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Abstract

In this dissertation, we contribute practical advancements in tool-making as an intervention on
the accessibility of interactive data experiences. The thesis of this dissertation is as follows:
This dissertation argues that the tools practitioners use to build interactive data experiences are
themselves sites where accessibility barriers are produced, prevented, or alleviated for both end
users and authors. This work contributes ve tools—Chartability, Data Navigator, Softerware,
Cross-perception, and Skeleton—that collectively center accessibility work on the empowerment
of disabled and non-disabled practitioners across the full arc of evaluation, data navigation,
analytical interaction, and personalization.

Rather than framing accessibility research solely around ideal experiences for end users with
disabilities, this thesis investigates why accessibility work is so dif cult for the practitioners who
build interactive data experiences and what tool-making can reveal about those dif culties. We
organize this investigation around four domains where practitioners face the most persistent chal-
lenges: evaluation, navigation, interaction, and personalization. Chartability, a heuristic frame-
work contributed rst and maps the full landscape of accessibility barriers. Chartability helped
us to identify and prioritize our three latter domains (navigation, interaction, and personalization)
as the areas where the most severe gaps remain in practitioner work. Data Navigator and Skele-
ton then investigate navigation, nding that practitioners struggle because navigation structure
has no visible, manipulable representation in their work ows. Cross-perception engages interac-
tion, demonstrating that blind data analysis has been constrained by existing tools and that a new
interaction design framework can reshape what analytical work is possible. Softerware addresses
personalization, revealing that access needs genuinely con ict across users and that meaningful
personalization requires system-level infrastructure that does not yet exist in practitioner tooling
ecosytems.

Combined, these contributions provide empirical insights and practical advancements in the
state of the art for tooling that bridges gaps in current accessibility practices in visualization and
data science. Our work ultimately enables people with and without disabilities to better evaluate
barriers in, analyze with, design for, develop, and personalize interactive data experiences. We
demonstrate that tool-making is a productive intervention that both engages accessibility barriers
and elucidates why those gaps exist in practitioner work.
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Chapter 1
Introduction

This thesis is a body of research situated within the existing research area focused on making
interactive data representations more accessible for people with disabilities. Much of the work
in this existing area is situated within the context of making interactive data visualizations acces-
sible, particularly (but not exclusively) for people who are blind. My work, contributed here in
this thesis, is focused on using tools as a speci ¢ intervention and sub-area of study for making
interactive data representations accessible for people with disabilities, broadly speaking. (“Rep-
resentations” here is an intentionally broader term than “visualizations,” which are exclusively
visual representations of data.)

Before we begin, two things must be understood up front, or else the rest of this thesis could
be interpreted with disruptive assumptions: we must interrogate the phrase “making visualiza-
tions accessible” and unpack why tools are a meaningful area of study.

1.1 Is “accessible visualization” really an oxymoron?

The rst assumption that must be disrupted is perhaps the motivating cornerstone of this research,
which is that the phrase “making visualizations accessible,” while a noble goal, is not the seman-
tically correct phrasing nor precisely what describes my work. This can be misleading. | do use
the phrase “accessible visualization” but will admit that this seems to confuse certain people with
very particular opinions about things. We will clear this up.

Villains of our eld's past have written incendiary and ableist perspectives on why “no forms
of data visualization, not just dashboards jam-packed with graphics, can be made fully accessible
to someone who is blind,” and that “[a blind man] will never be able to analyze data as | do
visually, because many aspects of vision cannot be duplicated by his other senses” [75]. However,
this position misunderstands what the goal of accessibility is, and arguably even what the goal
of visualization itself is.

Making visualizations accessible isn't about the visualization, it's about making the outcomes
of the visualization accessible.

Visualizations are ubiquitous and paramount for decision-making. However, the artifact that
is a visualization is not even the goal of the act of visualizing: developing understanding, insight,
con dence, and communication among and between human beings are the goals of visualization.
Visualization is about making data easier to use for all kinds of things. Yes, our visual system
enables us more than any other form of sensory cognition that we have [31, 91, 243]. But we
aren't trying to make sight itself accessible. We are trying to make it possible for people to make
meaningful decisions, gain valuable information, build conjectures, and effectively communicate
with others.

Many, many people who I've spoken to over the course of my career, even before embarking
on this thesis journey, misunderstand this simple fact: making a “visualization” accessible isn't
about the visualization itself but rather making what the visualization is meant to accomplish

3



accessible. It's about equal outcomes, not equal interactions with an artifact.

People with disabilities are no small portion of the world's population. In the United States,
27% of people self-report living with at least one disability that affects their daily lives [190] and
all of us will eventually age into disability (if we are lucky to live a long life).

People with disabilities (again, that will be all of us eventually) deserve to participate fully in
life. They deserve nancial independence. They also deserve loving care and interdependence.
People with disabilities have a right to make informed decisions, to know about the status of a
global pandemic, and to have an understanding of local and national politics [73]. While we
use visualizations to navigate all of these domains, the goal is not to make the charts and graphs
themselves somehow equally useful to all people. That would be a false measurement of success.

Our goal then, is measured by the success of lives led by people with disabilities [250].
Many other measurements are just metrics along the journey towards that goal. We then ask:
Can people with disabilities also use data to live full lives? Can they make fast decisions based
on data? Meaningful, careful, slow decisions? Communicate complex ideas? Crunch and clean
data, develop models, nd errors, and build hypotheses? Can they have memorable, immersive,
beautiful, aesthetic experiences with data too [124]? Making “visualizations” accessible really is
a misnomer. We are ultimately trying to make everything about what interactive data experiences
accomplish for people equitable and accessible.

Again, if the goal of accessible visualization were about visualizations themselves, then the
correct course of action would be one framed by the medical model [172]: that there is a nor-
mative state of behavior and capability (in this case, it would be “normal” to be able to read a
visualization and make a decision) and any deviation from that norm must be corrected. This
framing rst assumes that the visualization should not be altered or improved. And then this
framing puts the burden on the bodies of people with disabilities: that they must be “ xed”
and given sight or brought to some equivalent state as someone who is “healthy,” normal, and
sighted. Plenty of scholars have already discussed why this framing is a problem, not only be-
cause it places undue burden on people with disabilities, produces pathologies and hierarchies of
disability, but also because it is fundamentally not economically or ethically feasible.

So we then turn to other models of disability, such as the social model. The social model is
heavily discussed by disability scholars and is not the end-game or last and total way of thinking
about disability [172, 200, 204, 241, 290]. But the core motivation is that society, not medicine, is
also a path towards solving problems that people with disabilities face. A few important concepts
and concretely actionable things come from the social model that can help motivate the work of
this thesis.

First, we look to the historical birth of the social model of disability: in the 504 sit-ins that
took place in the United States in 1977. Cities had curbs and curbs are a barrier for people
who use wheelchairs. So protests happened because decisions were being made without people
with disabilities at the table. In this instance, people acknowledged that political power was an
exclusive club and fought to ensure their cry “nothing about us, without us!” materialized.

And this leads us to the rst and most-foundational philosophical framing for this thesis: that
our artifacts, these things we've created from curbs to data visualizations, can become barriers
for people with disabilities. And itis then the artifact, not the body of the person with a disability,
where disability is produced in this model. Rather than a comparison to a normative state as a
way to frame disability (the medical model), we instead must observe and evaluate material
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outcomes based on human-made problems.

So, the social model is framed around society “solving” inequities: we get involved and
make political and legal change tangible. But a second model also emerges from within the
social model: one where we can now frame who is rst responsible for repair: the curb designers
and implementers.

And knowing who is rst responsible for access leads us into the moral and ethical imperative
that motivates this thesis: the builders and makers of visualizations are ultimately the ones who
provide exclusive value for only a subset of people: those without disabilities. We must rst
change how builders and makers do their work.

So the phrase “accessible visualization” is really about recognizing that visualizations pro-
duce barriers for people. That means that it is our ethical imperative, as builders and makers,
to x them. And that act of xing barriers leads us away from mere visual representations of
data into a wide variety of other senses and interaction modalities. There are many paths forward
towards fuller and more-equitable lives led by people with disabilities.

1.2 On tools, tool-making, and human-tool interaction

Then the act of making becomes immensely important: we, the builders and makers of our world,
need to get things right; there is a risk involved when making things that we will exclude people
with disabilities. We need to make sure that we build a better world than the one we have now.
We must care for new things we create and tend to the repair and maintenance of what we've
already made. And this ethical imperative leads us to the topic of tools and tool-making.

So the second thing that must be understood before we embark on this thesis is that tools
are not the same as solutions or applications. Sometimes tools can be used to solve things and
are certainly, in ideal circumstances, applied in various contexts. But understanding the role of
the “tool” in human-tool interaction is paramount for engaging in the work of making anything
accessible for people with disabilities.

We use tools to shape our world, break old things, and make new things. But a tool, like the
hammer (as an example), does not inherently solve something like homelessness. But a hammer
can be used to build homes if there are social policies in place and proper resources allocated.
This means that for the success of tooling, there is often a larger material, social, legal, and policy
reality that supports and necessitates those tools. This thesis will not be focusing on changing
the upstream dependencies, but optimistically operating as if they were true (or will be true in
time).

However, in some cases, tools can destroy. The hammer has a claw and can easily pry apart
boards and tear down homes. So tools carry potential to do all kinds of things, both good and bad,
and how a tool is used is often open-ended, variable, and heavily dependent on socio-technical
realities. Tools participate in personal and political agendas [279] and are sometimes, for this
reason, regulated or made proprietary and controlled by powerful entities [96, 272].

So tools are not without any sort of ethics. We cannot just blame tool-users for outcomes
when much of a tool depends on these larger systems and structures. Technologies (tools in-
cluded) encode the assumptions and biases of their creators as much as, if not more than, their
users. Tools that build things for others to use can be loaded with assumptions about what peo-
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ple are able to do [280] and also rules and guardrails about what anyone downstream from that
tool's design should do [96, 271]. These assumptions, biases, and rules limit, enforce, magnify,
exclude, and enable what a tool-user is capable of.

Tools for visualizing data are a perfect case study in this problem: virtually every major data
visualization library, application, or software ever made was made entirely with the assumption
that data should be transformed into visual representations. This is a reasonable assumption,
since virtually all of the tool-makers are sighted and visualization is incredibly helpful to our
cognition of and communication with data [82].

So data visualization, as a eld, has focused its tool-making efforts on reducing the dif culty
involved in visualizing data. Some visualization tools are concise [214], others are lower level
but much more expressive [22]. Tool-making in visualization has focused on making it easier to
scaffold a wide variety of interactions both with the visualizations as well as with their underlying
data models [108].

However, as time has moved on, people began to speak out about color-vision de ciency
in data visualization. Some people, primarily those with X/Y chromosomes (largely men) who
are of European ancestry, have a de ciency in their ability to perceive certain colors. Then
a plethora of research arose that began to look into the barriers that folks who are colorblind
face in data visualization. As a result, our practices and tools improved. We began to educate
practitioners, develop new color palettes, researched new methods for testing our designs, and
built new systems for handling automatic color encoding. Our tools evolved.

But now data visualizations have arguably become ubiquitous in daily life. By comparison,
we have far more tools now for making visualizations quickly and easily than we do for repre-
senting data in non-visual ways. We also have far more research, relatively speaking, into how
sighted end users interact with visualizations.

So this thesis engages gaps that arise in this space: Practitioners face immense challenges
when crafting accessible data experiences. We rst need to educate practitioners on what ac-
cessibility barriers actually are in interactive visualizations. Then, we must help them engage
the hardest barriers in this work and create building blocks that help them to construct navigable
data experiences, build design frameworks that can inform entirely new kinds of data interac-
tion, and develop software systems for end-user personalization and agency. Our research seeks
to advance the state of the art in tools that assist in accessible data interaction while also using
tool-making as an intervention that helps us to better understand and characterize why and how
data practitioners face barriers themselves in this work.



Chapter 2
Background & Related Work

2.1 Practitioners and Tools

2.1.1 Understanding Builders, Makers, Designers, and Developers

Research investigating the practices and experiences of individuals who create with computers
employs a range of high-level methods. Ethnographic studies, case studies, and design ethno-
graphies are common approaches, allowing researchers to immerse themselves in communities
such as the DIY/maker and assistive technology spaces [123, 126]. These methods capture the
nuanced challenges practitioners face when engaging in new and unfamiliar work, including the
transition from traditional to digital fabrication, coding, and tool creation [125]. By observing
and interviewing practitioners in naturalistic settings, researchers uncover the social, cultural,
and technical factors that shape how makers adapt and evolve their work practices.

Participatory design and co-creation are also central to this eld [242]. These approaches
encourage collaboration between researchers and practitioners or end-users, enabling a deeper
understanding of the cognitive and creative processes behind design and development [100].
Such collaborative sessions reveal how designers shift their thinking when encountering novel
challenges, embracing iterative processes that blend experimentation with re ection. Similarly,
developers often modify their applications, tools, and even programming languages through feed-
back loops and community-driven innovation, highlighting a dynamic interplay between individ-
ual creativity and collective knowledge.

Additionally, design-based and case-study research methods explore how new practices can
augment the existing work of practitioners [43, 136]. This involves not merely lling gaps or
solving isolated problems but reimagining the possibilities for creative and technical expression.
Researchers in this space envision systems that support continuous learning, adaptation, and
innovation [98]. The focus is on enabling practitioners to extend their capabilities—providing
scaffolds for experimentation, fostering environments where unconventional approaches are en-
couraged, and integrating new technologies in ways that amplify creativity and intelligence rather
than simply addressing de cits [141, 252, 280].

Overall, the research methods used in this area are multidisciplinary, combining qualitative
insights with iterative design practices to offer a holistic picture of the challenges and opportuni-
ties of builders, makers, designers, developers.

2.1.2 Approaches to Tool-making in Human-Computer Interaction

In human-computer interaction, tool-making research spans both the creation of entirely new
capabilities and the enhancement of existing systems. One prominent approach involves piggy-
backing on current systems—Ieveraging their established functionalities to introduce improve-
ments that streamline work ow or unlock new interactions [97]. This method often focuses
on integrating with widely used platforms to amplify their usability, enabling users to perform
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tasks in more intuitive or ef cient ways. By building on existing infrastructures, researchers can
demonstrate how small, targeted modi cations have the potential to transform user experiences.

Another signi cant approach centers on the notion of appropriation [57, 60, 208, 249]. Here,
research examines how users adapt tools for uses beyond their original intent. Studies in this
vein explore the creative processes behind such re-purposing, uncovering the latent function-
alities and opportunities that emerge when practitioners modify systems to suit their unique
needs. This perspective often leads to the development of modular, extensible tools that en-
courage experimentation and user customization, fostering a more personalized interaction with
technology. In some cases, theory has been developed from the study of emergent and generative
tool-use [13, 16], broadly informing future tooling projects as well as general theories of creative
human interaction with technology.

Beyond these, tool-making in HCI also includes the development of systems designed to
empower users by providing entirely new capabilities, sometimes explicitly named “toolkits”
and other times generally just referred to for their ability to enable novel interaction and out-
comes [148, 195, 210, 229, 229]. These projects may range from novel software environments
that facilitate rapid prototyping and live programming to innovative hardware devices that bridge
the gap between digital and physical interactions [111, 113, 195]. The emphasis is not solely
on problem-solving but on enabling creative exploration, new possibilties, and even hacking the
potential of technologies towards new ends [112]. Such projects often present their contributions
through demonstrative prototypes and case studies that reveal potential applications, even if they
are accompanied by minimal formal evaluations [67].

This body of work re ects a balance between novelty and practicality. While some projects
aim to introduce groundbreaking new ways to interact with data and systems, others re ne ex-
isting practices to improve ef ciency and accessibility. Together, these approaches underscore a
commitment to enhancing human capabilities, allowing users to not only solve problems more
effectively but also to unlock new avenues for creativity and innovation.

2.2 Data, Accessibility, and Data and Accessibility

2.2.1 Advancements in Interactive Data Visualization and Data Science

Recent years have witnessed signi cant advancements in interactive data science and visualiza-
tion, driven by innovations that enhance both the performance and usability of data tools. Cross-
ltering, as a subtype of cross-linked interaction, has emerged as a powerful technique, enabling
users to interact with multiple data dimensions simultaneously [14, 107, 157, 266]. By linking
various lters, analysts can quickly build hypotheses and isolate patterns, trends, and anomalies
in complex datasets, leading to more informed decision-making. Stress has been placed in recent
years on developing fast systems that are optimized showing more and more data at once while
reducing latency in user interaction as much as possible [108, 157, 283].

Automated data processing and cleaning have revolutionized work ows by reducing the time
spent on manual data wrangling [70]. Sophisticated algorithms now automatically detect incon-
sistencies, |l missing values, and transform raw data into usable formats. These improvements
enable researchers and practitioners to focus more on analysis rather than preparation.
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Faster tooling has further accelerated data exploration. Enhanced computational frameworks
and optimized libraries allow for real-time data manipulation, making interactive visualization
more responsive [108]. Coupled with easier-to-use grammars and scripting languages, these tools
lower the barrier to entry, empowering users with limited visualization, geometry, trigonome-
try, data, and graphics coding experience to generate complex, interactive, visual representa-
tions of data [214]. New visualization types and techniques—ranging from dynamic dashboards,
faceting, to immersive 3D visualizations—offer novel ways to explore and interpret data [283].

Despite signi cant breakthroughs, current advancements have largely neglected the needs of
people with disabilities. Innovations in data science and visualization have focused on sighted
user populations, prioritizing visual clarity and interaction speed using direct pointer techniques
(such as with touch or a mouse) [173]. This focus often overlooks accessibility requirements
for individuals who are blind, have low vision, experience cognitive or vestibular challenges, or
possess motor disabilities that limit traditional pointer use [277].

2.2.2 Accessibility and Assistive Technology in Research versus Practice
2.2.2.1 Research: Focus on Blindness and Computer Output

Research and standards are both somewhat limited by a strong bias towards visual disabilities.
In Chartability, 36 of the 50 criteria related to accessible visualization considerations involve
visual disabilities [66, 73]. Marriott et al. also found that visual disability considerations are
the primary focus of data visualization literature [173], leaving the barriers that many other de-
mographics face unstudied. Accessibility research broadly has traditionally concentrated on the
experiences of individuals who are blind, investigating how they perceive and interpret com-
putational output [165]. Studies in this area explore alternative modalities for conveying data,
such as auditory representations (through synthesized speech), tactile interfaces, and soni cation
techniques. Researchers focus on identifying effective methods for transforming visual data into
formats that blind users can easily comprehend. This body of work not only examines the per-
ceptual challenges but also delves into cognitive processing differences, aiming to optimize the
accessibility of complex information and interactive systems for users with visual impairments.

While research has made strides in converting visual outputs into auditory or tactile forms for
blind users, interactive input methods remain underdeveloped. Most efforts have concentrated
on optimizing screen reader navigation and information retrieval, leaving text entry and com-
mand execution cumbersome. Screen readers, as they currently exist, offer limited support for
ef cient input, making it challenging for users to perform complex interactions. Although tactile
interfaces hold promise for providing more intuitive input methods, they are still in the experi-
mental stage and have not been fully integrated into mainstream accessible computing solutions,
perpetuating a critical gap in effective user interaction.

2.2.2.2 Practice: Focus on Standards and Specialization

In contrast, practical accessibility efforts are often centered on the implementation and adher-
ence to established standards and guidelines, such as WCAG [257]. There has been a growing
interest in developing guidelines for practitioners [62, 66] and even applying guidelines as a
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method of validation alongside human studies evaluations and co-design [73, 161, 162, 294].
Existing accessibility standards bodies like the Web Content Accessibility Guidelines do stress
the importance of accurate, functional semantics in order for screen reader users to know how to
interact with elements [261]. For interactive visualizations this means that button-like or link-like
behavior should expressly be made using elements that are semantically buttons and links.

Accessibility professionals, who typically possess specialized expertise, act as intermediaries
between the design and development of digital products and the strict requirements of accessibil-
ity standards. Their role involves translating abstract guidelines into concrete design solutions,
ensuring that websites, applications, and services meet regulatory benchmarks. By focusing on a
standards-based approach, practitioners help organizations navigate the complexities of legal and
technical requirements, thus ensuring that accessible design principles are integrated into main-
stream technology development. This dual focus on rigorous standards and specialized expertise
ensures that accessibility is both technically sound and legally compliant across diverse digital
environments.

However, accessibility standards are inherently reactive, often lagging behind rapid techno-
logical advancements by ve, ten, or even twenty years (or more). This delay occurs because de-
veloping, vetting, and formalizing standards requires consensus among diverse stakeholders and
extensive testing to ensure compatibility and compliance. In contrast, cutting-edge interfaces and
computational capabilities evolve swiftly, driven by dynamic market forces and user innovations.
Consequently, accessibility guidelines tend to re ect outdated technologies, creating a persistent
gap between modern interactive systems and current best practices in accessibility.

2.2.3 Data and Accessibility

In parallel to Mack et al.'s “What do we mean by Accessibility Research?” [165] nearly all topics
of study at the intersection of accessibility and data are focused on visualization and vision-
related disabilities [277]. Largely, access issues other than vision that affect data visualization
(such as cognitive/neurological, vestibular, and motor concerns) are almost entirely unserved in
this research space. Kim et al. found that 56 papers have been published between 1999 and
2020 that focus on vision-related accessibility (not including color vision de ciency), with only
3 being published at a visualization venue (and only recently since 2018) [146]. Matrriott et al.
found that there is no research at all that engages motor accessibility [173]. We have found 2
papers that engage cognitive/neurological disability in visualization and 1 student poster from
IEEE Vis, which are all recent (speci cally intellectual developmental disabilities [286] and
seizure risk [239, 240]). We found no papers that engage vestibular accessibility, such as motion
and animation-related accessibility. We also found that there is no research speci c to low vision
disabilities (not blindness or color vision de ciency) unless con ated with screen reader usage
in data visualization. Blind and low vision people are often researched together, but in practice
may use different assistive technologies (such as magni ers and contrast enhancers) and have
different interaction practices (such as a combination of sight, magni cation, and screen reader
use) [248].

Since the 1990s, the most prominent and active accessibility topic in data has been color
vision de ciency in data visualization [37, 154, 175, 188, 191]. Research projects that explore
tactile sensory substitutions to charts have been a topic in computational sciences dating back to
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the 1983 [218], with tactile sensory substitutions being used for maps and charts as far back as
the 1830s [99]. Soni cation used both in comparison to and alongside visualization and tactile
methods for accessibility dates as far back as 1985 [27, 49, 78, 169, 177, 292]. Some more
recent work has explored robust screen reader data interaction techniques [92, 237], screen reader
user experiences with digital, 2-D spatial representations, including data visualizations [215,
225], dug deeper into the semantic layers of effective chart descriptions [161], and investigated
how to better understand the role of sensory substitution [42]. Jung et al. offer guidance that
expands beyond commonly cited literature that chart descriptions are preferably between 2 and
8 sentences long, written in plain language, and with consideration for the order of information
and navigation [140].

A wide array of emerging research projects investigate screen reader users needs, barriers,
and preferences, and offer guidelines, models, and considerations for creating accessible data
visualizations [42, 73, 161, 225]. Jung et al. offer guidance to consider the order of information
in textual descriptions and during navigation [140]. Kim et al. collected screen reader users'
guestions when interacting with data visualizations, which could open the door for more natural
language data interaction [145].

Data visualization accessibility has come far in recent years. But little work has been done
to explore what disability scholars call “access friction” - a tension that arises when access must
be negotiated [102, 124]. This friction is often a result of static barriers in shared spaces: one
artifact or approach designed to include some people may end up excluding others.

Yet despite these resources, making data visualizations more accessible remains a dif cult
task for practitioners [139, 227]. Some accessibility guidelines even con ict, for example on
the topic of patterns and textures used in charts. One side stresses that patterns are harmful to
cognitive and visual accessibility [216] while another stresses that redundant encoding strategies
are necessary [66].

These dif culties point to a deeper problem: the tools practitioners use to build data ex-
periences were not designed with accessibility in mind, and the resulting gaps are not evenly
distributed. Even in an ideal state where guidelines agree, the hardest remaining challenges clus-
ter in three domains: navigation, interaction, and personalization. In these, practitioners lack the
structural, technical, and infrastructural means to reason about accessible design and act on those
considerations.
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Chapter 3
Overview of Contributions

In this dissertation, we contribute practical advancements in tool-making as an intervention on
the accessibility of interactive data experiences. The thesis of this dissertation is as follows:
This dissertation argues that the tools practitioners use to build interactive data experiences are
themselves sites where accessibility barriers are produced, prevented, or alleviated for both end
users and authors. This work contributes ve tools—Chartability, Data Navigator, Softerware,
Cross-perception, and Skeleton—that collectively center accessibility work on the empowerment
of disabled and non-disabled practitioners across the full arc of evaluation, data navigation,
analytical interaction, and personalization.

Rather than framing accessibility research solely around ideal experiences for end users with
disabilities, this thesis investigates why accessibility work is so dif cult for the practitioners who
build interactive data experiences and what tool-making can reveal about those dif culties. We
organize this investigation around four domains where practitioners face the most persistent chal-
lenges: evaluation, navigation, interaction, and personalization. Chartability, a heuristic frame-
work contributed rst and maps the full landscape of accessibility barriers. Chartability helped
us to identify and prioritize our three latter domains (navigation, interaction, and personalization)
as the areas where the most severe gaps remain in practitioner work. Data Navigator and Skele-
ton then investigate navigation, nding that practitioners struggle because navigation structure
has no visible, manipulable representation in their work ows. Cross-perception engages interac-
tion, demonstrating that blind data analysis has been constrained by existing tools and that a new
interaction design framework can reshape what analytical work is possible. Softerware addresses
personalization, revealing that access needs genuinely con ict across users and that meaningful
personalization requires system-level infrastructure that does not yet exist in practitioner tooling
ecosytems.

We engage each domain below with the questions: “Why does this work matter?”, “Why is
it hard?”, and “What has tool-making within this domain showed us?”

The 4 domains of work that | engage in this thesis start rst with evaluation. In work contexts
where someone is designing and developing interactive data experiences, the practitioner must
have the knowledge, tools, and resources available to systematically identify how their interfaces
produce barriers for people with disabilities. A signi cant portion of professional accessibility
work (arguably most, if not all) is founded on auditing and evaluating barriers to access. This
work is pre-dominantly done through a standards-based approach [257], although in more robust
evaluation work, people with disabilities are actively involved in the process [196].

Evaluation is dif cult work because much of it is contextually de ned by the author them-
selves, and most tasks at this intersection require careful, non-automated processes and meth-
ods [55, 196]. To make matters more dif cult, no comprehensive guidelines, tests, and tools
exist in any singular location. Practitioners often must gather these resources themselves, which
tend to be situated towards accessibility in general or are high-level and provide minimal use-
fulness in practice. Additionally, practitioners themselves often have little knowledge about the
veracity or quality of any given bit of information they gather [139, 227], and often do the work
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themselves to synthesize this disparate space of information into a usable format they can apply
to their own evaluation work.

To engage this, our rst main chapter focuses on Chartability, a heuristic framework that en-
ables designers, developers, and auditors to systematically evaluate data visualizations and inter-
faces for a wide range of accessibility barriers, considering people with visual, motor, vestibular,
neurological, and cognitive disabilities. In this project, we did the hard work for other practition-
ers and contributed our collection of synthesized accessibility resources in a single workbook.
We had practitioners try out our resource in real environments, in-situ, in order to learn more
about the challenges and barriers they themselves faced in evaluation work. With Chartabil-
ity, practitioners, especially those with limited accessibility expertise, gained more con dence
and clarity in assessing and improving their work. Additionally, Chartability has since become
widely applied as a framework that isn't just used for evaluation but also as design guidance in
many contexts, internationally, including policy organizations, governmental groups, and more
than 100 companies and businesses.

Chartability then opened up a signi cant landscape of new projects and research directions.
From a combination of my existing expertise as a visualization designer and engineer, in addition
to continued application of Chartability in the wild, we began to identify the trickiest and most-
dif cult domains of work for practitioners. Chartability has 50 total heuristics, or tests, each
organized under one of 7 principles. But 3 larger domains began to emerge as the areas where
the most severe and dramatic accessibility barriers remained unaddressed: on data navigation,
analytical interaction, and interface personalization.

So the next section of this thesis engages the rst of these three: navigation. Navigation is
a fundamental type of interaction that is leveraged by modern software-based assistive technolo-
gies. Screen readers, the primary tool used by people who are blind to interact with computers,
navigate content. Additionally, many other assistive technologies, such as a sip and puff device
(like the “POSSUM” from as far back as '63 [167]) also navigate. Navigational technologies
are leveraged by people with a signi cant array of disabilities, yet tend to be entirely ignored by
existing data visualization tools, which are pre-dominantly built to support direct input (using a
computer mouse).

Empirical work has already demonstrated that structural navigation is actually good [294],
even when regular alternative text (image descriptions) exist. This is both because people who are
blind can gain both a high level understanding (from the description) as well as lower-level sense
of the data's structure and arrangement, in addition to the fact that discrete, structural navigation
exposes interactivity that may exist on any visualization elements (such as they can be hovered
or clicked with a mouse in order to perform some action). So, if good empirical work exists: why
haven't practitioners put this research into action? What makes this work hard to do?

We rst built Data Navigator to provide the building blocks we needed in order to address
the technical and conceptual gaps that were required to make any visualization or visualization
tool provide a navigable, interactive structure. Data Navigator is a low-level toolkit which can
be used to construct accessible navigation structures such as lists, trees, and diagrams from an
underlying graph structure. We leveraged graph theory for an applied HCI problem: nodes and
edges represent any relationships within the data as a structure, which then supports rich expres-
siveness of data navigation experiences. Users can navigate discrete marks in a visualization,
clusters, groupings, and more. In addition to its structural scaffolding, Data Navigator also
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supports a wide array of input modalities leveraged by people with disabilities (screen readers,
keyboards, speech, and gestures).

Data Navigator provided a substrate, but this contribution alone wasn't enough to engage
the question why is navigation so hard, in practice?. So the chapter following Data Navigator
introduces Skeleton, a data navigation authoring tool built on top of Data Navigator. Our novel
approach in Skeleton involves visualizing and making manipulable the nodes, edges, and textual
data that comprise non-visual end user experiences. Skeleton visualizes the building blocks that
comprise Data Navigator. Additionally, Skeleton provides expressive, rapid scaffolding capabili-
ties that leverage data visualization rendering engines. This scaffolding engine helps practitioners
quickly create common con gurations for non-visual data navigation structures that retain visual
congruence to the underlying structure.

But most importantly, Skeleton serves as a framework that shapes designerly consideration.
Our conjecture was that because sighted practitioners cannot see navigation building blocks, they
will not treat those elements as iterable design materials. We conjectured: Navigation is hard in
practice because sighted designers face barriers to iteration and understanding. We conducted
an empirical study with sighted practitioners and found that making non-visual elements visual
helped practitioners shift from treating accessibility as a compliance task to treating it as a design
problem, re-iterating on the visual aspects of their design, and engaging in the complex and
nuanced components that comprise data navigation experiences.

Now, interaction becomes the next area we wanted to engage. Existing accessible data inter-
action for people who are blind, including our previous work on navigation (which is a form of
interaction), predominantly seeks to expose information. This is what we call access-oriented in-
teraction. In terms of low-level analytical tasks, most are then made feasible through navigation,
soni cation, or summarization-based and question-answering approaches: retrieving values, |-
tering, computing derived values, sorting, determining ranges, clustering, and nding outliers.
What remains are analytical tasks that, despite being “low level” (understood as unable to be
reduced into more fundamental tasks), are cognitively highly complex: nding correlations and
characterizing distributions [7]. These tasks require complex hypothesization and exploration,
rather than a system that simply encourages surfacing what is known or what is already present
in the data: it requires combining, remixing, restructuring, and dividing data.

But blind analytical interaction isn't just important to engage because it is understudied, it is
important to engage because many of interactive information visualization's most impactful tools
for data science enable it [78, 108, 184, 266]. In visualization, cross- Itering is one example of
an interaction that enables a user to Iter one visual space while seeing a coordinated change in
another visual space simultaneously and near-instantaneously. The speed of input interaction and
perception of output also matters: even a small bit of latency changes the quality of a user's data
exploration activities [157]. We conjectured that a screen reader, the most-used tool leveraged
by blind people when interacting with computers, may be insuf cient for engaging this task.

To engage this, this thesis introduces Cross-perception, an approach for building analytical
interactions that support perception in one space of input interaction with simultaneous, non-
competing perception of output in another space of data representation. We rst formalized a
design framework for producing cross-perception experiences and then built a novel prototype
device, the cross-feelter, that enables blind cross-perception of a cross- Itering data exploration
interface. In an empirical study with blind users (with and without existing data expertise), we
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found cross-perception speeds up analytical exploration by 90% and helps blind users consider
vastly more questions of their dataset (+188% computational queries, +54% spoken aloud) com-
pared to a screen reader-driven interaction.

Beyond performance, we found that our input modality itself shaped the character of an-
alytical engagement: participants didn't just work faster, they considered more dimensions of
their data and asked qualitatively different questions. The cross-feelter also reduced anxiety
and substantially increased enjoyment, particularly for participants without prior data expertise,
suggesting that the barriers blind practitioners face in data work are not only functional but af-
fective. Additionally, we had our blind practitioners imagine new interaction possibilities that
cross-perception could enable including and beyond our cross-feelter device.

Our nal domain of work is the most dif cult for visualization practitioners to engage: per-
sonalization. While navigation demanded better software tooling and visual support and in-
teraction required new hardware, personalization completely re-orients how software authoring
takes place. Personalization matters because of access friction, which is a design challenge where
one design or interface con guration that might be accessible for one person or group of people
turns out to create barriers for someone else [102, 124]. In existing work on personalization and
accessibility, studies have demonstrated that end-user control is great to have and can alleviate
friction [137, 285], but little work has been done to explore what personalization looks like for an
existing data visualization library and how practitioners should build and maintain their existing
systems to support it.

Our nal chapter introduces Softerware to address the tension between standardized acces-
sible design and the diverse needs of real users with disabilities. In the wild, access friction
exists in every design that reaches a public audience; it is inevitable. This tension ultimately
means that some users have a worse experience, and may even face exclusion, with any particu-
lar design con guration. So for this work, we conducted our research in-situ with visualization
software engineers and designers and worked to build a scalable, exible software system dubbed
“softerware” that enables end users to manipulate the appearance and functionality of the charts
and graphs they encounter according to their own preferences. We conducted empirical research
to inform our collaborators, as well as other visualization system authors, with guidelines and
considerations for building softerware systems. In our study, no two participants chose the same
preference con guration and participants with the same diagnosed condition sometimes needed
opposite design treatments. Practitioners, meanwhile, immediately raised ethical concerns about
whether personalization would let designers off the hook for poor defaults. These ndings re-
vealed that the real barriers to personalization are not at the level of any individual chart but at
the level of system infrastructure: without persistence, cross-system interoperability, and shared
standards, the effort required of end users exceeds the value they receive.

Combined, these contributions provide empirical insights and practical advancements in the
state of the art for tooling that bridges gaps in current accessibility practices in visualization and
data science. Our work ultimately enables people with and without disabilities to better evaluate
barriers in, analyze with, design for, develop, and personalize interactive data experiences. We
demonstrate that tool-making is a productive intervention that both engages accessibility barriers
and elucidates why those gaps exist in practitioner work.
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Chapter 4
Chartabllity: Heuristics as a Tool and Resource

This chapter was adapted from my published paper:

F. Elavsky, C. Bennett, and D. Moritz, 'How accessible is my visualization?
Evaluating visualization accessibility with Chartability', Computer Graphics
Forum, vol. 41, no. 3, pp. 57-70, Jun. 2022.

4.1 Abstract

Novices and experts have struggled to evaluate the accessibility of data visualizations because
there are no common shared guidelines across environments, platforms, and contexts in which
data visualizations are authored. Between non-speci ¢ standards bodies like WCAG, emerging
research, and guidelines from speci c communities of practice, it is hard to organize knowledge
on how to evaluate accessible data visualizations. We present Chartability, a set of heuristics
synthesized from these various sources which enables designers, developers, researchers, and
auditors to evaluate data-driven visualizations and interfaces for visual, motor, vestibular, neu-
rological, and cognitive accessibility. In this paper, we outline our process of making a set of
heuristics and accessibility principles for Chartability and highlight key features in the audit-
ing process. Working with participants on real projects, we found that data practitioners with a
novice level of accessibility skills were more con dent and found auditing to be easier after us-
ing Chartability. Expert accessibility practitioners were eager to integrate Chartability into their
own work. Re ecting on Chartability's development and the preliminary user evaluation, we dis-
cuss tradeoffs of open projects, working with high-risk evaluations like auditing projects in the
wild, and challenge future research projects at the intersection of visualization and accessibility
to consider the broad intersections of disabilities.

4.2 QOverview

26% of people in the United States self-report living with at least one disability [190]. Of those,
13.7% live with a mobility disability and 10.8% with a cognitive disability. Globally, the World
Health Organization reports that 29% of the world lives with uncorrected or uncorrectable blind-
ness, low vision, or moderate to severe visual impairment [192]. Access is a signi cant inclusion
effort that has broad international impact, especially for data visualization.

Accessibility is the practice of making information, content, and functionality fully available
to and usable by people with disabilities. As part of this process, practitioners need to be able
to identify accessibility barriers. While general accessibility standards help, evaluating the inac-
cessibility of complex data systems can be a daunting and often expensive task. State-of-the art
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automated compliance checkers only nd 57% of accessibility errors [55], meaning accessible
experiences must still be manually designed and checked for quality. And following standards
may only account for up to half of the needs of people with disabilities [196] anyway. Ad-
ditionally, the intended wide applicability of these general standards means they fall short for
information-rich systems, such as data visualizations (which use size, color, angles, shapes, and
other dimensions to encode information). These speci c contexts, communities, and libraries
that deal with data visualizations and information-rich interfaces often have their own tools and
guidelines for use, but they seldom include accessibility. Finally, research at the intersection of
data visualization and accessibility has yet to meaningfully permeate data visualization tools and
communities and primarily focuses on blindness and low vision, neglecting diverse accessibility
needs of people with other disabilities.

Synthesizing evolving accessibility standards, research ndings, and artifacts from commu-
nities of practice into usable knowledge for a speci ¢, evolving domain is a wicked problem. To
address this, we present Chartability. Chartability is an accessibility evaluation system speci c
to data visualizations and interfaces which aims to help practitioners answer the question, “how
accessible is my data visualization?” Chartability organizes knowledge from disparate bodies
of work into testable heuristics based on the functional accessibility principles POUR (Perceiv-
able, Operable, Understandable, and Robust) [264] and 3 novel principles CAF (Compromis-
ing, Assistive, and Flexible), which we added to attend to the unique qualities and demands of
data visualizations. We refer to these 7 heuristic principles as POUR+CAF. Chartability is a
community-contributed project that leverages the governance strategies of open source projects
as a way to address the complex dual-evolution of both accessibility and data interaction prac-
tices.

We additionally present an initial, light evaluation of Chartability from the experience of
practitioners using it. We set out to see if using Chartability reduces the barrier of entry into
this work for accessibility novices and if accessibility experts had any feedback to share about
its use. We gave practitioners introductory material for Chartability and instructed them to use
it according to their needs. We found that before using Chartability only accessibility experts
believed auditing data visualizations to be somewhat easy or easy, while the other group believed
auditing data visualizations to be somewhat hard or hard. All novice accessibility practitioners
became more con dent after using Chartability and believed auditing data visualizations for
accessibility to be less dif cult. Conversely while the expert accessibility practitioners were
already con dent in their ability to evaluate accessibility (and all unanimously had no change
in their before and after evaluations), they were excited to adopt Chartability into their set of
auditing resources.

Our work sets out to acknowledge that data practitioners face signi cant barriers when rst
making data visualizations, systems, and experiences accessible. While Chartability contributes
to lling gaps and organizing knowledge, it also challenges visualization and data interaction
researchers to explore new horizons of possibilities in this space. As such, we conclude with
recommendations for future research at the crossroads of data visualization and accessibility.
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4.3 Existing Work in Data Visualization and Accessibility

While recent works at the intersection of data visualization and accessibility are promising, they
do not provide a consistent and uni ed methodology for designers to evaluate the accessibility
of their work across the broad spectrum of disability considerations.

4.3.1 Research Advancements in Data Visualization and Accessibility

In parallel to Mack et al.'s “What do we mean by Accessibility Research?” [165] when we asked
“What do we mean by data visualization accessibility research?” we found that nearly all topics
of study were vision-related. Largely, access issues other than vision that affect data visualization
(such as cognitive/neurological, vestibular, and motor concerns) are almost entirely unserved in
this research space. Kim et al. found that 56 papers have been published between 1999 and
2020 that focus on vision-related accessibility (not including color vision de ciency), with only

3 being published at a visualization venue (and only recently since 2018) [146]. Marriott et al.
found that there is no research at all that engages motor accessibility [173]. We have found 2
papers that engage cognitive/neurological disability in visualization and 1 student poster from
IEEE Vis, which are all recent (speci cally intellectual developmental disabilities [286] and
seizure risk [239, 240]). We found no papers that engage vestibular accessibility, such as motion
and animation-related accessibility. We also found that there is no research speci ¢ to low vision
disabilities (not blindness or color vision de ciency) unless con ated with screen reader usage

in data visualization. Blind and low vision people are often researched together, but in practice
may use different assistive technologies (such as magni ers and contrast enhancers) and have
different interaction practices (such as a combination of sight, magni cation, and screen reader
use) [248].

Since the 1990s, the most prominent and active accessibility topic in visualization has been
color vision de ciency [37, 154, 175, 188, 191]. Research projects that explore tactile sensory
substitutions have been a topic in computational sciences dating back to the 1983 [218], with
tactile sensory substitutions being used for maps and charts as far back as the 1830s [99]. Soni-
cation used both in comparison to and alongside visualization and tactile methods for accessi-
bility dates as far back as 1985 [27, 49, 78, 169, 178, 292]. Some more recent work has explored
robust screen reader data interaction techniques [92, 237], screen reader user experiences with
digital, 2-D spatial representations, including data visualizations [215, 225], dug deeper into the
semantic layers of effective chart descriptions [161], and investigated how to better understand
the role of sensory substitution [42]. Jung et al. offer guidance that expands beyond commonly
cited literature that chart descriptions are preferably between 2 and 8 sentences long, written in
plain language, and with consideration for the order of information and navigation [140]. We
nd all of this emerging work promising and foundational.

Despite this promising work emerging, we also want to acknowledge a spectrum of other
work that exists at the intersection of accessibility and data visualization that does not serve
the goals of our project. There is signi cant research that explores automatic or extracted
textual descriptions [10, 38, 39, 40, 152, 189, 197, 224] and haptic graphs and tactile inter-
faces [3, 9, 21, 29, 32, 83, 133, 134, 153, 218, 219, 229]. These research projects produce
artifacts that are high-cost for individual use, some are not robust enough to interpret complex
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visualizations effectively, and several have not included people with disabilities. Since our goal
is to synthesize knowledge for practitioner accessibility work, we also acknowledge that some
of these projects did not follow standards during their research project and in their output, such
as using Web Content Accessibility Guidelines [257] or The American Printing House for the
Blind and Braille Authority of North America [11]. All of these challenges are factors that
limit the generalizability of these artifacts and knowledge for practitioner use [162, 183, 225].
We encourage work to continue at the intersection of accessibility and visualization, but stress
the importance of practical, disability-led research that either builds on or explicitly challenges
standards.

4.3.2 Accessibility Practices in Data Visualization Tools and Libraries

Our research goals are to nd what is already being done in data visualization and accessibility
and to see if we can enhance that activity. To this aim, our background investigation includes a
broad and comprehensive exploration of the eld of practitioner and non-academic artifacts.

Some open source and industry contributions have pushed data visualization and related ac-
cessibility efforts. Libraries like Highcharts [115] or Visa Chart Components (VCC) [256] and
tools like the Graphics Accelerator in SAS [213] have broad accessibility functionality built in,
but their documentation is technically speci c to their implementation. While these relatively ac-
cessible libraries and tools can be helpful for inspiration, their speci ¢ techniques and guidance
materials are not easily transferrable to other environments or applications where data visual-
izations are created. Practitioners must reverse engineer and deconstruct many of the methods
employed by these libraries, and with the exception of VCC (which is open source), this task
requires signi cant effort, given their primarily closed-box nature.

In common charting tools and libraries (apart from those already mentioned) accessibility
engineering is often not present, limited in scope, or has only recently become an effort. More
established visualization libraries like matplotlib, ggplot2, d3js, R-Shiny, and Plotly have left
most accessibility efforts to developers, with varying levels of documentation and dif culty in-
volved [34, 46, 80, 81, 269]. None of these major tools have a broad spectrum of accessibility
options built in and documented.

Community contributors often must ght to make their tools and environments accessible
(sometimes even against the design of the tools themselves) with little to no compensation for
their contributions. For example, Tableau's rst accessible data table was built by a volunteer
community member Toan Hong as an extension [119]. Tableau users more broadly must resort
to voting systems to gather attention to accessibility issues [54]. Semiotic's accessibility features
were added by community member Melanie Mazanec [176]. For Microsoft's PowerBlI, students
have organized resources for how to make visualizations built with it more accessible [149] while
non-pro ts like the City of San Francisco's data team have had to build features like keyboard
instructions from scratch [209]. Mapbox GL JS is an example of a popular mapping library
(over 400,000 weekly downloads) [171] that has no built-in accessibility support by default.
The accessibility module for Mapbox GL on GitHub was created and maintained by volunteers
but has had less than 10 weeks of work with any activity invested since its rst activity in late
2017 [170].

Many community-driven efforts are under-utilized, must be discovered outside of the primary
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environment's ecosystem, have poor or no core, internal support, and are inconsistently and
partially implemented. Accessibility is still an afterthought in data visualization and ad-hoc,
speci ¢ solutions proposed have not led to widespread improvements.

4.3.3 Accessibility in Practice, Broadly

Accessibility in practice is largely motivated by standards work or assistive technology. We want
to acknowledge that tactile and braille standards are robust [11], but have limited transferability
to digital contexts currently. For example, whereas tactile graphics guidelines lend insight into
information prioritization, layout, and delity, the assumption is they will be embossed onto
paper or similar physical mediums [19, 162, 225].

In digital contexts, the most in uential body for accessibility is the World Wide Web Consor-
tium's (W3C) Web Accessibility Initiative (WAI). WAI's Web Content Accessibility Guidelines
(WCAG) [257] in uence accessible technology policy and law for more than 55% of the world's
population [129]. WAI and WCAG outline 4 types of functional accessibility principles: Per-
ceivable, Operable, Understandable, and Robust, abbreviated as POUR [264]. POUR is the
foundation that organizes all 78 accessibility testing criteria in WCAG.

4.3.4 Using Heuristics to Break Into Under-addressed Areas

To summarize the complex problem space to which this paper contributes: Research in data visu-
alization primarily focuses on visual accessibility, accessibility standards focus on a broad range
of disabilities but lack deep contextualization for data visualization, and practitioners seem to
build a wide array of solutions to Il these gaps, most of which are poorly maintained or adopted.
Any time a practitioner wants to embark on a journey learning how to evaluate the accessibility
of a data visualization, they must collect and synthesize this complex space of knowledge them-
selves. We have included (with permission) an exemplary eld artifact as an example of this type
of labor in our supplemental materials, which contributed to the United States Government's
project, “Improving Accessibility in Data Visualizations” [254, 255].

After gathering information with this breadth and complexity, a heuristic evaluation model
was chosen as a way to deliver useful but exible knowledge. Heuristic evaluation models have
a long history in HCI and are cheap to use and require little expertise. They have been shown to
be effective methods for practitioners compared to user testing, focus groups, or other evaluative
methods that require existing expert knowledge or recruitment, moderation, and compensation
of participants [23, 41, 88, 138, 175, 186, 187, 193, 211, 234]. Heuristics are also not new in vi-
sualization [48, 79, 205, 220] even among topics related to accessibility (color vision de ciency,
speci cally) [191, 211].

4.4 Making Chartability

We next present Elavsky's work to develop Chartability as a real-world design process contribu-
tion to the larger research community. Our making process does not neatly t into most design
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models that divide researchers from practitioners. In Gray's different models of practitioner-
researcher relations, our work is some variation of bubble-up, practitioner-led research [95].
This project was initiated by Elavsky while they were an industry practitioner, deeply situated in
this work already.

Thus, the following description of Chartability's 10-month creation is written from Elavsky's
perspective. The supplemental materials include the data from this stage of the process, a preview
of which is available in Table 4.1:

1. Situate, Survey, and Select Problem Space: | was situated within the context of ac-
cessibility evaluations of data visualizations. From personal experience, | recognized the
prohibitively signi cant labor involved in ensuring | was effectively following accessibility
standards while also attending to the complex design considerations of data visualizations.
To improve this work both for myself and others in the future, | surveyed existing problems
and challenges others faced and selected a solution that | felt equipped to address.

2. Collect Existing Resources: | set out to answer, “If evaluating the accessibility of data
experiences is hard, what do existing standards miss?” | evaluated my seed knowledge
(WCAG criteria) for shortcomings and gaps and collected other data relevant to my goal
(academic and industry research, open-source libraries, tools, applications, data products,
government guidelines, design guidelines, software documentation, university coursework,
and practitioner articles).

3. Code Resources: After collating these resources (including relevant WCAG criteria), |
loosely borrowed from thematic analysis [25] and qualitatively coded this data. | devel-
oped a set of 29 codes starting with WCAG's POUR principles and expanded the codes
to account for other concerns that came up in the resources, including what type of acces-
sibility was being addressed (e.g., cognitive, visual), whether a solution was technology-
speci ¢ or agnostic, and other categories (like “time-consuming” or “user-controlled”). |
then divided the resources into codable segments with relatively distinct pieces of infor-
mation and applied the 29 codes to the information segments. | grouped information with
codes in common, resulting in a representative 45 groups of related information segments.

4. Synthesize Heuristics: Since auditing depends on measurable heuristics, | adjusted each
of the 45 groupings that resulted from the qualitative analysis into phrasing that could be
veri ed by an evaluation. | then augmented each heuristic with known testing procedures,
resources, and tools necessary for applying them in practice. 10 critical heuristics (these
were determined top priorities through user feedback) are previewed in Table 4.1, with the
full version of this table (and more) provided in our supplemental materials.

5. Group Heuristics into Higher-level Principles: | linked each heuristic with relevant web
accessibility standards and POUR principles to draw a familiar connection for users who
might already be accessibility practitioners. 26 heuristics t neatly back into Perceivable,
Operable, Understandable, or Robust.

6. Develop Remaining Themes into New Principles: 19 remaining heuristics with complex
codes and overlapping groups demanded new theorizing, as they either did not t into
POUR at all or could arguably belong to multiple principles at once. | analyzed these
remaining complex heuristics and for similarities and organized them under 3 new themes,
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which we are contributing as new accessibility principles, Compromising, Assistive, and
Flexible, de ned below.

Table 4.1: Previewing Chartability's 10 Critical Heuristics

(Coding Categories are broken into two sections: rst which POUR principles contributed to
the heuristic while “Other” refers to how many additional coding categories were assigned.)

Coding Categories

Heuristic Title Principle Origin | POUR  Other
Low contrast Perceivable Standard® 2
Small text Perceivable Researcl® 2
Content is only visual Perceivable Standar®, R 3
Interaction has only one input  Operable Standafd, R 3
No interaction cues/instructions Operable Standa@| U 2
No explanation for how to read Understandable Reseatdh 1
No title, summary, or caption Understandable Reseatdh 1
No table Compromising ResearctD,U, R 3
Data density inappropriate Assistive Researéh U 4
User style change not respected Flexible Standd?dO, R 6

... +35 non-Critical heuristics

4.4.1 Compromising

Compromising is a principle that focuses on Understandable, yet Robust heuristics. These heuris-
tics are based on providing alternative, transparent, tolerant, information ows with consideration
for different ways that users of assistive technologies and users with disabilities need to consume
information.

Compromising challenges designs that only allow access to information through limited or
few interfaces or processes. These heuristics focus on providing information at a low and high
level (such as tables and summaries), transparency about the state of complex interactions, error
tolerance, and that data structures can be navigated according to their presentation. Compromis-
ing designs have both information and system redundancies in place.

4.4.2 Assistive

Assistive is a principle that primarily builds off the intersection of Understandable and Perceiv-
able principles but focuses on the labor involved in access. These heuristics include categories
that encourage data interfaces to be intelligent and multi-sensory in a way that reduces the cog-
nitive and functional labor required of the user as much as possible.

The Assistive principle focuses on what Swan et al. refer to as “adding value” [247] and what
Doug Schepers meant by “data visualization is an assistive technology” [217]. We visualize be-
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cause it is faster and more ef cient than munging cell at a time through data. Assistive heuristics
ensure that both visual and non-visual data representations add value for people with disabilities.

4.4.3 Flexible

Contrasted with Compromising (which focuses on robust understanding), exible heuristics fo-
cus on robust user agency and the ability to adjust the Perceivable and Operable traits of a data
experience. Flexible heuristics all have a tight coupling between a data experience and the larger
technological context the user inhabits. The preferences that a user sets in lower-level systems
must be respected in higher level environments.

Self-advocacy and interdependent agency are important sociotechnical considerations that
engage the conicting access needs that different users might have in complex technological
interactions like data experiences [15, 168]. Some users might want speci ¢ controls or pre-
sentation, while others might want something else entirely. Designs must not be rigid in their
opinions and ability assumptions and should be designed to be moldable by and adaptive to user
needs [151, 281].

4.5 Using Chartability

All of Chartability's tests are performed using Chartability's workbook [64] alongside various
tools and software (linked in the workbook). For the scope of this paper, we are not including
an explanation for how to perform all of these. Both the workbook and supplementary materials
with this paper give more details.

While a highly trained auditor may be able to casually evaluate an artifact in as little as 30
minutes or even hold heuristics in mind as they are doing their own creative work, those new
to auditing may take anywhere between 2 and 8 hours to complete a full pass of Chartability.
Professional audits, which can take weeks or months, often include multiple auditors and provide
rigorous documentation and detailed recommendations for remediation, typically in the form of
a report. Chartability is meant to serve both quick pass and deep dive styles of audits, so users
are expected to leverage it as they see t.

Below we give an example of what might be a quick pass audit, using Chartability. Which
principles are applied in each of these stages are listed in parentheses in each heading.

4.5.1 Visual Testing (Perceivable)

Checking for contrast is the most common critical failure; 87.5% of tests (7 out of 8) from our
user study involving this heuristic failed, which supports the WebAim Million Report's ndings
(83.9% of the top 1 million websites also fail contrast testing, more than any other WCAG
criteria) [268]. In order to evaluate contrast, often a combination of automatic (code-driven) and
manual tooling is performed. When manually auditing, practitioners typically use a dropper and
a contrast calculator (Figure 4.1). Most auditors nd this to be one of the easiest tasks to perform
and accomplishes 3 different heuristics in Chartability: ensuring text/geometries have contrast,
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Figure 4.1: A low contrast chart (left) compared to a higher contrast version (right). A dropper
tool is extracting the Il color of the bar and then a contrast ratio has been calculated. Note that
the Il color is the same on both bars, but darker borders have been added to ensure the

visualization passes contrast tests.

Figure 4.2: Keyboard navigation paths on a stacked bar chart. The left shows a serial navigation
example, typically just a default of rendering order. The right shows both groups (the stack of
bars) and categories (the color/texture shared among bars across stacks) as dimensions to
explore laterally or vertically.

interactive states for elements have enough contrast change, and the keyboard focus indicator is
easy to distinguish.

Perceivable heuristics also include tests and tools for color vision de ciency and ensuring
that color alone isn't used to communicate meaning (like the redundantly encoded textures in
Figure 4.8). And another common, critical failure from Perceivable is text size. No text should
be smaller than 12px/9pt in size.

4.5.2 Keyboard Probing (Operable, Assistive)

The next practice that most auditors should become comfortable with is using a keyboard to
navigate and operate any functionality that is provided. Most assistive technologies, from screen
readers to a variety of input devices (like switches, joysticks, sip and puffs, etc) use the keyboard
api (or keyboard interface) to navigate content. If a data interface contains interactive elements
(Figure 4.2, Figure 4.3), those elements (or their functionality) must be able to be reached and
controlled using a keyboard alone. Auditors should be critical of how much work is involved
in keyboard navigation, especially (Figure 4.7). All that is required to start is the auditor begins
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Figure 4.3: A mouse cursor is selecting a bar (left, shown with a thick indication border) in a
stacked bar chart to Iter a dataset (on the right). A system alert (red box) noti es the user of
their interaction result. This selection capability must also be provided for the keyboard
interface and the alert must be announced to screen readers.

pressing the tab key to see if anything interactive comes into focus. Arrow keys, spacebar, enter,
and escape may be used in some contexts. Generally, instructions or cues should always be
provided.

Using a keyboard provides an opportunity to evaluate many different heuristics: checking for
multiple inputs (Figure 4.3), whether the data structure that is rendered is navigable according
to its structure (Figure 4.2), and whether keyboard navigability across all elements in a data
interface is even necessary (Figure 4.7).

4.5.3 Screen Reader Inspecting (Perceivable, Operable, Robust, Assistive)

Closely related to keyboard testing is testing with a screen reader. Some things may work with a
screen reader that do not with a keyboard (and vice versa), so both must be evaluated.

Screen readers, unlike more basic keyboard input devices, read out content that is textual
(including non-visual textual information like alternative text). Using a screen reader to audit is
generally the hardest skill to learn. Keeping this in mind, testing whether the meaningful text
provided in a visual (such as in Figure 4.4) is accessible with a screen reader is the easiest and
most basic test that auditors should rst perform.

Next, all valuable information and functionality in a data experience should be tested whether
it is available to a screen reader. This includes the individual variables about a mark as well as
whether that mark is interactive (Figure 4.5), whether status updates that re ect context change
provide alerts (Figure 4.3), and whether summary textual information is provided about the whole
chart (Figure 4.4) as well as statistically and visually important areas of that chart (Figure 4.7).
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Figure 4.4: Charts must have a visually available textual explanation provided that summarizes
the outcome. “Client Registration Chart” for “Product X” (left) is inaccessible while “New
Product Launch a Success” (right) gives a clear takeaway.

Figure 4.5: An interactive chart displaying only “Image” as semantic information with no
feedback provided on selection. The robust semantics given to a screen reader, “toggle button”
(middle) as well instant feedback, “selected” (right) are considered proper semantics for an

interactive experience.

Figure 4.6: A line chart (left) with a single line and an accompanying data table (right). This

line chart would not provide enough low-level information about each datapoint without the

table provided. A table alone however would also be inaccessible. Providing both can satisfy
con icting accessibility needs for different audiences.
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Figure 4.7: A scatterplot with many points, where a single point within the chart can be accessed
by a screen reader (left). Navigating this data piece by piece is unnecessarily tedious, so an

annotation callout is provided to help the reader focus on an outlier cluster (right). The callout
is being accessed by a screen reader, which is displaying the annotation's summary as well.

4.5.4 Checking Cognitive Barriers (Understandable, Compromising)

First, auditing for cognitive barriers generally involves checking the reading level and clarity of
all available text using analytical tools. But Chartability also requires that all charts have basic
text that provides a visually-available textual description and takeaway (Figure 4.4). This alone is
one of the most important things to check for. In complex cases where a chart has a visual feature
with an assumedly obvious takeaway, checking for annotations or textual callouts is important to
help avoid interpretive issues [287] (Figure 4.7).

4.5.5 Evaluating Context (Robust, Assistive, Flexible)

The nal series of checks an auditor should make involve thinking about the overall work in a
design (as it intersects with other considerations) as well as the larger technical context where
the user is situated.

Auditors should rst try to change system settings (such as toggling high contrast modes)
to see whether a data experience respects these settings (Figure 4.8), run automatic semantic
evaluations as well as manually check for appropriate meaning (Figure 4.5), and check if dense
or highly complex visuals have soni ed, tactile, or textual summaries available (Figure 4.7).
Auditors should also check whether system updates provide clear feedback textually (Figure 4.3)
as well as checking if there are both high and low level representations of information available
(Figure 4.6).

Auditors should be especially critical of static designs, such as those that either use textures
by default or not (Figure 4.8), which are a high risk of compromising and assistive failure.
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Figure 4.8: A bar chart with categories (left) shown not conforming to Windows High Contrast
White Mode. High contrast mode on Windows requires limiting color palettes, using only black
or white for most elements (shown on the right).

4.6 Validating Chartability

Next, Elavsky explains the preliminary user evaluation: | validated whether data practitioners felt
more con dent and equipped to make their own work accessible with Chartability. Additionally,

| also wanted to interview expert accessibility practitioners (including those with disabilities)
with the same questions, to see if Chartability had anything to offer in helping them understand
and evaluate data experiences better.

My secondary goal was to present a tool that can be helpful even in the wild on real projects
(with all the weird design and engineering quirks that come with that). | wanted Chartability to be
usable on things built with a tool like Tableau and fully bespoke, hand-coded visualizations, like
those made with JavaScript and D3. To this secondary aim, | intentionally solicited participants
who were working on a variety of different projects, each of their own design.

4.6.1 Pre-Validations and Flipped Roles: Participants Question Me

| performed several early, light validations of my work before soliciting and involving partic-
ipants formally. My early pre-validations #2-4 (below) all focused on practitioners asking me
guestions and giving feedback.

My 4 pre-validations happened during the process of making Chartability, as well as intro-
ducing short iterations back into the making process:

1. Beta Testing: | performed several beta tests of Chartability during the process of making.
| audited using versions that only had POUR principles, tried versions of Chartability
that focused only on standards, and also tried out different iterations of the heuristics as |
was forming them. This testing was important to perform early in the process because it
helped me test the limits of various possible directions for this tool (standards-only, against
standards, building off of standards, etc).

2. Early Advice: After the rst full pass of making Chartability was complete, | sent Charta-
bility via email to 4 accessibility experts and 6 interested people with disabilities familiar
with auditing in order to solicit open feedback.
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3. Professional Workshop: | held a half-day professional workshop via zoom on auditing
visualizations for accessibility and presented Chartability's heuristics to this select audi-
ence of 50 participants. | demonstrated how to audit and then had a chance for feedback
and questions.

4. Deep Feedback Session: | presented Chartability to 14 experts on data visualization and
accessibility, 5 of which are people with disabilities. | presented in two separate sessions
through 2-hour video calls on zoom (roughly one hour was demonstration and one hour
was discussion).

4.6.2 Discovering “Critical” Heuristics

These pre-validations helped me combine and divide some of the heuristics, adjust the language
and phrasing, and label 10 speci c tests as “Critical,” which can be seen in Table 4.1. These
critical tests were ones that community members stressed as an important priority for one or
more of the following reasons:

* They are prohibitively expensive to x late.

* The barriers they produce are too signi cant to ignore.
* They are among the most common type of accessibility failure.

* They affect many parts of a data experience.
All Critical heuristics are based on standards or research.

4.6.3 Selecting Participants and Projects

| was a practitioner and representing myself as a volunteer when | reached out to participants.
At this stage in the project, | was still not af liated with a research institution and was not in-
terested in producing publishable knowledge. | intended to test Chartability in the wild and
validate whether it achieved its aims. My priority was to collaborate with folks working on dif-
cult problems or those who had a rare intersection of expertise between accessibility standards
and interactive data experiences. To this end, | was highly permissive with potential collabora-
tors in order to maximize the expertise of participants and breadth of environments for testing
Chartability.

However, part of being permissive with participants meant that | was willing to collaborate
on projects that | cannot share in a research publication and many of my participants must re-
main anonymous (including interview results that contain sensitive information about intellectual
property). Given that auditing is a eld of work about identifying failures, there was both a high
demand for participation in the evaluation of Chartability in tension with a low motivation to
make these failures known in a public venue.

A summary of our selection process:

* Solicitation: | reached out via email to 24 individuals in my network to participate in

helping to evaluate Chartability. | mentioned that | wanted Chartability to be applied to
a current project of theirs and was interested in performing some interviews about their
experience before and after using Chartability. | mentioned up front that working with me
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would be uncompensated and potentially take multiple hours of their time (even multiple
sessions) over zoom meetings.

* Response: 16 individuals were interested and shared their project details (2 would require
an NDA to be signed).

* Selection: | selected 8, based either on the expertise of the individuals, on the robust-
ness of their project, and/or on the opportunity to get feedback about Chartability in team
environments (which I didn't anticipate, but 3 of the 8 represented team efforts).

* Resulting Group: | worked with 19 total participants across 8 environment spaces.

* Publishable Group: Due to intellectual property concerns, | can publish interview results
from 6 participants and discuss the details of 4 audit environments.

Chris DeMartini: a multi-year Tableau Zen Master and recognized expert visualization
practitioner. His dashboard of a coin ipping probability game dataset that he produced with
his daughter was the subject of his audit [53]. His audit only included criteria labelled Critical
in Chartability (which involves only 10 tests instead of the full 45) and his dashboard failed 7 of
them. A full audit was later conducted on Chris's behalf. His full audit had a total 26 failures, 11
of which were considered non-applicable.

Amber Thomas: a data storyteller and technologist credited on 30 of The Pudding's visual
essays. Amber has had a growing interest in accessibility challenges related to her line of work
designing and developing state of the art, bespoke visual essays. Her article The Naked Truth
was still in the early design and development stages when it was fully audited [6]. It failed
22 out of 45 tests, including 6 out of 10 criteria considered Critical. 6 tests were considered
non-applicablé.

Sam (self-selected pseudonym): a recognized design practitioner in the visualization com-
munity who lives with disability. They were collaborating on an interactive data project that
would be speci cally made to be used by international participants with a broad spectrum of
disabilities. Their interactive infographic failed 21 out of 45 tests, 5 of which were considered
Critical. 10 tests were considered non-applicable.

@ystein Moseng: Core Developer and Head of Accessibility of Highcharts. @ystein was
interested in taking one of Highchart's demo charts not speci cally developed with accessibility
features in mind [117] and testing it against a full Chartability audit to see how it held up. The
demo failed 13 out of 45 tests, 3 of which were Critical. 10 tests were considered non-apglicable.

Jennifer Zhang: a senior accessibility program manager at Microsoft with expertise working
on enterprise data products.

Ryan Shugart: a blind, screen reader user and disability subject matter expert at Microsoft
who has a strong expertise in collaborative accessibility for interactive data systems.

Both Shugart and Zhang were interested in applying Chartability internally and testing its
effectiveness and potential with various projects. Their application and use of Chartability (in-
cluding audits) are not available for publication, but their valuable interviews and evaluations are
included with permission.

“Non-applicable:” any test in the auditing process that does not contain content relevant to the test, such as
“Scrolling experiences cannot be adjusted or opted out of” for a visualization that does not a scrolling input control
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4.7 Study Results

| asked the 6 participants a series of qualitative and Likert-scale evaluation questions:
1. Have you ever performed an audit of a data experience before?

2. What stage of production is your project in? Analysis, design, prototyping, development,
maintenance?

3. How con dent are you in your ability to perform an audit of a data experience for accessi-
bility issues? (1-5, 1 being not con dent at all, 5 being fully con dent.)

4. How dif cult do you perceive auditing a data experience for accessibility issues is? (1-5,
1 being trivial, 5 being very dif cult.)

5. (After using Chartability) How con dent are you in your ability to perform an audit of a
data experience for accessibility issues? (1-5, 1 being not con dent at all, 5 being fully
con dent.)

6. (After using Chartability) How dif cult do you perceive auditing a data experience for
accessibility issues is? (1-5, 1 being trivial, 5 being very dif cult.)

7. (After using Chartability) Do you intend to continue using Chartability?

Each of these questions had an open-ended question attached, “Is there anything else you
would like to add?” Every participant provided additional input on questions 3 through 7.

None of the 3 participants who only consider themselves expert data practitioners had per-
formed an audit before. All 3 of them reported that they believed auditing to be easier and that
they are more con dent in their ability to evaluate the accessibility of data experiences after using
Chartability.

Of the 3 accessibility experts (all of whom have performed audits of data experiences before),
their opinions on these measurements were unchanged after using Chartability. All 6 participants
noted that they plan to use Chartability in their own work and would recommend it to their peers.

Below we overview some of the key insights Elavsky received from the open ended re-
sponses.

4.7.1 Real Access has more Considerations than Colorblindness

Among the data practitioners, DeMartini wrote after his audit, “I have read a lot about color
blindness and could provide meaningful feedback to visualization developers on that topic, but
| have come to realize that accessibility is so much more than this and | basically didn't really
know where to start when it came to the true scope of accessibility.” He ended his qualitative
feedback with, “I think this could be a great tool for the masses and really look forward to the
impact it can possibly have on the (inaccessible) data visualizations which are being created in
huge numbers these days.”

4.7.2 Audits are Slow, but Help me Focus

Amber Thomas wrote, “It still takes a while to do a complete audit, but it's not hard! For someone
new to the space, all the possible options that can be used to make visualizations more accessible
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can be overwhelming. [Chartability] helped me to focus.” She nished her feedback with, “There

aren't really guidelines (at least to my knowledge) that exist to help data visualization creators
to ensure their work is accessible... [Chartability] helps to direct users to the most common
accessibility problems with straightforward questions. It really helps to narrow the focus and
prioritize efforts.”

4.7.3 Chartability Helps me Remember and Stay Consistent

Among the accessibility experts, Zhang wrote, “While | am skilled, depending on the day | might
not remember everything | need to look at. | am more con dent in consistency between different
auditing sessions. For experts it's a good reminder framework.” Moseng of Highcharts noted,
“[Chartability] did a very good job of highlighting concerns that are often ignored or forgotten
when auditing and designing/developing.” Shugart of Microsoft added along those lines, “I feel
[Chartability] arranges a good set of questions in a user's mind and makes it easier for them to
determine if a visualization is accessible.”

4.7.4 Access is an Experience, not just Compliance

Zhang offered insight into the design intention of Chartability, “[it is] clearly going for above
compliance and focusing on a good experience.” Sam expressed their need to make an excellent
accessibility experience, “I am not just worried about compliance, but | want to make something
really good. Nothing seems to help you go beyond? This is better than WCAG, | can already
tell.”

4.7.5 Everyone wants More Evaluation Resources and Tools

For constructive feedback, all the data experts noted that they wanted more resources and mate-
rials related to learning the skills needed to conduct an audit. Shugart and Moseng both noted
that they hope for more tooling and (in some cases) automated tests that can take the burden off
the auditor and streamline the design and development process (much like Axe-core [56]). They
both also agreed that automation and tooling would help novice practitioners perform this work
faster and with more con dence. 2 of the 3 mentioned wanting more examples of failures as well
as accessible data experiences. Sam wrote that they felt Chartability was overwhelming at rst,
but after focusing on just the Critical items, the rest of the framework “became easier.”

4.7.6 Experts: “Novices will Struggle.” Novices: “This was so helpful”

The accessibility experts all unanimously agreed that Chartability is helpful to their own work,
but they are unsure how accessibility novices would do. They all believe that more training and
resources are needed to help people who are new, with one noting that Chartability could even
be “overwhelming” to someone who has not been exposed to accessibility work before. All of
the novices remarked that Chartability was “so helpful,” “made this work so much clearer than
before,” and “made a lot of hard problems not as hard.”
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4.7.7 What about Auditors with Disabilities?

Shugart's feedback was critical when discussing continuing to use Chartability, “I still feel as a
screen reader user, the audit itself would have some unique challenges because I'd be missing
a lot and would have problems determining things such as color” He continued, “Auditing
anything accessibility-wise as a screen reader user poses challenges because you don't always
know what you're missing. In many cases there are workarounds to this but datavis is one area
where this is really hard to do now.”

4.8 Extended Results

Following calls to ensure accessibility work has practical bene ts that exceed publications [125],
in April, 2021 Elavsky made Chartability openly available on Github. As new research and prac-
tices emerge and more community members get involved, Chartability will become an evolving
artifact of consensus similar to existing standards bodies [265].

Projects like Turkopticon bene ted from the discussion about how a community actually used
their tool [130]. In the same vein, we are happy to report some valuable ndings from within this
last year that we think demonstrate (in a pragmatic way) that Chartability has some merit:

* Itis living and growing: Chartability has received enough community feedback that it is
now on Version 2, with more tests and background resources provided.

* People are talking about it: Chartability has been featured in 14 workshops, talks, and
podcasts and at least 2 university courses.

* People are using it: Chartability has contributed to projects at Microsoft, Highcharts,
Project Jupyter, Fizz Studio, FiveThirtyEight, Vega-Lite, UCLA, the City of San Francisco,
the Missouri School of Journalism, a fortune 50 company, two Fortune 500 companies, and
community groups (like MiR).

* It has breadth: Chartability has evaluated static and interactive data experiences made
with Microsoft's Excel and PowerBlI, Tableau, JavaScript (D3, Vega-Lite, Highcharts, Visa
Chart Components), Python (Altair, Bokeh, and matplotlib), R (ggplot2), as well as design
sketches and low/medium- delity artifacts (lllustrator, Figma, Sketch).

When considering the analysis by Hurst and Kane about high abandonment rates in assistive
technology, [125] we wanted to make sure that we created an artifact (assistive technology or
otherwise) that would at least survive its rst year of use in the real world.

The greater community feedback as well as new research before and after open-sourcing
Chartability has also led to 5 new heuristics being added since our test users performed audits
and gave evaluations. The current version of Chartability (v2) has a total of 50 heuristics.

It is important to note that the work of Chartability did not begin and does not conclude with
the publication of this manuscript. We want Chartability to become a living, community-driven
effort that will adapt and grow as more resources, tools, and research become available.
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4.9 Discussion

From our presentation of Chartability and a preliminary user evaluation with data visualization
and accessibility practitioners, we learned that Chartability reduced the perception that working
on accessibility is dif cult and increased the con dence of those new to this work. Chartability
shows promise as a useful framework for expert accessibility practitioners because it serves to
produce consistency in contexts like the evaluation of dashboards, data science work ows, and
other complex, data-driven interfaces.

While our practitioners with novice accessibility experience were initially concerned about
doing the audit correctly, most of their audit results were reasonably comparable with that of the
authors (although their time to complete was much longer).

We agree with experts that beyond Chartability, more resources are needed which provide
examples of both inaccessible and accessible data visualizations as well as how to perform some
of the more dif cult parts of the auditing process (such as evaluating with a screen reader). We
hope that keeping Chartability on GitHub will inspire future improvements to address this gap in
examples, and will address future limitations, as we discover them.

Chartability is a valuable tool for auditing. But we also hope that it can inspire researchers
to:

1. Examine which heuristics (in our supplemental materials) could use more research atten-
tion, particularly those labelled “community practice.”

2. De ne constraints or requirements on novel projects, ensuring that new explorations still
respects established standards, mitigating ethical risks.

3. Explore the intersections of disability in ways yet unaddressed in standards, such as the
strong overlaps between understandability and operability (like keyboard navigation pat-
terns across a data structure) or con icts in understandability and exibility (how some
users need redundant encodings on charts while others nd this overwhelming).

4. Consider access barriers in data experiences beyond those related to visual perception.

5. Engage the relationship between labor and access in computing, such as developing more
measurements that demonstrate the imbalance of time and effort expected of users with
disabilities (even in systems considered to provide “equal” access) and ways to evaluate
who is contributing to accessibility efforts in a project (core team members, contractors, or
volunteers).

We also want to caution researchers who are considering developing heuristics or auditing
tools for use in practitioner environments to consider the tradeoffs between evaluation in rich,
authentic professional settings and concerns such as intellectual property and corporate branding.
We were able to apply our work in rich and collaborative practitioner settings because we were
permissive with our potential participants. However, much of this work exists behind closed
doors, similar to the downsides of industry research settings. More work may need to be done
in order to encourage rich, cross-industry research projects, such as helping to anonymize the
content of intellectual property and not just participants, while retaining data and ndings.

37



4.10 Conclusion

The demand for accessible data experiences is long overdue. The Web Accessibility Initiative's
(WAI) Web Content Accessibility Guidelines (WCAG) are over 22 years old and yet little work
has been done to synthesize this large body of existing accessibility standards with research and
inclusive design principles relevant to the elds of data communication, data science, data anal-
ysis, and visualization. Chartability begins to address unique accessibility best practice gaps in
these domains with speci ¢ heuristics. This synthesis is meant to empower researchers, analysts,
designers, developers, editors, and accessibility specialists with a framework to audit the acces-
sibility of data experiences, interfaces, and systems to produce more inclusive environments for
users with disabilities. The goal of Chartability is to make this work easier in order to encourage
practitioners to regard current practices and resources, some of which have existed for decades.

In addition, Chartability opens the door to more work that remains to be explored in this
space. Additional research is needed into many of the topic areas within Chartability's heuristic
principles (POUR+CAF) as well as resources, examples, and tools provided for practitioners to
perform this work more con dently and ef ciently.

The changing landscape of visualization techniques and alternative interfaces (such as soni
cation and dynamic tactile graphics) may increase the demands for accessibility considerations
in this space. The growing technological divide will become an even greater human rights issue
as time moves on and we believe that tools like Chartability are necessary for the community of
data practitioners to ensure they are including people with disabilities.
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Navigation: Making Data Structures
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Chapter 5

Data Navigator: Low-level Tooling for Creating
Navigable Data Structures

This chapter was adapted from my published paper:

F. Elavsky, L. Nadolskis, and D. Moritz, ‘Data Navigator. An Accessibility-
Centered Data Navigation Toolkit', IEEE Transactions on Visualization and
Computer Graphics, pp. 1-11, 2023.

5.1 Abstract

Making data visualizations accessible for people with disabilities remains a signi cant chal-
lenge in current practitioner efforts. Existing visualizations often lack an underlying navigable
structure, fail to engage necessary input modalities, and rely heavily on visual-only rendering
practices. These limitations exclude people with disabilities, especially users of assistive tech-
nologies. To address these challenges, we present Data Navigator: a system built on a dynamic
graph structure, enabling developers to construct navigable lists, trees, graphs, and ows as well
as spatial, diagrammatic, and geographic relations. Data Navigator supports a wide range of
input modalities: screen reader, keyboard, speech, gesture detection, and even fabricated assis-
tive devices. We present 3 case examples with Data Navigator, demonstrating we can provide
accessible navigation structures on top of raster images, integrate with existing toolkits at scale,
and rapidly develop novel prototypes. Data Navigator is a step towards making accessible data
visualizations easier to design and implement.

5.2 Overview

While there is a growing interest in making data visualizations more accessible for people with
disabilities, current toolkit and practitioner efforts have not risen to the challenge at scale. Major
data visualization tools and ecosystems predominantly produce inaccessible artifacts for many
users with disabilities. We believe this is largely a gap caused by a lack of underlying structure in
most visualizations, failure to engage the input modalities used by people with disabilities, and
over-reliance on visual-only rendering practices.

Users who are blind or low vision commonly use screen readers and users with motor and
dexterity disabilities often do not use “pointer” (precise mouse and touch) based input technology
when interacting with digital interfaces. Many users with motor and dexterity disabilities use
discrete navigation controls, either sequentially using keyboard-like input, or directly using voice
or text commands.
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Figure 5.1: Data Navigator provides data visualization libraries and toolkits with accessible data
navigation structures, robust input handling, and exible semantic rendering capabilities.

Most interactive visualizations simply focus on pointer-based input: they can be clicked or
tapped, hovered, and selected in order to perform analytical tasks. This excludes non-pointer in-
put technologies. These devices require consideration for the navigation structure and underlying
semantics of a visual interface.

However, building navigable spatial and relational interfaces is a dif cult task with current
resources.

Raster images, arguably the most common format for creating and disseminating data visual-
izations, currently cannot be made into navigable structures. These are only described using alt
text, which limits their usefulness to screen reader users.

Unfortunately, more accessible rendering formats like SVG with ARIA (accessible rich in-
ternet applications) properties are more resource intensive than raster approaches, like WebGL-
powered HTML canvas or pre-rendered PNG les. SVG puts a burden on low-bandwidth users
and a ceiling on how many data points can be rendered in memory.

In addition, ARIA itself has 2 major limitations. First, when added to interface elements,
ARIA only provides screen reader access, which means that developers must build a solution
from scratch for other navigation input modalities. Second, ARIA's linear navigation structure
can be time-consuming for screen reader users if a visualization has many elements. This may
impede how essential insights and relationships are understood [92, 140, 225, 237, 251, 294].

Some emerging approaches have sought to address this serial limitation of data navigation
and provide richer experiences for screen reader users [92, 237, 251, 294]. However, these
approaches rely on a tree-based navigation structure which is often not an appropriate choice
for visualizations of relational, spatial, diagrammatic, or geographic data. Many visualization
structures are currently unaddressed.

Zong et al. stress that in order to realize richer, more accessible data visualizations, the re-
sponsibility must be shared by “toolkit makers,” the practitioners who design, build, and maintain
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visualization authoring technologies [294]. Our contribution is towards that aim, to make more
accessible data experiences easier to design and implement within existing visualization work.

We present Data Navigator. Data Navigator is a toolkit built on a graph data structure, within
which a broad array of common data structures can be expressed (including list, tree, graph,
relational, spatial, diagrammatic, and geographic structures). Data Navigator also exposes an
interface that supports interactions via screen reader, keyboard, gesture-based touch, motion ges-
ture, voice, as well as fabricated and DIY input modalities. Data Navigator provides expressive
structure and semantic rendering capabilities as well as the ability for developers to use their
own, preferred method of rendering.

Data Navigator builds upon human-studies motivated work on accessible navigation [251,
294] towards a more generalizable resource for visualization practitioners. We contribute a high-
level system design for our node-edge graph-based solution as well as an implementation of
this system on the web, using JavaScript, HTML, and CSS. Through our case examples we also
demonstrate that our generalized approach is suitable for replication of existing best practices
from other systems, integration into existing visualization toolkit ecosystems, and development
of novel prototypes for accessible navigation. We illustrate how Data Navigator's use of generic
edges, dynamic navigation rules, and loose coupling between navigation and visual encodings
provides practitioners robust, expressive, control over their system designs.

5.3 Related Work

Our contribution is an attempt to bridge the gap between research and practice more effectively
across broad ecosystems in order to enable deeper and more expressive accessible data navi-
gation interfaces. Below we outline the prior research and standards that inform our project, a
breakdown of existing visualization toolkit approaches to data navigation, and then accessible
input device considerations.

5.3.1 Accessibility research and standards in visualization

Research and standards are both somewhat limited by a strong bias towards visual disabilities. In
Chartability, 36 of the 50 criteria related to accessible visualization considerations involve visual
disabilities [66, 73]. Marriott et al. also found that visual disability considerations are the primary
focus of data visualization literature [173], leaving the barriers that many other demographics
face unstudied.

However, despite the heavy focus on visual disabilities, the work that does exist in the visual-
ization community is deeply valuable and serves as an important starting point for our technical
contribution.

5.3.1.1 Accessible navigation design considerations

Zong et al.'s research, which was conducted as in-depth co-design work and validated in usability
studies involving blind participants, presented a design space for accessible, rich screen reader
navigation of data visualizations. They organized their design space into structure, navigation,
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and description considerations and demonstrated example structural, spatial, and direct tree-
based approaches [294].

Chart Reader also engaged these design space considerations in their co-design work on
accessible data navigation structures [251]. We consider these design dimensions as the best
starting point for our work, bridging the gap between research and toolkits.

There are additional research projects that have focused on accessible data navigation and
interaction [92, 224, 226, 237]. These contributions explore a range of different interaction
structures, including lists, trees, and tables of information as well as direct access methods such
as voice interface commands and simple, pre-determined questions.

5.3.1.2 Accessible visualization: understanding users

A wide array of emerging research projects investigate screen reader users needs, barriers, and
preferences, and offer guidelines, models, and considerations for creating accessible data visu-
alizations [42, 73, 161, 225]. Jung et al. offer guidance to consider the order of information

in textual descriptions and during navigation [140]. Kim et al. collected screen reader users'
guestions when interacting with data visualizations, which could open the door for more natural
language data interaction [145].

5.3.1.3 Accessibility standards and guidelines

In the space of research, there has been a growing interest in developing guidelines for practi-
tioners [62, 66] and even applying guidelines as a method of validation alongside human studies
evaluations and co-design [73, 161, 162, 294]. Unfortunately, most accessibility standards and
guidelines do not explicitly engage how to structure data navigation.

Despite this, existing accessibility standards bodies like the Web Content Accessibility Guide-
lines do stress the importance of accurate, functional semantics in order for screen reader users to
know how to interact with elements [261]. For interactive visualizations this means that button-
like or link-like behavior should expressly be made using elements that are semantically buttons
and links. Our system should be capable of expressing meaningful semantics to users of assistive
technologies.

5.3.2 Visualization toolkits and technical work

Unfortunately while many data visualization toolkits offer some degree of accessible naviga-
tion and interaction capabilities to developers, very few toolkits currently out there offer control
over the important aspects of accessible data navigation design. Replicating existing research
and strategies, remediating toolkit ecosystems, and building novel prototypes are all dif cult or
impossible to do due to the current lack of toolkit capabilities.
Existing data visualization toolkits have 3 major limitations that we wanted to address in the
design of Data Navigator:
1. Built on visual materials: toolkits produce either raster or SVG-based visualizations,
neither of which are focused towards designing navigable, semantic structures. As a con-
sequence, many visualizations are simply entirely inaccessible.
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2. Lacking relational expressiveness: When data navigation is provided, the navigation is
based on either a tree or list structure (see Figure 5.2). The consequence of this limitation
is that many other non-list and non-tree data relationships become dif cult or impossible

to represent without overly tedious navigation or inef cient architecture.
3. Designed only for screen reader interaction: When accessible data navigation is pro-

vided, it is generally only made possible through SVG with ARIA (Accessible Rich In-
ternet Application) attributes. ARIA is primarily only leveraged by screen readers [262].

If a data element can be clicked and performs some form of function, only direct pointer
(mouse and touch) and screen reader users are included. The consequence of this is that
a wide array of other input devices, many used as assistive technologies by people with
motor and dexterity disabilities, are excluded.

Figure 5.2: Existing accessibility trees and lists, shown using node-edge graph conventions. (*)
Denotes only screen reader access. (**) Denotes screen reader, keyboard-only, and pointer
access as well.

5.3.2.1 Rich, tree-based approaches

De-coupling rendered, visual structures from meaningful and effective navigation experiences
can provide richer experiences for screen reader users [294]. Prior research and industry work,
with the exception of the Visa Chart Components library [256], has relied heavily on a 1 to
1 relationship between structure (the encoded marks) and navigation. This emerging work is
signi cant, because it paves the way for considering the design dimensions of accessible data
interaction and navigation without dependence on a visually encoded space.

Olli's approach has been to build ready-to-go adaptors that automatically build multiple tree
structures for a few ecosystems (Vega, Vega-Lite, and Observable Plot) and is entirely uncoupled
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from a data visualization's graphics. Their approach renders navigable tree structures underneath
a visualization.

Other than Olli, Highcharts [117], Visa Chart Components, and Progressive Accessibility
Solutions' visualization toolkits [92, 237] also primarily provide tree and list navigation struc-
tures across all of their chart types. These toolkits render their structures upon the visualization's
graphic space. These tools also provide some degree of support for other assistive technologies
and input modalities, although are limited exclusively to SVG rendering.

Unfortunately, these toolkits lack capabilities for dealing with graph, relational, spatial, dia-
grammatic, and geographic data structures.

5.3.2.2 Serial, list-based approaches

Toolkits like Vega-Lite [214] and Observable Plot only provide basic screen reader support
through ARIA attributes when visualizations are rendered using SVG. These libraries do not
currently provide additional access to other assistive technologies and input modalities.

Microsoft's PowerBI largely uses a serial structure, although it has tree-like elements as well.
PowerBI generally provides the same access to keyboard users as it does to screen readers, al-
though not completely.

5.3.2.3 No navigation provided

Other visualization tools, like ggplot2 or Datawrapper, Tableau, as well as both Vega-Lite and
Highcharts (when rendering to canvas), produce raster images and have no navigable structure
available. Raster, or pixel-based graphics have been an accessibility burden since the early days
of graphical user interface development [24]. Practitioners who use these toolkits can only pro-
vide alternative text.

5.3.3 Considering assistive technologies and input devices

Modern data visualizations may contain functional capabilities such as the ability to hover, click,
select, drag, or perform some analytical tasks over the elements of the visualization space [214].
Virtually all of these analytical capabilities are designed for use with a mouse.

Input device consideration can roughly be organized as either pointer-based (such as a mouse
or direct touch) or non-pointer based (which may employ speech recognition or sequential, dis-
crete navigation such as with a keyboard). Assistive pointer-based devices, such as a head-
mounted touch stylus, can typically perform any actions that a mouse can and are therefore
served by current interactive visualizations. However, assistive non-pointer devices, such as a
tongue, foot, or breath-operated switch, are not.

By only providing pointer-based interactivity, modern interactive visualizations exclude users
who leverage non-pointer based input, who are most commonly people with motor and dexterity
disabilities. And unfortunately, there is a complete lack of engagement with these populations in
the data visualization research community [173].

By comparison, the broader accessibility and HCI research communities have rich engage-
ment with interaction and assistive technologies for users with motor and dexterity disabilities.
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Most research either focuses broadly on physical peripheral devices or sensors [232], wear-
ables [212], or DIY making and fabrication [125].

The DIY making space involves a broad spectrum of complex input devices and materials,
such as fabricating with wood and sensors for children with disabilities [156], 3D printed mate-
rials for rehabilitation professionals [89], and even using produce-based input (such as bananas
and cucumbers) for aging populations [202].

Broadly, both research and practical developments related to accessible, non-pointer input are
much further ahead than data visualization research and practice. Our goal for Data Navigator is
to provide a technical resource towards engaging this under-addressed space.

5.4 Data Navigator: System Design

We categorized our system design goals into design considerations for Structure, Input, and
Rendering:

1. Generic structure and navigation speci cation: Human studies work has validated that
lists, tables, trees, and even pseudo-treelike and direct structure types are all valuable to
users in different contexts and with different considerations. Our system must be able
to work with all of these as well as less frequently-used structures (spatial, relational,
geographic, graph, and diagrammatic).

2. Robust input handling: Blind and low vision users may use combinations of different
assistive technologies, such as magni ers, voice interfaces, and screen readers. Users with
motor impairments may rely on voice, gesture, eye-tracking, keyboard-interface periph-
erals (like sip-and-puffs or switches), or fabricated devices. Both the developer and user
should therefore be able to leverage and customize a broad range of input types, including

the above as well as fabricated, adaptive, and future input modalities.
3. Flexible rendering and semantics: Visuals may or may not be necessary to render to

demonstrate Data Navigator's structure. In addition, much of the latest research has shown
that different screen reader users may prefer different orders of information and at different
levels of verbosity. In addition, the context of tasks the user is performing as well as
the nature of the data itself may in uence the design of semantic descriptions and visual
indications for elements. Data Navigator must provide a high degree of exibility and
control.

To help bridge the gaps between research and standards knowledge about best practices and
building an effective toolkit for practitioners, we intend for Data Navigator to provide both ex-
ploratory support and vocabulary correspondence [163].

In particular, our ideal users are developers who specify data visualizations using code. To
that aim, we intend to provide exploratory support through generic, dynamic, and exible system
design decisions. Our system is expressive and customizable, which encourages exploration of
different options.

And we also want the API to include properties that have conceptual and vocabulary cor-
respondence to our design considerations. Each design consideration (Structure, Input, and
Rendering) are separately composable, modular subsystems of Data Navigator that can be used
independently or in tandem with one another.
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In this paper we present an implementation of our system using JavaScript, HTML, and CSS
on the web. The demonstration of our system is best suited to the web due to the nature of exist-
ing, accessible building blocks (HTML), which resolve many of the semantic complexities and
logic involved in enabling screen readers to programmatically navigate and announce meaning-
ful information to users. In addition, many existing visualization toolkits target the web as an
output platform and we believe that this is the best starting point for adoption and use of Data
Navigator. However, this system design could be implemented as a toolkit in other environments
with proper consideration for input device handling and screen reader semantics.

5.4.1 Structure
5.4.1.1 Beyond trees: towards an accessibility graph

The rst major contribution in the design of Data Navigator is to use node-edge data as the
substrate for our navigation system.

The most important argument in favor of using a graph-based approach is that a graph can
construct virtually any other data structure type (see Figure 5.2), including list, table, tree, spatial,
geographic, and diagrammatic structures. Graphs are generic, which enables them to represent
structures both in current and future interface practices [84].

Figure 5.3: A. Map of engineers per capita of US states. B. Tree representation of the map data
where states are listed alphabetically and also include links to neighboring states. The structure
repeats itself if users navigate in a loop. C. Graph representation with the same navigation

potential without redundant rendering.

To demonstrate our point, the most recent emerging work with advancements in accessible
data navigation used node-edge diagrams to demonstrate their tree-like structures [251, 294]
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similar to Figure 5.2, Figure 5.9, and Figure 5.10. This is because trees are a form of node-edge
graph, but with a root, siblings, parents, and children as sub-types of nodes that generally have
rules for how they relate to one another.

Node-edge graph structures prioritize direct relationships. Examples of common direct rela-
tionships in visualization are boundaries on maps (see Figure 5.3), ows and cycles, data with
multiple high level tree structures pointing to the same child datasets (such as Olli in Figure 5.2),
or even just in diagrammatic, graph-based visualizations.

A graph structure allows for direct access between information elements that are not just part
of the input data or 1:1 rendered elements, but may also have perceptual or human-attributed
meaning. Examples of this might include semantic or task-based relationships, such as navi-
gating to annotations or callouts, between visual-analytic features like trends, comparisons, or
outliers. Spatial layouts such as intersections of sets or parallel vectors (see Section 5.5.3), or
even relationships to information outside of a visualization and back into it (like in Figure 5.7)
are enabled by a graph structure.

5.4.1.2 Graph structures are more computationally ef cient

Data visualizations often portray information that becomes dif cult to handle when using trees
and lists. The distance users must travel between relational elements is signi cant in lists while
redundancy when navigating relational elements in trees can be problematic.

As an example of this, often a data table or list of locations are used in conjunction to a
map, such as listing all 50 states alphabetically along with relevant information. The list itself
is expensive to navigate and may not provide any relationship information about which states
border others, let alone ways to easily and directly access those states.

Part of the visual design justi cation of using a map instead of a table is for sighted individ-
uals to understand how geospatial information may interact with a given variable. The spatial
relationships matter. But when supplementing the list of states with sub-lists for each state's
bordering states (see Figure 5.3), it produces redundancy in the rendered result. The rendered
data contains circular connections between nodes but must render every reference, producing a
computational resource creep and cluttered user experience that can be dif cult to exit.

5.4.1.3 Speci c edge instances and generic edges

Figure 5.4: An example of how a single edge instance references a navigation rule and can even
have multiple navigation rules. A navigation rule can be referenced by multiple edges.
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In Data Navigator, nodes are objects that always contain a set of edges, where each edge con-
tains a minimum of 4 pieces of information: a unique identi er, a source, a target, and navigation
rules. These properties are only accessed when a navigation event occurs on a node with an edge
that contains a reference to a rule for that navigation event. Navigation rules may be unique to
an edge instance or shared among other edge instances.

The source and target properties of edges are either ids that reference node instances (see
Figure 5.4) or functions (see Figure 5.5). Because some edges in a graph may be directed or
not, non-directed graphs can use source and target properties to arbitrarily refer to either node
attached to an edge.

Generic functions for source or target properties can link nodes to other nodes based on
changing content, structure, or behavior that may be dif cult or impossible to determine before
a user navigates the structure.

Function calling also allows some edges to be purely generic. An example of a reasonable
use case of a purely generic edge is in Figure 5.5, where the source is a function which returns
the present node and the target is whichever node the user was on previously. This single edge
may then be part of every node's set of edges, enabling users to have a simple undo navigation
control without creating an undo edge unique to every source node.

Using this pattern, it is possible to have fully navigable structures using only generic edges.

Figure 5.5: A generic edge, such as “any-return” can be applied to any node. Function calls
handle dynamically assigning the edge's source and target nodes on-demand.

5.4.2 Input
5.4.2.1 Abstracted navigation facilitates agnostic input

Navigation rules in Data Navigator (see Figure 5.4 and Figure 5.5) are created alongside the
node-edge structure. Edges reference rules for navigation. However, these rules are generic and
agnostic to the speci cs of input modalities and can be invoked as methods by virtually any
detected user input event (see Figure 5.6).

Navigation rules are objects with a uniqgue name, ideally as a noun or verb in natural language
that refers to a direction or location, a movement direction (a binary used to determine moving
towards the source or target of an edge), and optionally any known user inputs that activate that
navigation, such as a keyboard keypress event name.
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Figure 5.6: An example navigation rule to move “left” can be called as a method by an event

from any input modality. Some examples include common modalities such as touch swiping

(A) or speaking “left” (B). This also includes advanced or future modalities such as gesture
recognition (C) or touch-activated, fabricated interfaces (D).

Itis important for a system to abstract navigation events so that inputs can be uncoupled from
the logic of Data Navigator. This allows higher level software or hardware logic to handle input
validation while Data Navigator is just responsible for acting on validated input.

Later in our rst case example (Section 5.5.1), we demonstrate an application that handles
screen reader, keyboard, mouse and touch (pointer) swiping, hand gestures, typed text, and
speech recognition input. Abstract navigation namespaces can be called by any of these input
methods.

Additionally, since navigation rules are exible, end users can also supply their own key-bind
remapping preferences or input validation rules if developers provide them with an interface.

Because calling a navigation method is abstract, users can even supply events from their
own input modalities as long they have access to either a text input interface or access to Data
Navigator's navigation methods. Our demonstration material (in Section 5.5.1) also includes
handling for DIY fabricated interfaces, which are important in accessibility maker spaces. We
chose a produce-based interface [202], since it was an easy and low cost proof of concept.

We believe that enabling agnostic input provides a rich space for future research projects. In
addition, browser addons and assistive technologies could both leverage this exible interface
for end users.

5.4.2.2 Discrete, sequential input opens new avenues

The keyboard interface is considered foundational for many assistive devices, which leverage
this technology for discrete, sequential, non-pointer navigation and interaction [263]. Desktop
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Figure 5.7: An example of how navigation within Data Navigator could use semantic nodes as
hyperlinks to provide access to other areas in an application. Alabama has a child node
“Counties” which is a semantic HTML link element pointing to a table of counties, outside of
Data Navigator's graph structure. A link is provided to return.

screen readers are the most common example of an assistive technology device that leverages the
keyboard interface, however single or limited button switches, sip-and-puff devices, on-screen
keyboards, and many refreshable braille displays do as well. Support for the keyboard interface
by default in turn provides all discrete, sequential input devices with access as well.

However by basing Data Navigator's foundational infrastructure on a keyboard-like modality,
this also provides designers and developers new avenues to imagine how existing direct, pointer-
based, or continuous inputs can map to discrete, sequential navigation experiences.

For example, with mobile screen readers this already happens: screen reader users swipe and
tap on their screen to sequentially navigate, but the exact pixel locations of their swiping and
tapping generally does not matter. Their current focus position is discrete and determined by the
screen reader software.

Data Navigator therefore allows for many new possibilities. One possibility is that sighted
mouse and touch users may now also swipe their way through dense plots or use small interfaces
(such as on mobile devices) that may otherwise be too hard to precisely tap. Data Navigator
optionally removes the accessibility barriers sometimes posed by precision-based input in visu-
alizations.

Data Navigator does not have to be in con ict with precision-based input, either. A discrete,
sequential navigation infrastructure can be used in tandem with precision-based pointer events
as well as instant access when coupled with voice commands and search features.
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5.4.3 Rendering

Figure 5.8: A. The data speci ed for a node with a reference to separate data that is used to
render that node. B. The node will render as a path at the speci ed Cartesian coordinates. C.
This rendered node may then be placed over a visual.

5.4.3.1 Flexible node semantics provide freedom

Nodes in Data Navigator are semantically exible. This is because the marks in a data visual-
ization may represent many things, that are either dependent on the data or the user interface
materials.

Since our toolkit implementation is in JavaScript and HTML, our map example from Fig-
ure 5.3 might use image semantics for states, alongside a description of the data relevant to that
node. However since semantics are exible in this way, Data Navigator could also be used to
integrate into a larger ecosystem, with nodes rendered as hyperlinks to tables or other elements
such as in Figure 5.7.

The concept of using node-edge graphs can even extend to have “nodes” that are entirely
different parts of a document or tool, as well as integrated into the explicit structure provided by
Data Navigator. In some accessibility toolkits, nodes are geometries without functional seman-
tics [214] or list items nested within lists [20]. But in Data Navigator, nodes can semantically be
buttons, links, or any HTML element. Interactive data visualizations sometimes demand more
exible node semantics than geometries or lists.
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Figure 5.9: A. A raster (png) visualization of a stacked bar chart showing how 4 English teams
performed across 3 major trophy contests. B. An example navigation schema that allows
children nodes to have 2 parents (two tree structures intersecting), one for contests and one for
teams. C. An example of Data Navigator's navigation logic abstraction, which allows edge
types to have programmatic sources, targets, and rules, such as a single rule that gives all nodes
a edge to exit the visualization. D. An instantiation of the schema, showing all corresponding
rendered nodes and their edge types according to the schema design and navigation rules.

5.4.3.2 Loose-coupling to visuals enables expressiveness

One of the most signi cant technical limitations of existing data visualization toolkits with re-
gards to accessibility is that they rely on visual substrate, or visual materials, in order to produce
data visualizations. In the case of static, raster images such as png les or WebGL and can-
vas elements on the web, there are no interface properties at all exposed to screen readers for
programmatic exploration and interaction.

If raster images are used, they generally cannot be changed after rendering. However, ac-
cording to web accessibility standards, elements must have a visual indicator provided when
focused [260].

Since Data Navigator navigates using focus, an indicator must be rendered alongside the node
semantics. But what is focused visually and where it is depends on different design needs.

In Visa Chart Components, chart elements can be selected, so the focus indication is visible
over the existing elements in the chart space. The design choice to have interactive visual ele-
ments located within a chart or graph is also common in other toolkits that provide accessible
focus indication, such as Highcharts, PowerBI, and SAS Graphics Accelerator.

However, some visualization toolkits create accessible structures entirely uncoupled from
visual space [20], so focus indication is provided beneath or beside the chart, not over it.

Due to the different ways that accessibility might be provided, Data Navigator enables devel-
opers to have complete control over the rendering of which focus elements they want, in what
styling, and where. This can accommodate both un-coupled and visually-coupled approaches to
focusing and more.
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Data Navigator's focus is uncoupled by default and may even be used independent of any
existing graphics at all. Rendering information may be passed to Data Navigator for it to render
(like in Figure 5.8) or developers can provide their own rendered elements and simply use Data
Navigator to move between them.

Because of Data Navigator's approach to rendering focusable elements, designers and devel
opers can provide fully customized annotations, graphics, text, or marks that may not be not part
of the original visual space or elements. One example of this might be adding an outlined path
to a collective cross-stack group of bars in a stacked bar chart (see Figure 5.8).

Loose-coupling in this way provides robust exibility to designers and developers to handle
navigation paths and stories through a data visualization, even in bespoke or hand-crafted ways.

5.4.3.3 On-demand node rendering is ef cient

Practitioners care about performance and so do users. Practitioner toolkits often focus on lazy-
loading techniques where accessibility elements are rendered on-demand rather than all in-
memory up front [20, 63, 294].

Data Navigator's nodes are rendered on-demand by default. Data Navigator only renders the
node that is about to be focused by the user and after it is focused, the previously focused node is
deleted from memory. This technique has advantages in cases where datasets are large or users
have lower computational bandwidth available. However, there are cases where practitioners
may want to render all of Data Navigator's structure in memory, such as server-side rendering or
equivalent. Pre-rendering may be optionally enabled.

5.5 Case Examples with Data Navigator

We built example prototypes using our JavaScript implementation of Data Navigator, available
open source at our GitHub repository.

Our rst two prototype case examples represent some of the most powerful parts of Data
Navigator as a system while reproducing known and effective data navigation patterns from
existing industry and research projects. We provide a nal case example as a co-design session
that demonstrates how Data Navigator may be used to rapidly build new designs.

5.5.1 Augmenting a Static, Raster Visualization

The rst case example (shown in Figure 5.9) builds on an online JavaScript visualization library,
Highcharts. Highcharts already provides relatively robust data navigation handling out of the box
for screen reader, keyboard, and even voice recognition interface technologies, such as Dragon
Naturally Speaking. However, these capabilities are only provided when the chart is rendered
using SVG. Developers have several other rendering options available, including WebGL, which
is signi cantly more ef cient [118]. We wanted to demonstrate that Data Navigator can provide
a navigable data structure even if the underlying visualization is a raster image.

For our case example, we exported a png le using the built in menu of a sample stacked bar
chart retrieved from their online demos [116]. We selected a stacked bar chart because it allows
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us to demonstrate how two tree structures may interact and share the same children nodes.

We recorded the data and hand-created all of the geometries and their spatial coordinates
using Figma, by tracing lines over the raster image's geometries (see samples of the data and
traced geometries in Figure 5.8). While this method was ef cient for building an initial prototype,
Section 5.5.2 engages deterministic methods for extracting and producing the nodes, edges, and
descriptions required by Data Navigator automatically and at scale.

The visualization we selected represents 4 English football teams, Arsenal, Chelsea, Liver-
pool, and Manchester United and how many trophies they won across 3 contests, BPL, FA Cup,
and CL.

We chose a schema design that arranged the contests to be navigable across one dimension
of movement (up and down) while the teams are navigable across a perpendicular dimension of
movement (left and right). This 2-axis style of navigation is used by Highcharts (when rendering
as SVG) and Visa Chart Components. We also chose these directions because it is coincidental
that their visual affordance is closely coupled with the navigation design (the x axis is ordered
left to right and since the bars are stacked, up and down can move within the stack). These
directions can also be applied to the axis categories and legend categories as well, moving left
and right across the entire team's stacks or up and down across the entire contest's groupings.

Using a keyboard, a user might enter this schema and navigate to the legend, where they
could press Enter to then focus the legend's rst child, pictured in Figure 5.8. Pressing up or
down navigates in a circular fashion among the contest groupings. Pressing Enter again then
focuses the rst child element of that contest, all of which are in the Arsenal group, since it is the
rst group along the x axis. A user can then navigate up, down, left, and right among children.
Pressing L Key moves the user back up towards the contest while pressing Backspace moves
the user up towards the x axis. The x axis and team groupings represent the second tree which
intersects the rst (the contests).

Our rst case example includes handling for additional input modalities beyond screen read-
ers and keyboards, including a hand gesture recognition model, swipe-based touch navigation,
and text input (which can be controlled using voice recognition software).

5.5.1.1 Discussion

Our rst case example demonstrates several of the most important capabilities of Data Navigator,
namely that practitioners can add accessible navigation to previously inaccessible, static, raster
image formats and that a wide variety of input modalities are supported easily.

Widely-used toolkits like Vega-Lite, Highcharts, and D3 [22] allow practitioners to choose
SVG and canvas-based rendering methods. Data Navigator's affordances help overcome the lack
of semantic structure in canvas-based rendering, allowing developers to take advantage of its
processing and memory ef ciency.

Notably in addition to these capabilities, the visual focus highlighting added was entirely
bespoke (as in Figure 5.8) and the navigation paths through the visual were based on our design
intentions, not an extracted view or underlying architecture such as render order. This demon-
strates that our system provides a signi cant degree of freedom and control for designers and
developers.

As a nal discussion point, the resulting visualization contains no automatically detectable
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accessibility conformance failures according to the W3C's Web Accessibility Initiative's acces-
sibility evaluation tool, WAVE [267]. It is important for any technology developed to also meet
minimum requirements for accessibility [66, 161, 162, 294], even when following best-practices
and research.

5.5.2 Building Data Navigation for a Toolkit Ecosystem

Figure 5.10: A. Various charts from Vega-Lite share the same general structures with each other

when rendered using canvas (B) or SVG (C). D. With Data Navigator, we replicated the existing

SVG navigation pattern (C) but used a canvas-based rendering for the visualization. E. We also

improved the navigation scheme to nest marks within a mark group to allow users to skip them,
if needed.

Our second case example, shown in Figure 5.10, builds on Vega-Lite. As shown in Figure 5.2,
Vega-Lite offers basic screen reader navigation but provides no navigation at all when rendered
using canvas.

While it might be a tedious design choice to allow every mark in a visualization to be serially
accessible to screen reader users, we nevertheless set out to build a generic ingestion function that
would take a Vega-Lite View object and deterministically recreate their existing SVG navigation
structure in Data Navigator. This way users would have the same experience between SVG
rendered charts and all current and future rendering options that \Vega-Lite offers to developers.

Notably, Vega-Lite does not explicitly manipulate the navigation order at all when rendering
with SVG. ARIA is simply provided to allow screen reader users to access each mark in the
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visualization in the order the mark appears in the DOM (which is the order it was rendered).
The legend appears after the marks in our schema for this reason because Vega-Lite renders the
legend after marks. This choice of ordering is for visual reasons: z-axis placement is currently
based on render order in SVG and Vega-Lite wants their legend visually on top of the rendered
marks.

In addition to mimicking their existing SVG navigation strategy, we also created a way to
nest all of the marks within a group so that users can skip past them and drill in on-demand,
which is a valuable pattern when dealing with situations where providing a mark-level delity of
information may not be relevant to a user's needs by default [230, 294].

In order to deterministically supply Data Navigator with accurate information about any given
Vega-Lite visualization, we built 3 functions: one that takes a Vega-Lite View as input and extracts
meaningful nodes, one that produces edges based on those nodes, and one to describe our nodes
in a meaningful way for screen reader users. These generic functions technically work on all
existing Vega-Lite charts, however some are more useful out of the box than others due to the
type of marks involved.

5.5.2.1 Discussion

This case example demonstrates that ecosystem-level remediation and customization is not only
possible for toolkit builders but Data Navigator offers robust potential. Data Navigator's struc-
ture, input, and rendering capabilities are all exible and can be adjusted to suit the needs of a
speci c toolkit's design and intended use.

Many visualization libraries may not even provide screen reader accessible SVG using ARIA-
based approaches but do have a consistent underlying architectural pattern. Some libraries have
a consistent method for converting data into visual formats, readable text labels, and interaction
logic. Strong contenders would be visualization libraries popular in online, web-based data sci-
ence notebooks like ggplot2 in R or matplotlib for Python, which typically only render rasterized
pngs or semanticless SVG.

Toolkits with consistent underlying architecture would allow toolkit developers, not just de-
velopers who use toolkits, to remediate and customize their navigation accessibility using a
generic approach.

Enabling accessibility at the toolkit level allows all downstream use of that tool to have better
defaults, options, and resources available for building more accessible outcomes for end users.

Many libraries and toolkits provide users with a level of functional defaults and abstract
conciseness so that users don't have to worry about low-level geometric considerations [214].

Data Navigator allows toolkits developers to also provide their users with abstractions and
defaults for accessibility that make sense for their ecosystem.

Despite our schema recreating a screen reader experience based on SVG (and improving it),
Data Navigator's additional features also apply: users are able to leverage a much wider array of
input modalities.

Vega-Lite provides many ways to make marks clickable and even perform complex actions
using mouse-based input. While Data Navigator does not engage accessible brush and drag-
based inputs, it does provide keyboard-only access by default, which can be used to make events
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