in
supporting the visualization prototyping process. With visualization programming, a user can
create dozens of interactive visualizations by permuting a few core variables within a single pro-
gram. We see these benefits in well-designed languages like D3 with thousands of visualization
programs observed online [23, 24]. However, users must be knowledgeable of the underlying
language, which can be a huge hurdle for individuals with limited or no programming experi-
ence [24,183,209], constraining them to only visualizations that they can practically implement.

Previous chapters have demonstrated the benefits of exploring and iterating over multiple
design alternatives (in the form of examples) for visualization ideation outcomes. Yet, the process
of evaluating multiple alternative designs can still be an arduous task as visualization designers

struggle to anticipate how real data may impact abstract designs [209]. As such, visualization
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designers often need to manually replicate and modify design examples themselves in order to
properly evaluate design alternatives. Visualization programming and design ideation thus offer
complementary yet distinct benefits to the visualization prototyping process. However, it is dif-
ficult to balance out the programming effort needed to explore and evaluate visualization design
alternatives and accompanying interactions. Thus pointing to a critical question: How can we
make it easier for users to prototype their interactive design ideas through complex visualization
languages like D3?

In chapter 4, we observed the replicate & modify strategy that designers use to adapt ex-
amples to their data and analytical contexts, suggesting a path to abstract visualization code ex-
amples into general-purpose programming templates [87], and generate code recommendations
based on these pre-defined structures (e.g., Falx [211]). In prior work, programming templates
are often treated as pre-defined static structures, where users can only modify fixed design pa-
rameters to create visualizations. However, users may be interested in changing multiple parts of
a template such as aesthetics (e.g., color schemes), data encodings, interaction styles (e.g., slider
versus brush filters), and mark types. Moreover, these parameters are chosen by the tool develop-
ers, not their users. Additionally, prior work finds that designers often dissect existing examples
to extract new functionality they want to build on [15,24]; for example, users could start working
with a bar chart example but eventually transform it into a completely different visualization. By
limiting how users can modify a template, we hamper these creative design activities.

In this chapter, we propose a dynamic approach to template-based design for interactive
visualizations. Rather than restricting how templates can be modified, our goal is to identify the
design patterns encapsulated within these templates and develop automated features to identify

and extend these patterns as D3 users program in real time. These features must be resilient,
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meaning they should work regardless of whether the user is populating template code or writing
code from scratch. To achieve this, we leverage a suite of D3 templates derived in our prior
work [17] to build two automated support features for D3: (1) a user-driven recommendation
model that suggests suitable interaction[s] to add to a user’s visualization code and (2) a code
augmentation feature that can integrate code snippets directly into live user code. In this way,
we can help users preserve their creative design thinking as they code, and work towards clos-
ing the gap between visualization design and visualization programming. To demonstrate the
utility of these features, we implemented them in Mirny, a design-focused environment for rapid
prototyping of interactive visualizations in D3 (shown in Figure 6.1).

We evaluated these features through a study with 20 D3 users. We find that using the
automated features implemented in Mirny, participants were able to prototype design ideas in
less time and with fewer programming iterations compared to their typical D3 implementation
workflows. We observed participants modifying templates in a variety of interesting ways, which
we synthesize into three high-level modification strategies: changing the visual styles (e.g. mark
colors or mark types), introducing data transformations (e.g., to aggregate or sort data), and
removing or adding new data encodings.

In summary, this work makes the following contributions:

* We present an example-driven model for recommending interactions users can implement
within a D3 prototype

* We develop a code augmentation feature to automatically integrate interaction templates
derived from 2500 code examples into live D3 code.

* We implement these features in Mirny and evaluate Mirny through a user study with 20 D3

users. Our results show Mirny enabled participants to implement interactive D3 visualiza-
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tions in less time and with fewer iterations.

* We synthesize three high-level modification strategies used by designers to customize vi-
sualization templates.
Using our findings, we suggest research opportunities to enhance template-based design

approaches within visualization languages. All our data and code are shared on OSF !

6.2 Motivating Usage Scenario for Mirny

Sandra is a student who wants to create some interesting visualizations for the final project
in her data science course. Although this course was broad in scope, it lacked depth in terms of
learning interactive visualization techniques. Sandra has heard that D3 can support a wide vari-
ety of interactive visualizations. Although she has limited experience using D3, Sandra wants to
create a D3 visualization, preferably with a simple dataset to start, such as the palmerpenguins
dataset [80]. Sandra decides to use Mirny, shown in Figure 6.1, to program her visualizations.
Sandra loads Mirny and imports her dataset, she chooses a Scatterplot from Mirny’s Template
Panel ( Figure 6.1a). Mirny automatically generates the D3 code for a Scatterplot from the data
as shown in ( Figure 6.1b), and the resulting visualization is rendered in the output panel ( Fig-
ure 6.1c). Mirny recommends a ranked list of common interactions for Scatterplots (Figure 6.1d).

Sandra sees nothing wrong with the scatterplot, but she wonders what the distribution of
penguins is across the three islands recorded in the dataset. For her second prototype, she selects
a bar chart from Mirny’s Template Panel. Mirny automatically generates the D3 code for a bar
chart a populates the Editor ( Figure 6.1a), saving Sandra the effort of figuring out how to change

her design to a different visualization type. Sandra edits the code to use the island attribute for

'https://osf.i0/97mru/
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the x-axis and the count of penguins for the Y-axis. The overall visualization looks okay, but
Sandra still isn’t satisfied. She navigates back her Scatterplot prototype using the Template Panel
and changes the color encoding from the species attribute to the island attribute.

Sandra likes the current visualization design but wants to add an interaction. Sandra clicks
on the first item from the recommendation panel (hover) and Mirny automatically extends her
current D3 program with the corresponding code, highlighting the new code block and provid-
ing a summary of its behavior in the Editor ( Figure 6.1e). The new code displays additional
information about a data point when a hover event is triggered. However, Sandra notices that
some of the data points are really close to each other. She also adds a zoom interaction from the
recommendation panel, so her viewers can zoom into tightly packed sections of the visualization.
Once Sandra completes her visualization prototypes, she exports the code from the editor as a JS
file and saves the visualization output in SVG format.

Using Mirny, a D3 user like Sandra can quickly prototype multiple interactive visualiza-
tions. Mirny eases the cumbersome process of programming D3 code, enabling users to explore
visualization design alternatives using a single interactive interface. Although this example fo-
cuses on a new D3 user (Sandra), it can also easily apply to a more advanced user. For example,
a professional analyst who has used D3 in several projects may find it tedious to edit an old ex-
ample from a previous project, and may still prefer to fill in one of Mirny’s templates instead. We

discuss the experiences of both new and more advanced D3 users in section 6.8.
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Figure 6.1: An example of an interactive visualization designed using Mirny. A user can select a
visualization such as a scatterplot to create from the Template Panel (A). The code responsible
for creating the scatterplot is displayed within the Editor (B) and the corresponding visualization
is rendered in the Visualization Panel (C). A list of recommended interactions is displayed to the
user in the Recommendation Panel (D). A user can then choose a recommended interaction such
as a Hover and the code responsible for implementing the interaction is added to the interface and
highlighted for the user to view and modify (E). Once a user is satisfied with their visualization,
they can export the code and visualization using the Controls (F) and (G).

6.3 Preliminary Study: Lessons from Analyzing D3 Examples Online

The goal of our work is to streamline the process of prototyping visualization designs with
complex toolkits like D3. To do this, we first need to understand what kinds of visualizations D3
users create and how these users implement these visualizations in D3. In our prior work [17],
we qualitatively analyzed 2500 D3 examples shared on GitHub [163], Bl.ocks.org [34] and Ob-
servable [35]. Through this analysis, we investigated common implementation patterns D3 users
adopt when creating interactive visualizations. In this section, we summarize the key results from

this analysis and describe how these results influence design considerations for the Mirny system.

131



Bl.ocks.org Observable

custom Frequency
- 20
bar
40
geomap
60
line
g 80
= scatterplot
Bl.ocks.org Observable GitHub ﬂ
= graph
custom custom custom ©
bar bar bar H area
geomap line line S
line scatterplot scatterplot bubble
scatterplot geomap geomap treemap
graph heatmap pie
area graph graph pie
bubble bubble bubble
others
treemap tree treemap
5 " Bonut T _L T ‘T_ T T T xT T L T T
= S?h"ey om 25 g8 E TS EEAS
others others ers O = = O = =
§°S5 28 E°©SS2Eog
o 50 100 150 200 250 0 10 20 30 40 50 60 70 0 50 100 150 200 0 k2]
Total Observations > >
Interactions
(a) Rankings of observed visualizations in our analy-
sis. (b) Observed visualization-interaction pairings.

Figure 6.2: Results from the analysis carried out on the three example corpus [17] (a) presents
the frequency of the top visualization types and their corresponding interactions observed in our
datasets. Visualizations with 1% and less frequency are captured in the “others” category. (b)
shows the number of times different interaction types were implemented for each visualization
type in our corpus.

Takeaway 1: A Small Subset of Visualizations are Commonly Implemented in D3. To better
understand which visualizations tend to be implemented in D3, we counted the incidence of
visualization types across our corpus using Battle et al.’s D3 visualization taxonomy [17, 23].
Our observations reveal that 80% of the D3 visualizations shared online can be accounted for
by just five visualization types (see Figure 6.2a): Bar charts, Geomaps, Line charts, Scatterplots,
and Force Directed Graphs. Our findings suggest that a small subset of visualizations cover the
majority of D3 users’ needs.

Takeaway 2: D3 Implementation Patterns are Consistent Within Visualization Types. In a
subsequent round of analysis, we divided our corpus by visualization type and analyzed the code
for similarities and differences across examples, such as differences in the rendering strategy or
differences in which interactions were implemented [17]. We found that in most cases, the under-
lying structure of the D3 code examples did not vary. In other words, the underlying structure and

API calls remained the same within each visualization type. As a result, we observe clear patterns
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in how different D3 users implement the same types of visualizations, with variations made to
suit users’ design preferences. We also found that D3 users copy code from existing examples,
and even attribute the original sources in their visualization programs, corroborating observances
of code reuse in the D3 community by prior work [24]. To make our findings actionable for the
visualization community, we curated and shared templates for 8 popular D3 visualization types.
Takeaway 3: Interactions are Commonly Implemented in D3 and Vary by Visualization
Type. Interactions are known to be challenging to implement in D3 [24, 184], and thus are a
promising focus for design templates. To better understand how D3 users currently implement
interactions, we classified observed interactions in our corpus using a subset of Brehmer and
Munzer’s multi-level typology of visualization tasks [41]. We observed 6 common interaction
widget types: Brush, Click, Drag, Hover, Visualize, and Zoom. 52% of the examples we classified
contained at least one or more combinations of interaction widgets (e.g Hover, Click, Zoom).
First, our findings show that interactions involving the selection of data points such as
Hover are used in the vast majority of interactive examples (62%, see Figure 6.2b). Second,
some interactions seem to be coupled with specific visualization types; for example, D3 network
graphs often support the drag interactions. Finally, the total interactions implemented varied by
visualization type. For instance, network graphs tended to have at least one interaction whereas
Line charts tended to have no interactions implemented. This suggests that in D3, inferaction
programming is dependent on the visualization design process, requiring support features that

are both design-aware and code-aware.
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6.3.1 Design Considerations

Based on these results and our personal experiences using D3, we provide three design
considerations for Mirny.
C1: Prioritize familiar interfaces/workflows. Past research highlights a need for tools to be
integrated into users’ workflows [24,66] and familiar interfaces [75]. Furthermore, compatibility
with other development platforms was one of the original design goals of D3 [36]. For these
reasons, we prioritize compatibility with users’ existing workflows and preferred interfaces, re-
ducing the burden of introducing yet another new tool to do their design prototyping process.
Specifically, Mirny is designed to use either visualization templates or existing code as input
and makes it easy to export code so it can be used in other tools such as Observable [35]. We
summarize the Mirny interface design and explain how it supports visualization prototyping in
section 6.4.
C2: Design adaptive recommendations to match current practice. Our prior work reveals
that with the widespread implementation of D3 visualizations comes myriad conventions for
when and how to implement interactions for specific D3 visualization types [17]. To design ef-
fective interactions, D3 users have to navigate a complex space of existing design examples to
identify compatible implementations. By providing automated recommendations for compatible
interactions (inspired by existing recommenders, e.g., [81, 187,205]), we can help users quickly
prototype their envisioned designs, rather than forcing them to scour the internet for relevant ex-
amples. We present our recommendation engine to support interaction prototyping in section 6.5.
C3: Support automated code augmentation. Prior work [24,97] has established code reuse

as a prominent implementation strategy employed by D3 users. In our past work, we developed
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code templates for common data visualizations and interactions that D3 users implement [17].
However, the templates alone are not enough as users may have to modify or add to the templates
to realize their target designs. To facilitate template modification and customization, users need
automated integration of template[s] into existing user code, which we refer to as code augmen-
tation. This way, a user can prototype multiple interactive visualization designs with a simple

mouse click. We explain how we support automated code augmentation in section 6.6.

6.4 Mirny System Overview

We implement two automated features in Mirny (recommendations and code augmenta-
tion) to facilitate interactive visualization prototyping in D3. These features are situated in a
design-focused interface structured for integration with existing user workflows (addressing de-
sign considerations C1 and C2). In this section, we describe Mirny’s overall design (see Fig-
ure 6.3).

The Mirny web interface provides a user with an interactive graphical user interface through
which they can interact with the Mirny system. The web interface consists of four core views:
Templates Panel (Figure 6.1A), Editor (Figure 6.1B), Visualization Panel (Figure 6.1C) and
the Recommendation Panel (Figure 6.1D).

Templates Panel. The Templates Panel is designed to help D3 users quickly generate an
initial visualization prototype for a given dataset. Revisiting our example in section 6.2: after
Sandra uploads her dataset, she selects a Scatterplot from Mirny’s list of templates. Mirny uses
this template to identify attributes with compatible data types and generate an initial prototype

visualization, which Sandra can view in the Editor (code) and Visualization Panel (output). Mirny
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supports templates for the 8 most popular visualization types identified in our prior work [17]:
Bar charts, Line charts, Scatterplots, Geographic Maps, Force Directed Graphs, Pie Charts, Donut
charts, and Bubble plots. Mirny also leverages templates for 6 interaction types (Hover, Click,
Brush, Drag, Zoom, and Visualize), which are displayed in the Recommendation Panel.

Editor. The Mirny Editor is a live JavaScript editor tailored for prototyping interactive D3
visualizations. Given our focus on integration with existing user workflows, the Editor is designed
in a similar style to complementary editors, such as those in Vega-Lite [184] and Observable [35].
For example, when Sandra modifies the code for her Scatterplot prototype in Mirny, it is as if she
is making the change with similar editors, smoothing Mirny’s learning curve.

Visualization Panel. Mirny displays the visual output for the current prototype in the Vi-
sualization Panel. This panel updates live and is fully interactive, so when a user modifies the
code, they can quickly test the results in the Visualization Panel. For example, when Sandra adds
a Hover interaction to her Scatterplot, she can immediately test the output using this panel.

Recommendation Panel. Parallel to the user’s coding process, Mirny also recommends
compatible interaction designs that could be added to the current prototype. These recommen-
dations are displayed in the Recommendation Panel, ranked by their relevance to the target vi-
sualization type. Mirny also shows which interactions have already been implemented, such
as Sandra’s selected Hover interaction. The recommendations are powered by Mirny’s recom-
mendation engine, described in section 6.5. Users can click on any recommendation and it will
automatically be integrated into their current prototype using Mirny’s code augmentation feature,

described in section 6.6.
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Figure 6.3: Mirny’s architecture. The Mirny interface captures user requests for interactions
and recommendations. Using the Code Fitter, it generates the appropriate D3 specification and
renders the results for the user via the Interface. Requests are also sent to the prediction model to
receive recommended interactions for the user.

6.5 Recommending Code Snippets to Make D3 Visualizations Interactive

Given the prevalent combinations of visualization and interaction types observed in the
wild (see section 6.3), D3 users are clearly interested in inferactive visualizations. However, it
may not be obvious to D3 users which interactions complement a given visualization. Revisiting
our motivating example, Sandra may not know which interactions to implement to enhance her
Scatterplot, such as Hover, Zoom, or Brush.

One approach to solving this problem is to automatically recommend compatible interac-
tions anchored on the implementation practices of past D3 users, for example, by training ma-
chine learning models to predict complementary interactions for a given visualization (address-
ing design consideration C2). However, users’ programming behaviors and design preferences
evolve as their interests shift over time [81,205]. Thus, a one-shot approach to model training
risks generating stale results as users advance their visualization projects. To keep up with the

evolving nature of user preferences, our recommendations must also adapt to shifts in user be-
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havior over time. Hence, we leverage Markov Decision Process (MDP) [26] to model users’
interaction preferences and recommend complementary interactions to users as they program D3
visualizations. Here, we provide an overview of the prediction models that drive Mirny’s recom-

mendations.

6.5.1 Predicting Which Interactions to Implement

Modeling Interaction States. To make recommendations, we first need an understanding of the
current state of a user’s visualization code and use that information to predict what interactions
to recommend to the user. We define the MDP for our recommendation engine as a set of states
S, where each state s € S is a set of the interactions that have already been implemented in the
user’s code {1, i5...i, }. Given that the user could pick any number of interactions to implement,
we create a separate state for every possible combination of interactions that we observed from
Bl.ocks.org. Furthermore, this interaction set often starts out empty as D3 users seem to imple-
ment functional visualizations before incorporating interactions. For this reason, we make the
empty state the initial state for our model.

For any given state s € S, our MDP model produces a ranked list of valid interaction rec-
ommendations, ordered by how likely they are to be implemented based on observed frequencies
of interaction types among our D3 examples (see section 6.3).

Adjusting the Model Based on User Feedback. Given our interaction states, we model poten-
tial interaction implementation steps through a set of user actions A, where each action a € A
represents a user’s reaction to a recommended interaction 7,. The user can react in one of four

ways, given the user’s current state s, and the corresponding future state s':
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* Accept the recommendation by clicking on the corresponding button in the Mirny interface

(see Figure 6.1D), thereby moving to state s, given by the equation:

observations(s')

P[s, iy, §] 6.1)

- observations(s)’

where observations computes the total observations of s (i.e., the combination of interac-

tions) in our corpus.

* Export the visualization code files (see Figure 6.1E) and exiting Mirny. This is a cue
that the user may be satisfied with her visualization and wants to save it for future use,

calculated as:

observations(s')

Pls, i, export] = (6.2)

> observations(export|s)
seS

* Undo an added interaction, suggesting the user was dissatisfied with the interaction and

wants to remove it:

observations(s’)

Pls,i,,undo] = (6.3)

> observations(undols)
seS

* Ignore all of Mirny’s recommendations /,. by not clicking on any of them in the interface,

remaining in the same state s:

Pls,i,,s] =1— Pl[s,i,,export] — Pls, I,,s'] — P[s, i, undo] (6.4)

Each time the user transitions to a different state, the probability distributions for outgoing

transitions from s will be recalculated to account for this additional information. We normalize
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all corresponding probabilities to ensure that they sum to one. Note that since the total interac-
tions that a user will implement are relatively small, these distributions can be computed easily.
Predicting Transitions Between Interaction States. We model how likely the user is to transi-
tion from one state s to another s’ as a transition probability between states. This is represented
as a transition function T, which computes the probability that an interaction ¢ recommended in
state s; € S leads to state s; € S, or T'(s;|i,, s;). Given the user’s current state s € .5, a recom-
mended interaction i,., and a corresponding future state s’ € .S, we define our transition function
probability as follows:

T.(s,ir,8') = Pls,iy, '] (6.5)
Note that an interaction will only be recommended if it has been observed before. However, we
derive our states and transition probabilities using our observations from section 6.3, ensuring
that our MDP model covers D3 interactions that users often implement.

When a user does or does not choose one of Mirny’s recommendations, the MDP is re-
warded or penalized accordingly with a positive or negative reward R. We assume that the
reward R for a user’s reaction to recommendation 7, to be: a small positive number if the user
accepts 7., a large positive value if the user exports, a large negative value if the user undos, and

0 if the user ignores 7,.. In this way, the MDP can adapt to match users’ behavior.

6.5.2 MDP Example.

We demonstrate the behavior of the recommendation engine using a simplified example
based on our motivating scenario with Sandra from section 6.2. A simplified MDP model is

depicted in Figure 6.4. In this example, we assume that there are only two possible interac-
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Figure 6.4: The Mirny recommendation engine models user interaction state using a Markov
decision process (or MDP) model. Here is a simplified example of how the Mirny MDP model is
structured with two interactions (zoom and hover), explained in subsection 6.5.2.
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Drag
Click
Brush

Interaction Type

0 20 40 60 80
Accuracy (%)

Figure 6.5: Results of the LOO cross-validation of the recommendation model per interaction
type.
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tions that Sandra will want to implement: zoom and hover. With two interactions, there will be
four possible states for our model, shown in Figure 6.4: no interactions implemented (the initial
state), zoom has been implemented, hover has been implemented, and all interactions have been
implemented (the terminal state).

Assuming Sandra starts in the initial empty state with her Scatterplot, we can calculate
initial transition probabilities, where four (fictitious) transition probabilities are provided in Fig-
ure 6.4. The intuition behind these probabilities is as follows: Sandra may iterate on her Scatter-
plot before incorporating any interactions (represented with probability 0.1), and Sandra is much
more likely to implement hover than zoom interactions (probabilities 0.6 and 0.1, respectively).
There is also a possibility that Sandra could implement a hover interaction but then change her
mind and click on the undo button (represented with probability 0.2). For the empty state, our
model provides a ranked list with two items, where the first item is hover, and the second item is
zoom.

In our motivating example, Sandra clicks on the first recommendation of hover, repre-
senting the accept reaction. In this case, the MDP model receives a small positive reward for
providing a useful recommendation, represented by the blue line in Figure 6.4. However, sup-
pose that Sandra undos her last added interaction, this results in a negative reward to the MDP
model, represented by the red line in Figure 6.4. If Sandra exports her visualization after adding
the interaction, the MDP model receives a large positive reward for providing helpful recommen-

dation[s] to Sandra.
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6.5.3 Preliminary Model Accuracy Results

To ensure that our recommendations align with our observations from section 6.3, we per-
formed leave-one-out cross-validation [72] of the MDP model using our coded dataset. For each
visualization example from our dataset, assuming the initial empty state, we classify a recommen-
dation as correct only if they include all interactions implemented within that example. Overall,
our model has an average accuracy of 76% (see Figure 6.5). For certain visualization types, this
accuracy can be improved, e.g., for zooming interactions (68% accuracy). We find that our model
performs poorly for brush interactions due to the relatively small number of data points for this
interaction type in our training data (see Figure 6.2). Such cases can be improved by adding more
input observations for the model to train on. However, this evaluation does not take into account
how users’ reactions to recommendations may improve the model’s predictions over time. We

discuss our evaluation with actual D3 users in section 6.7.

6.5.4 Predicting Visualization types

We described how the recommendation engine supports interaction predictions when the
user selects a visualization template first. However, our implementation in the Mirny system can
also support recommendations even when the user does not select a template. To do this, Mirny
utilizes the Beagle Annotator developed by Battle et al. [23] to enable real-time prediction of the
visualization a user is currently implementing. With this annotator, Mirny can predict if a user is
implementing a Scatterplot, or some other visualization type by extracting the SVG elements of

the visualization and running it through the Beagle Annotator’s decision tree classifiers.
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6.6 Augmenting User Code

Recommending relevant interactions could help D3 users find and prototype interesting in-
teractions for their visualization designs. However, these recommendations alone would not be
very useful to visualization designers. Users would still have to search for example implementa-
tions and figure out how to integrate the code into their prototypes. A major goal of this work is
to reduce the challenge of integrating code from different sources when prototyping visualization
designs. We envision a user clicking just a single button to automatically add an interaction to
her design specification (addressing design consideration C3).

The D3 API supports six interactions (i.e. Hover, Click, Brush, Drag, Visualize and Zoom)
which have been identified and analyzed in section 6.3. The underlying code base for these inter-
actions has been manually extracted into pre-generated templates that Mirny uses to automatically
generate code for selected interactions. Once a user selects a recommended interaction, we apply
a series of code rewriting steps to merge the template into the user’s current code file. Specif-
ically, we translate the user’s code file into its corresponding abstract syntax trees (or ASTs),
analyze the trees for potential insertion points, and merge the interaction code template with the
user’s code file at a selected insertion point. This process happens in four steps which we describe
below.

Step 1: Identify Input Variables for the Interaction Template. Interactions often result in
changes to the state of the visualization. This may include displaying additional information
about the selected data point through a tooltip or making modifications to the state of the selected
mark (or non-selected marks) such as changing its position on a drag event. To create meaningful

code from interaction templates, specific inputs from the user’s code need to be extracted. How-
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Figure 6.6: Given a recommended code snippet, e.g., a template for “Hover” interactions in D3,
the Mirny system supports automatic code augmentation, where the user’s D3 code is mapped to
an Abstract Syntax Tree (AST) that Mirny uses to populate and insert the code snippet. In (A),
Mirny detects the “fill” variable in the user’s current code (highlighted in orange). In (B), Mirny
uses the “fill” variable to automatically populate the “Hover” template (highlighted in green).
Finally, in (C), Mirny inserts the populated “Hover” template into the user’s code at a detected
anchor point in the AST (marked with a star).

ever, given the abstract nature of code, it is initially unclear which variables in the user’s code
file map to the required inputs within a given interaction code template. Considering our running
example from section 6.2, if the hover interaction needs to update certain properties of selected
circle marks in Sandra’s Scatterplot, then the code that sets properties for the circle marks, and
the data attributes passed as inputs to the mark properties, need to be incorporated into the hover
template.

Hence, the first step of the code augmentation process is to identify analogous variables
between the user’s code and the interaction template. Since the properties needed for the interac-
tion templates are known beforehand, we can identify the appropriate data attributes in the user’s
code by parsing through its AST.

Using our motivating example, when Sandra selects the Hover interaction from the rec-
ommendation panel, our templates assume that at the end of the Hover event, properties like the
color and radius of the circle mark would need to be restored to its original value. The Code Fit-

ter parses through Sandra’s code to identify the input variables that are needed to make a viable
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template. For instance, suppose Sandra’s code creates and sets the fill of the circle marks in a

scatter plot using the following code:

svg.selectAll (’ .bubble’)

.data (data)

.enter () .append(’circle’)

.attr(’r’, (d) => radius(d.culmenLength);)
.style(’f£fill’, (d) => color(d.species););

The code fitter parses through the AST of her code to find where the circle marks” £i11
attribute is assigned and extract the assigned value (or in this case function) (see Figure 6.6a).
Step 2: Populate the Interaction Template. Once all the required input variables have been
identified, the interaction template is modified to include these input variables. The generic in-
teraction template contains prop variables that are replaced with the appropriate input variables
from the user’s code. For instance, our default Hover template changes all marks to a template-
specified color. At the end of the hover interaction, this color will need to be reset. Thus all API
calls are updated with the right variable names and parameters as needed. In our running exam-
ple, the mouseout event of the hover interaction will be populated with the original function to
determine the circle’s £i11 as seen in Figure 6.6b. If an attribute is not found within the code
(see description in step 1), a default value is assigned. However, designers have the discretion to

change the default values our templates provide after the code augmentation process is completed.
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Generic Template Populated Template

.on('mouseout’, (d) => { .on(’mouseout’, (d) => {
d3.select (this) d3.select (this)
.style("fill", "propl"); .style("fill", (d) => color(d.species));

1) 1)

Step 3: Identify Anchor Points in the Users’ code for Insertion. In D3, the specification
of interactions is imperative [184], hence, the interaction code cannot be placed just anywhere
within an existing D3 specification. Before modifying the user’s code, we must first identify
appropriate locations within the code to include new interactions. We refer to these locations as
anchor points.

Anchor points signify nodes within the AST that need to be changed to support a new
interaction. For example, to add the Hover interaction to Sandra’s code, a new node that maps to
the interaction code has to be created and added to her code at the point where the visual marks
are created. Because we know she is creating a Scatterplot, this would translate to the code
block that contains the .append (circle) API call. ASTs are traversed using a depth-first
approach, hence, identifying the anchor point simply involves iterating over the AST, with the
objective of finding the node which has the appropriate data binding API call in its child branch.
For our hover example, the anchor point would translate to the first node we identify that has the
.append (circle) expression as a member of its child nodes as seen in Figure 6.6c¢.

Anchor points for most visualizations generally can be found where the data binding to
visual marks occurs. However, for complex interactions such as Zoom or Brush interactions
helper functions and new visual elements need to be added to the user’s code, as such multiple

anchor points are needed. Helper functions need to be accessed from anywhere in the D3 script
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(i.e. have a global scope), hence their anchor point is by default the body of the entire script.
Elements, such as rect s, to enable zooming or brushing over sections of the visualization need
to be added over the entire SVG, as such they use the node that binds the <SVG> element to the
web page, as their anchor point.

Step 4: Insert the Populated Template into the User’s Code. Once a template has been popu-
lated and the anchor point has been found, the template code is then added as a new node in the
user code at the selected anchor point. As a result, the populated template code becomes a new
sub-tree within the AST of the user’s code. The template’s root node can either be appended or
pre-pended to and in some cases replace the anchor point.

The nature of the template node and the semantic correctness of the code are taken into
consideration when determining which of the insertion actions to perform. Code that introduces
a new code block after the anchor point typically will use an append operation, whereas new code
that goes before the anchor point will use a pre-pend operation. For instance, adding new code
that defines a tooltip for the Hover interaction will be included before we call any hover event. As
such, the code for the tooltip will be added before the anchor point using a pre-pend operation.
The replace operation is usually used when adding new code as part of an already existing code
sequence in the user’s code. This is due to the fact that ASTs are traditionally traversed depth-
first, so the new code will have to become a parent node to the anchor point. In our motivating
example for the Hover interaction, the code that handles the mouseover and mouseout events
will need to be added to the entire anchor point’s branch. This will require a replace operation to
make the template code’s AST a parent node of the anchor point as seen in Figure 6.6c. Finally,
Mirny converts the new AST back into code and updates the Editor to display the updated code

file.
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svg.selectAll (’ .bubble’)

.data (data)

.enter () .append(’circle’)

.attr(’r’, (d) => radius(d.culmenLength);)
.style(’fill’, (d) => color(d.species););
.on ('mouseover’, (d) => { ...});

.on ('mouseout’, (d) => {...});

Limitations with Babel. The code augmentation feature helps users add interactions to their live
D3 code in a single click. However, the code fitter uses the Babel compiler [198] to transform
D3 code into its corresponding AST, as a result, there is a limitation to its operation. The Babel
compiler requires that the code to be transformed is both semantically and syntactically correct.
Hence, the code augmentation feature will not work if a user selects an interaction on incorrect
D3 code. In these cases, Mirny will alert the user about the issues and not complete the code

augmentation process.

6.7 Evaluation: User Study Design

In previous sections, we introduced two automated features with the aim of supporting
template-based visualization prototyping. We implemented these features in a design-focused
environment called Mirny. In this section, we focus on evaluating if these automated features
lead to measurable improvements in how D3 users prototype interactive visualizations [173,183].
Our study was preregistered on aspredicted.org?.

Participants. We recruited 20 participants from mailing lists and social networking sites (4

Pre-Registration available at ht tps: //aspredicted.org/t2hb3.pdf
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female, 15 male, and 1 non-binary) between the ages of 18 to 44. To ensure that all participants
had a sufficient understanding of D3 to complete the study tasks under time constraints, we
required participants to have at least 3 months of experience working with D3.js. 11 participants
had 3 months to 1 year of experience, 3 had 2 - 3 years of experience, 4 had 4 - 5 years of
experience and 2 had 5+ years of experience. Participants self-report being proficient in creating
visualizations. Each session took approximately 1 hour and 30 minutes and participants were
compensated with a $20 Amazon gift card.

Tasks. To observe how participants use these automated features in various visualization design
contexts, participants were asked to perform two tasks for the study [173,217]. Participants were
allowed to create whatever visualization or interaction type they chose as long as they met the

requirements for each task.

* Task One: Targeted visualization design: For this task, participants were asked to use the
Cherry Blossoms dataset to create a visualization meeting specific design requirements.
The output visualization[s] had to meet two requirements: target users of the output visu-
alization should be able to (a) identify correlations between two specific variables, and (b)

interact with the data points in the visualization.

» Task Two: Exploratory visualization design: Participants were asked to choose between
the popular Cars*and Iris [11] datasets, and then brainstorm what type of visualization
they would like to create. Then, participants were asked to program this visualization and

include at least one interaction in their visualization.

Experiment Conditions. Participants experienced two different Mirny setups across our tasks,

Snttps://www.kaggle.com/abineshkumark/carsdata
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resulting in four total experiment conditions (2 tasks x 2 inter face setups). In one setup (base-
line), participants only had access to Mirny’s visualization templates, but not Mirny’s interac-
tion recommendations. In the second setup, participants had access to all of Mirny’s features.
Condition order was counterbalanced across the visualization tasks. We tuned our experiment
conditions through a pilot study, described below.

Pilot. We conducted a pilot study to fine-tune our initial protocol. One important parameter we
sought to tune was task difficulty, i.e., should participants be asked to create D3 visualizations
from scratch as a task condition (the common case), or should participants be provided with
Mirny’s templates? In the pilot study, all participants (2 female, 1 male) were familiarized with
Mirny and were asked to perform the tasks described above. For task one, we provided access
to Mirny’s visualization templates for two of the three pilot participants, while one participant
created visualizations from scratch. Participants were able to use both the predefined templates
and recommendations for task 2.

We observed that the participants who were provided with templates only used Mirny’s
templates while the third participant copied code from a D3 example they found online. The
participant who had to write their D3 code from scratch spent 45 minutes programming a single
visualization and was unable to implement any interactions, thus unable to complete the task.
The participants who were provided with templates took less than 15 minutes to create a single
interactive visualization for the same task. These results show that it would have been difficult
to conduct a one-hour experiment if participants had to create visualizations from scratch, and
the experiment time could be drastically reduced if templates were always provided. Hence,
we decided to provide templates for all tasks and experiment conditions. However, users could

always opt to write their own code from scratch if desired.
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Protocol. Participants were required to complete a demographic survey to determine eligibility
for the study. Each session started with a Pre-study session where participants were familiarized
with the study and signed the consent form. They then proceeded to a training session where
the experimenter walked them through the interface functionality via a prerecorded demo of the
interface. Participants were then given 5 minutes to explore the full Mirny interface themselves
and ask any questions they had about the interface. Once participants were comfortable with the
interface, they proceeded to complete our two study tasks. The experimenter limited guidance
to only situations where the user reached a complete standstill and was unable to figure out the
next step. Participants were allowed to use any external resource they wanted such as Stack
Overflow or Bl.ocks.org. No time limits were placed for any of the tasks. Once all the tasks were
completed, the participants completed a short exit survey and interview.

Data Collection For each session, an experimenter observed the participants while they per-
formed their tasks and took notes. Logs of participants’ interactions with Mirny were also
recorded through the Mirny back-end, which captured all click and keyboard events. We collected
data from the post-task survey on participants’ ratings of Mirny’s features to capture participant
feedback. Finally, video and audio were recorded to capture participants’ interactions with the

interface and responses to the exit interview questions.

6.8 Evaluation: Analysis & Results

Here we present three analyses of our study data: measuring session duration and design
prototypes[s] (subsection 6.8.1), classifying template usage and modification (subsection 6.8.2),

and summarizing participant feedback (subsection 6.8.3).
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Number of Interactive Visualizations Produced
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Figure 6.7: Count of interactive visualizations produced by participants.

Time taken to implement Interactions (Seconds)

-f:’ T o condition
S oOT

C TR l—

8 |-I | | | | | TR

0 1,000 2,000 3,000 4,000 5,000
Duration (Task one)

T - o
{4

| |
0 1,000 2,000
Duration (Task Two)

condition

1
3,000

Figure 6.8: Distribution of time taken to program a single interaction.
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Rate your level of agreement with the following statement
Easy to create visualizations (M=2, S.D=0.7) .
Easy to use (M=2, S.D=0.5)
Gain new interaction ideas (M=2, S.D=0.7) B
Learnt new D3 techniques (M=2, S.D =0.6) -
Recommendations were useful (M=2, S.D=0.6) l
Streamlines authoring process (M=2, S.D=0.5)
Templates were useful (M=1, S.D =0.5)

Tool was confusing (M=3, S.D=0.7) |
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Total Ratings Total Ratings

Key
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Figure 6.9: Distribution of post-study questionnaire responses.

6.8.1 Measuring Session Duration and Design Prototypes

We formed two hypotheses to test how Mirny’s code recommendation and augmentation

support the visualization prototyping process:

* H1: Users produce a higher number of interactive visualizations provided with visualiza-

tion templates and interaction recommendations, versus only visualization templates.

* H2: Users spend less time implementing interactive visualizations when provided with
visualization templates and interaction recommendations, compared to when users only

have access to visualization templates.

To test our hypotheses, we collected data on the number of visualizations created, the num-
ber of interactions participants implemented for each visualization (H1), and the time taken to
implement a fully interactive visualization, i.e., time taken to render a single visualization + time
taken to implement a single interaction (H2). We fit linear mixed effects models [21] with the

condition and condition order as fixed effects and participant and dataset as random effects.
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Based on the results of our pilots, templates were provided for all participants. As a
result, we did not statistically test the number of visualizations explored by each participant
since all participants used the templates. On average participants created 2 visualizations for
each design task. We find a significant effect for interface layout on the number of interac-
tions [H1: (x*(3, N = 20) = 13.406,p = 0.011)] and time to implement an interaction [H2:
(x%(1, N = 20) = 3.85,p = 0.0499)]. Recommendations + code augmentation led to 1.9 more
interactions implemented per visualization compared to only 0.7 interactions when using only
templates. Participants also implemented interactions 3.2x faster when recommendations and
code augmentation were provided (5 minutes versus 16 minutes for templates only). Our sur-
vey results show that participants found the recommendations to be useful(Median(M)=2/Agree,
o = 0.6) and instrumental in helping them gain new ideas of interactions to implement (Me-

dian(M)=2/Agree, 0 = 0.6).

6.8.2 Classifying Template Usage and Modification

To assess the efficacy of our automated features in helping users program visualizations,

we formed two hypotheses:

* H3: Users produce a higher number of executable visualizations when provided with visu-

alization templates compared to when users program visualizations from scratch.

* H4: Users find D3 more interesting and more useful when provided with both visualization

templates and interaction recommendations, versus only visualization templates.

However, based on the results of our pilot study we needed to provide templates for all
participants, affecting our analysis methods. While we do not quantitatively test H3, we have
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informal support for H4 based on our observations of user behavior and feedback from partici-
pants.
Participants default to templates to complete tasks. We expected that some participants would
want to write their own code and provided an option to support this. Contrary to our expectations,
every participant in the study defaulted to using Mirny’s templates, regardless of D3 expertise.
Most participants settled on Scatterplots as their final design. We suspect that some participants
may have been influenced by the word ‘correlation’ in task one which primed participants to
choose scatterplots as their final design. Unfortunately, this behavior was unintentional and the
fixation on scatterplots could have been mitigated by a more careful examination of the task
description. Nevertheless, participants often explored other chart types such as line charts, bar
charts, and pie charts before deciding what visualization to use.
Template Modification Strategies. Our findings amplify prior observations that templates are
a great starting point for users but require modifications to fit users’ needs. We observed a total
of 33 distinct code modifications to Mirny’s visualization templates (n=22) and interaction tem-
plates (n=11). The majority of these modifications involved changes to accommodate stylistic
preferences of participants (n=22), such as changes to the fills for marks and their associated
color schemes, changes to the displayed layout of visual elements such as text, or changes to
add new behavior to interactions. For example, P16 modified the code for a hover interaction to
remove the default tooltip and instead change the opacity and size of other circles outside of the
species class of the selected data point(s). P16 also modified the code to increase the size of
all circles in the selected species class to make them more prominent.

We observed 6 occurrences of participants modifying Mirny’s visualization templates to
transform data such as aggregating, sorting, or grouping data attributes. For instance, P15 modi-
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fied the bar chart template to aggregate the number of cars produced each year and group them by
country of origin. We also observed 5 modifications to introduce new data encodings or visual
marks to the templates, which resulted in particularly interesting visualization redesigns. For
example, P19 introduced an encoding mapping the LastFrost attribute to circle size in their
Scatterplot implementation; more examples can be seen in Figure 6.10.

Unexpected uses of templates. We observed an unexpected use case for templates by some
participants while completing the design tasks. A small subset of our participants (n=4) used an
initial template to perform exploratory data analysis, then chose a different template later on to
present the results. For instance, when completing task two, P7 used the bar chart template to
analyze the distributions of various data attributes. Then, they used the resulting insights to select

attributes to present in their final Scatterplot.

6.8.3 Participant Feedback

Participants had varied reactions to the automated features provided in the Mirny system.
In particular, participants often explained that the templates helped them integrate their design
thinking into their programming process because Mirny provided starter code which helped save
time finding suitable code. Participants mentioned that on their own, they would have to spend
hours finding example code, which is known to be a major design challenge for D3 users [24]
and even visualization designers in general [15]. For instance, P11 comments “those [templates]
are pretty valuable because there’s always that boilerplate of code you would have to write if you
don’t have those templates.” Similarly, P10 said “I think it’s good that it’s smart enough to do

this. And normally, doing these interactions is not easy. For example, I wouldn’t know how to
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implement brushing. I know, it’s a very common thing. But I believe every time I want to do it, 1
have to search for it online.” Participants mentioned that having access to the code for both the
visualizations and interactions helped them to improve their understanding of the corresponding
D3 designs.

The ability to quickly iterate over different interaction prototypes also allowed them to
weigh their design options to understand and identify which designs were suitable for the task.
This feature also helped participants to avoid the sunken cost fallacy that would have otherwise
made them stick to a specific design only because of the time they had invested in creating their
design. P20 states “...instead of having to look for separate things myself, all these recommen-
dations are in one place so it’s very easy to try out which interaction is suitable for which kind
of visualization. So I just click and then I can undo and then be like, okay, I probably don’t want
this. Whereas if I were to implement them myself, I would want to use something that I made,
because I already spent time on it. So I want to use it, even though I probably shouldn’t.

More experienced participants explained that access to code may not be useful for them
due to their existing knowledge of D3, but also agreed that an environment similar to what Mirny
provides would be useful for novices who are just starting to learn D3. For example, P9 instructs
a visualization class and mentions that teaching D3 is a difficult task as students typically need
to learn HTML, CSS, JavaScript, and D3 all at the same time, hindering students’ ability to
prototype different visualization designs to understand their perceptual pros and cons. “I also
teach people d3. And I think this would be great...Having something like this, that creates the
chart and the code and comments the code, so you can read the code. They [students] would like
cry tears of joy to have this.”

Participants welcomed the automated features demonstrated in Mirny, however, our ap-
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Figure 6.10: Examples of visualization designs created by participants during the experiment.
(A), (B), (C), and (E) are visualizations of the Cherry Blossoms dataset depicting different at-
tributes in the dataset such as yearly records of January Snow and February Snow (A), day of
peak bloom vs January Temperature (B), etc. (D) and (F) are visualizations of attributes from the
cars dataset.

proach is not perfect, and participants made suggestions for further refinement. Participants
expressed the need for insight on why certain recommendations are made, e.g., P10 said “instead
of having the recommendation shift, just give more insight as to why this is being recommended,
basically”. Participants also suggested including more widgets to support further customization
of D3 code, e.g., P15 said “...maybe adding something like the components, to support selecting
an axis or legend. If those are also given as part of templates to completely customize code, that
might be more helpful”. Participants also found the live updates feature provided in Mirny to be
a hindrance when debugging their code. Participants suggested adding a run button to allow them

to update the visualization output when desired.

6.9 Discussion

In this work, we present an approach to visualization prototyping that relies on template-
based recommendation and augmentation. Our results demonstrate that our approach allows

users to generate multiple visualization and interaction designs with significantly less effort and

159



time. Our evaluation highlights strategies that participants engage in to modify templates to fit
their design goals. Participants’ feedback also shows that our approach saves users valuable time
that they would have otherwise spent seeking design implementations; allowing them to invest
their time exploring and evaluating design alternatives. We reflect on the implications of our
findings and future directions for research on understanding visualization design, supporting user
creativity and autonomy as well as advancing template-driven design.

Understanding visualization design reasoning. Visualization designers often start build-
ing their designs from an example or template [15], however, these templates are just a starting
point for further design exploration. We find that when provided with visualization templates,
participants would often make changes to implement their desired design ideas. We find that
the key reasons why participants augment our templates are to: (1) accommodate their stylistic
preferences, (2) perform data transformations, and (3) introduce new encoding|[s] to the visual-
ization. Modifying templates or examples is a common phenomenon amongst designers, yet the
visualization community has hardly explored how designers build on and source ideas for their
visual designs. In the future, we need to deeply investigate and understand the designer’s rea-
soning during the design process to understand how the context of use and design tasks influence
the changes a user makes to design a template. Furthermore, more research is needed to under-
stand when and how code augmentation fits into the visualization prototyping process. Finally,
research also needs to explore the role datasets and stylistic preferences play in the visualization
design process.

Balancing automation and user agency in visualization generation. The recent rise in
program synthesis tools like GitHub’s Copilot has made it possible to automatically generate
code [49]. However, as with all automated systems, users lose control over the code specifica-
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tions that are generated as these tools often generate buggy or outdated code that a user neither
understands nor knows how to fix [13,61]; a limitation acknowledged in Copilot’s documenta-
tion [78]. While our approach relies on the same principles of automated code generation, its code
generation process is built on manually curated code templates that incorporate domain-relevant
expertise, safeguarding users from some limitations of automatic code generators. However, we
acknowledge that the manual nature of Mirny’s template curation limits its scalability to more
examples. Future work could explore ensemble strategies that incorporate the strengths of both
approaches. For instance, one could integrate Mirny’s domain-specific data on D3 visualizations
and its recommendation engine with Copilot to learn from a wider array of visualization and
general programming examples to generate recommendations.

Visualization design is still a very subjective process that requires human input and creativ-
ity, evidenced by our participants’ desire to modify the generated visualization designs. Current
visualization recommenders (e.g., Show Me [127], Voyager [217,218], etc.), often treat system-
generated designs as final output with little leeway (if any) for modifying the recommended de-
signs, limiting user creativity. In the future, research needs to explore how automated visualiza-
tion authoring tools can simultaneously preserve user agency and individual design preferences
in the designs they generate or recommend [20]. A potential approach is to explore how users
can be incorporated into the design generation process providing an opportunity for the user and
recommenders to co-design data visualizations.

Modular visualization construction. Inspiration for visualization designs often comes
from multiple sources and designers often piece together components from these sources into
their designs (i.e., select & merge) [15,228]. Participants like P15 in our study also expressed

interest in templates that break visualization elements into modular code components to support
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further customization. This request echoes the sentiment of other D3 users shared online [24].
Future research on the use of design templates should allow for dialog between users, templates,
and authoring tools to improve the visualization programming experience. For instance, modu-
larized templates for each part of a visualization (e.g axes, marks) could allow users to mix and
match designs.

Furthermore, we can explore how Al can be used to advance support for no-code modular
visualization construction for visualization designers. For instance, recent work has demonstrated
how Al can be used to support the generation of UI widgets for visualization modification [204]
or the blending of multiple visual references into a single design [53]. Similar affordances can be
extended to support merging design components from multiple examples.

Supporting complex template transformations. We acknowledge that our choice to fo-
cus on only the common D3 visualization types and code integration for interactions is modest.
However, this work is only a starting point in supporting dynamic template transformations for vi-
sualization design. We observed during our user study that users may be interested in changing a
template from one visualization form to another. For instance changing a line chart to a connected
scatter plot (see Figure 6.10b). An important direction for future work is to explore extending
our automated features to support more complex template transformations such as changing the
structure and arrangement of visual marks in response to data transformations. For instance, how
can we dynamically transform a template that implements a bar chart to a stacked bar chart when

a user performs data aggregation?
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6.10 Summary

In this chapter, we present a new approach to supporting visualization prototyping by using
code examples to power two template-driven automated features to help users program interac-
tive D3 visualizations with less time and effort: (1) a recommendation engine for suggesting
complementary interactions to add to a D3 visualization, and (2) automatic code augmentation
to incorporate suggested code snippets to live user code, even when users are replicating code
copied from external sources. We demonstrate these features in Mirny and in a user study with
20 D3 users, we find that they enable users to create interactive visualizations faster and in fewer
iterations compared to the typical D3 development workflow (i.e., when automated features are
not available). We also observe three key strategies users employ to customize visualization tem-
plates, as well as unexpected patterns of template reuse, underscoring how examples can scaffold
rapid, creative authoring.

By embedding example-driven recommendations and live code augmentation into an au-
thoring environment, this work directly addresses a component of this dissertation’s central ques-
tion of how to support example-aided design. Mirny validates that tailored tooling can materially
enhance the creative visualization process. In doing so, it closes the loop between qualitative
insights into example usage, controlled measurements of their effects, and concrete tool sup-

port—Ilaying a practical foundation for future co-design systems and guidelines.
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Chapter 7: Conclusion

Examples play a critical role in the visualization design process, offering designers a way
to understand problems, evaluate their design choices, and find inspiration for new ideas. Yet
we have no formal evaluations of how visualization designers use examples and how factors
unique to data visualization modulate the example-aided design process. As a result, we have
a proliferation of tools with the wrong assumptions about designers’ workflows and inefficient
support for adapting ideas from examples.

This dissertation addresses these issues through a systematic investigation into the pro-
cess of example-aided design, answering the question: “How can we understand, measure, and
support example-aided design in data visualization authoring?” To this end, this dissertation
presents: (1) a qualitative interview study to characterize designers’ motivations and strategies
(chapter 3) [15]; (2) a controlled experiment to quantify how example attributes and timing in-
fluence design outcomes (chapter 4) [16]; (3) an analysis of interaction sequences to reveal how
ideation behaviors map to creative success (chapter 5) [19]; and (4) Mirny, a tool that operational-
izes example adaptation strategies for interactive D3 visualization authoring (chapter 6) [17, 18].
Collectively, these contributions provide a holistic view of the example-aided design process.
The interview study presented in chapter 3 uncovered that designers rely on examples to both

bridge gaps in understanding and to spark creativity. It also itemized the strategies designers use
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to search for, curate, and adapt ideas gleaned from examples which complement existing findings
in design literature [62, 101,179, 188]. The controlled experiment in chapter 4 demonstrated that
data-schema similarity, visual complexity, and early exposure significantly impact the diversity,
novelty, and conformity of designs. Furthermore, the analysis of participants’ behavior during
example-aided ideation in chapter 5 showed that flexible filtering and intensive example inspec-
tion correlate with richer ideation outcomes. The quantitative results in chapter 4 and chapter 5
contribute to ongoing debates in design by demonstrating the positive influence of delayed ex-
ample introduction [144, 194] and uncover previously unrecognized factors and strategies such
as data-schema similarity, visual composition, and filtering anchors, that shape example-aided
visualization outcomes. Finally, Mirny validated that embedding these insights into an authoring

environment can expand designers’ expressive capabilities.

7.1 Future Research Directions

This dissertation provides key insights into the process of example-aided design; however,
it is only an initial exploration into this space. There is still a vast research agenda on developing
computational support tools to enhance example-aided visualization design authoring. In this

section, we highlight some of these interesting research directions.

7.1.1 Exploring the Dynamics of Example-Aided Creative Ideation

Creative ideation comprises iterative cycles of problem understanding, idea generation, and
idea evaluation. Prior work has shown that examples can spark inspiration and scaffold design

decisions [15, 16, 68,93, 159, 195, 196], yet we still lack a nuanced understanding of when and
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how different ideation phases benefit from example reuse versus when they suffer from fixation
or cognitive overload. Building on the insights from Chapters 3-5, future research should probe
the full cycles of creative ideation. For instance, future studies can be conducted to adopt fine-
grained logging and think-aloud protocols to capture transitions between the different stages of
creative ideation, mapping these behaviors to specific tool affordances (e.g., GUI controls, auto-
suggestions) to reveal patterns of constructive versus inhibitive influence.

A second thread in this direction is to investigate the trade-offs that emerge during iterative
cycles of creative ideation. As designers cycle between problem definition and solution explo-
ration, they must balance divergent thinking (broad idea generation) against convergent thinking
(narrowing toward a viable design) [108]. Computational interventions such as adaptive example
filters, progressive complexity scaling, or context-aware prompts could be designed to encour-
age shifts between these modes at opportune moments. For instance, we can evaluate “ideation
nudges” that detect when a designer is stuck in convergent thinking and then temporarily broaden
the example corpus, or conversely, focus suggestions when the solution space is too broad. Con-
trolled lab studies and field deployments will be crucial to calibrate these interventions, measuring
their impact not only on creative output but also on designers’ subjective experience and flow.

Finally, to move beyond purely subjective judgments of creativity, we aim to develop and
embed objective metrics for evaluating different dimensions of visualization designs into our
tooling ecosystem. Inspired by computational creativity research, potential metrics include mea-
sures of structural novelty (e.g., deviation from prior examples in layout or encoding), semantic
diversity (e.g., diversity in dataset—visual mapping), and exploration breadth (e.g., coverage of
the design space over time). By integrating these metrics into live tools, we can give designers

real-time feedback on their ideation trajectories, flagging when they are retracing familiar paths
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or encouraging them to explore underutilized design regions. Embedding such evaluative signals
directly into example-aided interfaces will enable a new class of “creativity-aware” visualization
tools that not only scaffold idea generation but also help designers self-monitor and optimize

their creative workflows.

7.1.2  Advancing Human—AI Co-Design for Visualization Authoring

In chapter 6, this dissertation introduced the first iteration of design support tools for
example-aided design that operationalizes one of the three example adaptation strategies iden-
tified in chapter 3. Mirny demonstrates the feasibility of embedding example-aided design strate-
gies into visualization design tools, opening up avenues of research on developing co-design
environments that leverage artificial intelligence (Al) and the example-aided strategies we have
uncovered to support both technical and non-technical users.

First, while tools like Mirny are suited for users with technical expertise who can pro-
gram their own visualization designs, most domain experts have little to no technical skills. We
therefore need interfaces that embed example reuse into higher-level workflows, allowing users
to scaffold creative exploration without writing code. Secondly, there are still two additional
strategies-select & merge, trial & error-that we need to accommodate in visualization authoring
tools.

Conversely, we observe a phenomenon of fluid ideation, where designers oscillate between
well-formed goals and open-ended sketching. This phenomenon highlights a critical challenge
for the new Al design tools: interpreting shifting intent in real time. At one moment, a user may

be have a clear design intent and is focused on implementing that target idea. At the next, they
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may be forming the idea as they iterate over their design. To address this, future research must
investigate multimodal intent elicitation (e.g., conversational prompts and gestural commands,
dynamic sketch recognition, and interaction-trace analysis) with the goal of determining how
each modality can signal the user’s current ideation phase. By aligning Al suggestions (e.g.,
example recommendations, code snippets, or layout templates) with these subtle cues, co-design
tools can stay in sync with evolving creative workflows.

Finally, we envision adaptive, personalized co-design systems that learn from individual
designers’ behaviors and preferences over time. Building on our sequence-analysis findings
in chapter 5, such systems could model a user’s favored example-adaptation strategies (e.g., se-
lective filtering vs. deep inspection) and proactively surface examples or interface controls that
nudge them toward more divergent or convergent thinking as needed. Research questions in-
clude: 1) which interaction patterns best predict creative breakthroughs? 2) how can we balance
exploration and focus through real-time interventions? and 3) can embedded creativity metrics
guide Al to calibrate its support dynamically? Addressing these questions will pave the way for
next-generation visualization tools that democratize expressive, example-driven authoring across

skill levels.

7.1.3 Integrating Example, Domain, and Perceptual Knowledge in Visualiza-
tion Design

During design, a designer potentially draws on three distinct knowledge sources: special-
ized domain conventions, design guidelines and heuristics, and implicit design cues gleaned from

examples. Examples teach designers which visual encodings pair well with particular data at-
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tributes; domain knowledge embeds conventions (for instance, spiral layouts for protein struc-
tures in biomedical engineering); and perceptual studies offer guidelines on element discrim-
inability and compositional effectiveness. Yet these three axes of knowledge sources remain
siloed both in visualization theory and tooling. A unified framework that weaves together these
strands would enable tools to recommend not only “what works” in the abstract but “what works
here” for a given dataset, domain context, and perceptual objective.

To construct such a framework, future work should formalize mappings among the three
axes. On the example axis, we can mine large visualization corpora to learn associations between
data schemas and successful encodings. On the domain axis, we must codify discipline-specific
conventions, drawing on domain literature and expert interviews to capture conventional designs
like glyph-based gene expression maps or geographic choropleths in epidemiology. On the per-
ceptual axis, we need to formalize the results from graphical perception studies into empirical
thresholds or weights that can be objectively measured and evaluated. Bringing these three axes
into a common representational ontology will allow us to query for visualizations that: 1) match
the data, 2) respect domain conventions, and 3) conform to perceptual best practices.

Once these knowledge sources are linked, we can translate the framework into co-design
tools. For example, a recommendation engine could surface analogical examples from adjacent
domains-showing a spiral layout from genomics to suggest an alternative pattern for time-series
weather data-while simultaneously filtering for perceptual clarity and domain appropriateness.
By embedding this tri-axial intelligence in authoring environments, we empower designers to dis-
cover novel visualization designs and support analogical inspiration systematically. Ultimately,
this integrated framework will not only bridge theoretical gaps but also inform more creative,

context-aware workflows for both technical and non-technical visualization designers.
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