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Abstract

Improving the Accessibility of Online Data Visualizations for

Screen-Reader Users and Visualization Creators

Ather Sharif

Chair of the Supervisory Committee:

Jacob O. Wobbrock

The Information School

This dissertation introduces a novel interaction technique for screen-reader users to interact with and ex-
tract information from online data visualizations using voice-activated commands. To this end, this disser-
tation pioneers VOXLENS, a multi-modal open-source JavaScript plug-in that—with a single line of code—
improves the (1) information extraction experiences of screen-reader users with online data visualizations
and (2) understanding and knowledge of visualization creators to make data visualizations accessible.

I present versions of VOXLENS and independent artifacts, including VOXEX—a system that enables
screen-reader users to customize the information they consume from online data visualizations. These arti-
facts collectively enable these users to extract data from simple and complex online data visualizations, both
holistically and granularly, in the manner they prefer. The artifacts also provide these users with information
on data uncertainty. VOXLENS increased their accuracy of information extraction by 164% and reduced
their interaction times by 50% over conventional methods to consume information from online data visu-
alizations. Additionally, I present five interventions that minimize creators’ challenges with accessibility.
This work provides empirical and artifact contributions to the domains of accessibility and visualization.

The thesis of this dissertation is as follows: A multi-modal, customizable, and interactive JavaScript
plug-in called “VoxLens” improves the experiences of screen-reader users in extracting information from
simple and complex online data visualizations while also enhancing the knowledge of visualization creators

to make online data visualizations accessible.
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Chapter 1

Introduction

Everyone has the right to freedom of opinion and expression; this right includes freedom to
hold opinions without interference and to seek, receive and impart information and ideas
through any media and regardless of frontiers.

—Article 19, Universal Declaration of Human Rights (Nations|[2021]])

Access to information is a fundamental right and necessity of all human beings, regardless of any factor,
including their race, ethnicity, gender, sex, and ability levels. For disabled peopleﬂ proper access to infor-
mation, especially from digital content, has been an ongoing struggle, causing an even worsening digital
divide. Such is particularly true for screen-reader users (e.g., blind individuals), who can not see the visual
content and rely on their screen readers to access digital information. Milagros Costabel, a blind freelance
journalist, elegantly describes her experience accessing digital information, “Being blind in a digital age is
as beautiful as it is difficult. It’s beautiful, because all the content I can access today allows me to do things
that would have been unthinkable not so long ago. It’s difficult because I often hit informational dead ends
due to inaccessible content, thus widening an accessibility gap that shouldn’t be there” (Costabel| [2021]]).

Among the digital content present online, data visualizations are a widely used medium to communicate
essential insights about data. These visualizations assist users in making informed life decisions involv-

ing health (e.g., COVID-19 graphs), finances (e.g., stock market trends), and current events (e.g., polling

"Following the guidelines from my prior work (Sharif et al.| [2022a]]) and recommendations from the National Federation of the
Blind (National Federation of the Blind [1940]), I hereafter use identity-first language to refer to disabled people and blind and
low-vision (BLV) individuals. I mention specific diagnoses wherever necessary.



data). Due to the inherently visual nature of these visualizations, screen-reader users rely on visualization
creators to incorporate adequate accessibility measures for them to consume information contained within
these visualizations. Without these measures, screen readers announce online data visualizations as “ob-

LN

ject,” “graphic,” or “image,” providing no meaningful information. Popular accessibility measures include
providing alternative textual description (“alt-text”) of the visualization, a non-speech audio representation
of data (e.g., sonification), a non-textual representation of data (e.g., 3-D printing), and data tables.

When considering these measures, we may find that they comply with the Web Content Accessibility
Guidelines (WCAG) (W3C| [2021]]) and are thus presumably sufficient for screen-reader users to extract
information from online data visualizations. However, if we consider the limitations of these measures,
then we find that these solutions do not provide screen-reader users equitable access to information. For
example, an unfortunate reality is that visualization creators use the visualization title as alt-text, which
does not include any information about the data. Even when the alt-text contains the information summary,
it does not provide users access to individual data points. Similarly, sonification enables users to obtain
holistic information about the data and may not be helpful in granular data consumption. Data tables are a
possible remedy for this issue but can cause a significant cognitive overload, especially for large data sets,
due to their linear traversal by screen readers. Similarly, 3-D printing is a plausible technique but may not
be practical for spontaneous everyday web browsing.

Given the increasingly widespread usage of online data visualizations, enhancing the accessibility of
these visualizations is a combined function of improving the experiences of screen-reader users and sup-
porting visualization creators in making data visualizations accessible. Therefore, in this dissertation, I
present a novel interaction technique that (1) improves information consumption for screen-reader users
from simple and complex online data visualizations and (2) supports visualization creators by enhancing
their knowledge of and minimizing their challenges in making data visualization accessible. This disserta-

tion shall demonstrate the following thesis:

A multi-modal, customizable, and interactive JavaScript plug-in called “VoxLens” improves
the experiences of screen-reader users in extracting information from simple and complex
online data visualizations while also enhancing the knowledge of visualization creators to

make online data visualizations accessible.
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1.1 Scope

This dissertation focuses on improving the experiences of screen-reader users and visualization creators
with online data visualizations. Screen-reader users are users who utilize a screen reader (e.g., JAWS (Sci-
entific| [1995]]), NVDA (Access|[2006]]), or VoiceOver (Access| [2000])) to read the contents of their com-
puter screen; they may use a screen reader for permanent or temporary purposes. They might have complete
or partial blindness, low vision, learning disabilities (such as Alexia), motion sensitivity, or vestibular hy-
persensitivity. As a large volume of related work on data visualization accessibility focuses on blind and
low-vision (BLV) users, it is essential to note that BLV users constitute a subset of screen-reader users,

speaking to the broader applicability of this work.

Visualization creators are individuals who create data visualizations; this term encompasses similar

99 <6 99 <6

terms used in prior works, including “developers,” “practitioners,” “programmers,” and “designers.” Ad-
ditionally, this dissertation concentrates on online data visualizations created using visualization libraries,
such as D3 (Bostock et al.[[2011]]) and Google Charts (Developers| [2014]). While this work recognizes
future avenues for making data visualizations accessible more broadly, it is limited to visualizations on a
web page; it does not include visualizations in other digital formats (e.g., PDFs) or external software, such

as Microsoft Excel, Keynote, and Tableau.

1.2 Motivation

This dissertation presents an approach to improve data visualization accessibility for screen-reader users
and visualization creators. While individual chapters of this dissertation include respective formative stud-
ies to shed further light on the motivation behind this work, as a whole, this dissertation is motivated by
three primary factors. The first is the ubiquitous adoption of online data visualizations to convey essen-
tial information. The second is the inaccessibility of these visualizations. The third is the insufficiency of
existing solutions to make these data visualizations accessible. These factors emphasize the disenfranchise-
ment screen-reader users experience with consuming information from online data visualizations compared
to non-screen-reader users. Therefore, the primary research goal is to reduce this disenfranchisement by

improving the accessibility of online data visualizations.
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pleth map from King County, WA displaying hospitalizations due to COVID-19.



1.2.1 Wide Adoption of Online Data Visualizations

Online data visualizations have been increasingly assisting expert and non-expert users to communicate
essential insights and explore, interact with, and extract meaningful information from simple and complex
data (Lee et al.|[2015]);|[Holland|[[2017]]). They aid people in gathering information effectively and efficiently,
taking advantage of the ability of the human mind to recognize and interpret visual patterns from large vol-
umes of data (Marriott et al.|[2021]]). In addition, visualizations help users in making critical and informed
life decisions for themselves and their families concerning health (e.g., COVID-19 graphs), finances (e.g.,
stock market trends), and the current events (e.g., polling data), among other life domains (Huang et al.
[2014])). For example, several news media, including The New York Times and The Seattle Times, and
government websites used data visualizations on their websites to keep readers informed about COVID-
19 cases and hospitalizations (see Figure [I.T)). Additionally, recent work in politics (Zhao and Ye] [2022];
Kubovics and Bielik|[[2021]]), health (Zheng et al.|[2021]]; Grosjean et al.|[2022]; Patrick and Junaini| [2021])),
finance (Tuarob et al.|[2021]]; |Er and Sun| [2021]]), and business analytics (Biagi et al.|[2022]; Zhang et al.

[2021]]) indicate the importance and wide adoption of data visualizations on the web.

Furthermore, data visualization research maintains a reputable standing as a research field, with several
avenues dedicated to publishing visualization research, such as the IEEE Visualization Conference (VIS).
It also showcases a significant presence at the ACM Conference on Human Factors in Computing Systems
(CHI), with over 59% of publications appearing in the search results for “data visualization” in its 2023
proceedings. Similarly, the community for data visualization practitioners is ever-growing, evident through
the membership of about 20,000 visualization creators in just one of the online communities called the
“Data Visualization Societ” These statistics provide evidence of the widespread popularity of online data
visualizations and the likelihood of this domain’s growth in the future. As Few and Edge note, “I expect that
data visualization will continue for the next few years to pursue and mature those trends that have already
begun. Dashboards, visual analytics, and even simple graphs will continue to develop and conform to best
practices. I also have seen evidence that newer efforts are emerging that will soon develop into full-blown

trends.” (Few and Edge| [2007]).

“https://www.datavisualizationsociety.org/
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1.2.2 Online Data Visualizations are Inaccessible

Online data visualizations offer paramount benefits to non-screen-reader users, enabling them to extract in-
formation quickly and effectively using visual means. Strecker states, “Visual science has demonstrated that
data visualizations are particularly effective in communicating or explaining data to an identified audience,
if the visualizations are calibrated correctly to draw on the brain’s ability to detect certain properties. If
visualizations are properly designed they not only increase the speed at which data is comprehended, but
can also increase the retention of data. Visual perception utilizes the eyes, a channel which has one of the
largest "bandwidths’ to the brain of all our senses.” (Strecker [2012]).

Unfortunately, this inherently visual nature of visualizations makes them inaccessible to screen-reader
users, who may only be able to see part of the visualization or may not be able to see it at all. As Elmqvist
notes, “If you are blind, visualization is nearly impossible to use. And even if you can access the raw data,
which is far from a given, the massive scale of many real-world datasets means that effective overview is
beyond your reach without expertise in statistics and data science.” (Elmqvist|[[2023]]). Elmqvist’s statement
aligns with the findings presented in this dissertation, particularly those mentioned in Chapter 3}

Given the ubiquity of utilizing online data visualizations to convey information to users, inaccessible
visualizations can cause detrimental disruptions in the lives of screen-reader users (Sharif et al.|[2021]; Choi
et al. [2019]; [Zong et al.| [2022]]; Marriott et al.| [2021]]; Kim et al.| [2021b]]). For example, inaccessible
COVID-19 graphs resulted in health concerns for the blind and low-vision community (Fan et al.| [2023]];
Praharaj et al.| [2023]]). Additionally, lack of access to the underlying information in visualizations exac-
erbates the disenfranchisement faced by screen-reader users (over 2.2 billiorﬂ users worldwide) who rely
on visualization creators to make online visualizations accessible (Marriott et al.|[[2021]]; Lee et al. [2021];
Sharif et al.| [2021]; |Davis| [2002]]). For example, inaccessible financial graphs can restrict them in making
critical financial decisions. Findings from my research (discussed in Chapter [3)) shows that due to inac-
cessible visualizations, screen-reader users extract information 61% less accurately and spend 211% more
interaction time than non-screen-reader users (Sharif et al.[[2021]]). Furthermore, during the user studies,
about 33% of the online data visualizations that the participants interacted with were completely indiscov-

erable by screen readers. This dissertation is motivated by the need to reduce this disenfranchisement.

3https://www.who.int/news-room/fact-sheets/detail/blindness-and-visual-impairment
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Figure 1.2: Autogenerated alt-text by evoGraphs, a jQuery plug-in to create web accessible graphs
(Sharif and Forouraghil [2018]).

1.2.3 Existing Solutions are Insufficient

The inaccessibility of data visualizations is a widely recognized problem. Several researchers and prac-
titioners have proposed solutions to this problem, yet screen-reader users experience disenfranchisement.
As one of the participants in my user studies said, “The progress is too slow in making things accessible.
The data visualization space is progressing so rapidly that for anything that’s being done, the gap is just
being widened and it just keeps widening.” These solutions mainly focus on four modalities: (1) Alternative
textual description, (2) Sonification, (3) Tabular representation, and (4) 3-D printing. While solutions that
utilize these modalities to make online data visualizations accessible are discussed in detail in Chapter[2] an

overview of the modalities is presented below.

1.2.3.1 Alternative Textual Description

Alternative textual description (“alt-text”) is the most commonly used technique to make digital graphics
accessible, particularly online data visualizations. Traditionally, developers are responsible for providing the

alt-text by describing the underlying information in the visualization in 125-150 words (University|[2022]).

However, alt-text is often missing, insufficient, or excessive, exacerbating the disenfranchisement screen-
reader users experience consuming information from online data visualizations. Therefore, researchers

and practitioners have explored autogenerating alt-text to reduce the burden on developers. For example,
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my prior work autogenerated a summary using all data points during visualization creation (Sharif and

Forouraghi| [2018]) (see Figure[I.2)). Furthermore, with the recent advent of tools powered by large language

models, such as ChatGPTEl, users can now obtain a summary of the visualization.

While alt-text is a plausible technique that provides users with a holistic overview of the information,
it does not enable users to extract or compare individual data points, an affordance offered to non-screen-
reader users from the get-go. Additionally, one may rightly question if a single alt-text satisfies the needs
of all the screen-reader users, over 2.2 billion around the globe, considering every user is unique and has
distinct preferences. Therefore, alt-text is limited in its offering to make data visualizations as accessible as
they are to non-screen-reader users.
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1.2.3.2 Sonification

Similar to alt-text, sonification is also a widely utilized modality to make data visualizations accessible to
screen-reader users. Sonification (or “audio graphs’ﬂ) is the non-speech audio representation of the data.
A traditional usage of sonification can be imagined as a discrete or continuous sound that alters its pitch or
frequency based on the data (e.g., higher frequency to represent higher values). Another innovative example
of sonification is data representation using bird or waterfall sounds (Hoque et al.| [2023]). Sonification’s
wide adoption is further evident from its application in commercial solutions. For example, since its 2021
operating system releases (Apple [2021b]]), Apple has used sonification as a standard measure across all its
platforms (Apple watch, Keynote, etc.) to make data visualizations accessible (see Figure[1.3).

However, sonification may not enable users to extract individual data points from a visualization. Addi-
tionally, sonification could lead to dangerous misinterpretations without properly conveying supplementary
information, such as axis labels. For example, in a graph portraying stock market trends, the sonified re-
sponse would be the opposite for axis values sorted alphabetically in an ascending order versus descending
order. Similarly, sonification may be challenging to comprehend when used to represent complex data,

especially data that does not show clear variation between data points.

1.2.3.3 Tabular Representation

Contrary to alt-text and sonification, two common strategies discussed above that enable users to explore
the data holistically, tabular representation provides screen-reader users with individual data points. Users
can use the tables to perform their self-exploration and analysis of the data in a drilled-down manner. Vi-
sualization creators can present the data tables on web pages as standalone elements. They can also attach
the tables with the visualization element and visually hide them using the “aria-hidden” attribute to support
screen-reader-user-only access. For example, Google Charts (Developers| [2014]]) automatically generates
and appends a visually hidden table from the underlying data for screen-reader users.

While data tables provide granular access to data, they can increase the cognitive load on users due to
the linear traversing characteristic of screen readers. Such is especially true for data with large cardinali-

ties. For example, for a data set comprising a hundred data points, a screen-reader user must go through

> use “sonification” synonymously with “audio graphs,” limiting its domain of usage to data visualizations.
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Figure 1.4: Pipeline to generate a 3-D printed visualization of Y = exp(X) using VizTouch
and Hurst| [2012]). Image on the left shows an interface to provide data. Image in the middle shows the
wireframe view of the 3-D model. Image on the right shows the 3-D printed output.

each data point and mentally compute data to extract information as simple as the minimum or maximum.
Consequently, screen-reader users may experience considerably higher interaction times with online data

visualizations than non-screen-reader users.

1.2.3.4 3-D Printing

3-D printing enables the production of physical visualizations that facilitate blind and low-vision users to
feel and explore static visualizations in their graphical state (see Figure [[.4). In opposition to alt-text,
sonification, and data tables, 3-D printed visualizations are not a practical solution for spontaneous online
web browsing based on the assumption that users will likely not have access to a 3-D printer at all times.
Even if they have access, obtaining the underlying data and feeding it into 3-D printing software to generate
the visualization may not be feasible for everyday web browsing. Additionally, they require extra hardware
(3-D printer), which can be costly for some users. As this dissertation focuses on online data visualizations,
a domain out of scope for 3-D printing, discussions on 3-D printed visualizations are limited to only their

recognition as an alternate modality to make data visualizations accessible to screen-reader users.

1.3 Research Approach

This research follows the user-centered iterative design protocol in the development of a novel interaction

technique for screen-reader users to interact with online data visualizations. Specifically, I conducted forma-
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tive studies to motivate the creation of and inform the design decisions for artifacts for screen-reader users
and visualization creators, including the VOXLENS versions. These formative studies include pilot studies,
Wizard-of-Oz studies, surveys, interviews, and workshops.

Artifacts are built using iterative prototyping and continuous user feedback at each development stage.
These artifacts are then evaluated using appropriate qualitative, quantitative, and subjective methods, in-
cluding contextual and in-depth interviews, task-based user experiments, usability studies, diary studies,
and longitudinal studies. In particular, two types of comparisons are made. First, the performance of screen-
reader users is evaluated against the baseline of non-screen-reader users’ performance to assess the access
gap at each stage of this work. Second, the performance of VOXLENS is evaluated using the baseline of
traditional visualizations without VOXLENS. When possible, follow-up interviews are conducted for further
assessment and identification of areas of improvement.

Overall, this research uses ability-based design (Wobbrock et al.[[2018,[2011b])) as guidance to improve
screen-reader users’ experiences with online data visualizations and enhance the knowledge of visualization

creators to make online data visualizations accessible.

1.4 Dissertation Structure

This chapter has presented the potential value of a multi-modal, customizable, and interactive plug-in to

improve the accessibility of online data visualizations. The subsequent chapters are structured as follows:

Related Work Describes prior work on the accessibility of online data visualizations,
ChapterEI interaction experiences of screen-reader users with online data visualizations,
implementation experiences of visualization creators with data visualization

accessibility, and topics relevant to specific chapters in this dissertation.
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Formative Research

Chapter H

VOXLENS Design

Chapter E|

Supporting

Screen-Reader Users

Chapter ﬂ-ﬂ

Discusses formative work to understand the challenges of screen-reader users
with online data visualizations compared to non-screen-reader users, the
information they commonly seek, and the techniques and strategies that could

improve their interaction experiences with online data visualizations.

Introduces and illustrates the design and implementation of VOXLENS, an
open-source multi-modal JavaScript plug-in that improves the accessibility of

online data visualizations.

Describes the formative work, design, and evaluation of VOXLENS iterations
and VOXEX—a system that enables screen-reader users to customize their
information consumption, developed to improve the experiences of
screen-reader users with online data visualizations.

Chapter 3 discusses work to support holistic information extraction from
online data visualizations by screen-reader users.

Chapter [0 introduces work to improve data sonification as an accessibility
measure to make online data visualizations accessible for screen-reader users.

Chapter [7) presents work to support drilled-down information extraction
from simple and complex online data visualizations by screen-reader users.

Chapter [§]illustrates work to convey information on data uncertainty from
online data visualizations to screen-reader users.

Chapter 9] presents work to enable the customization of information

consumption from online data visualization by screen-reader users.
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Supporting

Visualization Creators

Chapter

Conclusion

Chapter

Presents the formative work, design, and evaluation of the VOXLENS
iteration and five interventions implemented to enhance the experiences and
knowledge of visualization creators in making online data visualizations

accessible to screen-reader users.

Provides reflections and insights, major empirical findings, contributions of

this dissertation, future avenues for research, and final remarks.
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Chapter 2

Related Work

In this chapter, I present previous research on the accessibility of online data visualizations that motivated
and guided my work. I highlight research works that have emphasized the need for accessible visualiza-
tions, provided recommendations and techniques to make online visualizations accessible, and contributed
solutions to improve the accessibility of online visualizations. I also discuss the common modalities used to
make online online data visualizations accessible to screen-reader users. Furthermore, I review works that
have employed customization for screen-reader users to provide agency to these users in extracting informa-
tion online. Finally, I discuss prior works that shed light on the challenges faced by visualization creators in

making online data visualizations accessible to screen-reader users.

2.1 Interaction Experiences of Screen-Reader Users with Technology

Several research efforts have explored the interaction of screen-reader users with technology via user stud-
ies (Kane et al.[[2008]]; Billah et al.|[2017]]; |Grussenmeyer et al.|[2017]]; |/Adams et al.[[2013]]; |]Abdolrahmani
et al.[[2018]]), showing that screen-reader users encounter several challenges. For example, Kane et al. (Kane
et al.| [2008]) conducted interviews with eight screen-reader users, identifying usability issues with mobile
devices, especially touchscreen smartphones (which were new at the time). Billah et al. (Billah et al.|[2017]))
conducted a study with 21 screen-reader users, reporting on the usage of screen readers in remote access
scenarios. They utilized various screen-readers on different types of computers to measure screen-reader

users’ experiences with using computers at home, in the workplace, and at school.
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Similarly, Schaadhardt et al. (Schaadhardt et al.|[2021]]) studied screen-readers users’ experiences with
2-D digital artboards, such as those appearing in Microsoft PowerPoint and Adobe Illustrator. Their findings
detail the challenges of using screen readers in 2-D environments compared to 1-D text streams. Their results
are similar to the ones in this work, such as high cognitive loads and a need for better feedback. In my work, I
conducted contextual interviews and longitudinal studies with screen-reader users to understand the holistic
and drilled-down information they seek in simple and complex online data visualizations (Chapters [3] [5]
and [7). Additionally, I reported on the pain points in their interactions and the techniques they prefer to

improve the accessibility of online data visualizations.
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Figure 2.1: The map page of UNLOCKEDMAPS’ user interface (UI) showing transit stations in Philadelphia.
Filtering options for station-related attributes are displayed at the top-right corner, filtering options for
transit authorities are at the left corner, and map legend is at the bottom-right corner of the page. Accessible
stations are shown using icons with a green background, inaccessible stations with a red background, and
stations experiencing an elevator outage with an orange background.

2.2 Accessibility of Visualizations Versus Visualizations of Accessibility

As a preliminary clarification, in this work, I consider “accessibility of online data visualizations” distinct

from “visualizations of accessibility.” The former follows the concepts of “web accessibility” (Brophy and
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[Craven|[2007]]; [Lazar et al.|[2004]; [Paciello| [2000]]) and seeks to understand and improve the accessibility of
online data visualizations for disabled people (e.g., screen-reader users) (Sharif et al.|[2021]]; Lundgard and|
[Satyanarayan| [2021]); Zong et al. [2022]; [Elavsky et al.| [2022]). In contrast, the latter displays information
about accessibility, such as urban infrastructure (e.g., transit, sidewalks, roads) for disabled people (e.g.,
people with mobility disabilities) (Brock et al. [2018]); [Froehlich et al [2019]; [Zeng et al) [2011]}; [Sharif]
let al.|[2023al); Bolten and Caspi| [2019]).

One example of visualizations of accessibility is my work on UNLOCKEDMAPS (Sharif et al.|[2023a]),

an open-data map that visualizes the real-time elevator status (accessible, not accessible, experiencing an
outage) of urban rail stations in six North American cities and displays nearby accessible restaurants and
restrooms, assisting users in making informed decisions regarding their commute (see Figure [2.1). In this

dissertation, I focus on my work on the “accessibility of online data visualizations” for screen-reader users.

Figure 2.2: Bostock et al.’s interactive visualizations built with D3, running inside Google Chrome. From
left to right: calendar view, chord diagram, choropleth map, hierarchical edge bundling, scatterplot matrix,
grouped & stacked bars, force-directed graph clusters, Voronoi tessellation.

2.3 Existing JavaScript Data Visualization Libraries

Creators commonly use JavaScript visualization libraries to create online data visualizations. In my work,

I utilized three visualization libraries to conduct user studies: (1) D3 (Bostock et al.| [2011]]), (2) Google
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Charts (Developers| [[2014]), and (3) Chart]JS (ChartJS|[2015]]). I selected these libraries based on the differ-
ences in their underlying implementations and accessibility measures, capturing unique interaction experi-
ences of screen-reader users. Bostock ef al. (Bostock et al.|[2011]]) developed D3—a powerful visualization
library that uses web standards to generate graphs (see Figure 2.2). D3 uses Scalable Vector Graphics
(SVG) (Dengler et al.| [2011]]) to create such visualizations, relying on the developers to provide adequate
alternative text for screen-reader users to comprehend the information contained in the visualizations.
Google Charts (Developers| [2014]) is a visualization tool widely used to create graphs that provides a
visually hidden tabular representation of data for screen-reader users. While this approach allows screen-
reader users to access the raw data, extracting information from tables can induce excessive user work-
loads. The workload is further exacerbated as data cardinality increases, forcing screen-reader users to
memorize each data point to extract even rudimentary information such as minimum or maximum values.
ChartJS (ChartJS|[2015]]) uses HTML Canvas to render the visualization as an image and relies on the devel-
opers to add alternative text (“alt-text””) and Accessible Rich Internet Applications (“ARIA”) attributes (W3C
[2006]). In contrast to these approaches, VOXLENS introduces an alternate way for screen-reader users to
obtain their desired information without relying on visualization creators and computing complex informa-

tion through memorization of data.

2.4 Accessibility of Online Data Visualizations

Here, I review prior research that has highlighted the need for accessible data visualizations, provided recom-
mendations to make online data visualizations accessible, and created solutions to improve the interaction
experiences of screen-reader users with online data visualizations. Additionally, I discuss prior work on
sonification, existing JavaScript libraries used to generate online visualizations, and identifying trends in the

accessibility of online data visualizations.

2.4.1 Need for Accessible Data Visualizations

Several researchers have emphasized the importance of making data visualizations accessible by highlight-
ing the inequities caused by inaccessible visualizations (Keilers et al.|[2023]]; [Marriott et al.| [2021]; [Sharif

et al.| [2021]]; Lundgard et al.| [2019]]; [Lee et al.| [2020]]; [EImqvist| [2023]]; |Konecki et al.| [2018]]). Keilers et
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al. (Keilers et al.[[2023]]) surveyed 45 blind and low-vision adults to explore data visualization accessibility
on computers, phones, tablets, paper, and TVs, finding that insufficient accessibility practices significantly
impact these users to access the underlying data in visualizations. Lundgard et al. (Lundgard et al.| [2019])
identified the danger of perpetuating a vision-first approach that further marginalizes non-visual users when
these users are not equal participants throughout the visualization design process. My work (Chapter [3)
provided empirical evidence of this inequity by conducting mixed-methods studies with 36 screen-reader-
and 36 non-screen-reader users. My results showed that due to the inaccessibility of online data visualiza-
tions, screen-reader users extract information 61% less accurately and spend 211% more time interacting
than non-screen-reader users.

Marriott et al. (Marriott et al.| [2021]]) put forward a call-to-action for inclusive data visualizations,
declaring the lack of access to visualizations and their underlying data a significant equity issue. Therefore,
recognizing the critical need for accessible visualizations, researchers have provided recommendations to
visualization creators (Sharif et al.| [2021]]; [Lundgard et al.| [2019]]; [Strantz| [2021]]; |Carroll et al.| [2013]];
Oliverra [2013]]; Elavsky et al.|[2022]), including auto-generating alternative text, multi-modality, participa-

tory design, and appropriate usage of Accessible Rich Internet Application (ARIA) attributes.

2.4.2 Trends and Gaps in Accessibility of Online Data Visualizations

Prior works have made survey contributions to reveal trends and identify gaps to understand the growth of
accessibility as a field (Mack et al. [2021b]; Sharif et al.| [2022b]]). Similarly, researchers have provided a
survey of accessible visualizations (Kim et al.|[2021b]; [Torres and Barwaldt|[2019]; Lawrence and Lobben
[2011]]; Wabinski et al.|[2021]]; [Hennig et al.|[2017])). For example, Kim ez al. (Kim et al.|[2021b])) collected
and analyzed papers published for the last 20 years on visualization accessibility, mapping a design space

for accessible visualizations. They presented a preliminary model and identified future directions.

2.4.3 Accessible Modalities for Online Data Visualizations

Visualization creators use various modalities to make online data visualizations accessible to screen-reader
users, such as alt-text, sonification, and data tables. I introduced these modalities in the previous chapter. In

this section, I discuss prior work that utilized these modalities in turn below.
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Figure 2.3: Pipeline for extracting information from figures, and using this information in a prompt to
generate draft alt text and suggestions for enhancement. The author first (A) uploads a paper, from which
(B) figures and their captions, and (C) mentions of each figure in the paper are extracted. Then, (D) the
figure is classified, a data table is extracted if it is a plot, and the figure text is recognized. Finally, (E) based
on the figure type, a set of guidelines are selected. (F) all of this information is put together with instructions
into a prompt for the LLM to use in generating drafts and suggestions.

2.4.3.1 Alt-Text

Alternative text (“alt-text”) is one of the most widely used techniques to provide screen-reader users with a
description of visual content, such as images (Mott et al.[[2023]]; McEwan and Weerts| [2007]); [Mack et al.
[2021a]). Researchers have made contributions by assisting developers in auto-generating alt-text for images
and visualizations (Sharif and Forouraghi| [2018]]; [Mirri1 et al.| [2017]; |Kim et al.| [2021a]); Lundgard and
Satyanarayan| [2021]); |Singh et al.|[2024]]; Wu et al.|[2017]). For example, Singh et al. (Singh et al.| [2024]))
developed FigurAlly, an interactive system that supplies authors of scientific papers with draft alt-text
and offers suggestions based on figure and paper metadata (see Figure [2.3). Their findings from a user
study with 14 authors indicate that their system improved authors’ effectiveness in producing descriptive
alt-text in scientific papers. Similarly, Wu et al. (Wu et al.| [2017]) created Automatic Alt-Text, an
applied computer vision system, to identify faces, objects, and themes from photos to generate alt-text for
screen-reader users on Facebook. They evaluated their system in a two-week field study with 9000 users,
reporting an improvement in users’ engagement with and perceived usefulness of Facebook. However,
unlike non-screen-reader users, screen-reader users can only consume information chosen for them. In this
work, I address this disenfranchisement by providing these users the agency to customize the information

they consume from online data visualizations (Chapter [9).
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2.4.3.2 Sonification

Sonification, sometimes referred to as audio graphs, communicates information to screen-reader users us-

ing non-speech audio representations (for the Blind| [2023]]; (Walker and Nees| [2011]]; Barrass and Kramer]

[1999]). Prior research has explored sonification to improve the experiences of screen-reader users with
data visualizations (Siu et al.| [2022]]; [Fan et al.|[2022]; [Holloway et al.|[2022]; |Austin and Sorge] [2023];
[Roy and Boppana [2022]]) and developed open-source solutions (Highcharts [2009]; Sharif et al.| [2022¢];
[Langston| [2022]; [for Digital Music Queen Mary University of London| [2023]}; [Software] [2023]]). Hoque

et al. (Hoque et al.|[2023]]) used natural sounds, such as waterfalls, to sonify data visualizations through

their tool, Susurrus. They found that natural sounds help interpret multi-series data. I extended Wang et

al.’s (Wang et al.|[2022a]]) work by investigating various oscillators and synthesizers and their effects on the

pleasantness of sonified responses, resulting in an increased confidence of users in interpreting simple and

complex data. I developed Sonifier (Sharif et al.|[2022¢]), an open-source JavaScript library that creates

data sonification using these oscillators and synthesizers. Additionally, my work enables screen-reader users

to specify their preferences for sonification, including the sound type and speed.

@

Density of Precious Metals, in g/cm”*3 .
- Element Density
20 Copper 8.94
15
TP | sitver 10.49
10
5 Gold 19.3
0 .
Copper Silver Gold Platinum Platinum 21.45

Figure 2.4: A bar chart showing density of previous metals implemented using Google Charts (Developers
[2014]]). A tabular representation of the data is also shown with a “hidden” icon to represent the visually-
hidden table that Google Charts appends to the visualization accessible to screen-reader users.
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2.4.3.3 Data Tables

In contrast to alt-text and sonification, which only provide holistic information, data tables offer screen-
reader users granular access to underlying data. Several prior works have discussed the utility of data tables
as an accessibility technique (Kim et al.[[2023]]; [Lai [2013]]; [Wang et al.| [2022b]]). For example, Ferres et
al. (Ferres et al.|[2013]]) reported that screen-reader users relied on raw data to extract information from data
visualizations in their user studies. These findings were particularly applicable to Google Charts (Developers
[2014]), which automatically append an invisible data table to the document tree of the HTML page to
provide screen-reader users with the underlying data (see Figure [2.4). However, data tables require linear
access to data points and can cause cognitive overload for users, especially when the data cardinality is
high (Sharif et al.| [2021]; |[Laney et al.|[2013]]). To this end, in this work, I enable screen-reader users
to specify their information consumption preferences. Visualization creators can use these preferences to
present data tables and visualizations to screen-reader users in the manner these users prefer. For example,

visualization creators can organize data tables based on the sorting preferences of screen-reader users.

2.4.4 Recommendations on Making Online Data Visualizations Accessible

To reduce the disenfranchisement screen-reader users face in extracting information from online data vi-
sualizations, researchers have recommended techniques to improve the accessibility of such visualizations
(Lundgard et al.| [2019]}; [Strantz| [2021]]; |Carroll et al.| [2013]]; |Oliveiral [2013]]). Lundgard et al. (Lundgard
et al| [[2019]) presented a set of sociotechnical considerations for accessible visualization designs, iden-
tifying participatory design and the usage of Accessible Rich Internet Application (ARIA) attributes as
crucial elements in creating online data visualizations. Strantz (Strantz| [2021]]) provided best practices to
create visually accessible data visualizations for developers. Their recommendations included using whites-
pace, creating contrast, maintaining size/scale, labeling the graph clearly, specifying textual descriptions and
ARIA attributes, providing the overview and data context, and testing the visualizations through user studies
and automated tools. Building on these prior works, my work (Chapter [3) recommended auto-generating
alternative text (“alt-text”) to represent dynamic data and using multi-modality (e.g., tables, summaries,

sonification) to enable screen-reader users to explore visualizations based on their preferences.
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2.4.5 Tools to Make Data Visualizations Accessible

Following the recommendations put forward by prior work, several researchers have created tools to make
data visualizations accessible to screen-reader users. These tools include auto-generating alternative text
(Sharif and Forouraghil [2018]]; Mirri et al.| [2017]; |[Kim et al.|[2021a]); Lundgard and Satyanarayan| [2021])),
sonification (Sharif et al.| [2022f]]; IMcGookin and Brewster [2006]; Zhao et al. [2008]]; |Ahmetovic et al.
[2019b]; |S1u et al.| [2022]; [Fan et al. [2022]; Holloway et al.| [2022]; |Austin and Sorge| [2023]]; Roy and
Boppanal [2022]]), summarization (Kim and McCoy| [[2018]]), tables (Developers| [2014])), haptic graphs (Yu
et al.[ [2000]; Van Scoy et al.[[2005]), 3-D printing (Brown and Hurst [2012]]; |Shi et al.| [2016]]; |Hurst and
Kane|[2013]]), and multi-modality (Sharif et al.| [20221]; Thompson et al.|[2023]]; Blanco et al.|[2022]). Most
recently, Thompson ef al. (Thompson et al.| [2023]]) introduced Chart Reader, an open-source prototype
accessibility engine that renders accessible data visualizations. They created their tool following an iterative
co-design study with 10 Microsoft employees and reported the evolution of the design of Chart Reader
during this five-month study. Blanco et al. (Blanco et al.[[2022]) built an open-source library called 0111
that converts visualizations into a keyboard-navigable structure accessible to screen-reader users, which
enables visualization creators to easily create accessible visualizations across various toolkits, including
Vega-Lite (Satyanarayan et al.|[2016]]). In this work, I developed VOXLENS, an open-source JavaScript
plug-in that enables screen-reader users to interact with online data visualizations using a multi-modal ap-
proach, assisting them in obtaining data through sonification, summary, and verbal querying (question and
answer). I report a 164% and 50% improvement in screen-reader users’ information extraction and inter-
action times, respectively, compared to conventional methods, through multiple user studies with over 100

users over time.

2.5 Sonification Solutions to Make Online Data Visualizations Accessible

In this section, I review prior work that has utilized sonification in practice and research. Additionally, I
highlight research on the assessment of sonification as a technique to make data visualizations accessible

for screen-reader users.
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Standard View

PHANTOM Cursor SoundBar View

Figure 2.5: McGookin et al.’s screenshot of the SoundBar System. Bars are represented as recessed
grooves, the SoundBar is located below the bars. When a segment of the SoundBar is touched with the
PHANTOM (represented by the cone shaped object), a note proportional to the height of the bar immedi-
ately above is played.

2.5.1 Sonification in Practice

Developers and researchers have created several sonification solutions for screen-reader users; some of
these solutions are open-source (Highcharts| [2009]; [Sharif et al.[[2022¢]; Langston| [2022]; for Digital Mu-
sic Queen Mary University of London| [2023[]; Medial [2020]; [LabSound| [2021]]), whereas some are propri-
etary (Software|[2023]];|Apple|[2021b]]; Wall et al.| [2012]];|Studios| [2011]]). However, only a few are suitable
for online data visualizations. For example, Statistical Analysis Software (SAS) Graphing Calculator (Soft-
ware [2023]]) is a browser extension that enables screen-reader users to interact with online data visualiza-
tions using sonification but is limited to graphs created using the SAS software. Apple Audio Graphs (Apple
[2021al]) provides an API for Apple application developers to construct an audible representation of the data

in charts, giving screen-reader users access to valuable insights into data. Highcharts (Highcharts| [2009])
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is a proprietary JavaScript library that aids visualization creators in developing online data visualizations

and offers free built-in sonification. Similarly, Sonifier (Sharif et al.| [2022¢]) and Chart2Music

[2022]]) are open-source JavaScript libraries that make online data visualizations accessible to screen-reader

users by generating sonified responses using various oscillator waveforms and synthesizers. However, these

libraries do not aid in determining when sonification may not be suitable for use.
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Figure 2.6: Hoque et al.’s sonification of a bar chart with Susurrus. (a) Their technique maps each bar to a
natural sound drawn from an ambient theme (e.g., forest and birds). Using Loudness Levels Relative to Full
Scale (LUFS), they convey the data values by setting the loudness of the sounds in decibels proportionately
(i.e., height) to the bars. In this instance, they have mapped four bars in a bar chart to four bird sounds (e.g.,
robin, woodpecker, raven, and dove). They play the sounds together (i.e., in parallel) in a loop with random
intervals and use a calm forest ambiance as background, thus making sonification of the bar chart similar to
listening to bird sounds in the forest. (b) A user can interact with the audio graph using specific keys. For
example, the user can select the first two bars using 1 and 2 number keys and listen to the corresponding
sounds. With the selection, the user can also listen to the description of the selected data values using Text-
to-Speech. The audio for this example is provided in the supplement.
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2.5.2 Sonification in Research

Several research projects have explored sonification to improve the experiences of screen-reader users with
data visualizations (Sharif et al. [2022f]; McGookin and Brewster [2006]]; [Zhao et al.| [2008]]; |Ahmetovic
et al|[2019b]; Siu et al.| [2022]]; [Fan et al.| [2022]; Holloway et al.| [2022]; |Austin and Sorge| [2023]]; Roy
and Boppana|[2022]). Most recently, Hoque et al. (Hoque et al.|[2023]]) developed Susurrus, which sonifies
visualizations using natural sounds, such as birds singing in a forest (see Figure [2.6). Their findings show
that natural sounds can benefit screen-reader users in interpreting data from visualizations, especially charts

representing multiple categories.

0 20 40 60 80 100

(a) Visual Graph (b) Laser-cut Profile (c) Slide-tone (d) Tilt-tone

Figure 2.7: Fan et al.’s work informed by formative workshops that explored how haptic cues for fingerpad
position and inclination support shape perception of data graphs (a-b). They introduce two refreshable, 1-
DOF audio-haptic interfaces for data exploration. Slidetone (c) relies on fnger position with sonifcation,
and Tilt-tone (d) relies on fingerpad contact inclination with sonification to provide shape feedback to users.

Ahmetovic et al. (Ahmetovic et al.| [2019b]) developed AUDIOFUNCTIONS.WEB, which enables blind
people to explore mathematical function graphs using sonification. They evaluated their system with 13 BLV
participants, finding a high usability rating for their system’s interaction modalities. Similarly, McGookin et
al. (McGookin and Brewster| [[2006]]) developed SoundBar, a system that allows blind users to gain a quick
overview of bar graphs using musical tones (see Figure 2.3)). Fan et al. (Fan et al [2022]) built two audio-
haptic interfaces that provide shape feedback to blind and low-vision users using sonification, reporting an
increased appreciation for shape information from their users (see Figure

At least one of the following is true for all of these systems: (1) they are either proprietary or limited
to their respective commercial products (e.g., (Highcharts| [2009]))); (2) they are either standalone hard-
ware or software applications (e.g., (Ahmetovic et al.[[2019D]))); (3) they require installation of either extra

hardware or software (e.g., (McGookin and Brewster [2006])); or (4) they are incompatible with existing
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JavaScript libraries (e.g., (Apple| [2021a])). Thus, I developed SONIFIER (Sharif et al.| [2022f])—an open-
source JavaScript library that generates a sonified response from two-dimensional data. Additionally, I built
on prior work by Wang et al. (Wang et al.| [2022a]) and sought to examine and improve the usability and
user-friendliness of sonified responses generated from online data visualizations created using JavaScript

libraries (Sharif et al.| [2022c]).

2.5.3 Assessment of Sonification

Prior research has assessed the usability of sonified responses (Presti et al.| [2021]];|Ahmetovic et al.|[2019a];
Gerino et al.| [2015]; [Sharif et al|[2022c]; [Wang et al.| [2022a]). Most recently, Wang et al. (Wang et al.
[2022a]]) examined the impact of various auditory channels (e.g., pitch and volume) on users’ perception
of data visualizations. I extended their work by investigating the effects of various oscillator waveforms
and synthesizers on the pleasantness and confidence of users in interpreting simple and complex sonified

responses (discussed in Chapter [6)).

In addition to assessing the usability of sonification, researchers have also used sonification as a baseline
to examine the utility of multi-modal solutions. For example, Siu et al. (Siu et al. [2022]) investigated
the usefulness of audio data narratives compared to a standard sonification representation. Their results
suggest that audio data narratives help users gain a more complete gist of the data. Similarly, Chundury et
al. (Chundury et al.|[2022])) reported that their blind and low-vision participants preferred a combination of

sound and touch to interpret data visualizations compared to using only auditory feedback.

In contrast to prior work, this work contributes to the existing accessibility and visualization literature by
investigating the experiences of screen-reader users with sonification as a standalone technique to interpret
data from visualizations. My research (see Chapter [6]) provides empirical findings from a large-scale need-
finding survey and an interview study with 106 and 12 screen-reader users, respectively. Furthermore, this
work utilizes these findings to build a decision tree as a recommendation aid to assist visualization creators

in using sonification to make data visualizations accessible to screen-reader users.
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Figure 2.8: Kim et al.’s illustration of their multimodal model used for intended message classification.
The model takes in a 224x224x3 pixel information graphic and a bag of words (BOW) input from the OCR
extraction. The bag of words vector size is equal to the dictionary size, e.g. 6110. The visual input is fed
through a convolutional neural network (represented by blue circle nodes). Notice that the visual network
consists of four layers shrinking through the pooling operation. The BOW is bottlenecked through a dense,
fully connected layer (represented by orange square nodes). Both modality streams are concatenated into
a 4196 dimension vector. The joint embedding (represented by green triangle nodes) is bottlenecked again
through a dense, fully connected layer with 20% dropout added for regularization. The final softmax layer
has six outputs, corresponding to the six classes.

2.6 Multi-Modal Solutions for Improving Data Visualization Accessibility

Several researchers have developed solutions employing strategies identified in these recommendations to
enhance the experiences of screen-reader users in extracting information from online data visualizations.
These solutions include auto-generation of alt-text (Sharif and Forouraghi| [2018]]; [Mirri et al.| [2017]]; Kim
et al.| [2021a]]), sonification (Flowers et al.| [[1997]]; McGookin and Brewster| [2006]]; [Zhao et al.| [2008]];
Brown et al.|[2003]]; Highcharts|[2009]; Apple| [2021a]];/Ahmetovic et al.|[2019b]]), data summarization (Kim!
and McCoy| [[2018]]), keyboard navigation (Zong et al.[[2022]), tabular representations of the data (Develop-

ers|[2014]), and multi-modality (Kim and McCoy/|[2018]]; ' Yu and Brewster| [2002]).

Kim et al. (Kim and McCoy|[2018]]) generated summarization text displaying the high-level information
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from image-based line graphs using a multi-modal deep learning framework (see Figure 2.8). They used
1000 line graphs to train their model and conducted experiments with 100 blind and low-vision (BLV) partic-
ipants to assess their model’s performance. Their results indicated that their multi-modal model performed
better than any modality alone, including the average human annotator. Yu et al. (Yu and Brewster| [2002])
compared a multi-modal data visualization system and traditional tactile diagrams, measuring the accuracy
of information extracted and interaction times. They found that the multi-modal approach improved the
accuracy of information extraction from graphs. Similarly, Brewster (Brewster| [2002]) employed the same
dependent variables to compare the performance of speech and pitch sound graphs for screen-reader users,
finding that non-speech sound and haptics can significantly improve interaction with visualizations.
However, these solutions focus on simple graphs (e.g., single-series two-dimensional graphs) and the
extraction of holistic information (e.g., data summary or trend information). Therefore, in contrast, rec-
ognizing the utility and benefits of multi-modality, I developed VOXLENS (Sharif et al.| [2022f] 2023b]),
an open-source JavaScript plug-in that enables screen-reader users to interact with and extract information
online data visualizations using a multi-modal approach. VOXLENS supports three modes: (1) Question-
and-Answer mode, (2) Summary mode, and (3) Sonification mode. These modes enable screen-reader users
to extract granular information from simple and complex online data visualizations. Additionally, prior
studies have only explored the performance of screen-reader users. My work is the first empirical work to
employ the same dependent variables (accuracy of extracted information and interaction times) to assess the

performance difference between screen-reader and non-screen-reader users.

2.6.1 User Agency for Screen-Reader Users

Prior work in human-computer interaction has defined user agency as “a user’s inherent capacity to form
goals and intentionally take action to achieve those goals” (Kim et al.| [2011]]; [Toivonen and Lelli| [2024]),
and reported that it is “central in managing technostress” (Dillon| [2002]; [Toivonen and Lelli [2024])). Re-
searchers have widely discussed the importance of user agency for disabled people (Lakhani et al.| [2018];
Clinkenbeard [2020]; Dai et al.| [2023]]), including screen-reader users (Manikoth| [2016]]; Barter [2023]];
Jones et al.| [2023]]; [Herskovitz et al.| [2023]]). For example, Barter (Barter| [2023]]) discussed the limitations

of blind and low-vision users’ agency in accessing information equitably compared to their sighted peers.
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Figure 2.9: Zhang et al.’s components of Gally. The user requests the GIF annotation on the mobile client
via the screen reader, and the requested GIF is searched for in the human annotation database on the server.
If there is a visually similar GIF with a human annotation, that annotation will be returned; otherwise, a
machine-generated annotation is returned, and the unlabeled GIF is then displayed in the Web-based human
annotation interface. Once the GIF is annotated by volunteers on the website, the annotation is updated in
the server’s database for future retrieval.

They provided design recommendations for developers and creators of information and communication

technologies to support equal agency for these users.

Researchers have also explored user agency through customization in their solutions (Thompson et al.|

[2023]); Kulkarni et al.|[2016]]; Jayant et al.|[2011]]; Stephanidis et al.| [1998]];Wobbrock et al.| [2018];|Ahme-

tovic et al|[2019c¢]). Several researchers have employed customization to build solutions for screen-reader
users, including blind and low-vision (BLV) individuals (Zhang et al|[2022]; Ferretti et al.| [2016]]; Zhang
et al. [2017]]; [Lee and Ashok! [2020]]; [Kacorri| [2017]]). Zhang et al. (Zhang et al.| [2022]]) developed GA11Y

that creates annotations for animated GIF images using machine intelligence and crowdsourcing to improve

the accessibility of these images for BLV users. They assessed their annotation interfaces and conducted a
multi-stage evaluation with 12 BLV participants from the United States and China, receiving positive feed-

back (see Figure[2.9). However, these customization options are limited to the functionality offered by their

respective solutions. For example, Thompson et al. (Thompson et al.| [2023]]) developed a web-based ac-

cessibility engine called ChartReader and implemented customizations in its “filter” feature to minimize

the auditory and processing loads on the user (see Figure [2.10)).
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Figure 2.10: Thompson et al.’s five regions in charts rendered using Chart Reader to support accessible vi-
sualization experience. Data Insights, with sub-regions for each insight type and insight, further subdivided
for each individual insight. X-Axis, with sub-regions for each bin along the axis. Y-Axis, with sub-regions
for each bin along the axis. Data Points region. Filters, with sub-regions for each individual series.

Ferretti et al. (Ferretti et al.[[2016])) recognized the benefits of personalized web interfaces for disabled
people and created a system that used web intelligence and reinforcement learning to adjust web elements
automatically based on user preferences. They evaluated their system through real and virtual longitudinal
user studies, finding their solution feasible for disabled people. Zhang et al. (Zhang et al.|[2017]]) built a Per-
sonalized Assistive Web (PAW) interface that aims to improve skimming in mobile web browsing for BLV
users through hierarchical outline view and personalization adaptations (see Figure 2.11)). They evaluated
their interface with 21 blind and 34 sighted participants, finding strong evidence for the positive impacts
of customization on performance. In contrast, my work is the first to provide a centralized interface for
screen-reader users to specify their preferences that visualization creators can utilize through the browser’s

session storage to create a customized experience for these users. Adopting this system places a minimal

31



+ Business
o_. = [Education + | Education
Financial Aid = Online Registration
Adult Learning Background Checks
Classroom Resources Dental License Renewal
Environmental Education Driver’'s Record Monitoring Ser ...
Higher Education Enroll for EZ Pass
Kids Pages Janes Island State Park - Onli ...
Pre-K to Grade 12 Maryland Health Connection
Schools Order Marriage and Divorce Cer ...
0—5 + Local Jobs Pay Traffic Citations
+ Government ik
+ Non-Profit Jobs
, + Business
+ MVA Services
. + Education
+ National Jobs
. . ) + Local Jobs
+ Online Registration
(a) hierarchical outline view (b) A personalized outline view

Figure 2.11: Zhang et al.’s interfaces of PAW. (1) Select “~" to collapse an expanded node. (2) Select “+”
to expand a node.

development burden on visualization creators and does not demand additional installation.

2.7 Experiences of Visualization Creators With Accessible Visualizations

Several researchers have recognized the obstacles to making data visualizations accessible
[2023]}; [Strantz| [2021]); [Plaisant [2004]]; Kim et al.| [2021b]; Wu et al.| [2021]). However, to my knowledge,

only a few have studied challenges that visualization creators face in making data visualizations accessible to

screen-reader users (Trewin et al.| [2010]; Joyner et al.|[2022]). Most relevant to this work is the exploration
by Joyner et al. (Joyner et al.|[2022]), in which they surveyed 144 developers and conducted follow-up

interviews with 10 selected respondents to understand the rationale and context behind the design choices of

visualization designers. Their findings provide insight into visualization designers’ challenges, knowledge,
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and prioritization of making their data visualizations accessible.

In contrast, my work is the first to identify educational and technological interventions to reduce the
challenges visualization creators experience with making online data visualizations accessible while addi-
tionally shedding light on their challenges with data visualization accessibility. Furthermore, I complement
Joyner et al. (Joyner et al.[[2022]))’s work by quantitatively analyzing the survey respondents’ ratings of their
accessibility challenges, knowledge, and prioritization. I also provide the results from the task-based user

study that I conducted to assess and validate my findings.

2.8 Role-Playing Methodology

Role-playing is a technique used to assign participants particular roles to gather insights into their actions,
reactions, and interactions with hypothetical scenarios or systems (Lewis-Beck et al.| [2003]]; Buchenau
and Suri [2000]). Prior works have discussed the benefits of using role-playing methodologies to con-
duct user studies (Aranda et al.| [2015[]; Miller| [[1972]]; |Alexander and Scriven| [[1977]]; |Greenberg| [1967];
Cooper [1976];|Svanaes and Seland| [2004]]). Researchers have broadly adopted this methodology in human-
computer interaction (Boess| [2008]]; Luif [2012]]; |Colella et al.|[1998]]). However, the use of role-playing in
accessibility research has been minimal. In this work, I utilized role-playing to understand the interactions
of screen-reader users with online data visualizations (Chapter[7). Specifically, I asked participants to adopt

9% ¢

the roles of “explorer,” “teacher,” and “news reporter,” each of which imbued participants with different

perspectives and elicited different responses from them.
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Chapter 3

Understanding Screen-Reader Users’
Experiences With Online Data

Visualizations™

This chapter describes two empirical studies I conducted to understand and assess the challenges screen-
reader users experience with online data visualizations. My objective from these two studies was to shed
light on the experiences of screen-reader users with online data visualizations compared to non-screen-
reader users, the information they commonly seek, and the techniques and strategies that could improve
their interaction experiences with online data visualizations. It is important to note that my evaluation is
of the online data visualizations (the technology) and not the cognitive abilities of people who use screen
readers to interpret data. I discuss additional research on the experiences of screen-reader users with online

data visualization in subsequent chapters of this dissertation.

3.1 Motivation

Online data visualizations are widely used to communicate essential insights, assisting users to explore,

interact with, and extract meaningful information from complex data (Lee et al.| [2015]). These insights

“Parts of this chapter are adapted from |Sharif et al.|[2021].

35



help people make critical and informed decisions for themselves and their families concerning health (e.g.,
COVID-19), finances (e.g., stock trends), and the current events (e.g., polling data), among other vital life

domains (Huang et al.[[2014]).

The wide adoption of online data visualizations for information uptake, learning, and decision-making
means that those unable to access the data presented in these visualizations may be disadvantaged. In par-
ticular, screen-reader userﬂ must extract the information contained within data visualizations in alternative
ways. However, no prior work has provided empirical studies of whether and to what degree screen-reader

users are disenfranchised due to lack of access to information in online data visualizations.

Prior work has explored automatically generating alternative text from data visualizations summarizing
commonly used statistics (Sharif and Forouraghi| [2018]]; Mirri et al.| [2017]]) as well as providing screen-
reader users with alternative mediums for interacting with digital visualizations (such as sonification (Flow-
ers et al.| [1997]; McGookin and Brewster [2006]; Zhao et al.| [2008]]), haptic graphs (Yu et al.| [2000];
Van Scoy et al. [2005]]), and 3-D printing (Brown and Hurst| [2012]]; |Shi et al.| [2016]]; Hurst and Kane
[2013]])). However, such alternative mediums require auxiliary resources and are not practical for daily web
browsing by screen-reader users. To my knowledge, no work has evaluated the needs and performance of

screen-reader users when interacting with online visualizations.

In this chapter, I present two empirical studies I conducted to understand and assess screen-reader users’
challenges with online data visualizations compared to non-screen-reader users. The results show that online
data visualizations were often undiscoverable to screen readers. In cases when screen readers recognized
these visualizations, the users seemingly endured an excessive workload burden to extract information from
them. Additionally, my findings show that the inaccessibility of online visualizations causes screen-reader
users to extract information 61% less accurately and to spend 211% more time interacting with online data

visualizations compared to non-screen-reader users. My results also identified ways to reduce this gap.

!"There are over 7.6 million blind and low-vision people in the United States (of the Blind| [2019]), who can benefit from using
screen readers.
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3.2 Study Design

I conducted two empirical studies to understand and assess current challenges screen-reader users face
with online data visualizations compared to non-screen-reader users: (1) semi-structured contextual in-
terviews (Holtzblatt and Jones|[[1995]]) with nine screen-reader users and (2) a task-based user study with 36

screen-reader users and 36 non-screen-reader users. I present the study design for each study below.

3.2.1 Contextual Interviews

I conducted contextual interviews with nine screen-reader users to understand their interaction experiences
with online data visualizations. I observed the participants interacting with real-world online data visual-
izations embedded in websites and subsequently interviewed them about their experiences. My research

questions were:

1. What challenges do screen-reader users face when interacting with online data visualizations?
2. What information do they commonly seek in online data visualizations?

3. What techniques could improve their interaction experience with online data visualizations?

3.2.1.1 Participants

The study participants (Table [3.1)) were nine screen-reader users. I recruited them using word-of-mouth,
snowball sampling, social media advertisements (Facebook and Twitter), and email distribution lists for
people with disabilities. Four participants identified as women and five as men. Their average age was 50.2
years (SD=18.4). Two participants were blind since birth, and seven lost vision gradually. The highest
level of education attained or in pursuit was a doctoral degree for seven participants; for the remaining two
participants, it was a bachelor’s degree and a high school diploma, respectively. The daily computer usage
was more than 5 hours for five participants, 3-5 hours for two participants, and 1-2 hours for the remaining
two participants. The average visualization interaction frequency was over two visualizations per day. All
participants were present in the United States.

I ceased recruitment of participants once I reached saturation of insights, as recommended by prior

work (Wyche and Grinter|[2009])). Participants received a $15 Amazon gift card for an hour of their time.
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Table 3.1: Screen-reader participants for contextual interviews, their gender identification, age, screen-
reader, vision-loss level, and diagnosis. Under the “G” (Gender) column, M = Man, W = Woman, NB =
Non-binary, and “-” means preferred not to disclose.

G | Age | Screen-Reader | Vision Loss Level Diagnosis
P1 | M| 26 NVDA Blind since birth Optic Nerve Hypoplaxia
P2 | M | 55 JAWS Lost vision gradually Retinitis Pigmentosa
P3| F | 30 NVDA Blind since birth, Partial vision | Rhetonopy Prematurity
P4 | F | 67 Fusion Lost vision gradually Juvenile Macular Degeneration
P5 | F | 72 JAWS Lost vision gradually Retinitis Pigmentosa
P6 | M | 51 JAWS Lost vision gradually Demacular Degeneration
P7 | F |75 JAWS Lost vision gradually Rhegonitis Stignitosa
P8 | M | 35 JAWS Lost vision gradually Retinitis Pigmentosa
PO | M | 41 JAWS Lost vision gradually Angle Glaucoma

3.2.1.2 Materials

I curated a set of 50 web pages that contained a visualization created using one of three commonly used
visualization libraries (Google Charts, Chart]S, or D3) and one of three common chart types (Bar, Scatter,
or Line) (Saket et al.| [2018]]). I compiled this set of visualizations by searching for terms including “d3

99 ¢

visualizations,” “google charts visualizations,” and “chartjs visualizations” on Google. I incorporated dif-
ferent chart types to present participants with diverse real-world visualizations. To avoid inaccessible web
pages affecting participants’ experiences with the visualizations contained therein, I screened these pages
to ensure they were accessible to screen readers. As my objective was to discover the accessibility of the
visualizations, I did not screen for pages with accessible visualizations. Out of the 50 web pages, I ran-

domly selected 27, nine for each of the three chart types. I used stratified random sampling to assign each

participant three unique web pages, each with a different chart type.
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(a) Charts Screen-reader output:

[did not detect the element]

(b) Google Charts e =i Screen-reader output:
wmmiz A chart, group. Male. Fem. 0. 10. 20. 30. 40.
M 50. 60. Sleep. TV. Commute. Eat. Work.
sleep
0 10 20 30 40 50 60
c) D3 - Screen-reader output:
(c)

Frame. 40. 45. 50. 55. 60. 65. 70. 75. 80. 85.
90. 95. 100. 0%. 1%. 2%. 3%. 4%. 5%. 6%.
7%. 8%. 9%

Figure 3.1: Examples of three visualizations that participants interacted with during the contextual inter-
views, one for each visualization library. Transcribed text from VoiceOver [2005]): (a) was imple-
mented using ChartJS [2015]]) was not detected by the screen reader; (b) was implemented using
Google Charts (Developers| [2014]]) and was identified as a “chart”; and (¢) was implemented using D3
(Bostock et al[[2011]]) and was identified as a “frame.” Axis labels were also read for (b) and (c).

3.2.1.3 Procedure

I conducted the study online using Zoom video conferencing in August 2020. Interview sessions lasted 45-
60 minutes. First, I asked participants about their self-identified gender, age, screen reader, vision-loss level,
and diagnosis (Table [3.I). I also asked about their education level, daily computer usage, and interaction
frequency with online data visualizations.

To prepare for the observational part of the contextual interviews, I asked the participants to share their
screens and make the audio output from their screen readers audible. I recorded all interviews using Zoom
and subsequently used its built-in recording feature for transcription.

I asked the participants to interact with the web pages containing a visualization as they would in their
daily lives, following a “think-aloud” protocol. Figure [3.1] shows a subset of three visualizations, one for

each visualization library, that participants interacted with during the study session. I randomized the order
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of the chart type across participants. Participants spent 10-15 minutes interacting with each web page.
I took detailed notes during their interactions. I interviewed them using a semi-structured structure with
open prompts at the end of their interactions. Specifically, I asked participants about the information they
sought, the difficulties they faced during their interactions, and the improvements that could optimize their
performance in extracting information from visualizations. Additionally, I inquired whether and how their

experiences with online data visualizations from this study differed from their daily life interactions.

3.2.1.4 Data Analysis

I used thematic analysis, following a semantic approach, in which themes are identified within the explicit
or surface meanings of the data (Patton|[[1990]]), guided by an essentialist paradigm (Widdicombe and Woot-
fitt] [[1995]]; |Potter and Wetherell| [[1987]]). The essentialist paradigm focuses on reporting the experiences,
meanings, and reality of the participants (Braun and Clarke| [2006]). I developed an initial set of codes
based on two interviews before coding all nine interview transcripts, adding new codes as necessary. As
a result, I compiled a set of 29 codes. I coded each interview transcript independently with one co-author
and resolved disagreements through mutual discussions until I reached a consensus. I calculated inter-rater
reliability (IRR), expressed as percentage agreement among raters before resolving disagreements, dividing
the number of codes agreed upon by the total number of identified codes across nine transcripts (Hartmann
[1977]). IRR was therefore calculated as 83 <+ 106 x 100 = 83%, demonstrating an acceptable level of

agreement (Hartmann|[[1977]; Graham et al.| [2012]).

I combined the 29 codes into 10 axial codes using affinity diagramming. Axial codes are the product of
combining the initial codes into broader, over-arching categories. I followed the thematic analysis approach
by Braun and Clarke (Braun and Clarke|[2006])) for analysis. After searching and reviewing themes (Phases
3 and 4 in (Braun and Clarke| [2006])), my final analysis revealed nine themes across the three research
questions. Additionally, I did not include the chart types in the final analysis, as I used chart types only to

diversify the visualization dataset.
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3.2.2 Task-Based Usability Study

To evaluate the accessibility of online data visualizations and their effects on participants’ ability to extract

information accurately and effectively, I conducted a mixed factorial experiment with screen-reader- and

non-screen-reader users. The experiment was conducted online without supervision.

Table 3.2: Screen-reader participants for task-based user study, their gender identification, age, screen-

reader, vision-loss level, and diagnosis. Under the “G” (Gender) column, M = Man, W = Woman, NB =

Non-binary, and “-” means preferred not to disclose.

G | Age | Screen-Reader | Vision-Loss Level Diagnosis
S3 | F 67 Fusion Partial vision, Lost vision grad- | Juvenile Macular Degeneration
ually
S4 | M |55 JAWS Lost vision gradually Retinitis Pigmentosa
S5 | F 30 NVDA Lost vision gradually, Partial | Retinopathy of Prematurity
vision
S6 | F 63 JAWS Lost vision gradually Retinitis Pigmentosa
S12 | F 35 JAWS Blind since birth Leber’s Congenital Amaurosis
S13 | M | 41 JAWS Lost vision gradually Juvenile Onset Open Angle
SIS | M | 40 JAWS Partial vision, Lost vision grad- | Retinitis Pigmentosa
ually
S16 | M | 47 JAWS Lost vision gradually Leber’s Congenital Amaurosis
S17 | M | 35 JAWS Blind since birth Leber’s Congenital Amaurosis
S18 | F 51 JAWS Blind since birth -
S19 | M | 51 JAWS Blind since birth -
S20 | M | 31 NVDA Blind since birth, Lost vision | Peter’s Anomaly
gradually
S21 | M | 48 NVDA Lost vision gradually Retinitis Pigmentosa
S22 | GF | 24 VoiceOver Partial vision Partial Sight Impairment
S23 | F 27 NVDA Blind since birth, Lost vision | Retinal Detachment
gradually
S25 | F 64 JAWS Partial vision -
S26 | F 39 | Fusion Lost vision gradually -
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S28 | F 53 JAWS Lost vision gradually Optic Neuropathy

S29 | F 22 NVDA Lost vision gradually Retinitis Pigmentosa

S30 | M | 60 JAWS Partial vision Optic Neuropathy

S31 | M | 46 | JAWS Lost vision gradually Retinitis Pigmentosa

S32 | M | 29 NVDA Blind since birth Leber’s Congenital Amaurosis

S33 | F 46 JAWS Lost vision gradually Optic Neuritis/Atrophy, Dia-
betic Retinopathy

S34 | M | 57 JAWS Lost vision gradually Glaucoma

S35 | M | 18 NVDA Blind since birth Retinopathy of Prematurity

S36 | F 63 JAWS Lost vision gradually Cataracts

S40 | F 28 NVDA Blind since birth, Lost vision | Optic Nerve Hypoplasia and

gradually Glaucoma

S41 | M | 27 NVDA Blind since birth Optic Nerve Hypoplasia

S42 | F 68 JAWS Blind since birth Retinopathy of Prematurity

S44 | F 34 JAWS Blind since birth Renal Retinal Dysplaysia

S46 | F 72 JAWS Lost vision gradually Retinitis Pigmentosa

S47 | M | 39 JAWS Lost vision gradually Retinitis Pigmentosa, Maculae
Degeneration

S48 | M | 47 JAWS Lost vision gradually, Partial | Leber’s Congenital Amaurosis

vision

S49 | M | 41 JAWS Blind since birth Micropthalmia

S50 | M | 43 Other Blind since birth Retinopathy of Prematurity

S51 | F 46 JAWS Lost vision gradually Optical Nerve Damage

3.2.2.1 Participants

I recruited 72 participants using word-of-mouth, snowball sampling, and through social media channels

(Facebook and Twitter); 36 were screen-reader users (see Table [3.2). I also advertised on email distribution

lists for people with disabilities. I calculated the sample size at 0.8 power to detect a large effect size at

the standard .05 alpha significance threshold, assuming normal distribution. Among screen-reader users, 17

identified as women, 18 as men, and one as genderfluid. Their average age was 44.1 years (SD=14.1). In
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Table 3.3: Cardinality summary from Borkin et al,| [2013]]’s dataset comprising 2,068 two-dimensional
single-panel visualizations used to determine the range for the different complexity levels.

N | Minimum | Maximum | Median | Mode | Mean | 25" Percentile | 75" Percentile

Line 50 1|5 168 29 22 41 17 56
Bar 50| 6 42 20 20 21 15 27
Scatter | 50 | 7 170 39 25 52 25 72

the group of non-screen-reader users, 21 identified as women and 15 as men, with their average age being
43.4 years (S D=12.8). The age was not significantly different between the two groups (£(70)=0.23, p=.823).

Screen-reader users were compensated with a $15 Amazon gift card for 45 minutes of their time. Non-
screen-reader users received a $10 Amazon gift card for 20 minutes. I calculated the compensation amount

based on the average study completion time. No participant was allowed to partake more than once.

3.2.2.2 Apparatus

I implemented an online task-based study using the React (Inc.|[2013]]) framework, ensuring maximum and
proper accessibility measures by testing it myself and with screen-reader users. I deployed the study online

on my server and shared the link to the website with the participants.

3.2.2.2.1 Visualization Dataset Following prior work (Pini et al.|[2019]; Smith et al.|[2018])), I collected
27 different datasets from Kaggleﬂfone of the largest online resources for open datasets. In choosing the
visualization datasets, my goal was to ensure that the datasets were both topically diverse and realistic. The
topics were mutually agreed upon by all the authors and selected such that (a) a dataset for a given topic only
existed at most once in the pool of datasets and (b) datasets represented different fields of interest, filtered
using “tags” on Kaggle. For line charts, nine of the 27 datasets represented temporal data, which showed a
clear trend to avoid misinterpretation.

To account for visualizations having a varying range of data points, I subdivided the dataset into dif-
ferent levels of complexity. I randomly sampled 50 visualizations for each chart type, totaling 50x3=150

visualizations, from Borkin et al.’s(Borkin et al.|[2013]]) dataset comprising 2,068 two-dimensional single-

*https://www.kaggle.com/datasets
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panel visualizations. I used this sample to find the minimum, maximum, 25" percentile, and 75" percentile
of their cardinalities (Table[3.3]), which I used to determine the range for the complexity levels. Specifically,
the datasets had a random cardinality between the minimum and 25 percentile, the 25" and 75" percentile,
and the 75" percentile and the maximum, for low, medium, and high complexity levels, respectively.

I used the datasets acquired from Kaggle to implement the visualizations for the online experiment,
following the WCAG 2.0 Guidelines (Caldwell et al.| [2008]]) in conjunction with the official accessibility
recommendations from the visualization libraries. All visualizations were interactive by default and gener-

ated using all three visualization libraries. I present these visualizations in Appendices[Al [B] and[C]

3.2.2.2.2 Question Categories The study utilized four question categories to measure the accuracy of
extracted information from the data visualizations. The categories were derived based on Brehmer and Mun-
zner’s task topology (Brehmer and Munzner| [2013]]). Specifically, I considered one Search action (lookup
and locate) and two Query actions (identify and compare), similar to prior work (Brehmer et al.| [2018]]).
Each category was assigned a difficulty level, determined by a discussion and mutual agreement between
at least two authors based on their knowledge and familiarity with the subject matter. The categories, in

ascending order of difficulty, were:

1. Order Statistics: 1 asked the participants about either the maximum data point or the minimum data
point, chosen randomly (for example, “What is the minimum data point in the visualization?” or
“What is the maximum data point in the visualization?”’)

2. Symmetry Comparison: 1 asked the participants to identify the relationship between two data points
(for example, “How is [random data point 1]’s value in comparison to that of [random data point 2]?")

3. Chart Type-Specific Questions:

* Value Retrieval: 1 asked the participants to extract the information from a given individual data
point (for example, “What is the corresponding value for [random data point]?”). I only asked

this question for bar charts.

* Trend Summary: 1 asked the participants about the overall data trend (for example, “What was
the overall trend of the visualization?”). I curated the dataset to ensure no ambiguity in the

answer. | only asked this question for line charts.
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(a) Task10f 9

Which month has the maximum industrial production index in this visualization?

(b) Task10f9

Which month has the maximum industrial production index in this visualization?

A chart is presented below

Candy Production in United States from 2013 to 2016
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(C) Task10f9

Which month has the maximum industrial production index in this visualization?
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@Unahle to extract information

Figure 3.2: Participants in Study 2 were shown three pages in a single task. (a): Page 1 presented the
question to explore. (b): Page 2 displayed the same question and a visualization. (c): Page 3 showed the

question again with a set of four multiple choice responses.
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* Correlation: 1 inquired about the correlation between the dependent and independent variables
in the visualization (for example, “What was the correlation between [dependent variable] and
[independent variable]?””). I curated the dataset, ensuring no ambiguity in the answer while

keeping the data points scattered along the axes. I only asked this question for scatter plots.

All questions were multiple-choice with four choices: the correct answer, two incorrect answers, and

the option for “Unable to extract information.” I randomized the order of the choices per trial.

3.2.2.3 Procedure

The study was conducted online without supervision. I showed the participants the study purpose, eligibility
criteria, and the statement of IRB approval on the first page. On the next page, the participants were asked to
fill out a pre-study questionnaire to record their demographic information, screen reader, vision-loss level,
and diagnosis (see Table[3.2)). I also asked about their education level, daily computer usage, and interaction
frequency with visualizations. Then, I showed the participants instructions for completing the study tasks.

Each participant interacted with three visualizations created using one of three commonly utilized visu-
alization libraries (Google Charts, ChartJS, D3). Figure [3.2(b) shows an example visualization. For each
visualization, I asked the participants to answer three questions. Each of the three questions represented
a different difficulty level (Low, Medium, High), assigned by mutual agreement from at least two authors
based on the ease of extracting the answers from the visualizations. I counterbalanced the complexity (Low,
Medium, High) and chart type (Bar, Line, Scatter) for the visualizations for each order of visualization
libraries across participants.

For each of the three Visualization Library x Complexity conditions, participants were shown three
pages: Page 1 contained the question to explore; page 2 displayed the question and visualization; and page 3
presented the question with a set of four multiple-choice responses from which participants chose the answer
(see Figure[3.2)). I randomized the order of the questions per visualization; each question appeared at the top
of the page. I asked the participants to interact with the visualization as they would in their daily lives. For
screen-reader users, a study session took 30-45 minutes from start to finish, whereas for non-screen-reader

users, the total time for the study session ranged between 10-20 minutes.
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3.2.2.4 Design & Analysis
The experiment was a mixed factorial design with the following factors and levels:
* Screen-Reader User, between-Ss.: {yes, no}
* Visualization Library, within-Ss.: {Chart]S, D3, Google Charts}
* Data Complexity, within-Ss.: {Low, Medium, High}
* Question Difficulty, within-Ss.: {Low, Medium, High}

My dependent variables were Accuracy of Extracted Information (AEI) and Interaction Time (IT). For
tractability, I treated AFI as binary, classifying AET as “inaccurate” if users incorrectly answered the
question or were unable to extract information. It was “accurate” otherwise. As for IT, for screen-reader
users, I'T" was calculated as the total time of focus on the root visualization element. I made this decision
to represent a screen-reader user’s interaction experience accurately. For non-screen-reader users, I7T was
calculated simply as the total focus time on the webpage containing the visualization.

To analyze AFI, I used mixed logistic regression (Gilmour et al.| [1985]]) with the above factors, their
interactions, a covariate of Age, and a random effect for Subject to account for repeated measures. The
statistical model was AEI = SRU x VL + SRU x CMP + SRU x DF + Age + Subject. To analyze IT, 1
used a linear mixed model analysis of variance (Frederick! [1999]; [Littell et al.|[1998]]), with the same model
as for AET.

Participants were tested over three Visualization Library x Complexity conditions, resulting in a total
of 3x3 = 9 trials per participant. With 72 participants, a total of 72x9 = 648 trials were produced and

analyzed in this study.

3.3 Results

This section presents the results from my two empirical studies, shedding light on the interaction experiences
of screen-reader users with online data visualizations. Furthermore, I provide empirical results highlighting
the disenfranchisement these users face compared to non-screen-reader users. I present the results of each

study separately below.
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3.3.1 Contextual Interviews

I identified nine main themes across my three main research questions.

3.3.1.1 RQ1: Challenges and Pain Points

My analysis revealed three themes relevant to challenges that screen-reader users experience with online
data visualizations: (1) Visualizations are often completely indiscoverable by screen readers, (2) Information
read out by screen readers often lacks context, making the information difficult to comprehend, and (3) Data
contained in the visualizations is not available to the screen-reader users, restricting screen-reader users to

explore the data.

3.3.1.1.1 The First Problem: Invisible Visualizations The first theme that emerged in my study was
that in 33% of the web pages presented to the participants, their screen reader did not detect the visualization
at all. Consequently, participants interacted with the web page but were unaware it contained a visualization.

For example, P9 said:

It didn’t seem like there’s anything. (P9)

Participants expressed similar experiences when interacting with visualizations in their daily lives. P3,

who has only had partial vision since birth, said:

So the actual visualizations and the graphs, I can’t access at
all. Unless they have an image description with them, which

they usually don’t. (P3)

This finding shows that screen-reader users commonly interact with websites without knowing that a

visualization is present.

3.3.1.1.2 The Second Problem: Incomprehensible Visualizations My second theme showed that even
when the screen reader detected the visualization, the information read to the participants was insufficient
for fully comprehending the visualization data. Screen readers often only identified the visualization as

“blank,” “graphic,” “frame,” or “object”. Noticeably frustrated, P6 commented:
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”

It says “graphic, graphic, graphic... It means nothing to a
blind person. Have to be more descriptive, saying “graphic”

means nothing. (P6)

Similarly, P2 was confused when their screen reader identified the visualization as an “object”—a term

that usually identifies the HTML object tag:

I guess a pain point would be when [screen reader] said
“object.” I wouldn’t normally expect to hear that in any kind

of visualization, so that was a little confusing for me. (P2)

Screen-reader users were also often unable to infer what the data was referring to. P3, who has been
blind since birth, reported being confused about whether the screen reader was reading out axis labels or

other data:

When it was saying like “12k,” “1k,” I had no idea what that

was referring to. (P3)

When screen readers read the data from a data table (as provided in Google Charts), screen-reader users
must go through each data point, which can be tedious and cognitively challenging, especially with larger
datasets. P9, who interacts with several visualizations every week, found complex visualizations in the study

very time-consuming:

It seemed like I went through a lot of [data] points. (P9)

3.3.1.1.3 Where’s the Data: Lack of Access to Data Points My third theme showed that screen-reader
users were frustrated due to the lack of direct access to the underlying data points. For example, P3 and P8

considered access to the data points a key piece to explore visualizations. They shared their frustrations:

The information that was actually graphed, so again, like the
points—-—-I wasn’t able to access that. Right now I have zero
access to the data point, which is the whole point of having a

graph. (P3)

49



I mean, data’s not accessible, so that’s why I got stuck. (P8)

Overall, the answer to the first research question is that visualizations are often entirely invisible to
screen readers, taking away the opportunity for screen-reader users to explore the data and extract mean-
ingful information. In cases when the visualization element is detectable, it is recognized meaninglessly as
“blank,” “graphic,” “frame,” or “object.” Additionally, screen-reader users trying to access visualizations
produced by Chart]S or D3 do not have access to the underlying data. Google Charts provides access to the

data, but the participants found going through each data point tedious and time-consuming.

3.3.1.2 RQ2: Commonly Sought Information

Two main themes emerged from my analysis that are relevant to the second research question on the infor-
mation screen-reader users commonly seek in visualizations: (1) Screen-reader users first explore the data

holistically, and (2) after an initial holistic exploration, they look for and compare individual data points.

3.3.1.2.1 The Flyover: Holistic Exploration and Trend Assessment My first theme for RQ2 showed
that screen-reader users sought to obtain a holistic sense of the data in the online visualizations, getting the
“feel” for the information in the visualization before deciding to explore the data further, similar to non-

screen-reader users. For example, P6 described how screen-reader users approach online visualizations:

When we first interact with something new to us, first we want
to try to read everything at a quick glance and then the second
time, the third time, the fourth time we really want to

understand. (P6)

To get a holistic overview of the data, the participants specifically looked for the overall trend, extrema
(data points representing minimum and maximum values), and axis information (labels and ranges for each
axis) in the visualizations presented to them during the study session.

When looking for the overall trend, I found that the participants developed a mental image of the data.
They did so by interacting with one data point at a time and navigating through the SVG elements or the
items in the data table, depending on the visualization library. For example, P2 and P4, both of whom lost

their vision gradually, described their thought process:
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In my mind, I try to move along the graph and visualize the

trend as it goes up and down. (P2)

I can just listen to data and get an idea of what that

represents over time. (P4)

Additionally, P5, in their interaction, was interested in the maximum and minimum values (extrema):

I would gather the bulk of the info, such as the minimum and

maximum. (P5)

Similarly, P1 was able to get a holistic overview of the data from the axes labels and ranges:

X-axis is the time and Y-axis is basically giving the

popularity score where 100 is the most popular. (Pl)

3.3.1.2.2 The Drill-Down: Investigating Specific Data Points My second theme showed that partici-
pants were interested in the individual data points. It is worth noting that the participants could only explore
the data granularly after gaining a holistic view of the information in the data visualization. Additionally,
participants explored how specific data points compared to other data points (greater, lesser, or the same).

For example, P9 and P2 shared their experiences of comparing data points:

[T look for] the opening price and the closing price of one
minute worth of data all the way up to days, or maybe for

months, for data. (P9)

What I would think is that the male is higher, and the female

is a lower number right there. (P2)

Overall, I found screen-readers first explore the data holistically, seeking the overall trend, extrema, and
axis information. For visualizations that pique the interests of screen-reader users after an initial holistic

exploration, they explore the individual data points both exclusively and in comparison to other data points.
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3.3.1.3 RQ3: Techniques and Strategies for Accessible Visualizations

To understand future possibilities of information visualizations for screen-reader users, I explored strategies
that would improve the accessibility of the visualizations. I identified four strategies for RQ3: (1) Tabular

representation, (2) Textual representation, (3) Overall trends in non-visual formats, and (4) Multi-modality.

3.3.1.3.1 Tabular Representation My first theme that emerged for RQ3 was that the participants high-
lighted the importance of having a tabular representation of the data in place of a visualization. For example,

P3 and P4 described their positive experiences from everyday life with tabular representations of data:

One of my friends developed a website for blind and visually
impaired people with COVID-19 data. It’s actually based in a
table instead of a bar graph, so he created this tool that

pulls data every day and puts it in a chart form. (P3)

The daily newspapers that I listen to, they list all the
municipalities in that county and it’s like a three column
table, and so it’s the name of the municipality, the number of
cases to date, and then the number of deaths to date, and some
of them have what increase or decrease that represents since
March 1st, so that’s wonderful for me. I don’t need to look at
a chart that way I can just listen to data and get an idea of
which municipalities have the greatest number of cases, which
of them have had the most fatalities, and what that represents

over time. (P4)

3.3.1.3.2 Textual Representation My second theme showed that screen-reader users value the impor-
tance and benefits of using textual representations of data to aid in the visualization interaction experience,

within and outside the study session. For example, P1 highlighted the benefits of including alt-text:

Most visualizations are, of course, inaccessible. If somebody

cares to put alternative text, yes, that helps a bit. (Pl)
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In another instance during the study, P1 found the alt-text to help obtain the holistic overview of data:

This help blob really helped distill the information down more
clearly. The alternative text gave me enough information about

what the visualization was about. (Pl)
P6 considered alt-text as the best solution:

Like I said, alt-text is the best solution to solve this
[inaccessible visualizations] problem. So we need to have

alternative text to describe the graphics. (P6)

3.3.1.3.3 Overall Trend In Non-Visual Formats My third theme showed that screen-reader users em-
phasized the importance of presenting the trend in an alternate format compared to the visual format. They
identified that a non-visual format would reduce the burden of deducing the overall trend on screen-reader

users and increase the holistic exploration of the data. As P1, who is blind since birth, said:

It would be helpful to know how the visualization would look in
a visual aspect. For example, when people talked about
COVID-19, they said it’s an exponential growth and flatten the
curve——-but what does that mean? It means one thing
numerically, and it means another thing visually. And for you
to participate in a conversation, you should know what the

visual aspect means for you to sensibly contribute.

The participants also identified sonification, summarization, and braille printouts as three techniques to
present online visualizations involving data trends to screen-reader users. For example, P3 and P8 shared

their thoughts:

Sonification: Having an auditory graph is also super helpful; I Jjust
learned how to do that in the health app on my phone yesterday,
and it was really helpful to get that audio feedback about what

this graph looked like. (P3)
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Summarization: Showing the highest point, lowest point, maybe mean
or average, and a trend, 1s it generally going up, down, up and
down, 1s it stagnant? Just a brief description that you would
be able to see by just looking at it for one or two seconds.
Oh, Jjust a quick paragraph before the data just explaining it,
you know, this is the dataset from whatever organization “X”
that is showing, you know, “X” trend over whatever amount of
time or something, you know what I mean? Just something like
preferably in plain language as well. I'm a big fan of just

kind of explaining, you know. (P8)

Bruaille Printouts: My preferred method is still, because I am a

visual learner, so I do appreciate when I have access to a hard
copy braille of a graph. Just because I am more visual. So it
depends on which information you’re trying to convey on whether

or not a table is more useful than an actual graph. (P3)

3.3.1.3.4 The More Options, The Better: Multi-Modality My last theme showed that screen-reader
users consider a multi-modal solution beneficial in exploring the data contained in the visualizations. For
example, P8 and P1 expressed the importance of multi-modality and having various options for accessing

the information contained in a visualization:

The most ideal way to access [information] is like having
options, multi-modal approach. Where, like, I can view it as a
table or a list or I can download it as an Excel spreadsheet,

you know? (PS8)

Like overview kind of a thing. Like to look at the general
trend. And I want to be able to control how I consume the
data. And I want to know the wvisual attributes of the plot or

the graph. (P1)
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Figure 3.3: Accuracy of Extracted Information (AET), as a percentage, for screen-reader and non-screen-
reader users, per (a) Visualization Library, (b) Difficulty Level, and (¢) Complexity Level. AET was clas-
sified as “inaccurate” if the user incorrectly answered the question or was unable to extract the information,
and as “accurate” otherwise. The percentage represents the “accurate” answers. Therefore, higher is better.

Overall, I found that screen-reader users prefer the following techniques and strategies to improve the
accessibility of online data visualizations: (1) Tabular representation, (2) Textual representation, (3) Overall

trends in non-visual formats, and (4) Multi-modality.

3.3.2 Task-Based User Study

In this section, I present the results of the task-based user study focusing on the Accuracy of Extracted
Information (AEI) and Interaction Time (IT) for screen-reader and non-screen-reader users with online data
visualizations. It is worth re-emphasizing that my work does not assess the cognitive or intellectual abilities
of the participants, especially screen-reader users; instead, my work focuses on AFI and I'T as a function
of the accessibility of online data visualizations.

As a preliminary matter, I checked the regression models for multicollinearity by calculating the variance

inflation factor (VIF) and found that multicollinearity between AFI and I'T was not a concern (V' I F'=1.49).

3.3.2.1 Accuracy of Extracted Information (AEI)

The results show a significant main effect of Screen-Reader User (SRU) on AET overall (x?(1, N=72) =
67.22, p<.001, Cramer’s V'=0.18), indicating that AE differs significantly between the two Screen-Reader

User groups. In fact, AET is considerably lower for screen-reader users (34%) compared to non-screen-
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Table 3.4: Numerical results for the N = 648 questions asked of screen reader users (SRUs) and non-SRUs
for each level of Visualization Library, Difficulty Level, and Complexity Level. N is the total number of
questions asked, AA and AA(%) are the number and percentage of “accurate answers,” respectively.

Both Groups SRUs Non-SRUs

N AA | AA (%) N AA | AA (%) N AA | AA (%)
Overall 648 | 392 60% 324 | 109 34% 324 | 283 87%
Visualization Library
- ChartJS 216 | 106 49% 108 12 11% 108 94 87%
-D3 216 | 114 53% 108 18 17% 108 96 89%
- Google Charts 216 | 172 80% 108 79 73% 108 93 86%
Difficulty Level
- Low 216 | 129 60% 108 35 32% 108 94 87%
- Medium 216 | 130 60% 108 36 33% 108 94 87%
- High 216 | 133 62% 108 38 35% 108 95 88%
Complexity Level
- Low 216 | 134 62% 108 40 37% 108 94 87%
- Medium 216 | 132 61% 108 34 31% 108 98 91%
- High 216 | 126 58% 108 35 32% 108 91 84%

reader users (87%), constituting a percentage difference of 61.48%.

There was also a significant main effect of Visualization Library (VL) on AET overall (X2(2, N=72)
= 40.45, p<.001, Cramer’s V'=0.14). This result indicates that AEI differs significantly between different
visualization libraries. Figure [3.3and Table [3.4] show the AET percentages across different visualization
libraries. Google Charts had the best performance (73%) for screen-reader users, followed by D3 (17%) and

ChartJS (11%). For non-screen-reader users, all three visualization libraries performed almost identically.

I also examined whether changes in AEI were proportionally similar or different between the visual-
ization libraries for participants in each Screen-Reader User group. To do so, I examined the SRU x VL
interaction and found it to have a significant effect on AFT overall (X2(2, N=72)=50.35, p<.001, Cramer’s

V'=0.15). This result indicates that AFI not only significantly differs between visualization libraries over-
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Table 3.5: Summary results from 72 screen-reader users (SRUs) and non-SRUs using mixed logistic re-
gression (Gilmour et al.|[1985]]). The statistical model was AEI = SRU x VL + SRU x CMP + SRU x DF
+ Age + Subject. Subject was included as a random variable. AFET represents the accuracy of extracted
information (“inaccurate” or “accurate”). Cramer’s V' is a measure of effect size (Ferguson! [2016]]).

N X2 P Cramer’s V'
Screen Reader Usage (SRU) 72 67.22 <.001 0.18
Visualization Library (VL) 72 40.45 <.001 0.14
SRU x VL 72 50.35 <.001 0.15
Complexity (CMP) 72 1.94 .380 0.03
SRU x CMP 72 2.20 332 0.03
Difficulty (DF) 72 0.35 .838 0.01
SRU x DF 72 0.06 972 0.00
Age 72 2.70 .100 0.04

all but also between screen-reader and non-screen-reader users. Table [3.4] shows AET percentages across
different visualization libraries for each user group.
Additionally, I also investigated the effects of Complexity, Difficulty, Age, and interactions between SRU

x Complexity, and SRU x Difficulty, but did not find a significant effect on AET (see Table[3.3).

3.3.2.2 Interaction Time (IT)

Anderson-Darling (Anderson and Darling| [1954]) goodness-of-fit tests of normality showed that the inter-
action times were conditionally non-normal. Further inspection revealed these values to be conditionally
lognormal, and so a logarithmic transformation was applied before analysis, as is common practice for time
measures (Hoyle|[1973]]; Limpert et al.|[2001[]; Berry|[1987]). Examination of this log-transformed response
indicated that it was indeed normal (p ~.234). For ease of communication, I show the plots of this dependent
variable using the original non-transformed values.

The factor Screen-Reader User (SRU) had a significant main effect on Interaction Time (IT) overall
(F(1,69)=115.33, p<.001, 77§=0.63). Specifically, the average IT for screen-reader users was 84.6 seconds

(SD=75.2). For non-screen-reader users, it was 27.2 seconds (S D=16.8). The average I'T" for participants
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Table 3.6: Summary results from 72 screen-reader users (SRUs) and non-screen-reader users showing the
numerical results for Interaction Time (IT), for each age range. [V is the total number of participants for the
given age range, Mean is the average IT in seconds, and S D represents the standard deviation.

Both Groups SRUs Non-SRUs

Age Range N Mean SD N Mean SD N Mean SD
18-20 2 65.8 43.9 1 96.8 - 1 34.8 -
20-30 12 40.6 28.0 6 63.7 20.3 6 17.4 4.9
30-40 14 44.2 23.1 7 60.6 16.5 7 27.7 16.1
40-50 19 67.5 78.7 10 | 106.7 | 93.1 9 24.0 10.7
50-60 14 47.6 27.3 5 79.1 19.2 9 30.1 8.1
60-70 9 64.8 33.6 6 76.8 33.7 3 40.6 19.0
>70 2 127.0 | 127.4 1 2171 - 1 36.9 -

who used screen readers was 210.96% more than for participants who did not.

There was a significant main effect of Visualization Library (VL) (F(2,564)=25.10, p<.001, 7];2720-08)
on IT. Furthermore, the interaction between SRU x VL was also significant (£'(2,564)=31.58, p<.001,
7712):0.10). These results indicate that I'7" not only significantly differed between visualization libraries over-
all but also differentially between visualization libraries for participants in each group. Figure|3.4|and Ta-
ble [3.7|show interaction times across different visualization libraries for each user group. For screen-reader

users, ChartJS had the minimum interaction time, followed by D3 and Google Charts. For non-screen-

(a) Interaction Times per Visualization Library (b) Interaction Times per Complexity Level (c) Interaction Times per Difficulty Level
250 Visualization Library 250 Complexity Level 250 Difficulty Level
— # ChartJS > = Low = = Low
$ 200 ® D3 § 200 ® Medium $ 200 ® Medium
i + Google Charts @ - <+ High @ + High
[ [ [ T
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S = =
= K] ®
5 100 © 100 o 100
- ] ]
o ? g
Z 50 Z %0 z 50
0 0 al 0 +
SRU Non-SRU SRU Non-SRU SRU Non-SRU

Figure 3.4: Interaction Times (/7'), in seconds, for screen-reader and non-screen-reader users, per (a)
Visualization Library (V' L), (b) Complexity Level (C'M P), and (c) Difficult Level (DF).
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Table 3.7: Summary results from 72 screen-reader and non-screen-reader participants using a mixed-effects
model analysis of variance (Frederick [1999]; Littell et al.| [1998]]). The statistical model was IT = SRU X
VL + SRU x CMP + SRU x DF + Age + Subject, where Subject was modeled with a random intercept.
Partial eta-squared (77;2)) is a measure of effect size (Cohen| [[1973]).

dfn dfa F p s
Screen Reader Usage (SRU) 1 69 115.33 <.001 0.63
Visualization Library (VL) 2 564 25.10 <.001 0.08
SRU:VL 2 564 31.58 <.001 0.10
Complexity (CMP) 2 564 6.00 .003 0.02
SRU:CMP 2 564 2.01 136 0.01
Difficulty (DF) 2 564 24.07 <.001 0.08
SRU:DF 2 564 12.75 <.001 0.04
Age 1 69 7.03 .010 0.09

reader users, all three visualization libraries performed almost identically.

I found a significant main effect of Difficulty (DF) (F(2,564)=24.07, p<.001, n§:0.08) on IT. Further-
more, the interaction between SRU X DF was also significant (F'(2,564)=12.75, p<.001, 773:0.04). These
results indicate that 7" not only significantly differed between question difficulty levels overall but also
between difficulty levels for participants in each screen-reader user group. Figure [3.4] and Table [3.7] show
interaction times across different difficulty levels for each user group.

Additionally, Complexity (CMP) had a significant main effect on I'T" overall (F'(2,564)=6.00, p ~.003,
7712,=0.02), indicating that IT differed significantly between different complexity levels. Figure and
Table [3.7|show interaction times across different complexity levels. I also examined the interaction between
SRU x CMP, but did not find a significant effect.

I investigated the effects of Age on IT. Age had a significant effect on I'T" (F'(1,69)=7.03, p<.05,
771% =0.09), indicating that IT" differed significantly across the ages of the participants, with participants
over the age of 50 years showing higher interaction times by about 12.18% than participants under the age

of 50. Table shows the average IT for each age range of screen-reader- and non-screen-reader users.

In addition to the above analyses, I examined the interactions between VL x CMP, VL x DF, and CMP
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x DF to explore the relationship between the independent variables, but did not find any significant effects.

3.4 Design Recommendations

My results have several important implications for the design of future online data visualizations that equal-

ize access for screen-reader users.

3.4.1 Online Data Visualizations Should be Discoverable and Comprehensible

One of the disadvantages screen-reader users face concerning online visualizations is that many visualiza-
tions are indetectable to screen readers. Therefore, the information within such visualizations is completely
hidden from screen-reader users. I recommend developers and visualization creators adequately provide

alternative text and use ARIA attributes to improve the discoverability of the visualization elements.

3.4.2 Visualization Libraries Should Offer Both Holistic and Drilled-Down Explorations

As my studies showed, current popular online visualization libraries either encourage using alternative text
(Chart]JS and D3) or automatically include a data table (Google Charts). However, even though alternative
text can support gaining a holistic overview, it is usually not comprehensive enough to allow an understand-
ing of the data in detail. In contrast, data tables allow detailed exploration but add a mental burden for
screen-reader users to process all data. I recommend supporting screen-reader users to explore preferences,

as found in this study.

3.4.3 Alternative Text Should be Auto-Generated Based on the Underlying Data

My findings showed that alternative text is often absent, and when it is present, it is mostly inadequate. Ad-
ditionally, the quality of the alternative text primarily depends on the developer, which can produce incon-
sistencies in visualization interaction experiences for screen-reader users from one visualization to another.
Therefore, I recommend dynamically generating alternative text, similar to how it has been proposed in prior
work (Sharif and Forouraghi [2018]]; Mirri et al.| [2017]]). Additionally, given that every user is unique and
may prefer different information in the alternative text, I recommend generating customized alternative text

based on the individual preferences of screen-reader users, collected using a centralized system.
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3.4.4 Visualization Libraries Should Offer Multi-Modality for Exploring Data

My study found that while data tables are beneficial, many screen-reader users preferred additional ap-
proaches, such as data sonification, to explore data. Presenting screen-reader users with multiple modes
for exploring visualizations would improve their overall experience with online data visualizations. Multi-

modality is especially beneficial for complex visualizations, which could require more exploration time.

3.5 Summary

This chapter presented an empirical evaluation of the experiences of screen-reader users interacting with
online data visualizations compared to those of non-screen-reader users. I used a mixed-methods approach,
employing contextual interviews and a quantitative task-based user study with 45 screen-reader- and 36 non-
screen-reader users. The findings from these studies show that screen readers often do not even “see” data
visualizations, and when they do, these visualizations still inadequately support screen-reader users. Due
to the inaccessibility of online data visualizations, extracting information using a screen reader is both in-
accurate and time-consuming, creating significant disparities between screen-reader and non-screen-reader
users. This work further emphasizes the need for solutions to make online data visualizations accessible.
In the next chapter, I present VOXLENS, an open-source multi-modal JavaScript plug-in that makes online

data visualization accessible to screen-reader users.
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Chapter 4

VoxLens: A JavaScript Plug-In to Make

Online Data Visualizations Accessible®

This chapter presents the foundational design of a novel interaction technique called VOXLENS, which is
an open-source multi-modal JavaScript plug-in that improves the accessibility of online data visualizations.
VOXLENS is the first system to enable screen-reader users to interact with and extract information from
online data visualizations using voice-activated commands. Furthermore, it is the first to improve visualiza-
tion creators’ understanding of screen-reader users’ experiences, enhance their knowledge of visualization
accessibility, and assist them in making data visualizations more accessible. I named my tool VOXLENS,
combining “vox,” meaning “voice” in Latin, and “lens,” since it provides a way for screen-reader users to
explore, examine, and extract information from online data visualizations.

Tintend the design of VOXLENS present in this chapter to acclimatize readers to VOXLENS’ core concept
and functionalities. Chapters [5] and provide the design and implementation of respective VOXLENS

versions, along with the formative and summative studies to motivate and evaluate those versions.

4.1 Wizard-of-Oz Studies

As a preliminary measure to motivate the design of VOXLENS and gather feedback, I conducted a Wizard-

of-Oz study (Dahlbick et al.| [1993]]; [Hajdinjak and Mihelic| [2004]) with five screen-reader users (see Ta-

“Parts of this chapter are adapted from |Sharif et al.[[2022f].
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Table 4.1: Screen-reader participants for the Wizard-of-Oz experiment, their gender identification, age,
screen reader, vision-loss level, and diagnosis. Under the “G” (Gender) column, M = Man, F' = Woman,

and N B = Non-binary.

G | Age | Screen Reader | Vision-Loss Level | Diagnosis
W1 | M |25 VoiceOver Partial vision Extremely low vision
W2 | M| 28 NVDA Blind since birth Optic Nerve Hypoplaxia
W3 | M| 23 VoiceOver Blind since birth Septo-optic Dysplasia
W4 | F | 26 | JAWS Blind since birth Leber Congenital Amaurosis
W5 | M | 31 JAWS Blind since birth Retinopathy of Prematurity

—
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Figure 4.1: System diagram of VOXLENS, showing each step from a screen-reader user issuing a query to

getting a response.

User's Screen Reader
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Table 4.2: Keyboard shortcuts for VOXLENS’ interaction modes and preliminary commands. Modifier
Keys for Windows and MacOS were Control+Shift and Option, respectively.

Keyboard Shortcuts

Question-and-Answer Mode | Modifier Keys + A/Modifier Keys + 1

Summary Mode Modifier Keys + S/Modifier Keys + 2
Sonification Mode Modifier Keys + M/Modifier Keys + 3
Repeat Instructions Modifier Keys + I/Modifier Keys + 4
Pause Output Modifier Keys + P/Modifier Keys + 5

ble [d.1). I used the findings from these studies, together with the results from my prior work (Sharif et al.
[2021]]) presented in Chapter [3] to inform design decisions when iteratively building VOXLENS. In the
studies, I, the “wizard,” simulated the auditory responses from a hypothetical screen reader.

Specifically, I asked the participants to “interact” with different modalities, including summary, sonifi-
cation, and tables, to extract information from online data visualizations. I also asked participants to ask
verbal questions from the visualization to obtain information. Subsequently, I briefly interviewed them in
a semi-structured manner with open prompts at the end of their interactions with each modality and quali-
tatively analyzed their responses. Through these studies, I identified three interaction modes of VOXLENS,

which I present in the section below. Additionally, I show the system diagram of VOXLENS in Figured.1]

4.2 Interaction Modes

Following the recommendations from my prior work (Sharif et al.| [2021]]), my goal was to enable screen-
reader users to gain a holistic overview of the data and perform drilled-down explorations when needed.
Therefore, I implemented three modes of interaction: (1) Question-and-Answer mode, where the user ver-
bally interacts with the visualizations; (2) Summary mode, where VOXLENS verbally offers a summary of
the information contained in the visualization; and (3) Sonification mode, where VOXLENS maps the data in
the visualization to a musical scale, enabling listeners to interpret possible data trends. I iteratively built the
features for these modes, seeking feedback from screen-reader users through Wizard-of-Oz studies. Users

can activate these three modes of interaction by pressing their respective keyboard shortcuts (Table {.2)).
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CORONAVIRUS TRENDS
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Figure 4.2: Interactions of a screen-reader user with a COVID-19 visualization from The Seattle Times
with and without VOXLENS.

4.2.1 Question-and-Answer Mode

In Question-and-Answer mode, screen-reader users can extract information from data visualizations by ask-
ing questions verbally through their microphones (see Figure[d.2)). I used the Web Speech API
[2020]]) and the PS5 Speech library [2017]) for speech input, removing the need for any additional
software or hardware installation by the user. Through manual testing, I found that the P5 Speech library pro-
duced adequate results in recognizing speech from different accents, pronunciations, and background noise

levels. After getting the text from the speech, I used an approximate string-matching algorithm from Hall

and Dowling (Hall and Dowling| [1980]]) to recognize the commands. Additionally, I verified VOXLENS’

command recognition effectiveness through manual testing, using prior work’s (Srinivasan et al.| [2021]])

data set on natural language utterances for visualizations.

The Wizard-of-Oz studies revealed that participants liked clear instructions and responses, integration
with the user’s screen reader, and the ability to query by specific terminologies. They specified having
an interactive tutorial to become familiar with the tool, a help menu to determine which commands are
supported, and the ability to include the user’s query in the response as helpful features. Therefore, after

recognizing the commands and processing their respective queries, VOXLENS delivers a single combined
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import voxlens from 'voxlens';

const voxlensOptions = {

' What'’s the maximum data point in the graph?

x: 'Day', // key of independent varible
y: 'Crime Incidents', // key of dependent variable

title: 'Crime Incidents per Day'
};

d3
.select('body")
.append('svg')

| understood you're looking for maximum.

) Maximum value of Total Crime for Crime

L

Neighborhood is 48,900 belonging to Down-
town Commercial.

_' What about the average and variance?

. // d3 configuration as per the developer
.call(d => voxlens(d, voxlensOptions));

Figure 4.3: The code at left shows that integration of VOXLENS requires only a single line of code.

«

| heard you asking about the average, and
variance. Average of Total Crime for Crime
Neighborhood is 8,870. Variance of Total
Crime for Crime Neighborhood is 78,800,000.

right, I portray an example interaction with VOXLENS using voice-activated commands.

Table 4.3: Voice-activated commands for VOXLENS’ Question-and-Answer mode.

Information Type Command Aliases
Extremum Maximum Highest
Minimum Lowest
Axis Labels and Ranges Axis Labels -
Ranges -
Statistics Mean Average
Median -
Mode -
Variance -
Standard Deviation -
Sum Total
Individual Data Point [x-axis label] value [x-axis label] data
Help Commands Instructions
- Directions, Help
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response to the user via their screen readers. This approach enables screen-reader users to get a response to
multiple commands as one single response. Additionally, I added each query as feedback in the response
(Figure [d.3). For example, if the user said, “What is the maximum?”, the response was, “I heard you ask
about the maximum. The maximum is...” For unidentified commands, the response was, “I heard you say
[user input]. Command not recognized. Please try again.”

Screen-reader users can also get a list of supported commands by asking for the commands list. For
example, the user can ask, “What are the supported commands?” to hear all of the commands that VOXLENS

supports. Table [d.3] presents the list of supported commands and their aliases.

Price by Car Brands
300000

250000
200000

150000

Price

100000

50000 .
M N | B e B =

Acura Toyota Audi Ferrari Buick Cadillac Chevrolet Chrysler Dodge

Car Brands

Figure 4.4: Sample visualization showing price by car brands.

4.2.2 Summary Mode

The Wizard-of-Oz studies, in line with the findings from my prior work (Sharif et al.| [2021]]), revealed that

participants liked the preliminary exploration of the data. They suggested the information be personalized
based on the user’s preferences; however, by default, it should only expose the minimum amount of informa-
tion that a user would need to decide if they want to delve further into the data exploration. To delve further,
they commonly seek the title, axis labels and ranges, maximum and minimum data points, and the average
in online data visualizations. (The title and axis labels are required configuration options for VOXLENS

from creators. Axis ranges, maximum and minimum data points, and average are computed by VOXLENS.)
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At the same time, screen-reader users preferred concisely stated information. Therefore, the goal for
VOXLENS’ Summary mode was to generate a summary only to provide the foundational holistic information
about the visualization and not serve as a replacement for the visualization itself. I used the “language of
graphics” (Bertin| [[1983]]) through a pre-defined sentence template, identified as Level / by Lundgard et
al. (Lundgard and Satyanarayan| [2021]]), to decide the sentence structure. I altered the sentence template to

include my findings from the Wizard-of-Oz studies. The final sentence template was:

Graph with title: [title]. The X-axis is [x—axis title]. The
Y-axis is [y—axis title] and ranges from [range minimum] to
[range maximum]. The maximum data point is [maximum y-axis
value] belonging to [corresponding x—-axis value], and the
minimum data point is [minimum y-axis value] belonging to

[corresponding x—-axis wvalue]. The average is [average].

For example, here is a generated summary of a data visualization depicting the prices of various car

brands (Figure 4.4)):

Graph with title: Price by Car Brands. The X-axis is car
brands. The Y-axis is price and ranges from $0 to $300,000.
The maximum data point is $290,000 belonging to Ferrari, and
the minimum data point is $20,000 belonging to Kia. The

average is $60,000.

As noted by prior work (Sharif et al.| [2021]]; ILundgard and Satyanarayan| [2021]]), the preference for
information varies from one individual to another. Therefore, I explored customization to generate the

summary, catering to the individual needs of screen-reader users; I present my work in Chapter [9]

4.2.3 Sonification Mode

For Sonification mode, the Wizard-of-Oz participants liked the ability to explore the data trend and identify
the maximum and the minimum data points. Therefore, VOXLENS’ sonification mode presents screen-

reader users with a sonified response (also known as an “audio graph” (Smus|[2013]])) by mapping the data
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in the visualization to a musical scale. A sonified response enables the listeners to interpret the data trend
or pattern and gain a big-picture perspective of the data that is not necessarily achievable otherwise (Sawe
et al.| [2020])). To generate the sonified response, I utilized Tone.js (Mann| [2020])), a JavaScript library that
offers a variety of customizable options to produce musical notes. My goal was to enable the listeners to
distinguish between data points directionally and to interpret the overall data trend.

Varying tonal frequency is more effective at representing trends than varying amplitude (Flowers|[2005];
Hu et al.|[2020]]). Therefore, I mapped each data point to a frequency between 130 and 650 Hz, calculated
based on its magnitude. For example, for the minimum data point, the frequency was 130 Hz; for the
maximum data point, it was 650Hz; the intermediate data points were assigned values linearly in-between,
similar to prior work (Ciuha et al.| [2010[]; Ohshiro et al.| [2021]]). Additionally, similar to design choices
made by Ohshiro et al. (Ohshiro et al|[2021]]), I used the sound of a sawtooth wave to indicate value
changes along the x-axis. These approaches enabled us to distinctively differentiate between data values
directionally, especially values that were only minimally different from each other. I chose this range based
on the frequency range of the human voice (Titze and Martin|[1998]]; Baken and Orlikoft][2000]; [McGookin
and Brewster| [2006]), and by trying several combinations ourselves, finding a setting that was comfortable
for human ears. I open-sourced my sonification library on my GitHub repositor

I used the three common chart types (bar, scatter, and line) (Saket et al| [2018]]), following prior
work (Sharif et al.|[2021])). All of these chart types use a traditional Cartesian coordinate system. Therefore,

VOXLENS’ sonified response is best applicable to graphs represented using a Cartesian plane.

4.3 Interaction Experience

A pain point for screen-reader users when interacting with online data visualizations is that most visualiza-
tion elements are undiscoverable and incomprehensible to screen readers (Sharif et al.|[2021]). In building
VOXLENS, I ensured that the visualization elements were recognizable and describable by screen readers.
Hence, as the very first step, when the screen reader encounters a visualization created with VOXLENS, the

following is read to users:

Bar graph with title: [title]. To listen to instructions on

"https://github.com/athersharif/sonifier
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how to interact with the graph, press Control + Shift + I or
Control + Shift + 4. Key combinations must be pressed all

together and in order.

The modifier keys (Control + Shift on Windows, and Option on MacOS) and command keys
were selected to not interfere with the dedicated key combinations of the screen reader, the Google Chrome
browser, and the operating system. Each command was additionally assigned a numeric activation key, as
per suggestions from the participants.

When a user presses the key combination to listen to the instructions, their screen reader reads:

To interact with the graph, press Control + Shift + A or
Control + Shift + 1 all together and in order. You’ll hear a
beep sound, after which you can ask a question such as, “What
is the average?” or “What is the maximum value in the graph?”
To hear the textual summary of the graph, press Control + Shift
+ S or Control + Shift + 2. To hear the sonified version of
the graph, press Control + Shift + M or Control + Shift + 3.

To repeat these instructions, press Control + Shift + I or
Control + Shift + 4. Key combinations must be pressed all

together and in order.

At this stage, screen-reader users can activate the question-and-answer mode, listen to the textual sum-
mary, play the sonified version of the data contained in the visualization, or hear the instructions again.
Activating the question-and-answer mode plays a beep sound, after which the user can ask a question in
a free-form manner, without following any specific grammar or sentence structure. They can also ask for
multiple pieces of information in no particular order. For example, in a visualization containing prices of

cars by car brands, a screen-reader user may ask:

Tell me the mean, maximum, and standard deviation.

The response from VOXLENS would be:
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I heard you asking about the mean, maximum, and standard
deviation. The mean is $60,000. The maximum value of price
for car brands is $290,000 belonging to Ferrari. The standard

deviation is 30,000.

Similarly, users can hear the textual summary or play the sonified version by pressing the appropriate

key combination, as discussed above.

4.4 Developer Configuration Options

The accessibility of online data visualizations depends on visualization creators and their knowledge and
practice of accessibility standards. When an alt-text or description is not provided, the visualization is
useless to screen-reader users. In cases where alternative text is provided, the quality and quantity of the
text is also a developer’s choice, which may or may not be adequate for screen-reader users. For example,
a common unfortunate practice is to use the title of the visualization as its alternative text, which helps
screen-reader users understand the topic of the visualization but does not help in understanding the content
contained within the visualization. Therefore, VOXLENS is designed to reduce the burden and dependency
on developers to make accessible visualizations, keeping the interaction consistent, and independent of the
visualization library used. Additionally, VOXLENS is engineered to require only a single line of code,
minimizing any barriers to its adoption (Figure {.3). Full code samples for implementing a bar chart with

D3, Google Charts, and ChartJS is illustrated in Appendices[D] [E] and [F] respectively.

VOXLENS supports the following configuration options: “x” (name of the independent variable), “y”
(name of the dependent variable), “title” (title of the visualization), “xLabel” (label for x-axis), and “yLabel”

ey, 9% Gl 99

(label for y-axis). “x,” “y,” and “title” are required parameters, whereas the “xLabel” and “yLabel” are
optional and default to the key names of “x”” and *y,” respectively. VOXLENS allows visualization creators
to set the values of these configuration options, as shown in Figure[d.3] I added more configuration options to

support new functionalities in each VOXLENS version; I discuss these additions in their respective chapters.
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4.5 Channeling VOXLENS’ Output to Screen Readers

One challenge I faced was channeling the auditory response from VOXLENS to the screen readers. As noted
by the participants during Wizard-of-Oz studies, screen-reader users have unique preferences for their screen
readers, including the voice and speed of the speech. Therefore, it was important for VOXLENS to utilize
these preferences, providing screen-reader users with a consistent, familiar, and comfortable experience. To
relay the output from VOXLENS to the screen reader, I created a temporary div element only visible to
screen readers and positioned it off-screen, following WebAIM’s recommendations (WebAIM| [1999]).
Then, I added the appropriate Accessible Rich Internet Applications (ARIA) attributes (W3C| [2006])
to the temporary element to ensure maximum accessibility. ARIA attributes are a set of attributes to make
web content more accessible to people with disabilities. Notably, I added the “aria-live” attribute, allowing
screen readers to immediately announce the query responses that VOXLENS adds to the temporary element.
For MacOS, I had to additionally include the “role” attribute, with its value set to “alert.” This approach
enabled VOXLENS to promptly respond to screen-reader users’ voice-activated commands using their screen
readers. After the response from VOXLENS is read by the screen reader, a callback function removes the

temporary element from the HTML tree to avoid overloading the HTML Document Object Model (DOM).

4.6 Additional Implementation Details

VOXLENS relies on the Web Speech API (Natal et al.| [2020]]). Therefore, it is only fully functional on
browsers with established support for the API, such as Google Chrome. JavaScript was naturally the choice
of programming language for VOXLENS, as VOXLENS is a plug-in for JavaScript visualization libraries.
Additionally, I used EcmaScript (Harband et al| [1999]) to take advantage of modern JavaScript features
such as destructured assignments, arrow functions, and the spread operator. I also built a testing tool to
test VOXLENS on data visualizations, using the React (Inc.|[[2013]]) framework as the user-interface frame-
work and Node.js (Foundation! [2009]) as the back-end server—both of which also use JavaScript as their
underlying programming language. Additionally, I used GraphQL (Foundation| [2021]]) as the API layer
for querying and connecting with the Postgres (Group| [[1996]) database, which I used to store data and

participants’ interaction logs.
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Creating a tool like VOXLENS requires significant engineering efforts. VOXLENS’ GitHub repositoryE]
has seven releases and over 100,000 lines of developed code, excluding comments. The repository also
includes six “forks’E] from other contributors with additional releases and lines of codes not included in the
numbers reported in the previous statement. To support testing VOXLENS on various operating systems
and browsers with different screen readers, I collected 30 data sets of varying data points, created their
visualizations using Google Charts, D3, and ChartJS, integrated VOXLENS with each of them, and deployed
a “playground” testing website on my server. The testing website was instrumental in ensuring the correct
operation of VOXLENS under various configurations, bypassing the challenges of setting up a development

environment for testers.

4.7 Conflicts with Other Plug-Ins

To the best of my knowledge, two kinds of conflicts are possible with VOXLENS: key combination conflicts
and ARIA artribute conflicts. As mentioned earlier, I selected default key combinations to avoid conflicts
with the dedicated combinations of the screen reader, the Google Chrome browser, and the operating system.
However, some users might have external plug-ins that use key combinations conflicting with those from
VOXLENS. In such cases, VOXLENS provides visualization creators to alter the modifier keys via the
configuration options. Work is underway to enable screen-reader users to modify the modifier keys and
the key combinations, providing them with a more granular control over their information consumption
experiences with online data visualizations.

VOXLENS modifies the “aria-label” attribute of the visualization container element to describe the inter-
action instructions for VOXLENS. Another plug-in may intend to modify the “aria-label” attribute as well,
in which case the execution order of the plug-ins will determine which plug-in achieves the final override.
The execution order of the plug-ins depends on several external factors (Picazo-Sanchez et al. [2020]]), and
is, unfortunately, a common limitation for any browser plug-in. However, VOXLENS does not affect the
“aria-labelledby” attribute, allowing other systems to gracefully override the “aria-label” attribute set by

VOXLENS, as this attribute takes precedence over the “aria-label” attribute in the accessibility tree. Fur-

“https://github.com/athersharif/voxlens
3 A fork is a new repository that shares code and visibility settings with the original repository.
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thermore, at present, [ am experimenting with the “longdesc” HTML attribute to devise a more comfortable
solution that improves the experiences of screen-reader users in extracting information while also reducing
the possibility of a conflict with other plug-ins.

It is important to note that VOXLENS’s sonification library is supplied independently from the main
VOXLENS plug-in and does not follow the same limitations. My testing did not reveal any conflicts between

the sonification library with other plug-ins.

Table 4.4: VOXLENS versions presented in this dissertation, organized by their version number, description,
and the chapters in which they are introduced.

Version | Chapter(s) | Description

1.0 4)and |5 Supports holistic information extraction from simple and single-series visual-
izations (e.g., bar chart, scatter plot, line graph)

2.0 7 Supports drilled-down information extraction from complex multi-series visu-
alizations (e.g., geospatial map, multi-series line graph)

3.0 3 Supports extraction of information about data uncertainty from online data
visualizations
4.0 9 Supports integration with VOXEX, a system that enables screen-reader users

to customize the information they consume from online data visualizations

5.0 10 Supports visualization creators through implementation and integration of four
technological interventions

4.8 VOXLENS Versions

This chapter introduced the first version of VOXLENS (version 1.0), setting up the foundation for subsequent
versions presented in succeeding chapters of this dissertation. Table {.4] shows the five VOXLENS versions

offered in this dissertation.

4.9 Supporting Additional Visualization Types

In this foundational VOXLENS version, I supported simple online data visualizations (i.e., bar charts, scat-

ter plots, line graphs) created using single-series data. In subsequent versions of VOXLENS, present in
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the succeeding chapters of this dissertation, I extended VOXLENS’ support to multi-series line graphs and
geospatial maps. Three factors should be considered to expand the utility of VOXLENS to support additional

visualization types: (1) data series, (2) visual encodings, and (3) context.

4.9.1 Data Series (‘“Content’)

VOXLENS currently supports both single- and multi-series data. Therefore, VOXLENS is functional for
any data visualization regardless of the visualization type, provided that the data is two-dimensional. For
supporting n-dimensional data (where n > 2), user studies are necessary to understand the interactions of
screen-reader users to extract information from the respective data dimensionality. Chapter [/| presents an

approach to conducting these studies.

4.9.2 Visual Encodings (‘““Container”)

At present, VOXLENS supports two-dimensional bar charts, line graphs, scatter plots, and geospatial maps.
Other data visualization types (e.g., heatmaps, area charts) warrant similar investigations present in this
dissertation to understand how visual encodings in these data visualizations can be communicated to screen-

reader users effectively.

For example, if a developer wishes to extend VOXLENS’ support to heatmaps, they can first investigate
how screen-reader users interact with heatmaps, the information they seek, and identify encodings and spec-
ifications that they wish to relay to the users. Then, they can add code to the VOXLENS repository in the ap-
propriate places to implement their findings. These additions will enable VOXLENS to activate the heatmap
“module” to process queries when visualization creators specify “heatmap” as the value of the chartType
configuration option. The implementations for different visualization types may differ depending on the
findings from the initial investigation. Chapter[7] provides an example of extending VOXLENS to new visu-
alization types, including geospatial maps. Additionally, the documentation in VOXLENS’ repository could

further assist developers in onboarding new visualization types.
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4.9.3 Context

VOXLENS is currently not a context-aware system. This limitation is further discussed in Chapter |1 1] of
this dissertation. For data visualizations that are context-dependent (e.g., weather data visualizations), an
enhancement to VOXLENS’ query identification and information retrieval process may be needed. Addition-
ally, these enhancements would need to follow a user-centered iterative design protocol to ensure acceptable

levels of usability and usefulness for screen-reader users.

4.10 Summary

In this chapter, I presented the design and implementation details of a novel interaction technique, VOXLENS,
for screen-reader users to extract information from online data visualizations. VOXLENS is a multi-modal
open-source JavaScript plug-in (as opposed to a programming language or a standalone software) that im-
proves the accessibility of online data visualizations for screen-reader users. It is limited to the visualization
types discussed in this chapter; extending its support to additional visualizations is also discussed. The

subsequent chapters in this dissertation introduce additional versions of VOXLENS.
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Chapter 5

Holistic Information Extraction™

Chapter ] presented the core design and functionalities of VOXLENS, a JavaScript plug-in I created to make
online data visualizations accessible by following the findings and recommendations from my prior work
presented in Chapter [3]| This chapter describes my evaluation of VOXLENS’ performance based on the
accuracy of extracted information and interaction times. I note that this evaluation is for the VOXLENS
version described in Chapter [ (version 1.0). Subsequent chapters provide the design and evaluation of their

respective VOXLENS versions.

5.1 Motivation

Online data visualizations are a widely used source for experts and non-experts alike to explore and analyze
simple as well as complex data. They assist people in extracting information effectively and efficiently,
taking advantage of the ability of the human mind to recognize and interpret visual patterns (Marriott et al.
[2021]]). However, the visual nature of data visualizations inherently disenfranchises screen-reader users,
who may not be able to see or recognize visual patterns (Marriott et al.| [2021]]; |Lee et al.[[2021]).

Due to the inaccessibility of data visualizations, screen-reader users cannot access the underlying in-
formation in these visualizations, and oftentimes, at all. Even when the data visualization includes basic
accessibility measures (e.g., alternative text or a data table), screen-reader users still spend 211% more time

interacting with online data visualizations and answer questions about the data in the visualizations 61%

“Parts of this chapter are adapted from |Sharif et al.[[2022f].
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less accurately, compared to non-screen-reader users (Sharif et al. [2021]]). Screen-reader users rely on
the creators of visualizations to provide adequate alternative text, which is often incomplete. Additionally,
they have to remember and process more information mentally than is often humanly feasible (Thiele et al.
[2011])), such as when seeking the maximum or minimum value in a chart.

My prior work studied the experiences of screen-reader users with online data visualizations, highlight-
ing the challenges they face, the information they seek, and the techniques and strategies that could make
online data visualizations more accessible (Sharif et al.|[2021]]). Building on this work, I developed a novel
interactive solution to support screen-reader users in effectively interacting with online data visualizations
called “VOXLENS”; I present its core design and functionality in Chapter d] VOXLENS provides screen-
reader users with a multi-modal solution that supports three modes of interaction: (1) Question-and-Answer
mode, where the user verbally interacts with the visualizations on their own; (2) Summary mode, where
VOXLENS describes the summary of the information contained in the visualization; and (3) Sonification
mode, where VOXLENS maps the data in the visualization to a musical scale, enabling listeners to interpret
the data trend.

To assess the performance of VOXLENS and its three modes, I conducted a task-based experiment with
follow-up interviews with screen-reader users. My evaluation of VOXLENS shows that with VOXLENS,
compared to without it, screen-reader users improved their accuracy of extracting information by 122% and

reduced their overall interaction time by 36%.

5.2 Study Design

I evaluated the performance of VOXLENS using a mixed-methods approach. Specifically, I conducted an
online mixed-factorial experiment with screen-reader users to assess VOXLENS quantitatively. Additionally,
I conducted follow-up interviews with the participants for a qualitative assessment of VOXLENS. I direct

the users to Chapter [4] for the core design and functionalities of VOXLENS, which I evaluated in this study.
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Table 5.1: Screen-reader participants, their gender identification, age, screen reader, vision-loss level, and
diagnosis. Under the “G” (Gender) column, M = Man, W = Woman, N B = Non-binary, and “-” means
preferred not to disclose.

G | Age | Screen Vision-Loss Level Diagnosis
Reader

P1 | M| 28 NVDA Blind since birth, Complete | Optic Nerve Hypoplasia
blindness

P2 | M| 61 JAWS Complete blindness, Lost vi- | Optic Neuropathy
sion gradually

P3 | M| 48 JAWS Complete blindness, Lost vi- | Leber Congenital Amaurosis
sion gradually

P4 | F | 29 NVDA Blind since birth, Complete | Optic Nerve Hypoplasia and
blindness Glaucoma

P5 | F | 37 JAWS Blind since birth, Complete | Leber Congenital Amaurosis
blindness

P6 | F |51 JAWS Blind since birth, Complete | Retinopathy of Prematurity
blindness

P7 | M| 58 JAWS Complete blindness, Lost vi- | Glaucoma
sion gradually

P8 | M | 30 NVDA Blind since birth, Complete | Leber Congenital Amaurosis
blindness

P9 | F | 64 | JAWS Complete blindness, Lost vi- | Retinitis Pigmentosa
sion gradually

P10 | F | 68 Fusion Lost vision gradually, Partial | Stargaart’s Maculopathy
blindness

P11 | F | 73 JAWS Complete blindness, Lost vi- | Retinitis Pigmentosa
sion gradually

P12 | F | 64 JAWS Complete blindness, Lost vi- | Cataracts
sion gradually

P13 | M | 18 NVDA Complete blindness Brain Tumor

P14 | M | 36 JAWS Blind since birth, Complete | Leber Congenital Amaurosis
blindness

P15 | M | 25 NVDA Lost vision gradually, Partial | Retinopathy of Prematurity and
vision Subsequent Cataracts
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P16 | M | 42 JAWS Blind since birth, Complete | Microphthalmia

blindness
P17 | M | 68 JAWS Complete blindness, Lost vi- | Detached Retinas
sion gradually
P18 | F | 31 NVDA Blind since birth, Complete | Retinopathy of Prematurity
blindness
P19 | F | 47 JAWS Complete blindness, Lost vi- | Optic Neuropathy
sion gradually
P20 | M | 48 NVDA Complete blindness, Lost vi- | Retinitis Pigmentosa
sion gradually
P21 | M | 43 NVDA Complete blindness, Lost vi- | Retinitis Pigmentosa
sion gradually
P22 | M | 19 NVDA Blind since birth, Complete | Retinopathy of Prematurity
blindness

5.2.1 Participants

The participants (see Table[5.1)) were 22 screen-reader users, recruited using word-of-mouth, snowball sam-
pling, and email distribution lists for people with disabilities. Nine participants identified as women and 13
as men. Their average age was 45.3 years (S D=16.8). Twenty participants had complete blindness and two
participants had partial blindness; nine participants were blind since birth, 12 lost vision gradually, and one
became blind due to a brain tumor. The highest level of education attained or in pursuit was a doctoral degree
for two participants, a master’s degree for seven participants, a bachelor’s degree for eight participants, and
a high school diploma for the remaining five participants. Estimated computer usage was more than 5 hours
per day for 12 participants, 2—5 hours per day for eight participants, and 1-2 hours per day for two partici-
pants. The average frequency of interacting with online data visualizations was over two visualizations per

day, usually in the context of news articles, blog posts, and social media.

For the task-based experiment and questionnaire, I compensated participants with a $20 Amazon gift
card for 30—45 minutes of their time. For the follow-up interview, they were compensated $10 for 30 minutes

of their time. No participant was allowed to partake in the experiment more than once.
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5.2.2 Apparatus

I conducted the task-based experiment online using a user study platform I created using the JavaScript
React framework (Inc.| [2013]). I tested the platform myself and with screen-reader users, both with and
without a screen reader, ensuring maximum and proper accessibility measures. I deployed the experiment

platform as a website hosted on my server.

I analyzed the performance of VOXLENS comparing the data collected from the task-based experiments
with that from my prior work (Sharif et al| [2021]]) [see Chapter [3]. For a fair comparison to my prior
work, I used the same visualization libraries, visualization data sets, question categories, and complexity
levels. I chose the visualization libraries (Google Charts, ChartJS, and D3) based on the variation in their
underlying implementations as well as their application of accessibility measures. Google Charts utilizes
SVG elements to generate the visualization and appends a tabular representation of the data for screen-reader
users by default; D3 also makes use of SVG elements but does not provide a tabular representation; ChartJS
uses HTML Canvas to render the visualization as an image and relies on the developers to add alternative
text (“alt-text”) and Accessible Rich Internet Applications (“ARIA”) attributes (W3C|[2006]). Therefore,
each of these visualization libraries provides a different experience for screen-reader users, as highlighted

in my prior work (Sharif et al.| [2021]]).

I implemented the visualizations following the WCAG 2.0 guidelines (Caldwell et al.| [2008]]) in combi-
nation with the official accessibility recommendations from the visualization libraries. For ChartJS, I added
the “role” and “aria-label” attributes to the “canvas” element. The “role” attribute had the value of “img,”
and the “aria-label” was given the value of the visualization title, as per the official documentation from
ChartJS developers (ChartJS|[2015]]). I did not perform any accessibility scaffolding for Google Charts and
D3 visualizations, as these visualizations rely on a combination of internal implementations and the features
of SVG for accessibility. My goal was to replicate an accurate representation of how these visualizations
currently exist on the Web.

Prior work (Kim et al.|[2020]) has reported that the non-visual questions that users ask from graphs
mainly comprise compositional questions, similar to the findings from Brehmer and Munzner’s task topol-
ogy (Brehmer and Munzner [2013]]). Therefore, the question categories comprised one “Search” action

(lookup and locate) and two “Query” actions (identify and compare), similar to prior work (Brehmer et al.
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(a) Task10of9

Which date has the maximum average temperature in this visualization?

(b) Task10f9

Which date has the maximum average temperature in this visualization?
A chart is presented below
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(C) Task10f9
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Which date has the maximum average temperature in this visualization?

O July 27,2016
O July 24,2016
® July 19,2016

(O Unable to extract information

PROCEED TO TASK 2

Figure 5.1: Participants were shown three pages for each task. (a) Page 1 presented the question to explore.
(b) Page 2 displayed the same question and a visualization. (c) Page 3 showed the question again with a set
of four multiple choice responses.
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[2018])). The categories, in ascending order of difficulty, were: (1) Order Statistics (extremum); (2) Sym-
metry Comparison (data points comparison); and (3) Chart Type-Specific Questions (value retrieval for bar
charts, trend summary for line charts, and correlation for scatter plots). As in prior work (Sharif et al.
[2021])), all questions were multiple-choice with four choices: the correct answer, two incorrect answers,

and the option for “Unable to extract information.” I randomized the order of these choices per trial.

5.2.3 Procedure

The study was conducted online without direct supervision. The study comprised six stages. The first stage
displayed the study purpose, eligibility criteria, and the statement of IRB approval. In the second stage,
the participants were asked to complete a pre-study questionnaire to record their demographic information,
screen-reader software, vision-loss level, and diagnosis (see Table[5.1). Additionally, I asked the participants
about their education level, daily computer usage, and frequency of interacting with visualizations.

In the third stage, participants were presented with a step-by-step interactive tutorial to train and famil-
iarize themselves with the modes, features, and commands that VOXLENS offers. Additionally, participants
were asked questions at each step to validate their understanding. On average, the tutorial took 12.6 minutes
(SD=6.8) to complete. Upon successful completion of the tutorial, participants were taken to the fourth
stage, which displayed the instructions for completing the study tasks.

In the fifth stage, each participant was given nine tasks. For each task, participants were shown three
web pages: Page 1 contained the question to explore, page 2 displayed the question and visualization, and
page 3 presented the question with four multiple-choice responses. Figure[5.1]shows the three pages of an
example task. After the completion of the tasks, I asked the participants to fill out the NASA-TLX (Hart and

Staveland| [1988]]) survey in the last stage. An entire study session ranged from 30-45 minutes in duration.

5.2.4 Design & Analysis

The experiment was a 2 X 3 x 3 x 3 mixed-factorial design with the following factors and levels:
* VoxLens (V X), between-Ss.: {yes, no}

* Visualization Library (V' L), within-Ss.: {Chart]S, D3, Google Charts}
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* Data Complexity (C M P), within-Ss.: {Low, Medium, High}
* Question Difficulty (DF’), within-Ss.: {Low, Medium, High}

For the screen-reader users who did not use VOXLENS (V X=no), I used my prior work’s data (Sharif
et al.|[2021]]) (/N=36) as a baseline for comparison. There was no overlap of participants between these two
user groups to facilitate between-subjects comparisons.

The two dependent variables were Accuracy of Extracted Information (AEI) and Interaction Time (IT).
I used a dichotomous representation of AE T (i.e., “inaccurate” or O if the user was unable to answer the
question correctly, and “accurate” or 1 otherwise) for the analysis. I used a mixed logistic regression
model (Gilmour et al.|[[1985]]) with the above factors, interactions with VOXLENS, and a covariate to control
for Age. I also included Subject, as a random factor to account for repeated measures. The statistical model
was therefore AE] < VX +VXXVL+VXXCMP 4+ VXxDF + Age + Subject,. 1 did not include
factors for VL, CM P, or DF because the research questions centered around VOXLENS (V X), and my
interest in these factors only extended to their possible interactions with VOXLENS.

For Interaction Time (IT), I used a linear mixed model (Frederickl [[1999]; Littell et al.| [1998]]) with
the same model terms as for AEI. I'T was calculated as the total time of the screen reader’s focus on the
visualization element. Participants were tested over three Visualization Library x Complexity (V L x CM P)
conditions, resulting in 3x3 = 9 trials per participant. With 21 participants, a total of 21x9 = 189 trials
were produced and analyzed for this study. One participant, who was unable to complete the tutorial, was

excluded from the analysis.

5.2.5 Qualitative and Subjective Evaluation

To qualitatively assess the performance of VOXLENS, I conducted follow-up interviews with six screen-
reader users, randomly selecting them from the pool of participants who completed the task-based experi-
ment. Similar to prior work (Wyche and Grinter|[2009]]), I ceased recruitment of participants once I reached
saturation of insights.

To analyze the interviews, I used thematic analysis (Braun and Clarke| [2006]) guided by a semantic
approach (Patton|[[1990]). I used two interviews to develop an initial set of codes, resulting in a total of 23

open codes. Two co-authors and I coded each interview transcript independently, resolving the disagree-
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Figure 5.2: Accuracy of Extracted Information (AET), as a percentage, for

screen-reader users without

(N=36) and with (N=21) VOXLENS, by (a) Visualization Library, (b) Complexity Level, and (c) Difficulty
Level. The percentage represents the “accurate” answers. Therefore, higher is better. Error bars represent

mean =+ standard deviation.

ments through mutual discussions. As suggested by Lombard et al. (Landis and Kock| [1977])), I calculated

inter-rater reliability (IRR) using pairwise percentage agreement together with Krippendorff’s o (Krippen-

dorff| [2011]]). To calculate pairwise percentage agreement, I calculated the average pairwise agreement

among the three rater pairs across observations. The pairwise percentage agreement was 94.3%, showing a

high agreement between raters. Krippendorff’s o was calculated using ReCal [2010]]) and found to
be 0.81, indicating a high level of reliability (Krippendorff| [2018])).

In addition to conducting follow-up interviews, I administered the NASA-TLX survey (Hart and Stave-
[1988]]) with all participants (N=21) to assess the perceived workload of VOXLENS.

5.3 Results

In this section, I present the experiment results from the task-based experiment using quantitative mea-

sures. I also report the interview results and subjective ratings from the NASA-TLX questionnaire (Hart and

Staveland| [1988]).
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Table 5.2: Numerical results for the N = 513 questions asked of screen-reader users with and without
VOXLENS for each level of Visualization Library, Complexity Level, and Difficulty Level. N is the total
number of questions asked, AA is the number of “accurate answers,” and AA(%) is the percentage of
“accurate answers.”

Without VOXLENS With VOXLENS

N AA | AA (%) N AA | AA (%)
Overall 324 | 109 34% 189 | 141 75%
Visualization Library (VL)
ChartJS 108 12 11% 63 50 79%
D3 108 18 17% 63 47 75%
Google Charts 108 79 73% 63 44 70%
Complexity Level (CMP)
Low 108 | 40 37% 63 52 83%
Medium 108 34 31% 63 48 76%
High 108 35 32% 63 41 65%
Difficulty Level (DF)
Low 108 35 32% 63 58 92%
Medium 108 36 33% 63 38 60%
High 108 38 35% 63 45 71%

Table 5.3: Summary results from 57 screen-reader users with (N=21) and without (N=36) VOXLENS.
“VL” is the visualization library, “CMP” is data complexity, and “DF” is question difficulty. Cramer’s V'
is a measure of effect size (Ferguson|[2016[]). All results are statistically significant (p < .05) or marginal
(.05 < p < .10).

N X2 P Cramer’s V
V X (VOXLENS) 57 38.16 <.001 14
VX xXVL 57 82.82 <.001 .20
VX xCMP 57 8.90 .064 .07
VX xDF 57 17.95 .001 .09
Age 57 3.58 .058 .04
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5.3.1 Quantitative Results

I present the quantitative experiment results using the Accuracy of Extracted Information (AEI) and Inter-

action Time (IT) for screen-reader users with and without VOXLENS.

5.3.1.1 Accuracy of Extracted Information

The results show a significant main effect of VoxLens (VX) on AET (x2(1, N=57)=38.16, p<.001, Cramer’s
V'=.14), with VOXLENS users achieving 75% accuracy (SD = 18.0%) and non-VOXLENS users achieving
only 34% accuracy (SD = 20.1%). This difference constituted a 122% improvement due to VOXLENS.

By analyzing the VoxLens (VX) x Visualization Library (VL) interaction, I investigated whether changes
in AET were proportional across visualization libraries for participants in each VOXLENS group. The
VX x VL interaction was indeed statistically significant (x?(4, N=57)=82.82, p<.001, Cramer’s V=.20).
This result indicates that AE significantly differed among visualization libraries for participants in each
VOXLENS group. Figure and Table show AFT percentages for different visualization libraries for
each VOXLENS group. Additionally, I report these findings in Table[5.3]

Prior work (Sharif et al.|[2021]]) reported a statistically significant difference between screen-reader users
(SRU) and non-screen-reader users (non-SRU) in terms of AF [, attributing the difference to the inaccessi-
bility of online data visualizations. I conducted a second analysis, investigating whether AFE I was different
between screen-reader users who used VOXLENS and non-screen-reader users, to extract information from
online data visualizations. Specifically, I investigated the effect of SRU on AFI and found a marginally
significant effect (p ~ .077). This result itself does not provide evidence in support of VOXLENS closing
the access gap between the two user groups; further experimentation is necessary to confirm or refute this

marginal result. However, taken together with other results, this is an encouraging trend.

5.3.1.2 Interaction Time

Preliminary analysis showed interaction times as conditionally non-normal, determined using Anderson-
Darling (Anderson and Darling| [1954]]) normality tests. To achieve normality, I applied logarithmic trans-
formation before analysis, as is common practice for time measures (Hoyle| [1973]]; |[Limpert et al.| [2001]];

Berry| [[1987]]). For ease of interpretation, interaction times plots show the original non-transformed values.
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Table 5.4: Summary results from 57 screen-reader participants with (/N=21) and without (N=36) VOXLENS
using a linear mixed model (Frederick|[[1999]; Littell et al.|[1998])). “VL” is the visualization library, “CMP”
is data complexity, and “DF” is question difficulty. Partial eta-squared (77]%) is a measure of effect size (Cohen
[1973]]). All results are statistically significant (p < .05) except VX x CMP.

dfn dfa F P s
V' X (VOXLENS) 4 54 12.66 .001 .19
VX XxVL 4 444 33.89 <.001 23
VX xCMP 4 444 1.85 118 .02
VX xDF 4 444 14.41 <.001 A2
Age 4 54 5.03 .029 .09

Table 5.5: Summary results from 57 screen-reader participants with (/N=21) and without (N=36) VOXLENS
showing the numerical results for Interaction Time (IT), for each age range. N is the total number of
participants for the given age range, Mean is the average IT in seconds, and SD represents the standard
deviation.

Both Groups Without VOXLENS With VOXLENS
AgeRange | N | Mean| SD N | Mean| SD N | Mean| SD
18-19 3 62.5 30.5 1 96.8 - 2 453 9.4
20-29 9 40.6 | 28.0 6 63.7 20.3 3 50.8 7.9
30-39 10 442 | 23.1 7 60.6 16.5 3 43.9 4.5
40-49 15 67.5 78.7 10 | 106.7 | 93.1 5 59.8 14.9
50-59 7 476 | 273 5 79.1 19.2 2 63.3 3.0
60-69 11 64.8 33.6 6 76.8 33.7 5 552 10.8
> 70 2 127.0 | 1274 1 217.1 - 1 60.1 -
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(c) Interaction Times per Difficulty Level
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Figure 5.3: Interaction Times (IT"), in seconds, for screen-reader users without (N=36) and with (N=21)
VOXLENS by (a) Visualization Library (V' L), (b) Data Complexity Level (C'M P), and (¢) Question Diffi-
culty Level (DF). Error bars represent mean =+ standard deviation. Lower is better (faster).

VoxLens (VX) had a significant main effect on Interaction Time (IT) (F'(4,54)=12.66, p<.05, 1712,:.19).
Specifically, the average I'T" for non-VOXLENS users was 84.6 seconds (SD=75.2). For VOXLENS users, it

was 54.1 seconds (SD=21.9), 36% lower (faster) than for participants without VOXLENS.

The VX x VL and VX x DF interactions were both significant (#'(4,444)=33.89, p<.001, 17]2):.23 and
F(444)=14.41, p<.001, 773:.12, respectively). Figure shows interaction times across different visualiza-
tion libraries, difficulty levels, and complexity levels for VOXLENS group. For VOXLENS users, all three
visualization libraries resulted in almost identical interaction times. Figure[5.3|portrays larger variations in
interaction times for users who did not use VOXLENS (data used from prior work (Sharif et al.|[2021]])) com-
pared to VOXLENS users. I attribute these observed differences to the different underlying implementations

of the visualization libraries.

I investigated the effects of Age on I'T. Age had a significant effect on I'T" (F'(1,54)=5.03, p<.05,
172 =.09), indicating that I'T" differed significantly across the ages of the participants, with participants aged

50 years or older showing higher interaction times by about 7% compared to participants under the age of
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50. Table [5.5] shows the average IT for each age range by VOXLENS group. Additionally, I report these
findings in Table[5.4]

Similar to my investigation of the effect of screen-reader users (SRU) on AEI, T examined the main
effect of SRU on IT. The results show that SRU had a significant effect on I'T" (F'(4,54)=48.84, p<.001,

772:.48), with non-screen-reader users performing 99% faster than VOXLENS users.

5.3.2 Qualitative Results

To assess VOXLENS qualitatively, I investigated the overall experiences of the participants with VOXLENS,
the features they found helpful, the challenges they faced during the interaction, and the improvements
and future features that could enhance the performance of VOXLENS. I identified five main results from
analyzing the participants’ feedback about VOXLENS: (1) a positive step forward in making online data
visualizations accessible, (2) interactive dialogue is one of the “top” features, (3) sonification helps in “visu-
alizing” data, (4) data summary is a good starting point, and (5) one-size-fits-all is not the optimal solution.

I present each of these in turn.

5.3.2.1 A Positive Step Forward in Making Online Data Visualizations Accessible

All participants found VOXLENS an overall helpful tool to interact with and quickly extract information

from online data visualizations. For example, S1 and S3 expressed their excitement about VOXLENS:

I have never been able to really interact with graphs before
online. So without the tool, I am not able to have that
picture in my head about what the graph looks like. I mean,
like, especially when looking up news articles or really any,
sort of, like, social media, there’s a lot of wvisual
representations and graphs and pictographs that I don’t have
access to so I could see myself using [VoxLens] a lot. The
tool is really great and definitely a positive step forward in

creating accessible graphs and data. (S1)
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Oh, [VoxLens] was outstanding. It’s definitely a great way to
visualize the graphs if you can’t see them in the charts. I
mean, it’s just so cool that this is something that allows a
blind person to access a graph and a chart and be able to parse

data from it. (S3)

Participants highlighted that VOXLENS contributes to bridging the access gap between screen-reader-

and non-screen-reader users. As S4 said:

So, as a sighted person looks at a graph and as they can tell
where the peak is or which one has the most or whatever, we
want to be able to do that quickly as well. And even if there
is a text description under the graph, and I’'ve not seen that
very much, you have to read through everything to find a
certain piece of information that you’re looking for. [Using
VoxLens], I can find out specific pieces of information without

having to read an entire page of text. (54)

Additionally, participants identified that VOXLENS enables them to quickly extract information from

online data visualizations. S5 shared his experiences:

Again, you know, [VoxLens] helps you find data a little bit
quicker than navigating with a screen reader, and it’11 give
you a brief idea of what the data is about before you start

digging deeper into it. (S5)

The findings from the first result show that VOXLENS contributes to reducing the access gap for screen-
reader users, and is a positive step forward, enabling screen-reader users to interact with and explore online

data visualizations.
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5.3.2.2 Interactive Dialogue is One of the “Top” Features

Similar to the first finding, all the participants found the question-and-answer mode of VOXLENS a fast and
efficient way to extract information from online data visualizations. S2 considered the question-and-answer

mode as one of the key features of VOXLENS:

So I believe that one of the really top features is interactive

dialogue. (S2)

Similarly, S1 found the question-and-answer mode a fast and reliable way to extract information, requir-

ing “a lot less brain power.” She said:

I especially liked the part of the tool where you can ask it a
question and it would give you the information back. I thought
it was brilliant actually. I felt like being able to ask it a
question made everything go a lot faster and it took a lot less
brain power I think. I felt really confident about the answers

that it was giving back to me. (S1)
S3 noted the broader utility and applicability of the question-and-answer mode:

The voice activation was very, very neat. I’'m sure it could
come in handy for a variety of uses too. I definitely enjoyed

that feature. (S3)

S5 faced some challenges in activating the right command but was able to learn the usage of the question-

and-answer mode in a few tries:

You know, sometimes the word was wrong and I think it says
something like, it didn’t understand, but basically eventually

I got it right. (S5)

The second finding indicates that VOXLENS’ question-and-answer mode is a fast, efficient, and reliable
way for screen-reader users to extract information. Additionally, the feedback from the question-and-answer

mode assists screen-reader users to resolve the challenges by themselves within a few tries.

95



5.3.2.3 Sonification Helps in ‘Visualizing” Data

The third result reveals that the participants found sonification helpful in understanding general trends in
the data. Specifically, participants were successful in inferring whether an overall trend was increasing or

decreasing, obtaining holistic information about the data. S2 said:

The idea of sonification of the graph could give a general
understanding of the trends. The way that it could summarize
the charts was really nice too. The sonification feature was

amazing. (S2)

S1, who had never used sonification before, expressed her initial struggles interpreting a sonified re-

sponse but was able to “visualize” the graph through sonification within a few tries. She said:

The audio graph... 1I’d never used one before, so I kind of
struggled with that a little bit because I wasn’t sure if the
higher pitch meant the bar was higher up in the graph or not.
But being able to visualize the graph with this because of the

sound was really helpful. (S1)

Overall, the third result shows that sonification is a helpful feature for screen-reader users to interact

with data visualizations, providing them with holistic information about data trends.

5.3.2.4 Data Summary is a Good Starting Point

In keeping with findings from prior work (Sharif et al.|[2021]), the fourth finding indicates that screen-reader
users first seek to obtain a holistic overview of the data, finding a data summary to be a good starting point
for visualization exploration. The summary mode of VOXLENS enabled the participants to get a “general

picture” of the data quickly. S1 and S4 expressed the benefits of VOXLENS’ summary mode:

I thought the summary feature was really great just to get,

like, a general picture and then diving deeper with the other
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features to get a more detailed image in my head about what the

graphs look like. (S1)

So, um, the summary option was a good start point to know,

okay, what is, kind of, on the graph. (S4)

The fourth result indicates that VOXLENS’ summary mode assisted screen-reader users in holistically

exploring the data visualizations, helping them in determining if they want to delve deeper into the data.

5.3.2.5 One-Size-Fits-All Is Not the Optimal Solution

To enhance the usability of and interaction experience with VOXLENS, the participants identified the need
to cater to the individual preferences of the screen-reader users. For example, S3 recognized the need to

have multiple options to “play” with the sonified response:

So I was just thinking maybe, you know, that could be some sort
of option or like an alternate way to sonify it. Perhaps
having an option to do it as continuous cause I noticed, 1like,
they were all discrete. 'Cause sometimes, you know, it’s just
preference or that could be something that could add some
usability. It’s Jjust some little things to maybe play with or

to maybe give an option or something. (S3)

Similarly, S4 was interested in VOXLENS predicting her future queries using artificial intelligence (A.L).

She said:

You know, I think that [VoxLens] would need a lot more
artificial intelligence. It could be a lot [more] intuitive

when it comes to understanding what I'm going to ask. (S4)
Additionally, S2 suggested adding setting preferences for the summary and the auditory sonified output:

[Summary mode] could eventually become a setting preference or

something that can be disabled. And you, as a screen-reader
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user, could not control the speed of the [sonification] to you.
To go faster or to go slower, even as a blind person, would be

[helpfull. (S2)

These findings indicate that a one-size-fits-all solution is not optimal and instead, a customizable solution
should be provided, a notion supported by ability-based design (Wobbrock et al.|[2018]]). I present a solution

that addresses this feedback and suggestions about customization from the participants in Chapter 9]

5.3.3 Subjective Workload Ratings

I used the NASA Task Load Index (TLX) (Hart and Staveland| [1988|]) workload questionnaire to collect
subjective ratings for VOXLENS. The NASA-TLX instrument asks participants to rate the workload of a
task on six scales: mental demand, physical demand, temporal demand, performance, effort, and frustration.
Each scale ranges from low (1) to high (20). I further classified the scale into four categories for a score x:
low (xz < 6), somewhat low (6 < x < 11), somewhat high (11 < x < 16), and high (16 < x). The results
indicate that VOXLENS requires low physical- (M=3.4, SD=3.3) and temporal demand (M=5.7, SD=3.8),
and has high perceived performance (M=5.6, SD=5.6). Mental demand (M=7.8, SD=4.4), effort (M=9.9,
SD=6.1), and frustration (M =8.3, SD=6.6) were somewhat low.

My prior work (Sharif et al.[[2021]]), which is the source of the data for screen-reader users who did not
use VOXLENS, did not administer a NASA-TLX survey with their participants. Therefore, a direct workload
comparison is not possible. However, the subjective ratings from this study could serve as a control for

comparisons in future work attempting to make online visualizations accessible for screen-reader users.

5.4 Summary

In this chapter, I presented an evaluation of the first version of VOXLENS through task-based experiments
and interviews with screen-reader users. VOXLENS significantly improved the interaction experiences of
screen-reader users with online data visualizations, both in terms of accuracy of extracted information and
interaction time, compared to their conventional interaction with online data visualizations. The results

show that screen-reader users considered VOXLENS a “game-changer,” providing them with “exciting new
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ways” to interact with online data visualizations and saving time and effort.

Among other findings, the follow-up interviews show that the participants found sonification helpful in
“visualizing” data. In the next chapter, I shed light on when sonification is helpful for screen-reader users
and when it is not. Additionally, I discuss the factors that improve the usability and user-friendliness of

sonification for screen-reader users.
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Chapter 6

Improving Data Sonification for

Screen-Reader Users™

Chapter [2] discussed the common modalities used to make online data visualizations accessible to screen-
reader users, and Chapter [4] illustrated the three interaction modes of VoxLens. In this chapter, I focus on
data sonification, one of the widely used modalities to explore holistic information from online data visu-
alizations. In particular, I assess the experiences of screen-reader users with data sonification to illuminate
the use cases in which sonification offers the most value in interpreting data from online visualizations.
Additionally, I investigate the usability and user-friendliness of data sonification for screen-reader users. I
present a decision tree for visualization creators to assist them in appropriately using sonification to make
data visualizations accessible. Furthermore, I provide the implementation details of my enhancements to

Sonifier—an open-source JavaScript library that enables developers to sonify online data visualizations.

6.1 Motivation

With the increasing data representation through visualizations comes the critical need to make these visual-
izations accessible to people who may not be able to extract information using visual means (e.g., screen-
reader users) (Marriott et al.| [2021]]; Sharif et al.|[2021]]; [Lee et al.| [2021]]; |Davis| [2002]]). Researchers and

developers have implemented several approaches and strategies to make online data visualizations accessi-

“Parts of this chapter are adapted from |Sharif et al.|[2022c] and (Sharif et al.|[2024a]).
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ble (Sharif et al.| [2022f]; \Giudice et al.| [2012]; Sharif and Forouraghil [2018]]; |Geddes et al.| [2022]; Kim
and McCoy| [2018]]; Shi et al.| [2016]]). Among these techniques is sonification, often referred to as “audio
graphs,” a widely-used approach in conveying data through auditory channels to screen-reader users.

Sonificationg'] are the non-speech audio representations of data visualizations and used to make data
visualizations accessible to screen-reader users (for the Blind| [2023]]; |Walker and Nees|[[2011]]; [Barrass and
Kramer] [1999])). In the past five years (2018 — 2023), at least 518 and 347 paperﬂ on ACM Digital Library
and IEEE Xplore, respectively, utilized, created, or improved data sonification tools across varying domains.
Additionally, commercial products are increasingly and ubiquitously using sonification as an accessibility
technique (Software| [[2023[]; Wall et al.| [2012]]; |Studios|[2011]]). For example, Apple added sonification as a
standard feature across all their devices in their 2021 operating system releases (Apple| [2021b]).

Several prior works have utilized sonification to improve the accessibility of online data visualiza-
tions (Sharif et al.| [2022f]]; [McGookin and Brewster| [2006]]; [Zhao et al.| [2008]]; [Highcharts| [2009]]; |Apple
[2021a]]; /Ahmetovic et al.| [2019b]); S1u et al.|[2022]; Fan et al. [2022]; Holloway et al.| [2022]). Despite it’s
first usage to represent graphs dating back to 1974 (Chambers et al.| [1974]]) and recent wide and plausible
adoption in research (Sharif et al.|[20221]];|Austin and Sorge|[2023]]; Fan et al.|[2022]]; Holloway et al.|[2022];
Hoque et al.[[[2023]]), the use cases where sonification is—and is not—beneficial for screen-reader users re-
main unclear. Additionally, these solutions focus on the utility (usefulness) of sonification to screen-reader
users and provide limited insights into the quality (usability and user-friendliness).

For shedding light on the usefulness and improving the usability of sonification for screen-reader users,
my approach is two-fold. First, I assess the experiences of screen-reader users with sonification when
interpreting data from visualizations and explore the factors that make sonification beneficial for them. My
empirical results show that the participants rarely encounter sonification online and that their experiences
with sonification are often limited to only research studies. I utilized my findings to generate a decision tree
for visualization creators to aid them in using sonification appropriately for making online data visualizations
accessible to screen-reader users.

Then, I examined and improved the usability and user-friendliness of sonified responses from online

data visualizations created using JavaScript libraries (e.g., D3 (Bostock et al. [2011]])). The most relevant

'T use “sonification” synonymously with “audio graphs,” limiting its domain of usage to data visualizations.
21 combined the search results for “sonification” and “audio graph,” accounting for plural terms, too.
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research to this investigation is the exploration by Wang et al. (Wang et al.|[2022a])), in which they examined
the impact of various auditory channels (e.g., pitch, volume) on users’ perception of data and visualization.
I build on their work by investigating the effects of different oscillator waveforms and synthesizers on the
pleasantness and users’ confidence in interpreting simple and complex sonified responses. Further, using
my findings, I extended the functionalities of Soni f ier—an open-source JavaScript library that generates

sonified responses for two-dimensional single-series data (Sharif et al.|[2022fle]]).

6.2 Formative Study

As an initial step toward investigating the usefulness of sonification, I surveyed 106 screen-reader users. |
examined their responses with multiple methods, handling Likert responses with quantitative methods (Mc-
Cullagh| [1980]; McKelvey and Zavoinal [1975]) and open-ended responses with qualitative (Braun and
Clarke|[2006]; |Boyatzis| [[1998]]; [Patton| [[1990])).

6.2.1 Participants

The survey respondents (“participants”) were 106 screen-reader users (M =49.8 years, SD=16.1). I adver-
tised the survey through the National Federation of the Blind (National Federation of the Blind| [[1940]).
Sixty-one identified as women, 38 as men, five as non-binary, and two did not disclose their gender identity.
Sixty participants used JAWS screen reader (Scientific [[1993]]), 25 used VoiceOver (Inc.| [2005]), 17 used
NVDA (Access|[2006]]), and the remaining four used a combination of multiple screen readers. Fifty-nine
participants were blind since birth and 47 had lost vision gradually; 84 participants had complete blindness.
The highest level of education was a doctoral degree for 10 participants, a master’s degree for 34, a bach-
elor’s degree for 34, an associate’s degree for eight, a high school diploma for 18, and pre-high-school for

the remaining two participants.

6.2.2 The Survey

Participants filled out the three-step survey online without supervision that I created using Google Formﬂ

The first step included the purpose of the study, eligibility criteria, data anonymity clause, the definition of

*https://forms.google.com
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Figure 6.1: Average ratings for EF, HF, US, AC, CO, and OR per each familiarity level (PF). 1
recognize these are ordinal values; means and SDs are shown for illustrative purposes only, and inferential
statistics were performed appropriately using ordinal logistic regression, non-parametric ANOVA. Error
bars represent mean + standard deviation. All results are statistically significant (p < .05).

sonification, and an example of sonified output. In step two, I collected demographic information from the
participants. I recorded their gender identity, pronouns, age, screen reader usage, vision level, diagnosis,

age of diagnosis, and education status. I followed guidelines from Spiel er al. (Spiel et al.| [2019])) to inquire

about their gender identities appropriately. In the last step, I asked about their familiarity with sonification
as a binary response (“yes” or “no”). Then, I used a Likert scale ranging from 1 (lowest; e.g., “not at all””)

to 7 (highest; e.g., “extremely helpful”) to get the answers to the following questions on sonification:

1. How often do you encounter sonification? (EF)

2. How helpful do/would you find sonification to extract information from data visualizations? (H F’)
3. How often do/would you use sonification in practice? (U S)

How do/would you perceive the accuracy of information extracted using sonification? (AC')

How confident do/would you feel in their overall understanding of the data from sonification? (CO)

AN

What is your overall rating for sonification’s usefulness? (O R)

Finally, I asked the participants open-ended questions about situations in which they do/would find
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Figure 6.2: Correlogram showing correlations between each pair of EF, HF, US, AC, CO, and OR.

sonification helpful and in which they do/would not. I also asked about their overall opinion on sonification

and their interest in participating in a follow-up interview.

6.2.3 Quantitative Evaluation

I investigated the effect of their prior familiarity with sonification on their Likert responses. My goal was to
distinguish between ratings from participants who had experienced sonification before and those from par-
ticipants who had either never experienced it or only encountered it via examples. I note that responses from
both these groups are vital to provide insights into the usefulness of sonification. Therefore, prior familiarity
was of particular interest to me in this exploration. The independent variable was Prior Familiarity (PF),
having dichotomous levels (“yes” and “no”). I used the questions identified in the subsection above as the
dependent variables (F'F, HF, US, AC, CO, and OR), each having an ordinal representation (1-7). To
analyze the effect of each of these variables on PF, I used ordinal logistic regression (McCullagh| [1980];

McKelvey and Zavoinal [1975]]), a standard technique used for analyzing ordinal response data.
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Table 6.1: Statistical results from the Spearman’s rank correlation analysis of all the variables. “V1” means
Variable 1 and “V2” means Variable 2. p is the Spearman’s rank correlation coefficient. All results with p
<.05 are statistically significant.

V1 V2 P D

co OR .82 <.001
AC OR 81 <.001
AC coO .80 <.001
HF AC 79 <.001
Us OR 78 <.001
HF Us 7 <.001
HF OR a7 <.001
Us AC 5 <.001
HF CcO 70 <.001
Us coO .61 <.001
PF AC .50 <.001
PF CcO 49 <.001
PF OR 47 <.001
PF HF 40 <.001
PF UsS 37 <.001
PF EF .33 <.001
EF coO .30 <.05
EF OR 24 <.05
EF AC .19 .057
EF HF 15 139
EF Us A1 .249
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Prior familiarity (P F’) had a significant effect on all dependent variables, i.e., the Likert responses (1-7)
named above, indicating that each response differs significantly between the two familiarity groups (see
Figure [6.1] for average scores for each dependent variable per each familiarity level).

Overall, 74.6% (IN=41) of the participants with prior familiarity rated sonification at least “somewhat
useful” (5 to 7 on the Likert scale). For participants unfamiliar with sonification, this percentage was only
27.4% (N=14), constituting 47 percentage points (%pt) for OR. Using the same scale for comparison, pp
was identically high for HF' (32 %pt), AC (33 %pt), CO (41 %pt), and US (30 %pt). For EF, it was 5
9opt (12.7% vs. 7.8%), indicating an agreement between the two groups on the low presence of sonification
in online data visualizations.

In addition to examining the effect of prior familiarity, as a secondary exploration, I performed Spear-
man’s rank correlation analysis (Spearman| [1904]) between all the variables to gather further insights.
I found a statistically significant and positive correlation between all variables except for EF and HF
(p=.139), EF and US (p=.249), and E'F and AC (p=.057) (see Table [6.1]and Figure[6.2). I note that cor-
relation does not imply causality but helps determine the linear relationship between the variables. The fact
that many of these responses are correlated suggests an interdependent relationship among these variables
that future work can explore further. For example, taken together, the results show that with an increase in

encountering frequency (F F), participants’ confidence (C'O) in understanding the data also increased.

6.2.4 Qualitative Evaluation

I qualitatively analyzed the open-ended responses from 106 screen-reader users. Specifically, I conducted
a theoretical thematic analysis (Boyatzis| [1998]]) using a semantic approach (Patton| [1990]) and an essen-
tialist paradigm (Potter and Wetherell| [1987]]; [Widdicombe and Wooffitt [[1995]]), following guidelines from
Braun and Clarke (Braun and Clarke| [2006]]). Two co-authors and I coded each response, reaching a high
agreement percentage of 95%. The final analysis converged to a single prominent theme of “useful but only
in the right context.” Overall, the participants accentuated its limited usefulness. For example, P51 and P70,
both of whom had experienced sonification before, found it helpful for a high-level overview and unhelpful

for identifying granular details, respectively:

Better to keep sonification for high-level overview and not to
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over—-complicate them. The audio equivalent of a first glance.

In general, I think this is their best use. (P51)

Where I would need a very specific information, sonification
would not be helpful. I see it more for a general overview and

less for specific data. (P70)

On the other hand, P25 and P26, who had only encountered sonification in examples, classified it as “a
tool with great potential” and a solution that “needs refinement,” respectively.

The findings from the need-finding survey motivated the need to delve further into the use cases in which
screen-reader users do and might find sonification useful. I present the details of the in-depth semi-structured

interviews in this chapter under its respective section.

6.3 Study Design

In this section, I present the in-depth interviews I conducted to assess the usefulness of sonification for
screen-reader users. I also discuss the user study I administered to investigate the usability and user-

friendliness of sonified responses.

6.3.1 In-Depth Interviews

To gather further insight into the experiences of screen-reader users with data sonification, I conducted in-
depth semi-structured interviews with 12 screen-reader users. I present the methodology of the interviews

and discuss the details of the qualitative analysis.

6.3.1.1 Participants

Using the list of respondents interested in participating in a follow-up interview from the survey, I created
two participant pools based on their prior familiarity (P F') with sonification. I excluded participants who
did not provide meaningful responses to the open-ended questions in the survey (e.g., “none” or “n/a”). I
randomly chose six participants from each PF' pool, totaling 12 screen-reader users (see Table S1-

S6 are participants with prior familiarity with sonification and S7-S12 are participants without). Among
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Table 6.2: Gender, age, prior familiarity (“PF”), vision level, and diagnosis of the interview participants.
Under the “G” (Gender) column, M = Man, W = Woman, N B = Non-binary, and “-” means preferred not
to disclose.

G | Age | PF | Vision-Loss Level Diagnosis
S1 M | 55 | Yes | Complete blindness Leber Congenital Amaurosis
S2 W | 50 | Yes | Complete blindness Retinitis Pigmentosa
S3 W | 24 | Yes | Complete blindness Astrocytoma

S4 | NB | 28 | Yes | Complete blindness Leber Congenital Amaurosis

S5 W | 42 | Yes | Complete blindness Glaucoma

S6 - 57 | Yes | Complete blindness Retinopathy of Prematurity

S7 W | 41 | No | Complete blindness | Functional Neurological Disorder
S8 M | 76 | No | Complete blindness Retinitis Pigmentosa

S9 W | 36 | No | Complete blindness Retinopathy of Prematurity
SI0O | W | 65 | No Partial blindness Retinitis Pigmentosa

S11 | W | 72 | No Partial blindness Retinitis Pigmentosa

S12 | M 32 | No | Complete blindness Retinal Detachment

participants with prior familiarity, four identified as women and two as men. Their average age was 53.7
years (SD=19.5). Four had complete blindness, whereas two were partially blind. Four had attained a

master’s degree, and the remaining two participants had bachelor’s and associate’s degrees, respectively.

For participants unfamiliar with sonification, three identified as women, one as a man, one as gender-
fluid, and one preferred not to disclose. All participants were blind, and their average age was 42.7 years
(SD=14.0). The highest level of education was a doctoral degree for two participants, an associate’s degree

for three participants, and a high school diploma for the remaining one participant.

I ceased recruitment of participants once I reached saturation of insights and compensated them with a

$25 Amazon gift card for 45 minutes of their time.
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6.3.1.2 Procedure

I conducted the semi-structured interviews via Zoom using its built-in features to record and transcribe the
45-minute-long sessions with two other co-authors. I took detailed notes during the session. During the
interviews, I inquired about the usefulness of data sonification and future efforts to improve the information
extraction experiences of screen-reader users with sonification. Specifically, I explored the nuances and
intricacies of when sonification is, or might be, helpful in extracting information from online data visualiza-

tions for screen-reader users.

6.3.1.3 Analysis

I'used inductive thematic analysis(Braun and Clarke|[2006]), following a semantic approach (Patton|[[1990]),
guided by an essentialist paradigm (Widdicombe and Wooffitt [[1995]]; Potter and Wetherell| [[1987]]). Using
the first two interviews, I developed an initial set of codes (Ryan et al.| [2000]; Braun and Clarke| [2006]).
Two co-authors and I coded each interview transcript independently, resolving disagreements through mu-
tual discussions. Following Braun and Clarke’s guidelines on thematic analysis (Braun and Clarke| [2006]),
I combined the 41 open codes into 11 axial codes. The final analysis revealed three prominent themes,
which I discuss in the results section below. Following the suggestion by Landis et al. (Landis and Kock
[[1977]), I calculated inter-rater reliability (IRR) using pairwise percentage agreement as well as Krippen-
dorff’s o (Krippendortf [2011]]). The pairwise percentage agreement was 82%, showing a high agreement
between raters (Hartmann|[[1977]]; Graham et al.[[2012]]). Krippendorff’s a was 0.81, indicating a high level

of reliability (Krippendorff| [2018]]), computed using ReCal 3.0 (Freelon|[2010]).

6.3.2 User Study

To assess the usability and user-friendliness of sonified responses, I conducted a user study with 10 screen-

reader users, subsequently interviewing them to gather insights on further improving the sonified responses.

6.3.2.1 Prototypes

I created several sonification prototypes employing different combinations for oscillator waveforms, syn-

thesizers, and partial counts (number of harmonics to generate the waveform). I developed these prototypes
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Table 6.3: Screen-reader participants in the user study, their gender identification, age, screen reader, vision-
loss level, and diagnosis. Under the Gender column, M = Male, F' = Female, and N B = Non-binary.

G | Age | Screen Vision-Loss Level Diagnosis
Reader

P1 M | 57 | JAWS Lost vision gradually Retinitis Pigmentosa
| ) F 38 | JAWS Blind since birth Leber Congenital Amaurosis
P3 F 65 | JAWS Lost vision gradually Retinitis Pigmentosa
P4 F 69 | Fusion Lost vision gradually, Partial vision | Juvenile Macular Degeneration
P5 M | 33 | NVDA Blind since birth Peters Anomaly
P6 M | 37 | JAWS Blind since birth Leber Congenital Amaurosis
P7 F 52 | JAWS Blind since birth Retinopathy
P8 M | 58 | JAWS Lost vision gradually Cataracts and Glaucoma
P9 M | 49 | JAWS Lost vision gradually Leber Congenital Amaurosis
P10 | NB | 26 | VoiceOver | Partial vision Corneal damage

using the Tone . s JavaScript library (Mann|[2020])—a widely-used framework to generate sounds in the
browser. Then, I eliminated the prototypes that users found undesirable through Wizard-of-Oz (Dahlbick
et al.|[1993]; Hajdinjak and Mihelic| [2004]]) and pilot studies. After elimination, the sound types comprised
an oscillator (termed “OmniOscillator” by Tone. js) and a synthesizer (termed ‘“MonoSynthesizer” by
Tone. Js), with both using the square waveform and a partial count of 8. I created a continuous (minimal
time interval between sounds for each data point) and discrete (clear time interval between sounds for each
data point) prototype for each sound type. I used the default settings from the Sonifier library as the
baseline measure. Since the baseline only supports discrete responses, I developed the fifth prototype that
generated a continuous response for the baseline to account for balanced conditions. The final set contained

12 prototypes (including the baseline), six for each Trend Type (simple and complex).
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6.3.2.2 Participants

The participants were 10 screen-reader users (see Table [6.3). Four identified as women, five as men, and
one as non-binary. Their average age was 48.4 (S D=14.4) years. I compensated the participants with a $10

Amazon gift card for 30 minutes of their time. I supervised the user studies online using Zoom.

6.3.2.3 Procedure

For each participant, I played six sonified responses (five prototypes + baseline) for simple trends, random-
izing the order to account for the learning effect. At the end of each sonification, I collected their subjective
ratings for Pleasantness (timbre), Clarity (assessment of the sound to identify the trend clearly), Confi-
dence (user’s confidence in understanding the overall trend), and Overall Score (subjective assessment of
the sound overall, including any factors not mentioned above). I used a Likert scale for subjective ratings,
ranging from 1 (worst) to 7 (best). Then, I asked follow-up questions from the users to gather insights on
the areas of improvement. I followed the same steps for complex trends. The study sessions, on average,

took approximately 30 minutes from start to finish.

6.3.2.4 Design & Analysis

The experiment was a 3 x2x2 within-subjects design with the following factors and levels:

* Sound Type (S): {Baseline, OmniOscillator, MonoSynthesizer}

* Continuity Level (C): {discrete, continuous }

* Trend Type (T): {simple, complex }

I used Pleasantness (PL), Clarity (CL), Confidence (CF), and Overall Score (OS) as the dependent
variables. In the analysis, all the dependent variables were ordinal (on a scale of 1-7). Therefore, I conducted
the analysis using an ordinal logistic regression (Gutiérrez et al. [2015]]; Winship and Mare| [1984]). I also
included Subject, as a random factor to account for repeated measures. I tested the participants over

3x2x2=12 conditions, resulting in 12x10=120 total trials.
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6.4 Results

In this section, I present the results from the in-depth interviews and the user study with screen-reader users.

6.4.1 In-Depth Interviews

I present the findings from the qualitative analysis of the semi-structured interviews with 12 screen-reader
users. [ identified three themes: (1) “Needle in a Haystack,” (2) “Keep it Simple, Sonifier,” and (3) “Sugges-
tions to Improve Sonification’s Effectiveness.” I discuss each of these themes in turn. Additionally, I append
“+” and “-” to the participants’ identifiers for ease in recognizing which participants had prior familiarity
with sonification and which did not, respectively. These results form the basis for the decision tree I present

in the next section.

6.4.1.1 Needle in a Haystack

In the survey, 63% of participants answered “never” when asked about how often they encounter sonification
in online data visualizations. This finding was also a prevalent theme in the interviews. The findings show
that the participants had seldom encountered sonification before, mostly only in research studies. S3+ and
S4+ expressed that they have not experienced sonification often in online data visualizations, attributing to

it being a “newer technology” (S3+) and not “mainstream” (S4+):

It seems like it’s a newer technology, so it’s not in practice
quite yet. Because I think the first time I heard of

sonification was through a podcast. (S3+)

I don’t really think sonification is at all mainstream. Like,
you know, data visualizations are super common, super used, but

sonification, I find not very often. (S4+)

On the other hand, S5+ and S2+ shared that their familiarity with sonification was only through partici-

pating in research studies:
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Actually, a few years ago when the pandemic was starting, I did
participate in a focus group where sonification was used in a
chart for COVID-19, and I found that really helpful and
interesting. So I guess the last time I interacted with was

maybe three years ago. (S5+)

I encounter it maybe once every few months in a couple of
studies that were investigating sonification for different

purposes. (S2+)

6.4.1.2 Keep it Simple, Sonifier

The title of the second theme is inspired by the KISS principle (“keep it simple, stupid”) (Alwin and Beattie
[2016]). In interviews with participants, I found that sonification helps interpret the data in online visual-
izations when used to provide an overview of the data, particularly data trends. For example, S4+ and S12-

expressed the usefulness of sonification to obtain an overview of the data and the data trend, respectively:

I think it has to stick to, like, if you’re just trying to give
somebody an overview. And that’s it, that’s kind of all you

can do with sound. If you try to really explain lots and lots
and lots and then it just becomes too hard and too complicated

to understand. (S4+)

It would be generally useful if you could hear a trend. Like
if, for example, work gave me income breakdowns for every
single week, and instead of me having to look through all of
it, i1f I could sonify that, and it played a sound of where the
income’s going up or when it’s going down, that would be

helpful for me. (S12-)

On the other hand, the participants expressed concerns regarding using sonification for comple data

“I use the term “complex” based on the factors mentioned in prior work (Kosslyn| [[1989]; |Pinker| [1990]; |Lewandowsky and
Spence| [1989]; Trafton et al.|[2000]), including data dimensionality, series, cardinality, and users’ cognitive load.
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and visualizations. For example, S7- and S4+ did not find sonification helpful for understanding the data at

a granular level, especially when extracting specific data points:

Basically, sometimes it’s the visualization that’s difficult to
understand, and sometimes it’s the data. So a lot of things
come into play. Sometimes even a simple scatter plot might
have data that is really complex to interpret a simple summary
out of it. So, I think if anything is going to be super
complex, that would make it wvery challenging to understand

sonification. (§87-)

But say you wanna know more than Jjust the general trend, you
wanna actually know where all the data points are. But just
something that gets harder to just represent with, like, one
beam of sound. It’s more so how much you personally wanna
delve into that data that dictates whether sonification is

going to be useful or not. (S4+)

Interestingly, while the participants considered sonification beneficial for “simple” data (easily inter-
pretable via sound), they did not find it helpful for data that was “too simple” (e.g., of low cardinality). For

example, S5+ preferred data to be relayed via text or tables when data points were very few.

Probably a simple chart that only had a few points, then that'’s
not very helpful. Because if the alternative text was already
there or the table and there wasn’t too much to the chart, then
there’s really no need to have the sonification. I think that

information could be relayed through other means. (S5+)

6.4.1.3 Suggestions to Improve Sonification’s Effectiveness

Despite the low encounter frequency of sonification solutions online, the participants overall felt positive

about it as a technique to make online data visualizations accessible for screen-reader users. Additionally,
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they identified avenues to enhance the utility of sonification. For example, several participants indicated that
sonification would have increased usefulness when combined with other modalities, such as alternative text
or data tables. S9- emphasized the need for other modalities, and S3+ suggested providing a summary of

the data and an explanation of the response through other modalities (such as alt-text):

So, just as a blind person, you would want to have multiple
modalities so you can use sonification when you think it’s
appropriate and then turn it off and just use something else

like alt-text. (59-)

Basically, you’re given a little bit of a summary about the
graph and then explained what the sonification would mean, such
as the higher pitches mean the higher data, or lower pitches
mean the lower values. It gives users a better understanding

of the graphs that they’re looking at. (S3+4)

Additionally, similar to prior work (Sharif et al.| [2022c])), the participants identified the need to make
sonification customizable to cater to screen-reader users’ individual preferences and discussed the benefits

of customization. For example, S9- considered customization important for her interaction needs:

Customization’s so important to me. I don’t know if a sighted
interface is like that, but I’d like sonification to be like
that, where you can customize it however you want. Like,

sounds, speed, all that. (S9-)

Specifically, the participants identified the need to have the ability to turn the sound on or off and pause
it when needed. In addition, they deemed it essential to select the pitch, frequency, and speed of the sound.

S11-, S1+, and S7- all discussed the necessity of these features:

So, 1f there were some kind of well-labeled and easy-to-find
buttons on the screen that the blind person could either hit or

touch on the phone screen, they could pause the sonification
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and then hit the button to give, maybe the specific data point

number or more information or whatever, you know. (S11-)

We would like to set the pitch to whatever we want. Like a
variable frequency oscillator, right? I tune the dials a bit
different than my sighted colleagues. But every man is

different. Every guy has a different ear tolerance. (S1+)

I think it would be really cool because like even with
VoiceOver and JAWS, we have ways that we can do different
voices and we can make it all at different speeds and stuff,
and we can speed it up or slow it down or change it in between.
I think that would be really neat to be able to make

sonification customizable. (S7-)

Finally, the participants accentuated the importance of learnability, highlighting that learning sonifica-

tion can sometimes have a big learning curve and may need practice. S8- shared his thoughts:

This is the kind of thing that takes practice. See, two things
have to change here. The computer has to change, but the human
has to change also. So I have to learn a different way of

understanding data. I could do it well with practice. (S8-)

Overall, the findings show that sonification has a limited presence in online data visualizations, would
be more helpful in providing overviews of data than granular explorations, and could be improved with

customization features and resources to help learnability.

6.4.2 User Study

I present the results of the user studies assessing Pleasantness (PL), Clarity (CL), Confidence (CF), and
Overall Score (OS) of sonified responses. Additionally, I offer the findings on areas of improvement for

sonified responses from the follow-up interviews.
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Figure 6.3: Average scores per Continuity Level and Trend Type for each Sound Type for (a) Pleasantness,
(b) Clarity, (c) Confidence, and (d) Overall Scores. Baseline was a sawtooth waveform OmniOscillator,
Prototype 1 was a square waveform OmniOscillator, and Prototype 2 was a square waveform MonoSynthe-
sizer. Subjective ratings were collected using a Likert scale ranging from 1 (worst) to 7 (best).

6.4.2.1 Pleasantness (PL)

The results show a significant main effect of S (x2(2, N=10)=12.15, p<.05, Cramer’s V'=.42) on PL overall,
indicating that PL was significantly different between the three S' groups. Overall, the sonified responses
from OmniOscillator with square waveform and discrete continuity level outperformed the other prototypes
(M=4.65). C (p =~.844) and T (p =.122) did not have a significant main effect on PL. Figure @ and

Table[6.4] show average P L scores for each independent variable.

6.4.2.2 Clarity (CL)

I found a significant main effect of C' (x?(1, N=10)=11.03, p<.001, Cramer’s V = .40) and T (x*(1,
N=10)=22.83, p<.001, Cramer’s V=.57) on C'L overall. This result indicates that C'L was significantly

different between discrete and continuous sounds and also between simple and complex trends. On average,
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Table 6.4: Overall average scores for each sound type per continuity level. PL represents Pleasantness, C'L
represents Clarity, CF represents Confidence, and OS represents Overall Score. Highest average scores for
PL,CL,CF,and OS are shown in bold.

Average Scores

Sound Type (5) Continuous | PL | CL | CF | OS
No 335|515 | 5.10 | 3.90
OmniOscillator with sawtooth waveform (Baseline)
Yes 395 | 455|470 | 3.75
No 4.65 | 5.05 | 5.20 | 4.65
OmniOscillator with square waveform
Yes 430 | 450 | 4.85 | 4.05
No 3751495 | 515|420
MonoSynthesizer with square waveform
Yes 320 | 4.15 | 458 | 3.80

the Baseline had the best scores (M=5.15). S (p ~.476) did not have a significant main effect on C'L. 1

show the average scores for C'L in Figure[6.3]and Table[6.4] for each independent variable.

6.4.2.3 Confidence (CF)

C (x*(1, N=10)=6.36, p<.05, Cramer’s V=.30) and T' (x?(1, N=10)=42.34, p<.001, Cramer’s V'=.78) had a
significant main effect on C'F’, indicating that C'F' significantly differed between simple and complex trends
as well as discrete and continuous sounds. Similar to P L, the sonified responses from OmniOscillator with
square waveform and discrete continuity level had the best overall average scores (M =5.20). I did not find a
significant effect of S on C'F' (p ~.726). The average scores for C'F' are shown in Figure [6.3]and Table

for each independent variable.

6.4.2.4 Overall Score (OS)

The results show a significant main effect of 7" on OS overall (Xz(l, N=10)=7.16, p<.05, Cramer’s VV'=.32).
This finding indicates that O.S significantly varied between the simple and complex trends. OmniOscillator
with square waveform and discrete continuity level performed the best compared to the other prototypes
(M=4.65) on average, similar to PL and CF. I only found a marginal effect of S (p ~.090) and C
(p ~.098) on OS. 1 display the average scores for OS' in Figure[6.3|and Table [6.4]for each variable.
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Figure 6.4: Directed acyclic graph (decision tree) to assist visualization creators in deciding to use sonifica-
tion as a standalone accessibility technique for their data visualizations. Textual description of the decision

tree is present in Section[6.5.3]
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6.4.2.5 Areas of Improvement

The participants recognized three areas of improvement for sonification: (1) Personalization (customiz-
ing the auditory output for factors including speed and frequency); (2) Identification of extrema/outliers
(identifying the maximum and minimum data points); and (3) Multi-modality (using a combination of dif-
ferent instrument sounds together with different frequencies to amplify the distinctions between data points).
Among these findings, (1) motivates my work on enabling screen-reader users to customize their information

consumption from online data visualizations. I discuss this work in Chapter [9]

6.5 Decision Tree

Utilizing the findings from the formative study and semi-structured interviews with screen-reader users, I
developed a decision tree for visualization creators to assist them in appropriately choosing sonification to
make online data visualizations accessible. Specifically, the decision tree considers the nuances discovered

in the studies, serving as a recommendation tool for visualization creators. Figure shows the tree.

6.5.1 Accessibility Measures

Following WCAG 2.1 (Caldwell et al.|[2018]]), I chose a color-vision-deficiency-friendly color palette using
ColorBrewer 2.0 (Brewer et al.| [2021]]) and ensured the color contrast ratio was at least 4.5:1 using the
WebAIM Contrast Checker (Web Accessibility In Mind| [[1999])). I also present a textual description of the

decision tree below as an effort to make this visual content accessible to screen-reader users.

6.5.2 Usage

Visualization creators can use this decision tree to decide if providing data sonification would be helpful
for screen-reader users. For example, for a stock market data visualization, a visualization creator would
first determine the data cardinality to decide using sonification. For low cardinality, they can use alternative
text or tables instead. Otherwise, they can move to the next step in the decision tree to determine if the
visualization shows a trend. If the trend is easily interpretable, and the creator has communicated axis labels,

values, and ranges to the user, they can use sonification as a standalone accessibility technique. Otherwise,
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they can use sonification in conjunction with other modalities.

6.5.3 Textual Description of Decision Tree

The decision tree begins with the Start Terminator symbol containing the text: “Should I use sonification?”
A single arrow originates from it, connecting it with the Decision symbol D1 containing the text: "Does
the data have low cardinality?” The “yes” arrow from D1 points to an End Terminator symbol that reads,
“Not Recommended (use alt-text or tables instead).” Two “no” arrows originate from D1, connecting it
with the Decision symbols D2 and D3, which read, “Does the sonification provide data overview or trend?”
and “Is the data/graph complex? (e.g., 3-D),” respectively. The “yes” arrow from D2 connects it with the
Decision symbol D4 that reads, “Does the data portray a trend?”” The “no” arrows from D2 and D4 connect
them to D3. The “yes” arrow from D4 connects it with Decision symbol D5, which reads, “Is the trend
clear and easily interpretable?” The “no” arrow from D5 and “yes” arrow from D3 both lead to Decision
symbol D6, which contains the text “Are other modalities present?” The “yes” arrows from D5 and D6
and the “no” arrow from D2 all connect to the final Decision symbol D7, which reads, “Are the axis labels,
values, and ranges communicated to the user?” The “yes” arrow from D7 leads to the End Terminator that
reads “Recommended.” The “no” arrows from D6 and D7 both connect them with the End Terminator that

contains the text “Not Recommended (use [with] other modalities).”

6.6 Sonifier Library Enhancements

Sonifier is an open-source JavaScript library that I developed to generate a sonified response from two-
dimensional single-series data (Sharif et al.| [2022fle]) (discussed in Chapter [3)). Utilizing the findings from
the user studies with screen-reader users, I enhanced the Sonifier library by (1) supporting additional
sound types, and (2) modifying its default settings to those from the best-performing prototype.

I refactored and modularized the code to enable developers to create sonified responses using addi-
tional sound types, including MonoSynthesizers and Envelopes. (Previously, the Sonifier library only
supported the creation of sonification using an OmniOscillator.) I further improved the customization for
OmniOscillator by adding more configuration options, including “sourceType” (source of the oscillator; e.g.,

am), “baseType” (waveform of the oscillator; e.g., sawtooth), and “partialCount” (number of harmonics to
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generate the waveform, ranging from 1-32).
Additionally, I modified the default settings of the library based on the findings. Specifically, I changed
“sourceType” to am, “baseType” to square, and “partialCount” to 8. I made the code publicly available at

the Sonifier library’s open-source repository (Sharif et al.| [2022¢])).

6.7 Summary

In this chapter, I presented the assessment of the experiences of screen-reader users with sonification through
a survey of 106 screen-reader users and semi-structured interviews with 12 screen-reader users. The find-
ings show that sonification is a helpful technique for obtaining an overview of the data but not for exploring
data granularly. The results also show that screen-reader users seldom encounter sonification in online data
visualizations and usually only encounter it during research studies. The findings indicate that participants
who have encountered sonification are generally positive and optimistic about its usefulness and potential,
suggesting it is underutilized and should be incorporated more widely into online data visualizations of the
appropriate type. To aid in understanding when sonification is beneficial as a standalone accessibility mea-
sure for data visualizations, I presented a decision tree to assist visualization creators in using sonification
to make data visualizations accessible to screen-reader users.

Additionally, I investigated the usability and user-friendliness of sonified responses for screen-reader
users via user studies. The results show that screen-reader users preferred distinct and non-continuous soni-
fied responses generated using oscillators with square waveforms. Additionally, the follow-up interviews
show that the participants identified the need to personalize the sonified responses. I utilized the findings
to enhance the capabilities of Sonifier (Sharif et al.| [[2022e]])—an open-source library that generates

sonified responses from two-dimensional data.
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Chapter 7

Drilled-Down Information Extraction™

In contrast to Chapter [5] which presents holistic information extraction for screen-reader users, this chapter
discusses drilled-down experiences of screen-reader users with simple and complex online data visualiza-
tions. Specifically, in this chapter, I describe the formative studies I conducted to create an enhanced version
of VOXLENS (version 2.0) to support screen-reader users in extracting information granularly from online

data visualizations. I present this VOXLENS version’s design, implementation, and evaluation.

7.1 Motivation

Data visualizations assist users in extracting information efficiently, helping people make informed life
decisions concerning their health, finances, and activities. Recent work in politics (Zhao and Yel [2022];
Kubovics and Bielik [2021]]), health (Zheng et al.|[2021]]; Grosjean et al.|[2022]; Patrick and Junaini| [2021]),
finance (Tuarob et al.|[2021]]; |[Er and Sun| [2021]]), and business analytics (Biagi et al.|[2022]; Zhang et al.
[2021]]) indicate the importance and wide adoption of online data visualizations.

However, the essential visual nature of data visualizations inherently disenfranchises people who cannot
see (Marriott et al.|[2021]]; [Lee et al.|[2021]; Sharif et al.|[2021]]; Davis|[2002]]). These people include people
who use screen readers (over 7.6 million people in the United States) to read the contents of their computer
screens. In contrast, non-screen-reader users can explore data visualizations by rapidly interpreting visual

patterns (Marriott et al| [2021]]; |Acarturk and Habel [2012]; (Gegenfurtner et al.| [2011]]). Prior work has

“Parts of this chapter are adapted from Sharif et al.[[2023b].
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reported that alternative textual descriptions (“alt-text”) for visualizations are often missing (Sharif et al.
[2021]]; Zong et al.| [2022]]). In cases when alt-text is present, screen-reader users spend 211% more time
and are 61% less accurate in extracting information than their non-screen-reader user counterparts (Sharif
et al.| [2021]). Therefore, it is essential to find ways to make online data visualizations more accessible,

efficient, and usable to screen-reader users.

Several prior works have attempted to improve the accessibility of online data visualizations (Sharif and
Forouraghi| [2018]]; [Kim et al.| [2021a]]; |]Ahmetovic et al.| [2019b]; |Giudice et al.| [2012]]; |Shi et al.| [2016];
Kim and McCoy| [2018]); [Sharif et al.|[2022f]]), such as by auto-generating alt-text (Sharif and Forouraghi
[2018]]; Mirri et al| [2017]]; [Kim et al.| [2021a]) and enabling verbal information extraction (Sharif et al.
[20221]]). While these tools contribute to the accessibility of online visualizations, they either focus on
simple graphs (e.g., single-series bar graphs) or the extraction of mainly high-level (“holistic”’) information,
such as extrema and averages. Therefore, their granular (“drilled-down”) interactions, besides extracting

and comparing individual data points, especially with complex visualizations, remain unexploredﬂ

I employed a three-step process to explore drilled-down information extraction by screen-reader users
from online data visualizations. First, I aimed to understand the granular information screen-reader users
seek from simple and complex online data VisualizationsEI Then, I utilized these findings to develop tax-
onomies of the information sought by screen-reader users during their holistic and drilled-down explorations.
Finally, using the taxonomies, I created an enhanced version of VOXLENS (Sharif et al.| [2022f]]) by sup-

porting granular information extraction for screen-reader users.

My evaluation of the enhanced version shows that screen-reader users performed 5.6% more accurately
than non-screen-reader users. (By contrast, using the original version of VOXLENS, screen-reader users
performed 15% less accurately than non-screen-reader users (Sharif et al.| [20221]).) Additionally, these
enhancements made VOXLENS a “promising tool”, helping users extract information quickly and accurately

from online data visualizations.

'T use the term “drilled-down” in line with its usage in the domain of accessible visualizations (Sharif et al.|[2021|[2022f]; |Zong
et al.|[2022]), as this term can have different meanings in different domains.

“I use the terms “simple visualizations” to refer to single-series bar graphs and “complex visualizations” to refer to geospatial
maps and multi-series line graphs.
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Figure 7.1: Sample visualizations shown to participants during our longitudinal study. Plots (a) and (b)
show single-series bar graphs, (c¢) and (d) show geospatial maps, and (e) and (f) show multi-series line
graphs. For each visualization, we show a question (“Q”) that at least one participant asked during their
interaction with it and the answer (“A”) that our system, VOXLENS, responded with.
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Table 7.1: Screen-reader participants in the role-playing study, their gender identification, age, screen
reader, vision level, and diagnosis. Under the “G” (Gender) column, M = Man, F' = Woman, and NB
= Non-binary.

G | Age | Screen | Vision-Loss Level Diagnosis
Reader

Pl | M| 36 JAWS | Complete blindness, Blind since birth Leber Congenital Amaurosis
P2 | M |58 JAWS | Complete blindness, Lost vision gradually | Cataracts and Glaucoma
P3 | M |49 JAWS | Complete blindness, Lost vision gradually | Leber Congenital Amaurosis
P4 | M | 32 NVDA | Complete blindness, Blind since birth Peters Anomaly
P5 | W |32 NVDA | Complete blindness, Blind since birth Retinopathy of Prematurity
P6 | W | 65 JAWS | Complete blindness, Lost vision gradually | Retinitis Pigmentosa
P7 | W | 68 Fusion | Partial blindness, Lost vision gradually Stargaart’s Maculopathy
P8 | W | 69 JAWS | Complete blindness, Blind since birth Retinopathy of Prematurity
PO | W |52 JAWS | Complete blindness, Blind since birth Retinopathy of Prematurity
P10 | W | 38 JAWS | Complete blindness, Blind since birth Leber Congenital Amaurosis
P11 | W | 47 JAWS | Complete blindness, Lost vision gradually | Meningitis, Optic Neuropathy
P12 | W | 57 JAWS | Complete blindness, Lost vision gradually | Retinitis Pigmentosa

7.2 Formative Research

I conducted role-based and longitudinal user studies (Buchenau and Suri| [2000]]; Lewis-Beck et al.| [2003]])
with 12 and seven screen-reader users, respectively, to understand their information needs from online data
visualizations. Utilizing these findings, I generated taxonomies of the information sought by screen-reader
users for their holistic and drilled-down interactions. First, I present the methodology and results from the

role-based and longitudinal user studies. Then, I discuss the process of taxonomy development.

7.2.1 Visualizations Selection

I selected three types of data visualizations based on their wide usage online: (1) single-series bar graphs;
(2) multi-series line graphs; and (3) geospatial maps. 1 curated a set of 30 online data visualizations (10

for each type) based on the search results for “most popular data visualizations” and “most popular map
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visualizations” on Google. Figure shows three of the 30 visualizations used in the longitudinal study.

7.2.2 Role-Playing User Study

I conducted a Wizard-of-Oz (Dahlbick et al.|[[1993]];[Hajdinjak and Mihelic|[2004])) role-based user study (Buchenau
and Suri/[2000]; Lewis-Beck et al.| [2003]]) with 12 screen-reader users, acting as the “wizard” and simulat-
ing responses from a hypothetical screen reader. My goal was to elicit diverse perspectives and motivations
for screen-reader users to perform information extraction granularly from online data visualizations. Build-
ing on and following recommendations from prior work (Liang and De Graaf]| [2010]]; [Hunt| [[1982]; [Martin
[1991]), I identified three roles that provided in-depth perspectives: (1) explorer; (2) teacher; and (3) news
reporter. I was unsuccessful at finding screen-reader users who were actual teachers or news reporters, as is
often the case with recruiting disabled participants, particularly those with specialties (Petrie et al.| [2006]).

Therefore, I used role-playing in the user study.

7.2.2.1 Participants

The participants were 12 screen-reader users (M=50.3 years, SD=13.6), recruited via word-of-mouth,
snowball sampling, and advertisements through email distribution lists for disabled people (see Table[7.1).
All but one participant had complete blindness; six participants had been blind since birth, and five had lost
their vision gradually. The recruitment of participants ceased after reaching saturation of insights, as in prior
work (Wyche and Grinter|[2009]; [Sharif et al.|[2021} [20221]). Participants received a $20 Amazon gift card

for one hour of their time.

7.2.2.2 Procedure

I conducted hour-long user studies with the participants using Zoom videoconferencing and collected their
demographic information. I took detailed notes during the sessions. I utilized Zoom’s built-in features
for recording and transcribing sessions. First, I presented participants with a summary of the visualization
generated using the Summary mode from VOXLENS (Sharif et al. [2022f]) to provide them with a holistic
overview of the data. Then, I had the participants explore the data in the visualization by verbally asking

questions, to which I responded as a “wizard,” replicating the behavior of the Question-and-Answer mode of
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Table 7.2: Screen-reader participants in the longitudinal study, their gender identification, age, screen
reader, vision level, and diagnosis. Under the “G” (Gender) column, M = Man, W = Woman, and NB
= Non-binary.

G | Age | Screen | Vision-Loss Level Diagnosis
Reader

LT | M |43 JAWS | Complete blindness, Blind since birth Microphthalmia
L2 | M |57 JAWS | Complete blindness, Lost vision gradually | Retinitis Pigmentosa
L3 | M |59 JAWS | Partial blindness, Lost vision gradually Cataracts and Glaucoma
L4 | M | 49 JAWS | Partial blindness, Lost vision gradually Leber Congenital Amaurosis
L5 | W |39 | JAWS | Complete blindness, Blind since birth Leber Congenital Amaurosis
L6 | W |53 JAWS | Complete blindness, Blind since birth Retinopathy of Prematurity
L7 | W | 37 | JAWS | Complete blindness, Blind since birth Leber Congenital Amaurosis

VOXLENS. Each participant interacted with nine visualizations randomly selected from the 30 visualizations

I curated (three of each type). I randomized the order of the visualizations across participants.

I randomly assigned each participant a unique role (explorer, teacher, news reporter) for each of the
three visualizations in each visualization type. As an “explorer,” the participants interacted with the vi-
sualizations based on their curiosity and interests; as a “teacher” and “news reporter,” they had to extract
information assuming they were to present it to their students and news audience, respectively. I explained
the definitions of these roles to the participants before the study. Hence, each participant took on each role
three times. Participants did not portray any difficulty in assuming the roles. I counterbalanced the order
of roles across participants. On average, the participants spent approximately five minutes interacting with

each visualization.

7.2.3 Longitudinal Study

I conducted a longitudinal study with seven screen-reader users to gain further insights into their holistic and
drilled-down information extraction behaviors. The study with each participant lasted 12 days, including a

tutorial session and an hour-long follow-up interview.
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7.2.3.1 Participants

The participants were seven screen-reader users (M =48.1 years, SD=8.7), recruited similarly to the role-
based user study (see Table[7.2). Five had complete blindness, four of whom had been blind since birth. I

compensated people with a $230 Amazon gift card for participating in the longitudinal study of 12 days.

7.2.3.2 Procedure

On the first of 12 days, the participants took part in a tutorial session I administered using Zoom videocon-
ferencing, in which I asked them to share their screen and computer sound. They interacted with a sample
visualization using all modes of VOXLENS until they were comfortable. I used these modes because they
were commonly used (Sonification and Summary modes) or a new interaction technique (Question-and-

Answer mode) to make online data visualizations accessible.

On days 2-11, I asked the participants to interact daily with my curated visualizations using all three
VOXLENS modes and extract information from the visualizations. All participants interacted with three
visualizations per day (one of each type). Therefore, each participant interacted with 30 different visualiza-
tions, spending approximately 10 minutes with each visualization. I logged their interactions, including any
queries or commands they issued to VOXLENS and the responses they received. Additionally, at the end of
a participant’s interaction with each visualization, I asked them to summarize the information they extracted
from the visualization. All sessions were unsupervised. On the 12th and final day of the study, I conducted
hour-long follow-up interviews. Specifically, I asked participants about their overall experiences with each

type of visualization.

7.2.4 Data Analysis

I used a mixed-methods approach to analyze the data. Specifically, I employed both quantitative and qual-
itative methods to analyze the data from the role-based and longitudinal user studies. The primary sources

of data were the interaction logs from VOXLENS and the semi-structured interviews.
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7.2.4.1 Quantitative Analysis

My goal was to explore differences between the commands issued and the effects of different visualiza-
tion types on the information sought by screen-reader users. Therefore, the independent variables were
Command Issued (C M Dﬂ representing the information sought by screen-reader users, and visualization
type (VT'). Count (CNT) was the dependent variable, calculated as the number of times each participant
issued a command per chart type. I employed a mixed Poisson regression model (Gilmour et al.| [1985])
to analyze C'NT, as is standard practice for count data. Additionally, I included Subject, as a random

factor (Frederick| [1999]) to account for repeated measures on the same participants.

7.2.4.2 Qualitative Analysis

I used semantic thematic analysis (Patton| [1990]; Maguire and Delahunt| [2017]]) to analyze the interview
sessions from the role-playing and longitudinal studies. I employed Braun and Clarke’s (Braun and Clarke
[2006])) “essentialist” method for the thematic analysis, combining 33 initial codes into 18 axial codes. I sep-
arated the axial codes for each exploration type (holistic and drilled-down). Each exploration type contained
nine axial codes. Finally, I classified the axial codes into two broader categories within each exploration
type. Additionally, I calculated inter-rater reliability, expressed as percentage agreement among raters be-
fore resolving disagreements (Hartmann| [[1977]]). The percentage agreement was 90.1%, demonstrating a

high level of agreement between raters (Hartmann| [1977]]; \Graham et al.|[2012]).

7.2.5 Quantitative Results

Command Issued (CM D) had a significant effect on Count (CNT) (x2(10, N=1370)=8336.1, p<.001,
Cramer’s V'=0.93). Specifically, the most issued command was the Value command, issued 28.6% of the
time to extract the value of an individual data point.

I also examined the interaction between Command Issued and Visualization Type (CMD x VT), finding
a significant effect (x2(20, N=1370)=5640.7, p<.001, Cramer’s V=0.77). For a Single-Series Bar Graph,
Factor was the most issued command (26.7%); for Multi-Series Line Graph and Geospatial Map, it

was Average (22.0%) and Value (46.4%), respectively. (The Factor command enables users to get

3Full list of VOXLENS commands is present in Table Chapter
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information about the independent and dependent variables.)

7.2.6 Qualitative Results

I present the findings for each exploration type (holistic and drilled-down) and discuss the taxonomy devel-

opment process.

7.2.6.1 Holistic Exploration

Screen-reader users look for holistic information in data visualizations as an initial step before exploring
data in detail (Sharif et al.|[2021]). I identified two high-level categories for screen-reader users’ holis-
tic explorations: (1) Summary Statistics and (2) Understanding Trends. To obtain summary statistics, the
participants looked for extrema, averages, axis ranges, factor levels, medians, and sums (in that order of

frequency). For example, P9 compared the maximum and minimum data points, the two “extremes”:

I would definitely write down the minimum and the maximum data

point. So then I can compare the two extremes. (P9)

Similarly, P4 was interested in learning about the average of COVID-19 cases in North America:

What’s the rough average in North America? (P4)

The participants also sought data trend information. Specifically, they looked for overall trend, best-fit

line, and correlation coefficient. P12 looked for “visual representation” of the data:

What I would do is ask for some type of sonification of that

graph that’1ll let me get a visual representation of it. (P12)

Overall, these findings show that screen-reader users look for summary statistics and data trends to
explore the data holistically. In the role-playing and longitudinal user studies, extrema were the most com-

monly sought information.
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7.2.6.2 Drilled-Down Exploration

The user studies revealed that screen-reader users perform drilled-down explorations by extracting and com-
paring data points. These explorations were straightforward for single-series data (bar graphs, geospatial
maps) with at most one independent factor. However, for multi-series data with multiple factors (i.e., multi-
line graphs), participants not only performed the extraction and comparison within but also across different

factors. For example, in a graph of housing prices over 10 years per U.S. state, participants looked for:

* Extraction; within factors: The data for a given state (e.g., Texas housing price average).

» Comparison; within factors: The data for a given state compared to another state (e.g., Texas vs.

Oregon).

» Extraction; across factors: The data for a given state in a given year (e.g., Texas 2017).

* Comparison, across factors: The data for a given state in a given year compared to another year for a

different state (e.g., Texas 2017 vs. Oregon 2019).

The participants categorized data as regional, political, climate-related, population-related, and spoken-
language-related to extract information from geospatial data. For example, P1 was interested in finding the

United States traffic congestion differences between eastern, western, northern, and southern regions:

I mean, 1is there a difference between the west and the east or

north and south? (Pl)

Similarly, P2 categorized the data by political spectrum and P10 was interested in climate categorization:

The federal funding... What happened when the Republicans were
in power and when the Democrats were in power? That would be

interesting to check out. (P2)

Usually, there’s not much information presented about that in
maps, but I would like to see how states compare with climate,

I mean cold, hot, whatever. (P10)
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Table 7.3: Taxonomy of the holistic information screen-reader users seek when exploring online data visu-
alizations. Information types within each category are in descending order based on their sought frequency.
For each information type, the “Query” column shows some of the questions that the participants asked.

Category Information Type Query

What country has the highest number?

Extremum What month was the stock market doing the best?

Which country had the lowest overall in 2020?

What is the national average?

Average What is the rough average of data in North Amer-
ica?

What is the average of the top ten countries?

Can you tell me what is the x-axis?

Axis Ranges What is the y-axis?

Summary Statistics What month does it start at and what month does it

end?

What countries are included in this graph?

Factor Levels How many companies are in the graph?

What are the states in this graph?

What’s the median?

Median Tell me the median score

What is the exact median?

What is the total for each year?

Sum Can you tell me the total amount for 2020?

How about the sum of all states?

How many companies have gone down in price?

Overall Trend Could I have some type of sonification of the graph?

) Is the United States currently going up?
Understanding Trends

What is the best fit line for the United States?

Best-Fit Line
Which line of best fit has the highest slope and lowest

slope?

Correlation Coefficient | Can you tell me the correlation coefficient?

135



Table 7.4: Taxonomy of the drilled-down information screen-reader users seek when exploring online data
visualizations to extract and compare data points. Information types within each category are in descending
order based on their sought frequency. For each information type, the “Query” column shows some of
the questions that the participants asked. Under the Categorization category, Regional, Political, Climate-
Related, Population-Related, and Spoken-Language-Related were applicable to geospatial maps, whereas
Factor-Levels-Related was only applicable to multi-series line graphs.

Category Information Type Query

Is there a difference between the east and
west, or the north and south?

Is there a continent that has a higher life ex-

Regional (Geospatial)
pectancy?

Tell me the values of the Southern states as
opposed to the Northwest.

How is California doing now, 10 years ago,
and 20 years ago?

Factor-Levels-Related (Multi-series) How was Texas between 2010 and 20157

Can we filter out the data to only Apple and
Walgreens?

How do the trends during the Demo-
cratic presidential campaigns compare to
the trends during Republican presidential
campaigns?

Categorization

Political (Geospatial)
Do socialist countries have higher rates?

When Republicans were in power, did they
increase compared to when Democrats were
in power?

Do warmer climate states have higher val-

Climate-Related (Geospatial) ues?

How are colder places compared to warmer
places?

Can you compare these two states by popu-

Population-Related (Geospatial) lation?

Do the states with larger population have
higher traffic rates?

Can we compare Spanish speaking countries

Spoken-Language-Related (Geospatial) | ,, ,p, English speaking countries?
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Which countries are in the top 5%?

What are the five top countries in Western

Top Europe?
I'd like to see them all in order from the
highest to the lowest.
What are the bottom 10 companies in the
Ranking Bottom graph?

What about the second and third lowest?

Can we organize from lowest to the highest?

Which ones are in the middle?

What are the three countries that are closest

Surrounding Average to the average?

What’s the distribution, the countries around
the average.

I found that the participants performed categorization by factor levels for multi-series data. P2 wanted

to categorize the alcohol consumption data for Canada every five years:

What is the number in Canada for the past five years? Like, by

five-year increments? (P2)

I also found that screen-reader users ranked data based on the top, bottom, and near-average values. For

example, P2 was interested in the average housing prices for U.S. states in 2021:

Well, I would like to get an order of the lowest to the

highest, so I can maybe organize this in my head. (P2)

The findings show that screen-reader users categorize and rank the data to extract and compare data
points. I found regional and factor-level categorization the most frequently sought information for geospatial

and multi-series data, respectively.
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7.2.6.3 Taxonomy Development Process

I developed two taxonomies of the information sought by screen-reader users. The taxonomies contain
three tiers: (1) Category (broader categories); (2) Information Type (axial codes); and (3) Query (partic-
ipants questions). Table shows the taxonomy for holistic exploration, organizing the categories and
information types in the order of their frequency (most to least). To build the taxonomy for drilled-down
exploration, I collected the information screen-reader users seek to extract data points. Table shows the
taxonomy for drilled-down exploration. Through these taxonomies, I produced generalizable knowledge
that visualization creators and researchers can use to improve the accessibility of online data visualizations.
To demonstrate the utility of the above discoveries and taxonomies, I created an enhanced version of my

tool, VOXLENS (Sharif et al.|[20221]).

7.3 Enhanced Version of VOXLENS

I selected the most frequently sought information types from the taxonomies to implement as additional
features for VOXLENS. I encourage the readers to view Chapter {4| for the core design and functionalities
of the original version of VOXLENS. From the taxonomy of the holistic information, extremum, average,
axis ranges, factor levels, and overall trend were the most frequently used. Out of these five, extremum,
average and overall trend were already implemented in the original version of VOXLENS. Therefore, 1
implemented axis ranges and factor levels. For drilled-down information extraction, the most frequently
used information types were regional categorization for geographic data, factor-level categorization for

multi-series line graphs, and top and bottom for the ranking category.

7.3.1 Factor-Level Categorization (Multi-Series)

I used the keyword matching algorithm from VOXLENS to support categorization by factor levelsﬂ Specif-
ically, I searched users’ queries to find keywords matching the factor levels. For example, if a user said,
“Tell me the housing price for Texas,” my algorithm would identify “Texas” as the factor level and calculate

the average housing prices in Texas for the past 10 years. I used “average” as the default command based

“In a graph showing average housing prices per U.S. state for the past 10 years, state and year are factors. For state, the levels
are the 50 U.S. states; for year, they are the last 10 years. Housing prices are the dependent variable.
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COVID-19 Cases per US State Olympic medals over the years for top 10 countries
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Q: How is New England compared to Great Lakes? Q: How many medals did Japan win in 2004?
A: Average cases for New England is 1,382,428.3. A: Found the following possible results in the
Average cases for Great Lakes is 452,551.89. Cases for data: Medal Count for Japan in 2004 is 37.

New England are greater than Great Lakes.

Figure 7.2: A screen-reader user’s interaction with: (left) a geospatial map showing COVID-19 cases per
US state, and (right) a multi-series line graph showing Olympic medals for the top 10 countries over multiple
years. For each visualization, the user issues a question (“Q”) to my system, VOXLENS, which answers the
user via their screen reader (“A”).

on the findings from the role-playing and longitudinal studies. However, users can specify other statistical

measures based on their needs (e.g., “Total housing price for Texas”).

However, if a user said, “Tell me the housing price for Texas in 2017, the algorithm would identify
“Texas” as the factor level for state and “2017” as the factor level for year. I employed the same strategy to
perform comparisons between data points. To obtain all the data points, the participants suggested making
the data available through a table, as listening to values from large data sets can induce high cognitive

overload. I discuss this further in the subsection below on additional features.

In addition to line graphs, my enhancements are generalizable to other visualizations created using
multi-series data. I also note that, currently, these enhancements are limited when categorizing by factor
levels if the input query contains prepositions or adverbs of time (e.g., housing price for Texas five years
“ago” or housing price for Texas “between” 2017 and 2019). Future work can utilize more advanced Natural

Language Processing techniques to understand such queries.
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7.3.2 Regional Categorization (Geospatial Maps)

The participants extracted and compared data points from geospatial maps by performing regional cate-
gorization. As all of the participants were from the United States, they categorized the data by regions
within the United States (e.g., East Coast); for countries of the world, they grouped the data by continents
(e.g., Asia). I further expanded the state module based on the National Geographic Society’s classification
of regions in the United States (National Geographic Society.| [2023]]). Specifically, I added the follow-
ing regions: Mountain West, Far West, Northwest, Northeast, Southeast, Midsouth, New England, Central,
Southcentral, and Great Lakes. As the modules are open-source and engineered to be scalable, developers
can easily make necessary adjustments to the VOXLENS library to extend the modules to add more regions
(and provinces). Figure [7.2] shows an interaction of a screen-reader user with a geospatial map after my
enhancements. Similar to multi-series line graphs, the enhancements for geospatial maps are generalizable

to other visualizations created using geospatial data.

7.3.3 Ranking Improvements

VOXLENS enables users to obtain the top /N and bottom N data points, where /N represents the number of
data points. However, the existing algorithm only recognizes specific keywords to rank the data (e.g., “top”
or “bottom”). Therefore, I extended the vocabulary of VOXLENS in the enhanced version to recognize more

keywords (e.g., “most” and “least”).

7.3.4 Factor Levels

I employed a two-step interaction design for factor levels. The first step presents the users with the count for
the factor levels and the second step enables them to obtain the list. For example, in a visualization showing
the stock market prices per company, if a user asks, “How many companies are present?” the response is,
“Data is from three companies. Say ‘tell me factor levels for companies’ to hear all companies.” If a user

asks for factor levels, the response is, “Data is from three companies: Apple, Microsoft, and Google.”

140



7.3.5 Range for the Dependent Variable

I added the functionality to obtain the range of the dependent variable, providing users with the minimum
and maximum values. For example, if a user asks for the stock market price range, the response is, “Stock

market price ranges from [minimum value] to [maximum value].”

7.3.6 Visually-Hidden Tables

The participants expressed an interest in obtaining the entire data set. However, they noted that through the
Question-and-Answer mode of VOXLENS, an entire data set could be cumbersome to process, especially
for data sets with large cardinalities. They suggested presenting the data using visually hidden tables, a
strategy employed by Google Charts (Developers| [2014]]). Therefore, I appended a table to the end of the

visualization, which was visually hidden but accessible to screen readers.

7.3.7 Updated Configuration Options

I extended the functionality of the Question-and-Answer mode, as the other two interaction modes only assist
in holistic exploration. I added two more parameters to the existing configuration options: “chartType” and
“dataModule.” Five values for “chartType” are possible: (1) bar (single-series bar graphs); (2) line (single-
series line graphs); (3) scatter (single-series scatter plots); (4) map (geospatial maps); and (5) multiseries
(multi-series line graphs). The original version of VOXLENS supported (1), (2), and (3). In this work, I

introduced (4) (maps) and (5) (multi-series line graphs) as significant new features for VOXLENS.

7.4 Evaluation

I evaluated the performance of the VOXLENS enhancements through a task-based user study with 10 screen-
reader users who used VOXLENS and 10 non-screen-reader users who did not use any tools to aid in their

interaction. I also administered the NASA-TLX questionnaire (Hart and Staveland|[1988]]).
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Table 7.5: Screen-reader participants in the task-based study, their gender identification, age, screen reader,
vision level, and diagnosis. SRU stands for Screen-Reader User. Under the “G” (Gender) column, M =
Man, F = Woman, and N B = Non-binary.

G | Age | Screen | Vision-Loss Level Diagnosis
Reader
S1 | M |57 JAWS Complete blindness, Lost vision gradually | Retinitis Pigmentosa
S2 | M | 58 JAWS Complete blindness, Lost vision gradually | Cataracts and Glaucoma
S3 | W |52 JAWS Blind since birth, Complete blindness Retinopathy of Prematurity
S4 | M | 49 | JAWS Blind since birth, Complete blindness Leber Congenital Amaurosis
S5 | M | 37 JAWS Blind since birth, Complete blindness Leber Congenital Amaurosis
S6 | W | 38 JAWS Blind since birth, Complete blindness Leber Congenital Amaurosis
S7 | M |33 NVDA | Blind since birth, Complete blindness Peters Anomaly
S8 | W | 65 JAWS Complete blindness, Lost vision gradually | Undiagnosed
SO | M |42 | JAWS Blind since birth, Complete blindness Microphthalmia
S10 | W | 30 NVDA | Blind since birth, Complete blindness Optic Nerve Hypoplasia
7.4.1 Participants

I recruited 10 screen-reader users and 10 non-screen-reader users for the study, advertising via word-of-
mouth, snowball sampling, and email distribution lists (see Table [7.5). No participants had partaken in
the role-playing or longitudinal user studies. Among screen-reader users, the average age was 46.1 years
(SD=11.8). Six identified as men and four as women. All participants had complete blindness; seven were
blind since birth, and three had lost their vision gradually. Eight used JAWS as their primary screen reader
and two used NVDA. For non-screen-reader users users, the average age was 45.9 (5 D=8.3) years. I did not
find a statistically significant difference between the ages of the two participant groups (£(18)=0.04, n.s.).
I compensated screen-reader users with a $20 Amazon gift card and non-screen-reader users with a $15

Amazon gift card for 45-60 minutes and 20-35 minutes of their time, respectively.
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7.4.2 Apparatus

I conducted the study online using the study platform from my prior work (Sharif et al.| [2022f]), created
using the React framework (Inc.|[2013]]). I randomly selected nine data visualizations from my 30 curated
visualizations (see Section three for each visualization type). I implemented these visualizations
following the WCAG 2.0 Guidelines (Caldwell et al.| [2008]]). The performance of users with VOXLENS
did not significantly differ between visualization libraries (Sharif et al.| [20221]). Therefore, I generated all
visualizations using D3 (Bostock et al.|[2011]]). All visualizations supported interactive features (e.g., hover
and click), as my goal was to accurately replicate the current behavior of these visualizations on the web.

I finalized the question categories for the study based on Brehmer and Munzner’s task topology (Brehmer
and Munzner| [2013]]) and prior work on the type of questions users ask of graphs (Kim et al.| [2020]; [Sharif
et al.| [2021]]; [Brehmer et al.| [2018]]). I intentionally did not base the questions on the findings from the
role-playing and longitudinal studies to improve the external validity and avoid bias in the results. Overall,

I identified five categories for each visualization:

1. Order Statistics: Extraction of the maximum/minimum data point, chosen randomly (e.g., “Which
state has the minimum number of cases in this visualization?”).

2. Symmetry Comparison: Identification of the relationship between two data points (e.g., “Are the cases
of state ‘Oregon’ greater, lesser, or equal compared to ‘Michigan’?”).

3. Value Retrieval: Extraction of the value of an individual data point (e.g., “What is the number of cases
for state ‘California’?”).

4. Ranking: Identification of the highest/lowest ranked data points, chosen randomly (e.g., “Which of
these states is not in the top three based on cases?”).

5. Chart-Type Specific Questions:

* Factor Levels: Extraction of the total number of levels for any given independent variable (e.g.,
“How many countries are shown in this visualization?”). I randomly selected the independent

variable for multi-series line graphs.

» Symmetry Comparison by Region: Identification of the relationship between two regions (e.g.,

“Are the cases on the east coast greater, lesser, or equal compared to the west coast?”). I only
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asked this question for geographic map-based visualizations.

All questions were multiple-choice with four choices: the correct answer, two incorrect answers, and the
option for “Unable to extract information.” Following the study design from prior work (Sharif et al.[[2021]},
20221]), I determined the incorrect answer choices programmatically, randomly choosing two data points
for categorical values and two integers using a random number generator for numerical values. I randomized

the order of the four choices for each question.

7.4.3 Procedure

I conducted an over-the-shoulder-style user study (Twidale| [[2005]]) and asked the participants to share their
screens and make their screen reader’s audio outputs audible using Zoom videoconferencing. The study
sessions were unsupervised for non-screen-reader users. At the beginning of the study, I collected prelimi-
nary information from participants. In the next step, I engaged with the screen-reader users in an interactive
tutorial session, introducing the operations and functions of the enhancements (e.g., activating the tool and
issuing commands). Using a sample visualization of a single-series bar graph, I assisted the screen-reader
users in extracting information from the visualization using the Question-and-Answer mode. 1 shared sam-
ple questions for them to ask and guided them until they expressed confidence in their familiarity with the
system. I did not present a tutorial session to non-screen-reader users.

After the tutorial session, each participant completed five study tasks for each visualization type, total-
ing 5x3=15 study tasks. Each task comprised three steps. Step 1 contained the question to explore; step
2 displayed the question and visualization; step 3 presented the question with four answer choices. I ran-
domized the order of the study tasks and the order of the multiple-choice responses. I did not interact with
the participants while they performed the tasks. Finally, I asked them to fill out the NASA-TLX workload
questionnaire (Hart and Staveland| [|[1988]]). For screen-reader users, study sessions took 45-60 minutes; for

non-screen-reader users, they took 20-35 minutes.

7.4.4 Design and Analysis

The experiment was a 2 X 3 mixed-factorial design with the following factors and levels: (1) Screen-Reader

User (SRU), between-Ss.: {yes, no}, and (2) Visualization Type (VT), within-Ss.: {single-series bar graph,
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multi-series line graph, geospatial map}. I used the SRU factor to empirically explore the gap in information
access between screen-reader- and non-screen-reader users. (I did not compare my enhancements to the
original VOXLENS to avoid making a strawman comparison.) Hence, the screen-reader users interacted with
visualizations using the enhanced version, and non-screen-reader users interacted with the visualizations as
they usually would.

I used Accuracy of Extracted Information (AEI) and Interaction Time (IT) as the dependent variables.
In the analysis, AET was coded as “1” for “accurate” when a user answered the question correctly and “0”
for “inaccurate.” Additionally, I calculated I'T" as the total task completion time. I used a mixed logistic
regression model (Gilmour et al.|[[1985]]) and a linear mixed model (Frederick! [1999]; LLittell et al.| [1998]])
to analyze AET and IT, respectively. I used the above factors, their interactions, and a covariate to control
for Age in my statistical models. I also included Subject, as a random factor to account for repeated
measures (Frederickl [1999]]). Therefore, the statistical model terms were: SRU + V1T + SRUXVT +
Age + Subject,. 1tested the participants over three Visualization Type (V'T) conditions, resulting in a total

of 3x5=15 trials per participant. With 20 participants, I had a total of 20x 15=300 study trials.

7.4.5 Qualitative and Subjective Evaluation

To qualitatively assess the enhancements, I conducted follow-up interviews with all screen-reader users
(N=10). Specifically, I asked them about their overall experience, liked features, areas for improvement,
and any issues they encountered during their interactions. To assess the subjective ratings, I administered

the NASA-TLX workload questionnaire (Hart and Staveland|[1988]]) with all participants (N=20).

7.5 Results

In this section, I provide the qualitative, quantitative, and subjective results from my evaluation of the

enhanced version of VOXLENS.

7.5.1 Quantitative Results

I present the results of the task-based user study assessing the Accuracy of Extracted Information (AET)

and Interaction Time (IT) for screen-reader- and non-screen-reader users with online data visualizations.
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Figure 7.3: Accuracy of Extracted Information (AFET), as a percentage, for SRUs with VOXLENS (N=10)
and non-SRUs without VOXLENS (N=10) by Visualization Type (V'I'). The percentage represents the
“accurate” answers (higher is better). Error bars represent mean +1 standard deviation.

My goal was to investigate the performance of the enhancements with users and not to assess their cognitive

or intellectual abilities.

7.5.1.1 Accuracy of Extracted Information (AEI)

The results do not show a significant effect of Screen-Reader User (SRU) on AET overall (p =~ .906),
indicating that AFEI was not detectably different between the two Screen-Reader User groups. In fact,
using my enhancements, screen-reader users extracted information 5.6% more accurately on average than
non-screen-reader users, although this was not statistically significant. However, in an evaluation before

these enhancements (Sharif et al.[[2021]), non-screen-reader users did outperform screen-reader users by

62%. Therefore, such a non-significant result is noteworthy because it indicated a “closure of the gap.”
There was a significant effect of Visualization Type (VT) on AEI overall (x?(2, N=300)=9.35, p<.05,
Cramer’s V'=0.12). This result indicates that AFT differs significantly between different visualization types.
Figure[7.3]and Table[7.6] show the AET percentages across different V7. For both screen-reader- and non-
screen-reader users, Single-Series Bar Graphs had the best performance (92% and 98% AFE1, respectively),

followed by Multi-Series Line Graphs (88% and 84% AFE1, respectively) and Geographic Maps (86% and
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Figure 7.4: Interaction Times (1), in seconds, for SRUs using the VOXLENS enhancements (N=10) and
non-SRUs without VOXLENS (N=10) by Visualization Type (VT'). Lower is better (faster). Error bars
represent mean +1 standard deviation.

Table 7.6: Results for the N = 150 questions asked of screen-reader users (SRUs) using VOXLENS with
the enhancements and non-SRUs without VOXLENS for each level of Visualization Type. Here, N is the
total number of questions asked, AA is the number of “accurate answers,” and AA(%) is the percentage of
“accurate answers.” Higher is better.

SRU Non-SRU
N AA | AA (%) | AA | AA (%)
Overall 150 | 133 88.7 126 84.0

Single-Series Bar Graph | 50 46 92.0 49 98.0

Multi-Series Line Graph | 50 44 88.0 42 84.0

Geospatial Map 50 43 86.0 35 70.0
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Table 7.7: Statistical test results for Accuracy of Extracted Information (AET) from screen-reader users
(SRUs) using VOXLENS with the enhancements (N=10) and non-SRUs without VOXLENS (N=10). SRU
is the screen-reader factor and VT is the visualization type factor. Cramer’s V' is a measure of effect size
(Ferguson! [2016]).

N x> p Cramer’s V
SRU 20 0.01 903 .00
vT 20 9.33 <.05 A2
SRU x VT 20 3.92 141 .08
Age 20 0.24 .626 .02

Table 7.8: Statistical test results for Interaction Time (IT) from screen-reader users (SRUs) using VOXLENS
with the enhancements (N=10) and non-SRUs without VOXLENS (N=10). SRU is the screen-reader factor
and VT is the visualization type factor. Partial eta-squared (77]%) is a measure of effect size (Cohen|[[1973])).

dfy, dfq F p n?
SRU 1 1698 | 36.94 | <.001 | 0.69
vT 2 27534 | 6.14 <.05 0.04
SRU x VT 2 275.15| 2.46 .087 0.02
Age 1 16.95 8.21 <.05 0.33

70% AFEI, respectively). I did not investigate the causation of these differences within each visualization
type. Additionally, I investigated the effects of Age and the SRU x VT interaction but did not find significant

effects on AET (see Table[7.7).

7.5.1.2 Interaction Time (IT)

Interaction times were initially conditionally lognormal, a common occurrence with temporal measures (Limpert
et al.|[2001]]). Therefore, I applied a logarithmic transformation before conducting the analysis, following
standard practice for time measures (Hoyle| [[1973]]; Limpert et al.|[2001]]; Berry| [1987]). Anderson-Darling
goodness-of-fit tests of normality (Anderson and Darling|[[1954]) confirmed that log-transformed interaction
times were conditionally normally distributed (p ~ .117). For ease of understanding, I display plots of IT

using the non-transformed values.
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Screen-Reader User (SRU) had a significant main effect on Interaction Time (IT) (F'(1,18)=36.94,
p<.001, ng=0.69). Specifically, the average I'T" for screen-reader users was 42.4 seconds (S D=21.2). For
non-screen-reader users, it was 22.0 seconds (SD=16.5). The average IT for screen-reader users was
92.8% higher than non-screen-reader users. I also found a significant main effect of Visualization Type
(VT) (F(2,275.3)=6.14, p<.05, 77§=0.04) on I'T. These results indicate that I'T" significantly differed among
visualization types (V7). I also examined the interaction between SRU x VT, but did not find a significant
effect (see Figure[7.4]and Table[7.8)). For screen-reader users, Geospatial Map had the maximum interaction
time; for non-screen-reader users, it was the Multi-Series Line Graph. Single-Series Bar Graph had the
minimum interaction time for both groups.

Age had a significant effect on I'T' (F'(1,16.9)=8.21, p<.05, 77]% =0.33), indicating that I'T" differed sig-
nificantly across the ages of the participants. Participants over 50 years old had 44.0% higher interaction

times than those under the age of 50.

7.5.2 Qualitative Results

Through follow-up interviews with all the screen-reader users (N=10), I assessed the usability and useful-
ness of my enhancements. Specifically, I asked them about the features they liked and for any areas of

improvement. Additionally, I observed their interactions to identify system errors and user workarounds.

7.5.2.1 Liked Features

Nine out of 10 screen-reader users identified the “interactive dialogue” feature as one of the features they
liked. Eight participants appreciated that the enhancements were “intuitive” and “easy to use.” Three partic-
ipants highlighted the adaptiveness of the enhancements, stating that VOXLENS “adjusts to your question,”
and that it is “suitable for people of all ages and backgrounds.” Two participants found the enhancements

innovative, something they had “never seen before.” One participant liked the quick responses.

7.5.2.2 Areas of Improvement

The participants recognized five areas of improvement: (1) adding a repeat command (would enable users

to re-hear the response from the previous query); (2) building a “playground” environment (would enable
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users to learn more about the tool by trying out different commands and features); (3) making the response
more succinct; (4) enabling responses to be explored in text form (would append the auditory response as
text on the web page, enabling them to copy it); and (5) increasing the query input time (would enable
users to issue longer queries without feeling rushed). I address these suggestions in subsequent versions of

VOXLENS, discussed in their respective chapters.

7.5.2.3 System Errors

From analyzing participants’ interaction logs, I recognized system errors stemming from the limitations of
the keyword matching algorithm and voice recognition—two fundamental components of VOXLENS. My
system does not process users’ queries when my algorithm does not find a keyword match—an unfortunate
and known limitation of voice assistants (Springer and Cramer| [2018]]; (Cambre et al.| [2019]; [Myers et al.
[2018]]). For example, “tell me the three countries doing amazing in vaccinating people” was not recognized

by my system, but “tell me the top three countries by vaccination percentages” was correctly processed.

7.5.2.4 User Workarounds

The participants employed workarounds to extract information due to the limitations mentioned above.
Specifically, when my system could not process a user’s query involving a comparison between data points,
the participants asked for the value of each data point separately and computed the comparison mentally.
Although the users successfully extracted the information, they issued multiple commands instead of a
single command, consequently increasing their interaction time. I address these areas of improvement in

subsequent VOXLENS versions.

7.5.3 Subjective Workload Ratings

I collected subjective workload ratings for both user groups using the NASA Task Load Index question-
naire (NASA-TLX) (Hart and Staveland| [1988]]). The NASA-TLX questionnaire records users’ perceived
task workload on six scales: mental demand, physical demand, temporal demand, performance, effort, and
frustration. For all scales, lower is better, as it corresponds to a lesser perceived workload. I performed the

nonparametric Aligned Rank Transform procedure (Wobbrock et al.|[2011al[; Elkin et al.|[2021]) to statisti-
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cally analyze the effects of SRU (levels: yes, no). I did not find a significant effect of SRU on any of the six

dimensions, suggesting comparable workload levels.

7.6 Summary

In this chapter, I presented the role-playing and longitudinal user studies with screen-reader users I con-
ducted to understand their holistic and drilled-down information extraction needs from simple and complex
online data visualizations, including multi-series line graphs and geospatial maps. I provided the taxonomies
of the information sought by screen-reader users in their interactions with online data visualizations, gen-
erated using the findings from the formative studies. Then, I presented the design and functionalities of an
enhanced version of VOXLENS that utilizes these taxonomies to support screen-reader users in extracting
information from complex data visualizations in a granular fashion. The evaluation of the enhancements
shows improved accuracy of extracted information and interaction times for screen-reader users compared
to the original VOXLENS. Additionally, using these enhancements, screen-reader users “closed the gap”
compared to non-screen-reader users in extracting information accurately from online data visualizations.
Closing this gap such that the accuracy of extracted information from online data visualizations is not de-
tectably different between screen-reader users and non-screen-reader users represents a major advancement

in the accessibility of online data visualizations.
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Chapter 8

Uncertainty in Data Visualizations™

This chapter presents a version of VOXLENS (version 3.0) that further enhances the version introduced in
Chapter [/| by enabling screen-reader users to obtain information about uncertainty in online data visualiza-
tions. I discuss the formative study I conducted to understand the needs and preferences of screen-reader
users in obtaining this information and to make informed design decisions for this version of VOXLENS. I

further provide its design, functionality, and implementation details.

8.1 Motivation

“In most cases, visualization is often thought to be an abstract visual representation of the actual informa-
tion. However, that’s not always possible in real-world scenarios, as no data can be sufficiently reliable
and complete. There is bound to be some degree of uncertainty associated with any data” (Kamal et al.
[2021]]). Due to this reason, communicating the uncertainty in data visualizations is one of the top vi-
sualization research problems (Johnson|[2004]). The visualization community has widely researched and
discussed this topic (Brodlie et al.| [2012]; [Hullman| [2019]; [Sanyal et al.| [2009]; Shneiderman et al.|[2013]];
Dimara et al.|[2022]; |Andrienko et al.|[2020]), shedding light on the significance of providing information
on data uncertainty in visualizations, as visualizations portraying only the “means” may be misleading and
potentially dangerous (Brodlie et al. [2012]]; |Andrienko et al.| [2020]; Hullman| [2019]]; |Shneiderman et al.

[2013[]; [Dimara et al.|[2022]). However, communicating uncertainty to screen-reader users via non-visual

“Parts of this chapter are adapted from |Sharif et al.|[2023c].
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Table 8.1: Screen-reader participants, their gender identification, age, screen reader, vision-loss level, and
diagnosis. Under the “G” (Gender) column, M = Man, W = Woman, N B = Non-binary, and “-” means
preferred not to disclose.

G | Age | Screen Reader | Vision-Loss Level Diagnosis
P1 M | 43 | JAWS Blind since birth Microphthalmia
P2 M | 59 | JAWS Lost vision gradually | Cataracts and Glaucoma
P3 W | 53 | JAWS Blind since birth Retinopathy
P4 M | 37 | JAWS Blind since birth Leber Congenital Amaurosis
P5 M | 55 | JAWS Blind since birth Leber Congenital Amaurosis
P6 W | 50 | JAWS Lost vision gradually | Retinitis Pigmentosa
P7 W | 36 | JAWS Blind since birth Retinopathy of Prematurity
P8 | GF | 28 | NVDA Blind since birth Leber Congenital Amaurosis
P9 W | 40 | NVDA Lost vision gradually | Stargardt Disease
P10 | - 57 | VoiceOver Lost vision gradually | Retinopathy of Prematurity
P11 | M | 32 | JAWS Lost vision gradually | Retinal detachment
P12 | W | 41 | VoiceOver Lost vision gradually | Functional Neurological Disorder
P13 | M | 76 | JAWS Lost vision gradually | Retinitis Pigmentosa
P14 | W | 24 | JAWS Blind since birth Astrocytoma
P15 | W | 65 | JAWS Lost vision gradually | Retinitis Pigmentosa
P16 | W | 72 | JAWS Lost vision gradually | Retinitis Pigmentosa

means remains unexplored, exacerbating the disenfranchisement these users face due to inaccessible data

visualizations (Fan et al.|[2023]).

The inaccessibility of online data visualizations causes screen-reader users to spend 211% more time
interacting with and extracting information 62% less accurately from online data visualizations than non-
screen-reader users (Sharif et al.|[2021]]). Several techniques to make online data visualizations accessible
exist, including alternative text (Sharif and Forouraghi| [2018]; Mirr1 et al.| [2017]; [Kim et al.| [2021a]),
tables (Developers|[2014]; Choi et al.|[2019])), audio graphs (Fan et al.|[2022]; Siu et al.|[2022]; Sharif et al.

[2022d])), and verbal question-and-answer-based information extraction (Sharif et al.| [2022f]). While Fan
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et al. (Fan et al|[2023]]) have briefly discussed this subject, no prior work has conveyed the uncertainty in
data visualizations through non-visual means using any of these techniques, which has limited these users
in making informed decisions (Weiskopf| [2022]]). Additionally, no prior work has explored screen-reader
users’ preferences in obtaining this information. My exploration is the first empirical work to communicate
uncertainty in data visualizations to screen-reader users.

My goal was to create generalizable knowledge for visualization creators to communicate uncertainty in
data visualizations to screen-reader users. Therefore, I conducted semi-structured interviews with 16 screen-
reader users. The findings show that participants were unfamiliar with uncertainty before partaking in the
user study. However, after developing a conceptual understanding of uncertainty, they expressed interest in
obtaining this information holistically and granularly, in plain language, with an option to include statistical

terms for expert users. I utilized these findings to develop an enhanced version of VOXLENS.

8.2 Formative Research

I conducted semi-structured interviews with 16 screen-reader users to understand their needs and preferences
for obtaining information on uncertainty in online data visualizations via non-visual means. My research

questions were:

1. Are screen-reader users conceptually familiar with data uncertainty in visualizations?
2. Did participating in the study help advance their knowledge of data uncertainty in visualizations?

3. How do they prefer the information on data uncertainty in visualizations conveyed to them?

8.2.1 Participants

I recruited 16 screen-reader users for the interviews via word-of-mouth advertisement and snowball sam-
pling (see Table [8.1). Eight participants identified as women, six as men, one as gender-fluid, and one
preferred not to disclose. Their average age was 48.0 years (SD=15.4). Twelve participants used JAWS
screen reader (Scientific| [19935]]), two used NVDA (Access| [[2006]]), and two used VoiceOver (Inc.| [2005]).
Seven participants were blind since birth, whereas five had lost vision gradually, with nine participants

having complete blindness. I compensated the participants with a $20 Amazon gift card for 45 minutes.
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8.2.2 Procedure

I conducted the interviews online using Zoom. I used its built-in features to record and transcribe the
interviews. As a preliminary step, I collected demographic information from the participants. To create
a baseline for comparison, I gathered their subjective ratings for perceived importance of data uncertainty
information using a Likert scale ranging from 1 to 7 (1 being “not important at all” and 7 being “extremely
important”). Next, I inquired about their conceptual familiarity with uncertainty in data visualizations. After
collecting their response, I provided them with the definition of data uncertainty and examples to assist
them in understanding the concept and its importance in informed information retrieval. Then, I asked the
participants about their preferences in obtaining uncertainty information to answer my last research question.
Lastly, I collected their subjective ratings for the perceived importance of data uncertainty information again

to examine the difference in their response pre- and post-study.

8.2.3 Analysis

I used thematic analysis (Braun and Clarke| [2006]) to analyze the interviews. I followed a semantic ap-
proach (identifying themes within the explicit or surface meanings of the data) (Patton| [1990]), guided by
an essentialist paradigm (focusing on reporting the experiences of the participants) (Potter and Wetherell
[1987]]; [Woofttitt and Widdicombe| [[1995]]). I developed 12 initial codes, transforming them into eight axial

codes. The axial codes revealed two themes and one suggestion as answers to the research questions.

8.2.4 Results

I discuss the two themes and one suggestion that emerged as findings from the semi-structured interviews.

8.2.4.1 Unfamiliarity with Uncertainty in Data Visualizations

The findings showed that the participants lacked understanding of or were unfamiliar with uncertainty in
data visualizations. Therefore, during the interviews, I explained the meaning of “uncertainty in data visu-
alizations” using plain language and provided examples to familiarize them with the concept. After gaining
familiarity, they expressed interest in learning more than the average values to draw more informed conclu-

sions from the data. For example, P4 said:
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Now that I understand the term, I think it can be very handy

actually. (P4)

To further analyze the perceived importance of data uncertainty, I collected the participants’ subjective
ratings using a 1- to 7-point Likert scale before and after the interviews. 1 represented “not important at all”
and 7 was “extremely important.” The median of the participants’ perceived importance before and after
partaking in the study was 4.0 (/QQ R=3.3) and 5.5 (/@ R=1.3), respectively. This difference was statistically
significant based on the Wilcoxon signed-rank test (£=3.47, p<.001) (Wilcoxon| [1945])), highlighting the

significance of introducing users to the meaning and benefits of uncertainty in data visualizations.

8.2.4.2 Summary First, Details Later

The participants shared their preference for exploring the data holistically first and then in a drilled-down
manner, validating the findings from my prior work (Sharif et al.| [2021} [2023bf]). Specifically, the par-
ticipants suggested a twofold solution. For example, P16 advised noting in the summary (or “alt-text”)
that users should cautiously interpret the data when high variation exists in the aggregated means and then

provide opportunities for users to dig deeper into the data:

Let’s say the description says, this is the chart about, and
this is the axis, these are the ranges, stuff like that. But
also, use this data with caution because this data might not be
representative of the population. And um, and then further,
people are given the opportunity to, kind of, dig deeper and

actually see all of those data points if they wanna. (P16)

To delve deeper into the data, the participants suggested using measures, including tabular representation
of the entire dataset and textual details using the “longdesc” attribute. For example, P11 expressed their

opinions on using a data table:

I'’d use a table, a simple standard table with rows and cells

and put the values in rows and columns. And then try to find
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any data points and then manually go through them to pull out

what I need. (P11)
Similarly, P2 shared a possible solution involving the “longdesc” attribute:

Longdesc will bring up a page for that only, usually only
screen readers can grab. It’s like, the chart is actually a
link to a description, which would describe all that stuff,

like uncertainty and stuff. (P2)

To convey data uncertainty, the participants showed interest in knowing statistical information, including
the margin of errors and confidence interval for each aggregated data point. For example, P1 expressed the

benefit of such information for accurately understanding polling data:

I'm really big into the election season. So many times, you
know, margin of errors, confidence level, you know, will help
me in trying to understand the pool numbers and see how

accurate are they. (Pl)

8.2.4.3 Keep Statistical Jargon for the Experts

The participants articulated the need to adapt uncertainty information based on users’ expertise and comfort
level with statistical terms and jargon. For example, P12 recommended using plain language and common

words for easier understanding and an option to get specific statistical information for expert users:

I guess a lot of it depends on the sophistication of your user.
You know, 1if they have a sophisticated understanding of
statistics, they might wanna really know what is the error bar
value or what is the confidence interval or they might really
need that level of specificity. If it’s a layperson, um, then
you might Jjust be able to say, you know, use this with caution,

or something like that. (P12)
T utilized these findings to enhance the functionalities of VOXLENS, which I discuss in the section below.

158



Average Test Scores for Students
100 [Without our enhancements]

0 Q: What is the value for Jake?

8 A: The value for Jake is [average].

70

60
50 [With our enhancements]
40 Q: What is the value for Jake?

30 A: The average value for Jake is [average]. The

20 minimum score for Jake was [minimum]. The

maximum score for Jake was [maximum]. Use the data

10 with caution. Data has higher variation than 50% of
62 78 72 79 83 other names and may not be reliable.

0

Jake  Susan Kyle Karen Emma Alex Emily Ellen  Daniel Brandon

Figure 8.1: A screen-reader user’s interaction with a data visualization of the average test scores for stu-
dents. “Q” and “A” represent a question asked by a screen-reader user and the answer issued to them with
and without enhancements to VOXLENS, respectively. Error bars represent mean +1 standard deviation.

8.3 Enhanced Version of VOXLENS

In this section, I present a new version of VOXLENS, created using the findings from the formative study.
I encourage readers to peruse the versions of VOXLENS presented in Chapters [ and [7] to understand the
design and functionalities of VOXLENS that existed before this version.

As a preliminary step, I determine and convey uncertainty in online visualizations by calculating the
50t percentile (median) of the coefficient of variation (CV) value, which is the ratio between the standard
deviation (provided by the visualization creator) and the dependent variable value (mean). Motivated by
the suggestions from the participants in the interviews, I recommend users cautiously interpret the data for
values higher than the median. Additionally, I relay the minimum and maximum values if provided by the
visualization creators (see Figure[8.I). I recommend visualization creators to include this information in the
VOXLENS visualization configuration.

For example, without the enhancements, if the user asks for the data for Jake when interacting with
the sample visualization in Figure 8.1 using VOXLENS’ Question-and-Answer mode, the response from

VOXLENS would be:

The value for Jake is [average].
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With my enhancements, it was:

The average value for Jake is

Jake was

[minimum] .

The maximum score for Jake was

[average] .

The minimum score for

[maximum] .

Use the data with caution. Data has higher variation than 50%

of other names and may not be reliable.

Following the suggestion from the interview results, I avoided using statistical jargon in the responses

from the enhanced version.

Before After
[ [
{ {
"name": "Alex", "name": "Alex",
"score": 79 "'score": 79,
} "vx_metadata": {

"min": 56,

] "max": 89,
"stdev": 13.11,
"isAverage": true

b

Figure 8.2: Integration code sample comparing original VOXLENS to the enhanced version.

8.4 Updated Configuration Options

Visualization creators use a traditional JSON file to generate data visualizations using VOXLENS, specifying
the independent and dependent variable values. Since this information is insufficient to compute CV, I added
the functionality for visualization creators to provide more details about each data point. Specifically, they
can supply the minimum, maximum, and standard deviation and specify if the dependent variable values

represent an average. Figure[8.2]shows a “before” and “after” code integration example.
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8.5 Summary

In this chapter, I discussed a formative study I conducted to understand the needs and preferences of screen-
reader users to convey information about data uncertainty in online visualizations. The findings showed
that participants were initially unfamiliar with data uncertainty. After gaining familiarity, they suggested a
hybrid solution to convey this information using plain language for novice and statistical terms for expert
users. I utilized these generalizable findings to develop an enhanced version of VOXLENS and presented its

design, functionality, and implementation details.
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Chapter 9

User Agency for Screen-Reader Users™

The previous chapters reported a need to build customizable solutions in lieu of one-size-fits-all solutions.
Therefore, in this chapter, I present VOXE a system that provides screen-reader users the ability to
customize the information they consume from online data visualizations. I present two formative studies
with screen-reader users that informed the design of VOXEX, which comprises a backend server, a browser
extension, and a configuration portal for screen-reader users to specify their preferences. I also administered
a field deployment of this system by integrating it with a new version of VoxLens (version 4.0), introduced
in this chapter. To further examine the utility of VOXEX, I offer empirical findings from two case studies

with screen-reader users and visualization creators.

9.1 Motivation

Inaccessible online data visualizations exacerbate the inequity and disenfranchisement screen-reader users
experience with access to digital content (Marriott et al.| [[2021]]; Kim et al.|[2021b]]). Given the ubiquity of
online data visualizations for conveying information to users, inaccessible visualizations can cause detrimen-
tal disruptions in the lives of screen-reader users (Sharif et al.[[2021]]; (Chot et al.[[2019]; Zong et al.|[2022];
Marriott et al.| [2021]]; [Kim et al.|[2021b]]). For example, inaccessible financial graphs can restrict people’s

ability to make critical financial decisions. Furthermore, my prior research shows that due to inaccessible

“Parts of this chapter are adapted from (Sharif et al.|[2024d])
'VOXEX is distinct from VOXLENS, with a broader applicability to other modalities and systems.
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visualizations, screen-reader users extract information 61% less accurately and spend 211% more time than
non-screen-reader users (Sharif et al.|[2021]]). To make matters worse, even when accessibility measures are
applied, the information provided to screen-reader users by visualization creators is often either insufficient
or excessive (Sharif et al.|[[2021]]; Zong et al.| [2022]; [Kim et al.|[2023]]). For example, alternative text (“alt-
text”) too often serves as the single source of accessible information with an expectation to satisfy the needs
of over 2.2 billiorﬂ screen-reader users worldwide. Not having agency over information they consume can

further aggravate the disenfranchisement they experience with digital content.

Accessibility experts have created several online tutorials and learning modules for visualization cre-
ators to familiarize themselves with digital accessibility (Eisenhuth and Chang| [2022]]; |Onsman| [2023];
Roussey|[2024])). In addition, researchers and practitioners have explored avenues to enhance data visualiza-
tion accessibility and devised plausible solutions, including auto-generated alternative descriptions (Sharif
and Forouraghi| [2018]]; [Lundgard and Satyanarayan| [2021]]), audio graphs (Sharif et al.| [2022d]]; |Siu et al.
[2022]]; [Holloway et al.|[2022]), haptic feedback (Grabowski and Barner| [1998]]; [Kuber et al.| [2007]), 3-D
printing (Brown and Hurst|[2012]; Gotzelmann|[2016]), and multi-modality (Thompson et al.|[2023[]; Sharif
et al.| [20221]; Blanco et al.| [2022]; |Srinivasan et al.| [2023]]). Further, researchers have examined the utility
of customization in their solutions to provide screen-reader users agency over the information they consume
(Thompson et al.|[2023]]; Kulkarni et al.|[2016]; Jayant et al.|[2011]]). However, despite these efforts, how to
best provide screen-reader users more agency over their own manner of information consumption from data
visualizations, such that their agency isn’t limited to a particular software, remains unclear. This work is
the first to investigate and improve screen-reader users’ agency in consuming information from online data

visualizations through both empirical and artifact contributions.

Specifically, I developed VOXEX, a system that provides agency to screen-reader users to customize
the information they consume from online data visualizations. To make informed design decisions while
creating VOXEX, I conducted two formative studies: (1) a survey of 60 screen-reader users, and (2) a semi-
structured interview with 12 screen-reader users. Through these studies, I collected participants’ customiza-
tion needs and preferences from various modalities, including alt-text, data tables, and sonification. I also

gathered their thoughts on potential technology interventions. Based on the findings, I created three signifi-

Zhttps://www.who.int/news-room/fact-sheets/detail/blindness-and-visual-impairment
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cant system components for VOXEX: (1) a backend server, (2) a browser extension, and (3) a configuration
portal. The portal enables screen-reader users to provide their preferences, and the extension makes these
preferences available to visualization creators. Visualization creators can utilize these preferences to cater
their content to the individual needs of screen-reader users using logical if-else conditions. Additionally, I
administered a field deployment of VOXEX through integration with VoxLens.

To examine the utility of VOXEX, I conducted two case studies: (1) a five-day diary study with three
screen-reader users, and (2) a single-session study with three visualization creators. The findings show
that VOXEX improves the participants’ efficiency in extracting information from online data visualizations
and requires minimal development effort from visualization creators. The results also shed light on the
importance of user agency for screen-reader users and identified areas of improvement VOXEX, including
providing definitions for configuration options and modifying verbosity level by domains of interest. I

enhanced VOXEX by implementing solutions for these areas of improvement.

9.2 Formative Research

To better understand opportunities for enhancing user agency for screen-reader users consuming information
from online data visualizations, I administered two formative studies: (1) a survey of 60 screen-reader
users, and (2) semi-structured interviews with 12 screen-reader users. I conducted the interviews to solicit
a more in-depth understanding of the survey results. Altogether, the results from these two studies provide
complementary insights. I analyzed the data using a mixed-methods approach involving qualitative analysis

and descriptive statistics.

9.2.1 Participants

I recruited participants for both formative studies through collaboration with the National Federation of the
Blind (National Federation of the Blind| [[1940]) and distribution lists for screen-reader users.

I surveyed 60 screen-reader users (M =49.1 years old, SD=14.9). Among the respondents, 38 identified
as women, 20 as men, and two as non-binary. Fifty-three had complete blindness and seven were partially
blind. The highest level of education was a doctoral degree for four participants, a master’s degree for 21, an

undergraduate degree for 21, an associate’s degree for five, and a high school diploma for nine participants.
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Table 9.1: Gender, age, vision level, and diagnosis of the participants in the interview study. Under the “G”
(Gender) column, M = Man, W = Woman, N B = Non-binary, and “-” means preferred not to disclose.

G | Age | Vision-Loss Level | Diagnosis
P1 W | 41 | Complete blindness | Functional Neurological Disorder
P2 M | 76 | Complete blindness | Retinitis Pigmentosa
P3 M | 55 | Complete blindness | Leber Congenital Amaurosis
P4 W | 50 | Complete blindness | Retinitis Pigmentosa
P5 W | 36 | Complete blindness | Retinopathy of Prematurity
P6 W | 24 | Complete blindness | Astrocytoma
P7 | NB | 28 | Complete blindness | Leber Congenital Amaurosis
P8 W | 65 | Partial blindness Retinitis Pigmentosa
P9 W | 72 | Partial blindness Retinitis Pigmentosa
P10 | W | 42 | Complete blindness | Glaucoma
P11 | - 57 | Complete blindness | Retinopathy of Prematurity
P12 | M | 32 | Complete blindness | Retinal Detachment

Participation in the survey was voluntary and without financial compensation.

I also conducted semi-structured interviews with 12 screen-reader users over Zoom that lasted 45 min-
utes (see Table . Seven interviewees identified as women, three as men, one as non-binary, and one did
not disclose. Their average age was 48.2 years (SD=17.2). Ten had complete blindness and two were par-
tially blind. Two had attained a doctoral degree, four had a master’s degree, four had an associate’s degree,
and the remaining two had a bachelor’s and a high school diploma. I compensated them with a $25 Amazon

gift card. I ceased recruitment after reaching saturation of insights (Doan et al.| [2023]]; Guest et al.[[2000]).

9.2.2 Procedure

The online survey included two steps. Participants filled out each step without supervision. In the first
step, I displayed the purpose of the study, eligibility criteria, and data anonymity clause. Additionally,
I collected participants’ demographic information, including their gender (Spiel et al.| [2019]), preferred

pronouns, age, preferred screen reader, vision level, diagnosis, and education level. Next, I asked what they
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would customize in alt-text and sonification of data visualizations and tables. I also asked the participants to
provide details of their choices via a use case and examples as free-form responses. Additionally, I inquired

about any optional comments they have pertaining to user agency.

I conducted the semi-structured interviews on Zoom, using its built-in features to record and transcribe
the 45-minute study sessions. I also took detailed notes during the session. During the interview sessions, I
gathered participants’ thoughts about user agency in extracting information from online data visualizations.
In particular, I asked them about what they would customize in different modalities, including alt-text,
sonification, and data tables, and how they would do so (i.e., possible technology interventions). I provided

them with examples of alt-text and sonified responses to increase their engagement in the discussion.

9.2.3 Analysis

I calculated descriptive statistics and qualitatively analyzed the participants’ responses from both studies.
Specifically, I conducted a theoretical thematic analysis (Boyatzis| [1998]]). I used a semantic approach
(Patton![[1990])) and an essentialist paradigm (Potter and Wetherell| [[1987]; Widdicombe and Wooffitt [1995]))
for the analysis, following guidelines from Braun and Clarke (Braun and Clarke| [2006]). I calculated the

inter-rater reliability using pairwise percentage agreement, reaching a high agreement percentage of 97%.

9.2.4 Results

I present the findings from my qualitative analysis of the participants’ responses from both formative studies.
Specifically, I discuss screen-reader users’ customization needs and preferences with various modalities and

the technology interventions identified by the participants.

Overall, many of the participants expressed the desire to customize alt-text (75%), data tables (73%), and
sonification (48%). Additionally, 8% of the participants identified the necessity of having agency over infor-
mation extraction using verbal question-and-answer modalities, such as provided by VoxLens. I present

the findings for each modality in turn below.
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9.24.1 Alt-Text

The participants communicated their desire to customize the summary content of data visualizations. Some
participants were interested in getting a detailed summary, whereas others preferred succinct responses. To
cater to the varying needs of users, P1 suggested providing more than the standard options in a summary. She
said, “For a graph I'm particularly interested in, I wanna know more than just the average, the maximum,

the minimum. I would want that option [to know more].”

On the other hand, P4 highlighted the importance of removing excessive information she didn’t want to
know from the summary. She stated, “For the description, the problem sometimes that I run into is there’s

excessive alt-text. I wanna be able to have the flexibility of invoking that because I may not want to know.”

Additionally, P8 emphasized the need to control the verbosity of the summary. She shared, “Maybe like
‘highest country, blah,” ‘lowest thing, blah,” instead of full sentences, like, ‘the highest country in the graph

is blah.’ I want that sentence structure to be shorter.”

9.2.4.2 Data Tables

A common desire of all participants who stated a need for customizing data tables was a feature to sort data
based on their preferences. This finding aligns with those from prior work (Thompson et al.| [2023]]; Sharif
et al.[[2022c]]) on data visualization accessibility, particularly sonification. S21 shared his interaction and
discussed the benefits of customizing sorting: “I’ve encountered charts and graphs where the screen reader
moves across each row first and then to the next row. This makes it difficult to navigate because sometimes
it is hard to remember or keep track of column headings. It happens a lot with financial data. So, being able

to customize sorting would be great.”

Similarly, S45 said, “I think as a data user I would like to interpret the data based on my own needs.
Let’s just say I wanted to look at the statistics of a baseball standings chart and wanted to see the rankings
based on a secondary statistic instead of just a win-loss percentage. I think it would be very useful to be

able to sort all data fields.”
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9.2.4.3 Sonification

Participants emphasized the need to customize the pitch, speed, and sound type of a sonified response to
interpret data better. S22 expressed her need to customize the speed of the sound, saying, “I would like
to customize the speed of the sound or the length of the sound. Sometimes audio information moves very

quickly, and it would be nice to be able to slow it down and get more details.”

Further, S33 discussed the need to customize the pitch, frequency, and sound type, finding it critical for
people with multiple disabilities. She said, “Pitch, frequency, and sound type can be important to customize
for people with intersectional disabilities that affect sensory processing so as not to trigger any discomfort,
as well as to maximize clear understanding for those with any hearing impairments. It is important that any

sounds do not interfere with the screen readers.”

9.2.4.4 Technology Intervention

The participants shared positive views about having a system that enables them to specify their preferences
that visualization creators could utilize to provide a customized response. P2 shared the benefits of a cen-
tralized system: “I’m notorious for having, like, three, four, five different machines with different setups and
doing the same thing on different machines to install something. And then all of a sudden, something needs

to be updated, and all hell breaks loose, and then I have to change it everywhere.”

P7 discussed the trustworthiness of a system that utilizes their preferences to cater to their experiences
of visualizations. They said, “I would keep my settings the way I wanted, and I would be certain, I would

trust that no matter what graph I encountered, it at least attempted to give me the information I needed.”

Furthermore, P5 considered browser extensions a potential intervention and shared her opinion of an
authentication feature. She said, “You could [develop a] Google extension; sometimes you install extensions
and as soon as you launch them, it’s ready to go. But for some extensions, you launch them, and then it asks

you to sign in. So, I'd rather have it sign in because that way you know your data is somewhat protected.”
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Figure 9.1: The system diagram of VOXEX, showing the interaction flow of a screen-reader user from
specifying their preferences to obtaining customized information from an online data visualization. The
implementation flow for creators is also shown.

9.3 Study Design

I present the design and implementation of VOXEX, a system comprising a configuration portal, a browser
extension, and a backend server. I created VOXEX based on the findings from the formative studies. Specif-
ically, the goal was to enable screen-reader users to specify their information consumption preferences and
provide visualization creators with an interface to utilize these preferences to customize the accessibility of
their data visualizations. By enabling screen-reader users to receive data visualizations customized to their

preferences, VOXEX embodies the principles of ability-based design (Wobbrock et al.|[2011b, [2018])).

9.3.1 Functionality Overview

VOXEX is a system that assists screen-reader users and visualization creators. For example, a screen-reader
user can add the Chrome extension to their browser through the Chrome Web Stor and specify their
information consumption preferences by visiting the online portal. For example, a user could modify their
preferences for verbosity level, curate summary (alt-text) information, or choose the sound and speed for
audio graphs. These preferences are not limited to output modality and style, like verbosity. Users can

also specify the content they prefer to hear as well. For example, a user can indicate they wish to include

*https://chromewebstore.google.com/
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XYZ Configuration Portal View Preferences  Import Preferences  Logout

General Preferences

Setting Value

Verbosity Level O Low O Medium @ High

Sorting: Dependent Variable(s) O Ascending O Descending ® As determined by developer
Sorting: Independent Variable(s) O Ascending O Descending @ As determined by developer
Uncertainty information O Yes ® No

Summary Preferences

Setting Value

Title ® Yes O No
Chart Type ® Yes O No
Average ® Yes O No
Minimum ® Yes O No
Maximum ® Yes O No
Standard Deviation O Yes @ No
Variance O Yes @ No

Audio Graphs Preferences

Setting Value

Continuous ® Yes O No

Sound Type O Musical (Instruments) @ Oscillator (Traditional Computer Sounds)
Speed O Slow @ Medium O Fast

SAVE PREFERENCES

Figure 9.2: Screenshot of the configuration page of the VOXEX portal, displaying preferences categorized
by modalities.
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standard deviations. These preferences are auto-populated in session storagqm_] of all the existing windows in
the user’s browser as well as new windows or tabs. Visualization creators can access a web page’s session
storage and utilize these preferences to implement conditional logic in determining the appropriate way to
convey information. For example, if the user specified to include standard deviation alongside means in
descriptive statistics, the visualization creators can use if-else conditions to include this information in the
alt-text of their visualizations. The visualization creators do not need to install the browser extension or visit

the configuration portal.

9.3.2 System Components

I discuss the design and implementation of VOXEX’s three main components: (1) configuration portal, (2)

browser extension, and (3) backend server (see Figure 9.1).

9.3.2.1 Configuration Portal

I created the configuration portal using ApolloE] and Reactd SE] and hosted it on the server. The config-
uration portal comprises three subcomponents: (1) Google authentication, (2) configuration page, and (3)
import preferences page. To store users’ preferences, I require users to log in using their Google account
to access the configuration portal and use their email as the primary key in the database. I implemented the
log-in feature using the react—oauth[]library.

I display the configuration page once the user has successfully logged in, which shows options for their
information consumption preferences in a tabular format organized by different modalities. For example,
under “Summary Preferences,” users have the options of “Yes” and “No” for various information types,
including title, chart type, standard deviation, and variance (see Figure [0.2)). I chose these options based
on the findings from the formative studies. After selecting their preferences, users can click on the “Save
Preferences” button, which updates their preferences in the database and dispatches these preferences to the

browser extension via a Me s sageEventF_;]

4 A separate storage area for each website, available for the duration of the page session.
Shttps://www.apollographql.com/

Shttps://react.dev/

https://www.npmjs.com/package/ @react-oauth/google

8Events referencing a named message dispatched by a source object.
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In addition to the configuration page, I added the functionality for screen-reader users to import their
preferences directly from their screen readers. This feature is helpful to save time and reduce burden on
users to re-enter their preferences in the portal. Currently, this feature is limited to VoiceOver (Inc.|[2005]),

and work is underway to extend this feature to JAWS (Scientific|[[1995]]) and NVDA (Access|[2006]).

I followed the WCAG 2.1 accessibility guidelines (Caldwell et al| [2018]]) in developing the portal.
Specifically, I used Color Vision Deficiency (CVD) friendly palettes and checked the contrast ratio using

the WebAIM Contrast Checker tool (Web Accessibility In Mind|[1999]]), ensuring it to be at least 3:1.

9.3.2.2 Browser Extension

I created a VOXEX browser extension and published it on the Chrome Web Store, following the Chrome ex-
tension development guidelines and complying with standard privacy and security policies. The browser ex-
tension receives the preferences sent by the configuration portal viaa MessageEvent, verifies the sender’s
source, and updates the session storage of each tab with these preferences. In other words, the extension
enables anonymous sharing of screen-reader users’ preferences to visualization creators without requiring

additional hardware or software, serving as the middle-tier connection between the two user groups.

9.3.2.3 Backend Server

The backend server receives users’ information and preferences and stores this data in the Postgre sﬂ
database. I restricted access to the backend server by implementing strict cross-origin resource sharing
(CORS) policies to only allow requests from the configuration portal host. I also used the googleauth-
library@] to verify the authorization token from the request headers as an additional security measure.
I created the backend using Node. js and Grath Specifically, I implemented a “getPreference”

query and a “setPreferences” mutation to fetch and update data, respectivelyE]

“https://www.postgresql.org/

https://www.npmjs.com/package/google-auth-library

https://nodejs.org/en

Phttps://graphgl.org/

*In GraphQL, a “query” is a read-only operation, and a “mutation” represents a write operation.
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9.3.3 Enhancements to VoxLens

I used VoxLens (see Chapter 4) to explore VOXEX’s utility and usability through a field deployment. I
chose VoxLens because it is (1) open-source, (2) multi-modal, and (3) suitable for online data visualiza-
tions. I emphasize that VOXEX is an independent and generalizable solution, having no dependencies on
VoxLens. Additionally, VoxLens caters to individual needs of users by supporting holistic and drilled-
down information extraction through three modalities: (1) Question-and-Answer mode (verbal queries), (2)
Summary mode (alt-text), and (3) Sonification (audio graphs). However, without the integration, it does not

cater to individual preferences, such as verbosity levels, summary content, and sound types.

I implemented conditional if-else logic in VoxLens to integrate it with VOXEX. As a preliminary
matter, I checked if preferences were present in the session storage. I defaulted to the original VoxLens
response in cases when these preferences were absent. When the preferences were present, I curated the ap-
propriate response, excluding, including, and modifying information as needed. For example, I added vari-
ance to the outputting of descriptive statistics when the user specified that preference. Given that VoxLens
serves as a proxy for visualization creators to implement multi-modal accessibility in online data visual-
izations, the enhanced version of VoxLens automatically provides information customization and does
not need additional development effort from visualization creators. I used the integration of VOXEX with
VoxLens for a field deployment that I used in the case studies to assess the utility and usefulness of the

system. I present the case studies below.

9.4 Evaluation

VOXEX is the first system to provide screen-reader users the ability to customize their information con-
sumption from online data visualizations. Therefore, a baseline comparison was not possible. I reviewed
the guidelines on system evaluation strategies (Ledo et al.| [2018]]; |Olsen| [2007]]; Greenberg and Buxton
[2008]]; 'Wobbrock and Kientz| [2016]]) in choosing assessment methods for VOXEX. Specifically, I con-
ducted two case studies (Shinohara and Tenenberg [2007])): (1) a diary study with three screen-reader users
lasting five days, and (2) a single-session study with three visualization creators. I present the methodology

and the qualitative results from the case studies below.
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Table 9.2: Gender, age, vision level, and diagnosis of the screen-reader users in the case study. Under the
“G” (Gender) column, M = Man and W = Woman.

G | Age | Vision-Loss Level | Diagnosis
Cl | W |34 Complete blindness | Glaucoma & Retinopathy of Prematurity
C2 | M |59 Partial Vision Retinitis Pigmentosa
C3 | M |60 Complete blindness | Cataracts & Glaucoma

Table 9.3: Gender, age, domain, and visualization implementation frequency of the visualization-creator
participants in the case study. Under the “G” (Gender) column, W = Woman.

G | Age | Domain Visualization Implementation Frequency
V1 | W |29 Developer | 2-3 times per week
V2 | W | 38 Researcher | > 5 times per week
V3| W |29 Researcher | > 5 times per week

9.4.1 Participants

I recruited three screen-reader users and three visualization creators through social media platforms and
distribution lists for screen-reader users (see Tables[9.2]and[9.3). Among the screen-reader participants, two
were men and one was a woman. Their average age was 51.0 years old (SD=14.7). Two were completely
blind, and one had partial vision. One had attained a bachelor’s degree, one had a master’s degree, and the
other participant had a doctoral degree. T compensated participants with a $130 Amazon gift card.

All three visualization creators identified as women. Their average age was 32.0 years (SD=5.2). None
were screen-reader users. Two were researchers and one was a developer; all participants had an industry
affiliation. Two had a master’s degree, and one had a doctoral degree. All participants implemented data

visualizations at least three times per week. I compensated them with a $30 Amazon gift card.

9.4.2 Procedure

Prior to the studies, I performed a field deployment (Siek et al.| [2014]; |Cherns| [1976]) of VOXEX. 1

published the Chrome extension on the Chrome Web Store and hosted the configuration portal on the server.
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Average Class Scores for Students

Score

Name

Figure 9.3: Screenshot of the example visualization page used during the case studies.

Additionally, I created an example page containing a sample visualization using D3.js (Bostock et al.|[2011]))

integrated with the enhanced version of VoxLens (see Figure 0.3).

I conducted a diary study (Ohly et al.| [2010]; Bolger et al.| [2003]; Reis and Gable| [2000]) with the

screen-reader participants that lasted five days. First, I introduced the participants to VOXEX through a

tutorial session. Specifically, I asked the participants to share their screens, assisted them in installing the
Chrome extension, and guided them in setting various options for “Verbosity Level” (High, Medium, and
Low) to extract information from the sample visualization. For example, participants selected the setting
for verbosity level to “High,” navigated to the sample visualization page, and extracted information us-
ing all three VoxLens modalities (Q&A, Summary, and Sonification). They repeated this task using the

“Medium” and “Low” settings for verbosity level to experience the difference in responses for each setting.
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I finished the tutorial session once the participants expressed comfort in interacting with the system without
supervision. During the next three days, participants interacted with the system without supervision and
logged a diary entry each day. Their task was to interact with the sample visualization using every setting
for each configuration option in the portal. I conducted a semi-structured interview on the fifth day to ask
questions about their interactions with the system. I also administered the NASA-TLX perceived workload
questionnaire (Hart and Staveland| [1988]]; Hart| [2006]). I used Zoom to administer, record, and transcribe

the tutorial session and the follow-up interviews.

I interviewed visualization creators via Zoom, which lasted an hour. I introduced the participants to
VOXEX and shared scenarios and examples of using standard logical if-else conditions to cater to users’
preferences with various modalities. For example, I demonstrated how a developer could use the system to
fetch a user’s preferences from the session storage and implement logical conditions to construct an alt-text
for an online data visualization. I sought their perception of user agency, thoughts on the utility and usability
of the system, feedback on development efforts, and ideas on further improving VOXEX. I recorded and

transcribed these interviews using Zoom'’s built-in features.

9.4.3 Analysis

I qualitatively analyzed the interviews and the diary entries from the screen-reader users. Similar to the for-
mative studies, [ used a semantic approach (Patton|[1990]]) and an essentialist paradigm (Potter and Wetherell
[1987]]; Widdicombe and Wooffitt| [19935]]) to conduct a theoretical thematic analysis (Boyatzis| [1998])). 1
followed guidelines from Braun and Clarke (Braun and Clarke [2006]]). Additionally, I analyzed the sub-
jective ratings collected from the NASA-TLX questionnaire (Hart and Staveland| [1988]); Hart| [2006]]). I

present the findings separately in the section below.

9.5 Results

I present the results from the two case studies with three screen-reader users and three visualization creators.

Additionally, I describe further enhancements to VOXEX based on participants’ feedback from the studies.
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9.5.1 Case Study with Screen-Reader Users

I conducted a five-day diary study with three screen-reader users, which involved a tutorial session, unsu-
pervised interaction with VOXEX, and a follow-up interview. I studied participants’ interactions and privacy
and security concerns, asked them about areas for improvement, and sought their overall feedback. Addi-

tionally, I collected their subjective ratings using the NASA-TLX questionnaire. I discuss these below.

9.5.1.1 Information Extraction Experience

A prevalent theme in the interviews was participants recognizing how VOXEX improved their efficiency in
extracting information from online data visualizations, providing them the autonomy to control and choose

the information they wanted to extract. C3 and C1 expressed their enthusiasm this way:

It allows me to do things quickly and efficiently, get the
information, glance at it like a sighted person. I was 7Jjust
seeing how well and quickly it responded. And then when I
started to define what I wanted, I felt even better. It’s a
useful way of describing information in the format that I need.

It’s about damn time. (C3)

C1 said:

I like that I can get the information I want quicker. And it
manipulates the data better than the table would. I could get
largest, smallest, or change the order and do things that a
table reading with a screen reader does not do. And it’s
fairly easy. Setting up the stuff was not a problem.

Definitely, this is something that I would use. (Cl)
Similarly, C2 discussed the importance of autonomy and agency over information she wanted:

Being able to choose the information I got felt really

important and meaningful because I had more autonomy and
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control over the information that I wanted; it would save time
not having to listen to information that I didn’t need or want
or care about. As a blind person, it takes about like 50,

maybe even a hundred percent longer than a sighted person to do
anything. So any way I can make things more efficient or kind

of control how much time something takes is great. (C2)

In particular, C2 highlighted the benefits of VOXEX with sonification:

Being able to control the type of sound and whether it was
continuous or not and then how fast the sound was being
presented was really cool. Again, going back to autonomy and
choice and being able to pick preferences that worked for me

and my learning style was really helpful. (C2)

9.5.1.2 Privacy and Security Concerns

During the follow-up interviews, I asked the participants if they had any privacy or security concerns with
installing and using VOXEX. The participants did not report any concerns, regarding the research study as

trustworthy. For example, C1 and C2 shared their thoughts:

I’'m not concerned about privacy on this thing simply because I

figured you wouldn’t give me anything with privacy issues. (Cl)

I think having that call with you and being told more about it
was helpful rather than just finding it randomly on the

web. (C2)

Naturally, I inquired about participants’ concerns if they had encountered VOXEX outside of a research
study and what factors might contribute toward resolving any concerns. C1 and C2 stated that having a

credible source resolves their concerns, whereas C3 relied on and trusted his security setup:
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I'm very leery about what I put onto my computer. I would have
looked if anybody else reviewed it. Like, is this from a
credible source? I would look into if there were any articles
on the thing, and see if anybody did any research on that. I
would trust reputable articles, basically. Which is the way I

do everything. (Cl)
C2 agreed, saying,

So really, that’s just kind of my standard practice when I
download anything is to make sure it’s [from] a reliable source
based on my research and then ask people that I trust who

understand these things a lot more than I do. (C2)
And C3 added:

I have pretty good online security and practices and I also
have a protected VPN and everything, so I don’t have any real

issues with extensions. (C3)

9.5.1.3 Areas of Improvement

I inquired about areas of improvement for VOXEX from the screen-reader participants. All three partici-
pants highlighted the need to provide definitions of the configuration options. In addition to definitions, C2

specified mathematical and scientific concepts as particular use cases for definitions:

Mathematical and scientific concepts I'm rusty [with], so [I]
don’t have a solid understanding of standard deviation and
variance and stuff like that. Having the option to get more
information about standard deviation in a graph takes the

burden off. (C2)

C1 identified the benefits of having a help page:
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I might not have understood some stuff, so either a little
definition or a help page for people who may not know what a

maximum [or] minimum is. I think a decent help page would not

be a bad idea. (Cl)
C3 recognized the opportunity for VOXEX to be an educational tool:

Describing standard deviation for someone who doesn’t know
could be a good thing. I think if a person hasn’t had
statistics in school, just a quick definition of what those are

would help them a lot. It could be an educational tool as

well. (C3)

9.5.1.4 Overall Comments and Feedback

The participants provided additional feedback on the usefulness of VOXEX by highlighting the import pref-

erences feature. For example, C2 shared:

I think it’s really helpful in time-saving because if I don’t
have that ability, then I'm using a lot of my time and mental
load on getting the configurations exactly as I want them for
general use. I think it’s a very good call on having settings

be able to be imported and stuff. (C2)

Furthermore, the participants discussed how VOXEX would be helpful for non-screen-reader users, in-
cluding people with non-visual disabilities and those without disabilities. C3 discussed its benefits for people

with learning disabilities:

Not only would I use this with people that have wvisual or
cognitive disabilities, I’d [also] introduce it to people that
have learning disabilities but show them how you can use them

in conjunction with other skill sets, and it would enhance it
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and also increase the ability to process information, also

increase the speed. (C3)

C2 conveyed VOXEX’s advantages for non-screen-reader users:

I could see it with anybody with some print-related disability.
And people who don’t have understanding of graphs and a strong
background in statistics. I think this would help bridge those

gaps. (C2)

9.5.1.5 Subjective Workload Assessment

I used the NASA Task Load Index questionnaire (NASA-TLX) (Hart and Staveland [[1988]]; [Hart [2006])
to collect subjective workload ratings from the screen-reader participants. The NASA-TLX questionnaire
uses six 21-point scales to determine users’ perceived task workload: mental demand, physical demand,
temporal demand, effort, frustration, and performance. To characterize VOXEX’s workload, I relied on a
characterization from my prior work, since a control condition for comparison does not really exist.

The results indicated that VOXEX requires low mental demand (A/=3.0, SD=1.0), low physical demand
(M=1.3, §D=.6), low temporal demand (M=5.0, SD=3.0), low effort (M=5.3, SD=2.1), low frustration
(M=3.7, SD=2.9), and has high perceived performance (M=17.3, SD=6.4). The subjective ratings can

serve as a control for comparisons for future work.

9.5.2 Case Study with Visualization Creators

I interviewed three visualization creators in a semi-structured manner. I introduced them to VOXEX and
sought their feedback on the utility of VOXEX and development effort. Additionally, I inquired about areas

of improvement and overall comments. I discuss these in turn below.

9.5.2.1 Perceived Utility of VOXEX

I introduced the participants to VOXEX and demonstrated an example use case to aid them in forming an

understanding of the system’s features. Subsequently, I inquired about their perceived utility of VOXEX.
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The participants showed enthusiasm for the system, finding it useful for all users, particularly screen-reader
users. V2 classified VOXEX as “remarkable” and surmised that it provides equal access to data visualizations

as noted in Section 508 of the Rehabilitation Act (Commission| [[1998]]; Olalere and Lazar [2011]]):

I think it’s really fantastic. I mean, thinking of laws in the
United States, like Section 508 and providing comparable equal
access, this [tool] does that. I can’t stress enough this is
truly remarkable, to be honest. I think it’s incredibly
useful. I do think this is huge in so many ways and many leaps
in the right direction toward agency when it comes to screen

reader users and data visualization. (V2)

Similarly, V1 considered VOXEX a win-win situation for screen-reader users and developers:

As a designer and developer, I think it alleviates some of the
decision-making you need to put in, and at the same time, the

user gets what they want. It’s a win-win situation. I mean, I
like the idea of customization. With these preferences, it’s a

bit more niche. (V1)

V3 shared her experiences as a developer about the system’s usefulness in catering the content to the

preferences of target users:

Every time I develop something, I think of my target users
first. It’s pretty useful because you get to know them more,
what their preferences are, and how you can address those
preferences in your design. Because without this [tool], you
actually don’t know what your user’s preference is. You can
only give them all of the information but then people feel
impatient that you’re reading a long paragraph that they are

not even interested in. They can get the information straight
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ahead. Like a short answer, you have a setting to control that

and the speed and stuff. (V3)

9.5.2.2 Development Effort

I asked participants their thoughts on the development effort needed to provide customized information
from online data visualizations using VOXEX. Specifically, I asked them to rate their perceived difficulty
of implementation on a Likert scale of 1 to 7, with “1” representing none-to-minimal difficulty and “7”

representing extreme difficulty. All the participants rated the difficulty as “1”. V1 elaborated on her choice:

It doesn’t seem like that much work. Like, so you know that
the person doesn’t want a title, for example. So you then
decide, okay, the user doesn’t want the title, then I’m not
going to include the title in it. 1It’s pretty simple

really. (V1)

9.5.2.3 Areas of Improvement

Similar to the screen-reader participants, visualization creators also emphasized the need to provide defini-

tions of the configuration options. For example, V2 expressed her opinions as:

If T have no idea what a standard deviation is, and especially
[what] uncertainty [of] information [is], having a definition

here to make this even more accessible would be fantastic. (V2)

Additionally, the participants noted that domain interest could be a potential factor in determining ver-

bosity levels. V1 suggested to adjust the content based on the domains of interest:

You might not have the same preferences if you’re going through
something you’re invested in versus something you’re not super
invested in. So, 1f you asked users for their interests or the

domains they’re interested in and adjusted the content based on
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that, then I think that would probably increase the

utility. (V1)

V2 shared an example use case of adjusting verbosity:

Let’s say I was trying to learn information about COVID. I
think I would want to have higher verbosity levels for
visualizations involving health and a lower level for

visualizations involving, say, sports. (V2)

9.5.2.4 Overall Comments and Feedback

The participants provided positive and encouraging feedback on VOXEX. In particular, they were excited
about the system’s central focus on user agency for screen-reader users. For example, V1 conveyed her

enthusiasm for the importance of user agency:

It’s pretty important and critical to have agency over the
information you consume. Giving users the option to specify
what information they want and what information they don’t

want, and to control that is pretty important. (V1)

V2 agreed, saying:

I think it’s super important. Whether I do a good job in
general as visual presenters is the question. Because it could
frankly disenfranchise people sometimes from even attending
higher education institutions to be able to then participate in

a way that feels equal and comparable. (V2)

9.5.3 VOXEX Enhancements

I made enhancements to VOXEX to incorporate the feedback I received from the participants during the case

studies. In particular, I focused on the areas of improvement they identified and addressed their concerns
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by: (1) adding definitions of configuration options, and (2) using domains of interest to determine verbosity

levels. I present these enhancements below.

9.5.3.1 Definition of Configuration Options

A unanimous suggestion from the participants was to add a definition for each configuration option to
support users in understanding these terms. Therefore, I added an accessible help tooltip icon next to each

configuration option, enabling users to obtain the definition of the term in plain language.

9.5.3.2 Domains of Interest

The visualization-creator participants noted the need for an additional feature to determine verbosity levels
based on domains of interest. I integrated the ChatGPT AP to implement this feature in VOXEX as
Large-Language Models are a beneficial source of extracting categories from web content (Wei et al.|[2023]];
Voros et al.| [2023]]; [Kocon et al.|[2023])). First, I issued Chat GPT the query “website categories” to obtain
the list of broader website categories. I included this list on the configuration portal and provided users the

option to select multiple categories of their interest.

Then, on the client side, I queried Chat GP T with the text from the web page’s meta tags, title, and body
to determine its category. For example, on the sample visualization page, I queried “website category for

999

‘Data visualization showing average class scores for each student” and received the following response:
“The appropriate website category for a ‘Data visualization showing average class scores for each student’
would likely fall under ‘Education’ or ‘Academic Resources.”” If the identified category of the web page

was among the list of user’s categories of interest, I set the user’s verbosity setting to “High.”

More work is underway, beyond what is presented in this dissertation, to improve the performance of
VOXEX by minimizing the number of network calls through caching and to find an economically sustainable

solution for this feature as the Chat GPT API requires paying a subscription to OpenAl.

"*https://chat.openai.com/
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9.6 Utility Beyond Online Data Visualizations

I developed VOXEX with a central focus on online data visualizations. However, this work has utility
beyond online data visualizations. For example, developers can use this system to generate summaries of
information from data tables, especially those with high cardinalities, enabling screen-reader users to extract
information more effectively. Furthermore, future work can extend this system to include preferences for
customizing one’s information consumption concerning images and graphics, allowing content creators to
customize the alt-text and cater to the individual needs of screen-reader users. In addition, as the participants
identified, this work can benefit non-screen-reader users, including those with non-visual disabilities. For
example, this system can support people with color-vision-deficiency (CVD) by enabling them to specify
preferences that visualization creators can use to automatically modify color palettes in visualizations and
graphics based on their CVD type and preferences. I encourage researchers to explore the utility of this

system further, including its potential benefits for visualization literacy.

9.7 Summary

In this chapter, I sought to provide enhanced agency to screen-reader users to customize the information
they consume from online data visualizations. To achieve this objective, I surveyed and interviewed screen-
reader users and subsequently used the findings from these formative studies to develop VOXEX. Through
integration with VoxLens, I conducted a field deployment of my system. I conducted a diary study with
screen-reader users and single-session interviews with visualization creators to assess the utility and usability
of VOXEX. I reported the findings from the studies showing that VOXEX improves screen-reader users’
efficiency of information extraction and requires minimal effort from visualization creators. Additionally, I

incorporated the suggestions from the participants to improve VOXEX.
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Chapter 10

Supporting Visualization Creators in

Making Data Visualizations Accessible™

In the prior chapters of this dissertation, I focused on improving the accessibility of online data visualiza-
tions for screen-reader users. In this chapter, I set my concentration on improving visualization creators’
knowledge of accessibility and supporting them in making data visualizations accessible. I present a forma-
tive study and in-depth interviews with visualization creators to identify effective interventions to enhance
their experiences with data visualization accessibility. Further, I demonstrate the generalizability of these
findings by implementing and assessing each of the five identified interventions, consequently introducing

another enhanced version of VOXLENS (version 5.0).

10.1 Motivation

Lack of access to the underlying information in online data visualizations can be an inequity issue and
severely disenfranchise screen-reader users (Marriott et al.| [2021]; [Lee et al.| [2021]]; Sharif et al.| [2021];
Davis|[2002]), of which there are over 7.6 million in the United States, and who rely on visualization creators
to make online data visualizations accessible. Empirical findings show that even the most commonly used
technique in data visualization accessibility, alternative text (“ALT-text”), is often missing or insufficient,

causing screen-reader users to extract information 61% less accurately and spend 211% more time than

“Parts of this chapter are adapted from (Sharif et al.|[2024b])
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non-screen-reader users (Sharif et al. [2021]]; [Zong et al.|[2022]). Recently, researchers have provided
increased accessibility awareness for visualization creators, especially after inaccessible COVID-19 graphs
resulted in health concerns for the blind and low-vision community (Fan et al.|[2023]]; Praharaj et al.|[2023]]).
Consequently, the visualization community has undertaken steps to address these accessibility concerns. For
example, The New York Times recently created a new job position of an Accessibility Visuals Editor, which

had never before existed (Cassidy|[2023]]; Duenes| [2022]).

However, despite these efforts, accessibility in data visualizations is often non-existent and significantly
varies based on visualization creators’ expertise and subject-matter familiarity. Consequently, this inacces-
sibility results in an inconsistent and cuambersome interaction experience for screen-reader users with online
visualizations. Although researchers have proposed solutions to make data visualizations accessible, such
as auto-generated ALT-text (Sharif and Forouraghi| [2018]]; [Lundgard and Satyanarayan| [2021])), sonifica-
tion (Austin and Sorge|[2023]]; [Roy and Boppana[2022])), 3-D printing (Brown and Hurst|[2012]; [Hurst and
Kanel [2013]]), data tables (Developers| [2014]]), and multi-modality (Sharif et al. [2022f]]; [Thompson et al.
[2023])), investigating and minimizing the challenges for visualization creators when making online data vi-
sualizations accessible remains unexplored. While Joyner et al. (Joyner et al.|[2022]]) shed preliminary light
on developers’ challenges with accessibility, this work is the first to reduce those challenges by identifying
interventions to: (1) improve developers’ understanding of the experiences of screen-reader users, (2) en-
hance developers’ knowledge of data visualization accessibility, and (3) assist developers in making data

visualizations accessible to screen-reader users.

To this end, I surveyed 57 visualization creators to understand their perceived importance, knowledge,
and prioritization of data visualization accessibility. The findings indicate that their perceived importance of
visualization accessibility impacts their knowledge of it, and together, these factors significantly affect their
prioritization of it, which influences the challenges they encounter when making visualizations accessible.
I also inquired about creators’ challenges with accessibility and tools that could reduce those challenges.
The analysis revealed five interventions that, when used in combination with each other, elevate creators’
understanding of screen-reader users’ interactions with visualizations, strengthen their knowledge of data
visualization accessibility, and aid them in making data visualizations accessible. These five interventions

include one educational intervention (Workshops) and four technological interventions (Emulators, Evalua-
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tors, Feedback Collectors, and Multi-Modal Automated Tools).

To gather further insights into the features that make these interventions effective, I conducted semi-
structured interviews with 12 visualization creators, inquiring about their perception of each identified in-
tervention. Specifically, I asked about the distinctive features that would enhance each intervention’s effec-
tiveness to improve: (1) their knowledge of accessibility and screen-reader users’ experiences, and (2) assist
them in creating accessible visualizations. The findings identify the nuanced features, perceived challenges,
specifications, and recommendations from visualization creators for effective versions of each intervention.

Then, to assess the generalizability of these findings and the effectiveness of these interventions, I per-
formed a task-based user study with 10 visualization creators. Specifically, I implemented each of the four
technological interventions, integrating them into VOXLENS. I compared this enhanced version’s perfor-
mance with the original version of VOXLENS. These enhancements increased participants’ understanding of
screen-reader users’ challenges with data visualizations, knowledge of data visualization accessibility, and
perceived usefulness of VOXLENS by 43.8%, 16.7%, and 11.5%, respectively. Additionally, I organized
the educational intervention, Workshop, finding that it improved participants’ knowledge, prioritization, and
perceived importance of accessibility by 38%, 4%, and 15%, respectively. Furthermore, participants de-
creased their rating of challenges they face with accessibility by 17% and increased their desire to conduct

studies with screen-reader users by 157%.

10.2 Formative Research

To investigate visualization creators’ challenges with data visualization accessibility, identify the factors
inducing these challenges, and determine solutions to minimize these challenges, I surveyed 57 visualization

creators. I used a mixed-methods approach. I present the details below.

10.2.1 Participants

I surveyed 57 visualization creators (M =35.3 years old, SD=8.4). I advertised the survey through social
media platforms and various email distribution lists for visualization creators. Among the respondents, 28
identified as women, 24 as men, four as non-binary, and one did not disclose their gender identity. Thirty-one

participants were affiliated with industry, 20 with academia, and six with both. Twenty-eight participants
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specified themselves as developers, 19 as researchers, and 10 as both. The highest level of education was a
doctoral degree for 20 participants, a master’s degree for 14, an undergraduate degree for 20, an associate’s
degree for two, and a high school diploma for one participant. For visualization accessibility knowledge,
three participants identified as “beginner,” seven as “moderate beginner,” 10 as “advanced beginner,” 10 as

“competent,” 19 as “proficient,” six as “advanced proficient,” and two as “expert.”

10.2.2 Procedure

The online survey included five steps. Participants filled out each step without supervision. In the first
step of the survey, I displayed the purpose of the study, eligibility criteria, and data anonymity clause.
Additionally, I collected participants’ demographic information, including their gender (Spiel et al.| [2019]),
preferred pronouns, age, education level, domain (DQO; “industry,” “academia,” or “both”), and role (RO;
“developer,” “researcher,” or “both”). For clarity, the term “developer” encompassed similar terms, including
“programmer” and “designer.” Additionally, similar to other studies presented in this dissertation, I collected
gender identities to report demographic information; I did not analyze the effect of gender identities on the
dependent variables as it was outside the scope of this work.

Next, in the second survey step, I asked about their current practices and knowledge (K R) about visual-
ization accessibility. I also asked them about their accessibility prioritization (P R) and perceived importance
(I R), accessibility policy enforcement (PO; “no policies,” “policies recommended,” or “policies enforced”)
at their respective organizations, and their strategies to make data visualizations accessible to screen-reader
users. Additionally, I asked the participants about their frequency of testing their visualizations with screen-
reader users (SF'). I used a Likert scale ranging from 1 (lowest; e.g., “not important”) to 7 (highest; e.g.,
“extremely important”) for collecting K R, PR, IR, and SF'.

In the third step, I inquired about the challenges they experience in incorporating accessibility in vi-
sualizations and their Likert-scale rating for the challenge level (CR). Then, in survey step four, I asked

the following open-ended questions to gather insights about interventions that could mitigate participants’

accessibility challenges:

1. Which resources or tools could enhance creators’ understanding of screen-reader users’ challenges?

2. Which resources or tools could help enhance creators’ knowledge regarding accessible online data

192



visualizations?

3. Which resources or tools could help make online data visualizations accessible to screen-reader users?

Finally, in survey step five, I asked for any optional comments and their interest in a follow-up interview.

10.2.3 Quantitative Evaluation

To quantitatively analyze the survey responses, I investigated the factors that contribute to creators’:

* Challenges with implementing accessibility in data visualizations (RQ1)
* Knowledge of data visualization accessibility (RQ2)

* Prioritization of making data visualizations accessible (RQ3)

Table 10.1: Results from the ordinal logistic regression analysis of N=57 survey responses. “IV” means
the Independent Variable. “BIC” is the Bayesian Information Criterion (lower is better). “CR” = Challenge
Rating, “PR” = Prioritization Rating, “DO” = Domain, “KR” = Knowledge Rating, “SF’ = Studies Fre-
quency, “IR” = Importance Rating, and “PO” = Policies. Results with p<.05 are statistically significant.

Model IV | N | D

PR | 57 ] 19.68 | <.05

CR ~ PR + DO + age

BIC = 190.76 DO | 57| 6.62 | <.05

age | 57 | 3.18 .075

SE | 57| 2245 | <.001

KR ~ SF + IR + age
BIC = 229 49 IR | 57 | 19.68 | <.05

age | 57 | 852 | <.05

KR | 57| 1286 | <.05

PR ~ KR + IR + PO
BIC =232.67 IR | 57| 1332 | <.05

PO | 57| 5.19 075

I used stepwise ordinal logistic regression (both directions) (Draper and Smith| [1981]; [Efroymson

[[1960]; Hocking| [[1976])) to identify possible outcomes of the independent variables out of the following
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Table 10.2: Statistical results from the Spearman’s rank correlation analysis of all the variables. “V1” means
Variable 1 and “V2” means Variable 2. p is the Spearman’s rank correlation coefficient. All results with p
<.05 are statistically significant.

V1 V2 1) D
CR KR -.05 719
CR IR .00 980
CR PO -.05 725
CR SF .09 528
CR PR -.08 561
CR DO .16 247
CR RO -.08 541
KR IR .20 .145
KR PR 42 | <.001
KR PO -.39 <.05
KR SF .29 <.05
KR DO 23 .088
KR RO -.08 .548
IR PR 49 <.001
IR PO -.24 .068
IR SF 21 119
IR DO .66 .659
IR RO .09 499
PR PO -43 | <.001
PR SF A2 373
PR DO 14 304
PR RO -.06 .655
PO SF -.34 <.05
PO DO -.07 .605
PO RO -.03 .803

SF DO -.15 257
SF RO -.01 962
DO RO -.25 <.05
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candidate variables: SF, KR, IR, PR, DO, RO, PO, and age. As a result, for RQ1, the dependent vari-
able (DV) was C'R, and the independent variables (IVs) were PR, DO, and age. For RQ2, the DV was
KR, and the IVs were SF, I R, and age. For RQ3, the DV was PR, and the IVs were KR, I R, and PO.

Variables CR, SF', KR, [ R, and PR had an ordinal representation (1 to 7 on a Likert scale), whereas
DO, RO, and PO were trichotomous. I investigated the effect of the independent variables on the dependent
variables using ordinal logistic regression (McCullagh| [[1980]; McKelvey and Zavoina| [1975]), a standard

technique for analyzing ordinal responses. Table [I0.1]shows the statistical results.

Variables PR and DO had a significant effect on C'R. Specifically, 46.7% (IN=21) of the respondents
who regarded implementing accessibility as at least somewhat challenging (higher than 4 on the Likert scale)
rated their prioritization at higher than 4, and 60.0% (N=27) reported their affiliation with “industry.” Age

had a marginal effect on C'R (p ~.075).

SF, IR, and age had a significant main effect on K R. Specifically, 3.7% (IN=1) and 88.9% (IN=24) of
the respondents who considered themselves at least somewhat knowledgeable in accessibility (higher than
4 on the Likert scale) rated their frequency of conducting studies with screen-reader users and accessibility
importance at higher than 4. Additionally, 74.1% (N=20) of these respondents reported being between 30

and 50 years old.

K R and I R had a significant main effect on PR. Specifically, 63.3% (N=19) and 96.7% (N=29) of the
respondents who at least somewhat prioritized accessibility (higher than 4 on the Likert scale) rated their

accessibility knowledge and importance at higher than 4. PO had a marginal effect on PR (p ~.075).

As a supplementary analysis, I performed Spearman’s rank correlation analysis (Spearman| [[1904]) to
investigate the linear relationship between all the variables. I found a positive correlation between K R and
PR (p<.001), KR and PO (p<.05), KR and SF (p<.05), IR and PR (p<.001), PR and PO (p<.001), PO
and SF' (p<.05), and DO and RO (p<.05) (see Table[10.2). This analysis was supplementary to this work
and these results do not imply causality. However, these findings provide avenues for future research to
determine possible causal relationships among these variables to shed further light on visualization creators’

challenges with data visualization accessibility.
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10.2.4 Qualitative Evaluation

I qualitatively analyzed the participants’ (N=57) open-ended responses to questions in Step 4 of the survey.
I conducted a theoretical thematic analysis (Boyatzis|[[1998]]) using a semantic approach (Patton|[[1990]]) and
an essentialist paradigm (Potter and Wetherell [[1987]]; Widdicombe and Woottitt [1995]]), following guide-
lines from Braun and Clarke (Braun and Clarke|[2006]). Three co-authors coded each response. I calculated
the inter-rater reliability using pairwise percentage agreement, reaching a high agreement percentage of
97%. The final analysis revealed one educational intervention (Workshops) and four technological inter-
ventions (Emulators, Evaluators, Feedback Collectors, and Multi-Modal Automated Tools) identified by
visualization creators that would reduce their challenges in making data visualizations accessible to screen-
reader users. I discuss these below. (For a qualitative analysis of visualization designers’ experiences with

data visualization accessibility, I direct readers to work by Joyner et al. (Joyner et al.|[2022]).)

10.2.4.1 Workshops

For simplicity, I use the umbrella term Workshops to represent synonymous terms that the participants used

LR N3

in their responses, including “course,” “training,” and “tutorials.” The participants expressed an interest in
attending workshops to gain “hands-on” experience (P52) to understand challenges that screen-reader users
encounter with online data visualizations and to enhance their knowledge of data visualization accessibility.

For example, P5 shared their enthusiasm for taking part in and effectively advertising a workshop:

I would LOVE to take a class taught by someone who uses these
features. An effective way might be to raise awareness of such

courses in U.S. federal programs. (P5)

Additionally, P41 discussed the scarcity of such workshops at her organization:

Workshops and tutorials that specifically address the
experiences of screen-reader users are helpful but scarce at my

institution. (P41)
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10.2.4.2 Emulators

In this dissertation, I define an emulator as software that mimics responses from screen readers to assist
visualization creators in hearing the screen reader output without needing to install a screen reader on their
computer. The participants stated their desire to understand the interaction experiences of screen-reader
users with data visualizations through emulating the output from screen readers. For example, P23 consid-

ered an emulator a “middle-ground task”:

I wish there were a middle-ground task between running a screen

reader myself and hiring someone to use a screen reader for me.

(P23)

Similarly, P47 and P51 identified an emulator’s benefits as “quickly previewing the experience” and
“instantly hearing the visualization from a screen reader perspective,” respectively. Additionally, P21 high-

lighted its use case as a centralized tool that would assist in self-auditing data visualizations:

Centralized walk-throughs of different screen reader modalities
would be cool. How blind and visually impaired users use the

screen reader. (P21)

10.2.4.3 Evaluators

Unsurprisingly, the participants identified the need for tools that evaluate their data visualizations for acces-
sibility (Evaluators). Several tools currently exist that evaluate data visualizations’ accessibility (Elavsky
et al.|[2022]; |Alcaraz Martinez et al.| [2022]); [Takagi et al.|[2003]; [WebAIM] [2016]) based on established
guidelines, such as WCAG 2.1 (Caldwell et al.| [2018]]). However, as the participants identified in their
responses, these solutions are not integrated into the visualization libraries and do not provide real-time
evaluation of visualizations during the development process. For example, P14 and P49 communicated the

need for automated evaluators by providing relatable examples of existing solutions:

As someone who likes to create data visualizations but isn’t a

professional, I'd like to see more tools include accessibility
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assessment, like Microsoft has done with PowerPoint, Excel,

etc. Or JavaScript libraries. (P14)

Having a tool that checks your visualizations as you’re
working... Like, a Grammarly-type of resource, but to improve

the accessibility of your visualization! (P49)

Similarly, P48 shared his challenges with generating alternative text and identified a specific use case

for evaluators:

I’ve been relying on alt-text and I feel that I have spent a
lot of time and effort into this but I don’t have a way to say,
“okay, what you’re doing is sufficient!” So a checker (e.g.,

alt-text checker) would be great! (P48)

10.2.4.4 Feedback Collector

A common theme in the survey responses was visualization creators’ desire to get feedback on the ac-
cessibility of their data visualizations from “real-life users” (P29) and “access to screen-reader users for
input” (P46). (In this dissertation, I refer to this utility as Feedback Collectors.) For example, P54 and P16

accentuated the need to connect with screen-reader users to receive feedback:

I'’d like to connect with more people with disabilities to test

the designs. (P54)

There is a lot of garbage in the information that is not
actually applicable to what I'm trying to do. I would like to

be able to have the ability to ask an expert in the matter. (P36)
Similarly, P35 highlighted the usefulness of a feedback collector, emphasizing protecting users’ privacy:

I think writing to report a bug or enhancement should be easy.
A tool to enable users to report without losing privacy or

sensitive information would be valuable. (P35)
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10.2.4.5 Multi-Modal Automated Tool

A Multi-Modal Automated Tool in data visualization accessibility is software or a plug-in that provides
multiple modalities for users to extract information, such as sonification, ALT-text, and tables. A prevalent
mention in the survey responses was that of an “easy to create” (P44) and ‘“‘auto-implement” (P18, P46)
multi-modal solution. Additionally, the visualization creators emphasized the need for such solutions to be
“open-source” (P29) and “financially accessible” (P25). Notably, P53 classified an automated multi-modal

solution as a “magic wand”:

A magic wand... a charting tool where a chart is just made
accessible in the background without the chart author needing

to do anything special. (P53)

P6 identified ways and specific domains where a multi-modal solution would be beneficial:

[It would be useful as] R/ggplot2 and python/seaborn extensions
to automatically sonify data and/or generate alt-text, or a

web-based library that can be built-in automatically. (P6)

Additionally, the participants suggested using artificial intelligence (P2, P28, P42), computer vision
(P52), and technologies such as ChatGPT (P26) and large-language models (P38) for creating multi-modal
solutions to make online data visualizations accessible.

Overall, the findings shed light on the challenges visualization creators experience with making data
visualizations accessible, identifying factors contributing to these challenges. In particular, the qualitative
results determine an educational intervention and four technological interventions that might assist visu-
alization creators in minimizing these challenges. These findings motivated the need to conduct in-depth
interviews with visualization creators to delve further into the specific features that improve the effectiveness
of the recognized interventions. I present the methodology and findings from the interviews with visualiza-

tion creators in the section below.
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Table 10.3: Gender, age, domain, role, and education level of the interview participants.

Gender | Age | Domain Role Education Level

S1 | Woman | 29 | Industry Developer | Master’s
S2 | Woman | 32 | Industry Developer | Bachelor’s
S3 | Woman | 35 | Academia | Both Doctorate
S4 | Man 40 | Industry Researcher | Doctorate
S5 | Woman | 27 | Academia | Researcher | Master’s
S6 | Man 37 | Industry Developer | Bachelor’s
S7 | Woman | 31 | Industry Developer | Bachelor’s
S8 | Man 33 | Industry Researcher | Doctorate
S9 | Man 54 | Both Both Bachelor’s
S10 | Man 49 | Industry Developer | Master’s
S11 | Man 36 | Industry Developer | Bachelor’s
S12 | Man 22 | Academia | Researcher | Bachelor’s

10.3 Study Design

To better understand the creators’ perceived effectiveness of features for each intervention (Workshops, Em-
ulators, Evaluators, Feedback Collectors, and Multi-Modal Automated Tools), 1 conducted semi-structured

interviews with 12 visualization creators. I present the details and results of the qualitative analysis.

10.3.1 Participants

I randomly selected 12 survey respondents from those who indicated they would participate in a follow-up
interview (see Table [I0.3). Five participants identified their gender as women and seven as men. Their
average age was 35.4 years (SD=9.0). Three participants had attained or were pursuing a doctoral degree,
three a master’s degree, and the remaining six a bachelor’s degree. I discontinued recruiting participants once

I reached saturation of insights. I compensated participants with a $25 Amazon gift card for participating in
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the hour-long interview.

Table 10.4: Interventions and their effectiveness features identified during the survey of and interviews with
visualization creators.

Intervention Features

Synchronous

Co-instructed by screen-reader users and practitioners
Workshops

Materials available post-workshop

Step-by-step instructions with examples

Output in textual format

Emulators Incorporate output from multiple screen readers

Toggle activation (on/off)

Score-based evaluation

Explanation of the underlying issue

Evaluation of presence as well as quality of alt-text
Evaluators

Evaluation of color contrast ratio

Toggle activation (on/off)

Post-creation evaluation (CI/CD pipelines, “linters”)

Simple radio buttons (Likert scale)

Feedback Collectors Optional open-ended field for feedback

Tracking feedback (GitHub tracker)

Customization and personalization options

Multi-Modal Automated Tools | Af techniques for efficiency

Low-effort avenues to test technical accuracy

10.3.2 Procedure

I interviewed the participants via Zoom and used its built-in features to record the calls, subsequently tran-

scribing the interviews using Descript (Descript|[[2017]). The study sessions were semi-structured and lasted

201



one hour. At least three authors administered each interview, one taking detailed notes during each session.
I engaged the participants in a conversation to identify the utility, challenges, and suggestions to enhance
the effectiveness of the interventions. Specifically, I explored each intervention’s features that could as-
sist visualization creators in: (1) understanding screen-reader users’ challenges with data visualizations, (2)
improving creators’ knowledge about data visualization accessibility, and (3) making creators’ data visual-

izations accessible to screen-reader users.

10.3.3 Analysis

To analyze the interviews, I used inductive thematic analysis (Braun and Clarke| [2006]]). Specifically, I fol-
lowed a semantic approach (Patton| [1990]]) and an essentialist paradigm (Widdicombe and Wooffitt|[1995]];
Potter and Wetherell [1987]). As per prior work’s guidelines on thematic analysis (Ryan et al.| [2000]; |Braun
and Clarke| [2006])), I used the first two interviews to develop an initial set of codes. I added codes to the
codebook, when appropriate, during the analysis of the rest of the interviews, identifying 83 total codes.
Three co-authors coded each interview transcript independently, resolving disagreements through mutual
discussions. The final analysis identified the utility, challenges, and suggestions for enhanced effectiveness
for all five interventions, discussed in the section below.

I calculated inter-rater reliability using Krippendorff’s v (Krippendortf] [2011]]) as well as pairwise per-
centage agreement, following the recommendation by Landis ef al. (Landis and Kock![1977]]). Computed
using ReCal 3.0 (Freelon|[2010]), the Krippendorff’s o was 0.88, indicating a high level of reliability (Krip-
pendorff] [2018]]). The average pairwise percentage agreement between authors was also high, at 88.2%

(Hartmann| [[1977]]; |(Graham et al.| [2012]).

10.4 Results

I present the findings from the qualitative analysis of the semi-structured interviews with 12 visualization

creators. Specifically, I discuss each of the five identified interventions in turn. I show these findings in

Table[10.4]
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10.4.1 Workshops

The participants preferred synchronous over asynchronous workshops, recognizing several benefits of in-
person workshops, including the ability to ask questions in real-time, the value of discussions and collabo-
rations with fellow attendees, and a desire to interact with screen-reader users. For example, S7 identified

the advantages of real-time interactive workshops:

I find that to be pretty useful to have a person in real-time.
You can ask your questions and have all of that happen in
real-time. Because you wanna make sure those charts are

accessible, it’s nice if you can go ask someone. (S7)
S3 agreed, saying:

[In] an in-person workshop, there’s more motivation to be
present and actually building collaborations and general
interactions with other people that might also be interested in

that space. (S3)
Similarly, S6 discussed the importance of learning from screen-reader users in workshops:

If there was a workshop given by someone who uses a screen
reader and they give that firsthand perspective and show how
they use their screen reader, challenges they run into... If I
were to learn more about accessibility and understanding the
challenges, having that sort of direct instruction is very

valuable. (S6)

The participants also highlighted the importance of learning from the practitioners, emphasizing the

need for “multiple expertise levels” (S5) and “relatability” (S3). For example:

The people I’'d like to learn from are people who are sighted
and trying to do the same things that I’'m doing. Like

practitioners, who know what the steps are. (S1)

203



Additionally, some participants specified time prioritization as a challenge for attending in-person work-
shops, addressable by making the materials available post-workshop. S5 identified this challenge and also

offered a solution:

I think the struggle is always just finding time. My ideal
format is having the materials be available asynchronously. It
takes the burden off of having to be somewhere at a specific
time and you feel like you’re missing out on content. So
there’s something just really nice about that format that I

feel like you kind of get the best of both worlds. (S5)

Additionally, P11 offered content suggestions and emphasized the need for step-by-step instructions

with examples:

Step-by-step... explain [it] like I'm five. ‘Accessible
visualization for dummies.’ What is ARIA? What fields are
available to me to use for screen readers? How can I actually
make Tableau work with a screen reader? Give me viable

examples of steps to follow. (P11)

Overall, the participants found workshops on data visualization accessibility effective in a synchronous
format, in which they could collaborate with other attendees in person and ask questions. They preferred the
workshops to be co-instructed by screen- and non-screen-reader users to leverage varying knowledge and
expertise. Additionally, they suggested making content available after the workshops as a workaround for

time prioritization challenges.

10.4.2 Emulators

The participants found emulators essential for understanding the experiences of screen-reader users. They
identified several use cases for emulators, including assisting visualization creators in comprehending how
screen readers “read” their visualizations, minimizing the need to install and learn several screen readers,

and enhancing their accessibility testing experience. For example, S5 said:
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I think there’s only so much reading about an experience that I
can do where understanding how the things that I create are
interpreted and read by screen reader. I think that would be
useful for that reason. And it’s useful in building empathy

too, right? (S5)

S9 said:

The simple fact that there is more than one [screen reader] out
there and that they would need to be installed is a barrier to
somebody like me. I mean, obviously, I can just go and install
lots of different ones, but then I think if I knew I had the
option to not install and simply go to one place, which is
going to emulate the experience, I would start there for

sure. (S9)

S2 expressed a similar sentiment:

I’11 say testing with screen readers has always just been a
little difficult. For somebody just trying to quickly see in
general what’s happening with my data through a screen reader,

you could use it for that case. (S82)

S12 expressed a suggestion to emulate the output of a screen reader in textual format:

I would appreciate if it could Jjust generate text so I can just
look at the output of a screen reader. So you kind of wanna
first take away the narration part of it and [Jjust] have it in

a transcript kind of form. (S12)

Unsurprisingly, some of the participants preferred using the actual screen readers for a better under-

standing of the experiences of screen-reader users while also identifying use cases where emulators could
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be beneficial. For example, S11 advocated for using the screen reader itself while also recognizing situations

where an emulator could assist him:

This is really hard because there is a little bit of me that
thinks, “Why not enable the screen reader in the first place?”
But I could definitely see a use case for having an emulator
because at the moment I’ve [got] VoiceOver running and I wanna
see how it works in NVDA. And I can’t really do that very
easily. So yeah, actually, to be honest, there’s definitely a

use case. (S11)

The participants also emphasized that emulators would be increasingly useful by incorporating the abil-
ity to emulate the responses from various screen readers, including users’ customizations and preferences.

For example, S12 shared his enthusiasm for this feature:

There are different screen readers on the market, and visually
impaired groups, they tend to use different tools according to
their preferences. So if this emulator can account for all

different screen readers, I think that would be great. (S12)

S2 said she also wanted an emulator to combine screen readers:

So, obviously if there’s a way to kind of combine all of those
screen readers into, you know, this emulator, and you were able
to flip to different screen readers to test the nuances, that

might be cool. (S2)

In summary, the visualization-creator participants considered emulators a beneficial intervention to un-
derstand screen-reader users’ experiences. They also noted that learning a screen reader rather than using
an emulator could have potential advantages. However, they recognized that due to the technical and learn-
ing challenges involved with installing and using several screen readers, emulators would be a plausible

alternative to test visualization accessibility.
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10.4.3 Evaluators

In the interviews, visualization creators identified the usage of evaluators as an educational toolkit. For

example, S1 recognized the benefit of evaluators to improve knowledge of accessibility:

That’s a common mistake that people don’t put ALT-texts, right?
So, say 1t starts to catch that and show that, hey, well no
ALT-text. So then it’s slowly, in a way, teaching you a little

bit and improving your knowledge of accessibility. (S1)

S6 said:

So like, I think is a really useful functionality of guiding
you through in a very verbose way because there’s so much, you
know, to learn and do and check. I think it is a powerful

feature. (S6)

Additionally, the participants highlighted essential features to enhance the effectiveness of evaluators,
including a score-based evaluation and an explanation of the underlying accessibility issues with visualiza-

tion elements. S9 discussed the benefits of a score-based evaluation:

Well, definitely having an overall score is a good thing.
Scoring maybe each element or assessing each element so you can

make design choices. (S9)

The participants also provided recommendations to include nuanced evaluations of accessibility mea-
sures such as alternative text (“ALT-text”), color contrast ratio, and the ability to toggle the activation of

automated checkers. For example, S3 shared her thoughts about alternative text:

Appropriate ALT-text... You have to be able to recognize what
it is and for it to be useful, prompt somebody to actually

include meaningful elements in the ALT-text. (S3)
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S1 shared the importance of toggling features or outputs of the evaluator:

Depending on where you don’t want a certain behavior and if it
keeps giving you an error, then you just get annoyed. Then you
don’t want to use it anymore. So being able toeither dismiss

it or [have] a “linter” where you can turn off rules. (S1)

Furthermore, some participants were interested in evaluating visualizations post-creation in addition to
during visualization development, such as through Continuous Integration/Continuous Delivery (“CI/CD”)

pipelines and “linters” (code analysis tools that report programming errors):

I would want it as part of a test system or a “linting” system.
Cause I always see those run on most CI/CD projects before it
gets to deployment. I think it’d be good to give that red flag

before anyone gets a chance to see and encounter it. (S87)

In summary, the participants identified the use case for evaluators as an educational toolkit for visual-
ization creators, particularly novice creators, to learn about the underlying accessibility issues with their
visualizations. They also noted several features of an effective evaluator, including evaluating ALT-text
quality and color contrast ratio and using score-based methods during and after visualization creation, such

as in CI/CD pipelines.

10.4.4 Feedback Collectors

The visualization-creator participants expressed a keen interest in “welcoming feedback™ (S5) on the ac-
cessibility of their visualizations from screen-reader users. S9 shared the enthusiasm of the visualization

community for this idea:

It’s a fantastic idea! I don’t know anybody who’s working in
this field who doesn’t welcome feedback. It helps you refine,
improve your work. In the visualization world, everybody wants
to get better at making their data visualizations

accessible. (S9)
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As expected, some participants acknowledged and noted the undue burden screen-reader users face in

reporting accessibility issues online. For example, S5 said:

I think a lot about user burnout and burdens around constantly
having to provide feedback. So, I want to be cognizant of that
and not overwhelm screen-reader users who are wanting to

provide feedback. (S5)

To make the feedback collector effective and minimize the burden on screen-reader users providing
feedback, the participants suggested using simple radio-button options with an optional open-ended field to

collect the accessibility rating of a visualization. S5 shared some solutions to her concerns:

Something simple, something easy with options to provide more
feedback if they choose to, give them the agency to how much
and not put the burden and onus on them to do a lot. So, as

much as they want to provide is effective for you. (S5)

S11 shared his ideas for capturing feedback efficiently:

Maybe you can make it a little easier, like, quick “yes” or

A\Y ”

no. For example, was the visualization appropriate? You
just want to keep it simple, but at the same time, you want an
open—-ended [option], like a mini-survey that they can fill

out. (S11)

Additionally, the participants highlighted that tracking feedback would be a beneficial feature for screen-

reader users. For example, S8 used GitHub’s issue tracker as an example to identify its benefits:

[By] going to GitHub, you can do issue trackers or report a bug
and then it gets posted. So there should potentially be some
way for a dialogue with the creator and also notification of

resolution of the feedback. (S8)
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Overall, the participants emphasized the potential usefulness of feedback collectors, typified by the
enthusiastic quote, “[E]verybody wants to get better at making their data visualizations accessible” (S9).
The participants suggested making feedback collectors simple, similar to a mini-survey, with an optional
choice to provide open-ended responses. Additionally, they identified feedback tracking as a potentially

beneficial feature.

10.4.5 Multi-Modal Automated Tools

The participants expressed enthusiasm for multi-modal automated tools, identifying their inherent charac-
teristic of being an “easy sell” (S11) for decision-makers and helpful for minimizing visualization creators’

challenges with making online data visualizations accessible to screen-reader users. As S11 said:

So the idea that, well, I have a solution, where I can make
[visualizations] more accessible rather than rewriting them. I
can’t even begin to tell you how appealing that is and how much

of an easier sell that would be. (S11)

S12 was similarly enthusiastic:

It would be great. It would be absolutely awesome to have a
tool that’s sort of in the middle between the developer and

screen reader; it would Jjust be awesome. (S12)

As identified by the participants, customization and personalization options for screen-reader users
would make multi-modal automated tools more effective. In particular, the participants recommended uti-
lizing the default screen reader settings of the screen-reader users to aid in developing the personalized tool.

S11 discussed his concerns with customization options and offered a solution:

I worry about too many options and sensible defaults; are they
gonna be too prescriptive? So instead, what if I took their
preferences that they already have and used them? I definitely

think that would certainly help. (S11)
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The participants noted that multi-modal automated tools offer limited opportunities to learn about acces-
sibility, but also argued that the goal should be about screen-reader users being able to extract the information

from visualizations:

It’d be great if people knew about accessibility, but if
everything was just magically accessible in the background and
you didn’t have to know, that’s the best possible outcome for
people who need the stuff to be accessible. So, I believe that
having an automated tool that just fixes it for you is the most
effective way. The outcome of accessibility should be [that]

screen—-reader users are able to do stuff. (§87)

Additionally, the participants recommended using research studies with screen-reader users to develop

such tools:

So, 1f it’s a person who does accessibility research and

they’re the ones building that tool... So, research done with
screen-reader users, and something that has been evaluated with
them, assessed with them, taken their preferences into account,

that would give you more credibility for the tool. (S1)

S6 suggested providing low-effort avenues for visualization creators to test for technical accuracy to

build trust:

I think if the tool was research-based and reacting to direct
feedback from screen reader users, [and] best practices from
developers, that makes it feel much more valuable. You know...

research-based, and has been validated and vetted. (S6)

Altogether, the participants expressed their exhilaration for multi-modal automated tools, classifying
them as an “easy sell” for decision-makers. They offered suggestions to customize and personalize these

tools to enhance the experiences of screen-reader users. Additionally, they discussed the importance of using
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research methods and co-design approaches in building such tools with screen-reader users, considering it
essential for building trust in the tool’s accuracy.

Utilizing the findings, I organized the educational intervention, Workshops, and implemented and in-
tegrated the four technological interventions into VOXLENS. Subsequently, I conducted a task-based user
study to assess the utility of the findings in enhancing creators’ work to make data visualizations accessible.

I discuss the integration and assessment, in turn, below.

10.5 Integration of Technological Interventions Into VOXLENS

As a secondary contribution of this work, I extended the functionality of VOXLENS by implementing the
four technological interventions identified by visualization creators in the studies. The goal in implementing
and integrating these interventions into VOXLENS was to assess the generalizability of the findings. Al-
though these enhancements were open source and can assist in creating future solutions, I developed them
within the context of my existing system, VOXLENS. Therefore, these enhancements may not be generaliz-
able to other platforms and tools, the exploration of which I leave to future work. Furthermore, as VOXLENS
is a technological solution, the implementation and integration focused on the identified technological inter-
ventions. I present the educational intervention, namely Workshops, in subsequent sections in this chapter. 1
discuss the four new technological interventions and their implementations below.

I chose VOXLENS for the integration because VOXLENS is (1) a multi-modal solution, (2) open-source,
and (3) easy to integrate into existing data visualizations. Additionally, while commercial versions of the
interventions exist, VOXLENS provides us with the ability to collectively use these interventions during the

development of online data visualizations via JavaScript libraries.

10.5.1 Video Tutorial

I created a video tutorial for implementing VOXLENS, further explaining the usage of configuration options
available in the original and the enhanced version. I uploaded the tutorial to YouTube and provided its link
to participants in the step-by-step instructions in the second part of the study. (While a video tutorial can be

an educational intervention, I do not consider it a replacement for Workshops.)
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COVID-19 Cases per US State

You're now using the VoxLens debug mode. The interaction responses that you hear will be the exact responses that screen-
reader users will hear. The responses will also appear in text format at the end of the visualization. Tested with JAWS, NVDA,

and VoiceOver.

Click on the start button to hear what a screen reader would announce when encountering the visualization element. Using
those instructions, you can interact with the tool by pressing the appropriate key combinations.
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How accessible is the visualization? (1 being not accessible) ©1 02 03 04 05

Any additional anonymous feedback for the developers? (optional)

[ SUBMIT FEEDBACK

Contrast checker is experimental. Inspected 51 elements. All colors have a compliant ratio with the background (#FFFFFF)
based on WCAG 2.1 level AA standards.

It seems like you asked california. Cases for California is 8,767,944.

Figure 10.1: Screen capture of a sample COVID-19 data visualization with the VOXLENS enhancements.
Without these enhancements, only the visualization and its title would be shown to the visualization creators.

10.5.2 Debug Mode as Emulator

Iintroduced a “debug” mode in the VOXLENS enhancements to emulate the responses from screen readers.

This mode enables visualization creators to hear VOXLENS’s responses without using a screen reader. I
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relayed the audio output using the Web Speech API, commonly available in modern browsers. As VOXLENS
responses are consistent across various screen readers, such as JAWS (Scientific| [1995]]), I implemented
the following features from Table [I0.4} (1) output in textual format, and (2) toggle activation (on/off).
Specifically, visualization creators could deactivate the emulator (speech and text) or turn off the voice
output to view the responses only in textual format. With these features, visualization creators can hear and
see every piece of information that VOXLENS relays to a screen reader, an additional capability that adds

emulation and improves multi-modality of VOXLENS, which it did not possess before.

10.5.3 Color Contrast Evaluator

To uphold the interview findings of an evaluator, I built a color contrast evaluator for visualizations that
automatically extracts the background color of the visualization and assesses it against the colors of the
visualization elements, including the lines, bars, shapes, and text, using the Level AA standards specified
in WCAG 2.1 (Caldwell et al.[[2018]]). To extract the background colors from SVG-based visualizations,
I traverse the elements recursively. For visualizations created using HTML Canvases, I convert the canvas
element into an image and fetch the color palette using the Color Thief[] library. For background-to-
foreground ratios not in compliance with the Level AA standard, I provide the visualization creators with
details of each element for easier debugging with an overall score. When in compliance, I show the number
of elements inspected and confirmation of compliance (see Figure [I0.1). Additionally, per the participants’
preferences, I added the ability to disable the evaluator by setting the “contrastChecker” configuration option

to “false” (see Figure[I0.2)), which turns this feature off.

As VOXLENS automatically generates a summary of visualizations, I did not implement an evaluator
for checking the presence and quality of ALT-text (see Table [10.4). Similarly, I did not implement post-
creation tools, as these solutions are internal to the deployment environment of developers and outside of

the technical scope of VOXLENS.

"https://lokeshdhakar.com/projects/color-thief/
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// original voxlens config

const voxlensOptions = {
x: 'state',
y: 'cases',
title: 'COVID-19 Cases per US State',
chartType: 'bar',
};

// enhanced version config with feedbackCollector and all debug options

const voxlensOptions = {
x: 'state',
y: 'cases',
title: 'COVID-19 Cases per US State',
chartType: 'bar',
feedbackCollector: {

scales: 5,

email: 'visualization_creator@example.com'
t
debug: true,

};
// enhanced version config with granular debug options

const voxlensOptions = {
x: 'state',
y: 'cases',
title: 'COVID-19 Cases per US State',
chartType: 'bar',
feedbackCollector: {
scales: 5,
email: 'visualization_creator@example.com'

F
debug: {
instructions: {
onlyMain: false,
h
hideFeedbackCollector: false,
contrastChecker: true,
response: {
onlyText: false,
3
}l

};

Figure 10.2: VOXLENS configuration for the original version, the enhanced version with default debug
options, and the enhanced version with granular debug options.
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10.5.4 Feedback Collector

I developed a feedback collector that enables screen-reader users to provide feedback to the visualization
creator regarding the accessibility of the visualization. Based on the features identified by the participants
(see Table[10.4), I limited the feedback to a simple rating of the visualization accessibility using radio buttons
with an optional text box for further comments. By default, the rating is on a 5-point scale ranging from 1
(“not accessible”) to 5 (“fully accessible”). Per their preferences, visualization creators can modify the scale
and hide the feedback collector in debug mode. A valid email address is required from the visualization
creators to activate the feedback collector. 1 collaborated with and utilized the services from EmailJs?]
to implement client-side email sending. I note that screen-reader users provide feedback anonymously to
the visualization creators using the feedback collector without any additional risk to their privacy. I did not
implement the tracking feature as it requires additional setup from visualization creators, which is outside

of the technical scope of VOXLENS.

10.5.5 Algorithm Improvements for Multi-Modality

The survey respondents suggested using advanced and contemporary algorithms for the multi-modal auto-
mated tools (see Table[T0.4). Specifically, they recommended the use of artificial intelligence. Therefore, I
improved the functionality of VOXLENS by using fuzzy logic (Gupta et al.| [2018]]; Zadeh! [1988]]; Hellmann
[2001])), a natural language processing technique, to replace the current keyword matching algorithm in use
by the original VOXLENS. The internal testing revealed that fuzzy logic performed queries faster and more
accurately than the keyword matching algorithm, improving the performance of VOXLENS’s Question and
Answer mode. I also did not implement avenues to test technical accuracy, as VOXLENS already provides

automated unit and functionality testing with 100% coverage.

Figure displays a screen capture of the VOXLENS enhancements, whereas Figure [10.2| shows a

comparison of the configuration options between the original VOXLENS and the enhanced version.

“https://www.emailjs.com/

216


https://2https://www.emailjs.com

Table 10.5: Gender, age, domain, role, and education level of the task-based user study participants.

Gender | Age | Domain Role Education Level

V1 | Woman | 29 | Industry Developer | Master’s
V2 | Woman | 19 | Academia | Developer | Bachelor’s
V3 Man 20 | Academia | Researcher | Bachelor’s
V4 Man 19 | Both Developer | Bachelor’s
V5 | Woman | 29 | Industry Developer | Master’s
V6 Man 33 | Industry Researcher | Doctorate
V7 | Woman | 49 | Industry Developer | Master’s
V8 | Woman | 33 | Industry Researcher | Master’s
V9 Man 54 | Industry Developer | Bachelor’s
V10 | Woman | 23 | Academia | Researcher | Doctorate

10.6 Evaluation

To evaluate the generalizability of the findings, I conducted a task-based user study with 10 visualization
creators using the original VOXLENS and the enhanced version. The goal from this study was to investigate
the effect of the enhancements on the participants’ understanding of screen-reader users’ challenges, knowl-
edge of data visualization accessibility, and perceived usefulness of VOXLENS. I present the methodology

and results below.

10.6.1 Participants

The participants were 10 visualization creators recruited via social media platforms and email distribution
lists for data visualization creators (see Table [I0.5]). Six participants identified as women and four as men.
Their average age was 30.8 years (5 D=12.2). The highest level of education was a doctoral degree for two
participants; four had a master’s degree, and the remaining four had a bachelor’s degree. 1 compensated

them with a $100 Amazon gift card for their participation in the task-based user study.
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10.6.2 Procedure

The user study was a two-part unsupervised task-based study. Each part included a step-by-step instruction
for the participants to complete the task. The first part involved using the original VOXLENS (Sharif et al.
[20221]]) without any modifications, following the instructions, documentation, and examples from its open-
source GitHub repository. In the second part, the participants used the enhanced VOXLENS version. At
the end of each part, the participants filled out a questionnaire rating their understanding of the challenges
screen-reader users experience with online data visualizations (U L), knowledge of data visualizations ac-
cessibility (K L), and perceived usefulness of VOXLENS (PU) on a scale of 1 to 7 on a Likert scale (with
“1” being the lowest and “7” being the highest). The questionnaire also included questions from the NASA-
TLX workload questionnaire (Hart and Staveland| [1988]]; |Hart| [2006]) and open-ended queries to collect
the participants’ liked or disliked features, identified areas of improvement, and general comments. I also

recorded their demographic information.

10.6.3 Design & Analysis

I conducted a task-based user study to investigate the effect of the VOXLENS enhancements on the partic-
ipants’ subjective responses. The independent variable was VOXLENS Version (V X; within-Ss.), having
two levels (“original,” “enhanced”). The dependent variables were Understanding Level (U L), Knowledge
Level (K L), and Perceived Usefulness (PU); all dependent variables were ordinal (1 to 7 on a Likert scale;
“1” being the lowest and *“7” being the highest). To analyze the effect of VX on each of these variables, 1
used mixed ordinal logistic regression (McCullagh|[1980]]; McKelvey and Zavoinal[[1975])), identical to the
quantitative survey analysis. This model is a type of generalized linear mixed model (GLMM). The focus
being a task-based user study and not a controlled experiment, I deliberately had all participants do the orig-
inal version of VOXLENS first, and then the enhanced version, since the latter contains a strict superset of
functionality of the first.

To qualitatively assess the open-ended responses from the questionnaires, I followed the same protocol
for thematic analysis (Braun and Clarke| [2006]) that I used for analyzing the survey responses. To quan-
titatively assess how V' X impacts NASA TLX perceived workload ratings, I performed the nonparametric

aligned rank transform (ART) procedure (Wobbrock et al.|[2011a]; Elkin et al.| [2021]]; Higgins and Tash-
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{toush! [1994])) (Hart and Staveland [1988]]; [Hart [2006]); the 1-21 scales were for mental demand, physical

demand, temporal demand, performance, effort, and frustration.
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Figure 10.3: Visualization showing the Likert scale scores (with “1” being the lowest and “7” being the
highest) for the original and the enhanced VOXLENS version. Higher scores are better. Error bars represent
mean +1 standard deviation.

Table 10.6: Statistical results from the ordinal logistic regression analysis from /N=10 visualization creators
with VOXLENS Version (V X) as the independent variable (“original” vs. “enhanced”). “DV” means depen-
dent variable. All results are statistically significant (p < .05).

DV X2 | p

Understanding Level (UL) | 7.78 | <.05

Knowledge Level (K L) 5.88 | <.05

Perceived Usefulness (PU) | 4.07 | <.05
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10.6.4 Results

I present the quantitative, qualitative, and workload assessment findings of the VOXLENS enhancements.

10.6.4.1 Quantitative Assessment

VOXLENS Version (V X) had a significant effect on all three ordinal dependent variables, indicating sig-
nificant differences between the original VOXLENS and the enhanced version (see Table [[0.6). Overall,
there was a 43.8%, 16.7%, and 11.5% increase in Understanding Level (UL), Knowledge Level (KL), and
Perceived Usefulness (PU), respectively, for the enhanced version compared to the original VOXLENS (see
Figure [I0.3). These results confirm that the interventions and features revealed by the interviews provided

measurable improvements to creators’ understanding, knowledge, and utility of visualization accessibility.

10.6.4.2 Qualitative Assessment

I assessed the enhancements’ usefulness by analyzing the open-ended questionnaire responses from all
participants. Specifically, I asked about their liked and disliked features and improvement areas.

Overall, in comparison to the original VOXLENS, participants found the enhanced version to be valuable
for researchers in the field of data visualization; more user-friendly (V10), a great inclusion for developers;
makes it easier to create accessible visualizations (V3), and a good step forward to helping with inclusive
data visualization development (V6). Additionally, participants expressed their excitement by stating [the
enhanced version] provided better accessibility (V2) and really useful, can’t get over it! (V5).

The participants also emphasized the usefulness of the emulator feature by classifying it as a good sanity
check that testing was working as expected; an entry point for novice creators (V1), definitely enhanced the
experience (V3), much more convenient than opening and closing a narrator (V4), and ease of testing screen
reader use without having a screen reader (V5). Additionally, they found the evaluator feature handy (V1)
and a good addition that could save developers time versus having separate tools to do that (V9). They also
shared their liking for the other features, including customization options to toggle these features through
configuration options.

For areas of improvement, the participants identified the opportunity to have more working examples

and customization settings for the emulator feature to increase and decrease the response speed. At the
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time of this writing, I have started the process of implementing these suggestions to improve the enhanced

VOXLENS version.

Table 10.7: Gender, age, and education level of the workshop participants.

Gender | Age | Education Level

W1 Woman 31 | Master’s

w2 Woman 28 | Doctorate

W3 Woman 43 | Master’s

w4 Woman 24 | Bachelor’s

W5 Woman 27 | Bachelor’s

W6 Man 43 | Doctorate

W7 Woman 38 | Master’s

W8 Woman 55 | Bachelor’s

WO ‘Woman 45 | Master’s

W10 | Woman 29 | Bachelor’s

W11 | Woman 28 | Master’s

10.6.4.3 Workload Assessment

I collected perceived workload ratings for both VOXLENS versions (V X) using the NASA Task Load In-
dex survey (NASA-TLX) (Hart and Staveland [[1988]]), recording participants’ experienced mental demand,
physical demand, temporal demand, performance, effort, and frustration. The analysis used the nonparamet-
ric aligned rank transform procedure (Wobbrock et al.| [2011a]; Elkin et al.|[2021]]; [Higgins and Tashtoush
[[1994])), but did not reveal a significant effect of VX on any of the six workload dimensions, indicating sim-
ilar workload levels for each version of VOXLENS. Put another way, the additional features and tools in the

enhanced version of VOXLENS did not detectably increase VOXLENS’s perceived workload.
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10.7 Workshop for Visualization Creators

To further assess the generalizability of the findings, I organized a workshop for visualization creators on

making online data visualizations accessible. I discuss my findings below.

10.7.1 Participants

I advertised the workshop through collaboration with the Open Scholarship Commons and the eScience In-
stitute at the University of Washington. The participants were 14 visualization creators (see Table[T0.7)), all
affiliated with the University of Washington in varying capacities (e.g., students, teachers, and staff). Twelve
identified their gender identity as women and two as men. Their average age was 37.1 years (SD=10.1).
Three had attained or were pursuing a doctoral degree, six a master’s degree, and the remaining five a bach-

elor’s degree. Participants attended the workshop voluntarily and did not receive financial compensation.

10.7.2 Procedure

I designed the workshop incorporating the effectiveness features identified by visualization creators in the
interviews (see Table [I0.4). Therefore, the workshop took place in an in-person setting, lasting an hour.
The workshop comprised three sections: (1) The Problem, (2) Common Practices, and (3) Future Avenues.
Before the beginning of the workshop, the participants filled out the same questionnaire that I presented
to the participants in the task-based user study. Specifically, they specified their knowledge, prioritization,
and perceived importance of accessibility using a Likert scale ranging from 1-7 (“1” being lowest and “7”
being highest). Additionally, using the scale, participants specified their rating for challenges they face with
data visualization accessibility and their desire to conduct studies with screen-reader users. To avoid the
Hawthorne Effect (Jones| [1992]]; Sedgwick and Greenwood| [2015]]), participants were not made aware that
they were being studied until the end of the workshop.

In the first section, my goal was to assist participants in building an in-depth understanding of the prob-
lem of data visualization accessibility. Therefore, I illustrated the inaccessibility of online data visualizations
through a recorded interaction of a screen-reader user with an online data visualization depicting COVID-19
cases per U.S. state. Next, I played a 10-minute-long pre-recorded interview with a screen-reader user, who

shared his experiences with digital accessibility in general and with online data visualizations in particular.
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Next, I demonstrated four common modalities used to make data visualizations accessible: (1) ALT-text,
(2) sonification, (3) 3-D printing, and (4) data tables. Following the demonstration, the attendees partook
in an activity to discuss these modalities and their experiences with these modalities with another attendee,
subsequently sharing the summary of their discussion with the rest of the attendees. After the activity, I
presented the advantages and shortcomings of each modality, building on the discussion from the activity.

Finally, in the third section, I demonstrated the functionalities and integration of VOXLENS into existing
visualizations to make these data visualizations accessible. Further, I discussed multi-modality and other
resources beyond the four modalities. Lastly, I provided attendees with three “homework™ topics to ponder
with their colleagues and community members in making data visualizations accessible to screen-reader
users: (1) equity, (2) user agency, and (3) non-keyboard-based interactions. I aspire to organize workshops
on these topics separately in the future. At the end of the workshop, participants filled out the same ques-

tionnaire as the one at the beginning of the study.

Table 10.8: Statistical results from the mixed ordinal logistic regression analysis from N=11 visualization
creators with Questionnaire Time (QT') as the independent variable (“pre-workshop” vs. “post-workshop”).
“DV” means dependent variable. Results with p < .05 are statistically significant.

DV X2 p

Knowledge Level (K L) 7.53 <.05

Prioritization Level (PL) 3.44 .063

Perceived Importance (PI) | 9.12 | <.05

Challenge Level (C'L) 3.51 | .061

Studies Frequency (S'F') 15.09 | <.001

10.7.3 Design & Analysis

Iinvestigated the differences in participants’ pre- and post-workshop subjective responses. The independent

EE N3

variable was Questionnaire Time ((Q)T'; within-Ss.), having two levels (“pre-workshop,” “post-workshop”).
The dependent variables were Knowledge Level (K L), Priority Level (PL), Perceived Importance (PI),
Challenge Level (C'L), and Studies Frequency (SF); all dependent variables were ordinal (1 to 7 on a Likert

scale; “1” being the lowest and “7” being the highest). Identical to VOXLENS’ task-based user study, I used
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Figure 10.4: Visualization showing the Likert scale scores (with “1” being the lowest and “7” being the
highest) for the pre- and post-workshop subjective assessments. Higher scores are better. Error bars repre-
sent mean +1 standard deviation.

mixed ordinal logistic regression (McCullagh| [1980]]; McKelvey and Zavoinal [1975]) to analyze the effect

of QT on each of these variables. Three participants did not finish the post-workshop questionnaire and

were therefore not included in the analysis.

10.7.4 Results

Questionnaire Time (QQT') had a significant effect on Knowledge Level (K L), Perceived Importance (PI),
and Studies Frequency (SF). QT had a marginal effect on Priority Level (PL) (p ~ .063) and Challenge
Level (CL) (p ~ .061). These findings indicate significant differences between the participants’ subjective
responses pre- and post-workshop (see Table [[0.8). Specifically, post-workshop scores show an improve-
ment in participants’ knowledge, prioritization, and perceived importance of accessibility by 38%, 4%, and
15%, respectively. Furthermore, participants decreased their ratings of the challenges they face with acces-

sibility by 17% and increased their desire to conduct studies with screen-reader users by 157% (see Figure
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[10.4). These results confirm that the educational intervention of Workshop provided measurable improve-
ments for visualization creators with data visualization accessibility.

Overall, participants shared positive reviews about the workshop (e.g., “Great increase in my knowl-
edge” [W9] and “Really enjoyed the workshop” [W10]). For example, W11 appreciated learning about the

advantages and shortcomings of various modalities:

This was a fantastic workshop. I really appreciated being able
to think about each approach to creating more accessible
visualizations and the pros/cons. I know I’ve attended a good
workshop when I leave with more exciting questions to

explore. (WI1Il)
Similarly, W8 said:

I wasn’t sure what to expect. The information gave attainable
ways to present data visualizations accessibly and seemed to

make the task less daunting. (W8)
W2 recognized an opportunity for the workshop materials to be included in data visualization courses:

Expectations were met and exceeded! This is so practical and
useful! I recently took the Data Viz class and this should be

incorporated there. (W2)
Additionally, W6 liked knowing about the state of accessibility:

This presentation gave me a good sense of what the state of

accessibility is with regard to data viz. (W6)

10.8 Uniqueness of Each Intervention

The participants identified and discussed the effectiveness of five interventions: Workshops, Emulators

(EM), Evaluators (EV), Feedback Collectors (FC), and Multi-Modal Automated Tools (MM). Assessing
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against the three objectives of enhancing visualization creators’ (1) understanding of screen-reader users’
challenges with data visualizations, (2) knowledge of data visualization accessibility, and (3) ease of making
data visualizations accessible, the participants determined that each intervention was beneficial in fulfilling
the three objectives only to a certain degree. For example, M M would drastically improve the ease of mak-
ing visualizations accessible but would be less effective in understanding the challenges screen-reader users
experience with data visualizations. In contrast, these benefits and limitations would be vice versa for E M.
Therefore, to achieve all three objectives, these interventions should be utilized conjointly, leveraging the

unique benefits they offer visualization creators and screen-reader users.

10.9 Summary

In this chapter, I sought to understand and improve visualization creators’ (1) understanding of screen-
reader users’ challenges with data visualizations, (2) knowledge of visualization accessibility, and (3) ease
of making data visualizations accessible to screen-reader users. To this end, I surveyed visualization creators
to determine and identify interventions to minimize their challenges with visualization accessibility. These
interventions were: Workshops, Emulators, Evaluators, Feedback Collectors, and Multi-Modal Automated
Tools. Then, I conducted semi-structured interviews to examine the effective versions of each of the five
interventions and reported the specific features that make these interventions effective. To validate these
findings, I implemented and integrated the technological interventions into VOXLENS and performed a task-
based user study with visualization creators to assess the generalizability of the findings and the usefulness
of the open-source enhancements.

Using these enhancements, visualization creators improved their understanding of screen-reader users’
challenges with data visualizations, knowledge of visualization accessibility, and perceived usefulness of
VOXLENS. Additionally, I organized the educational intervention, Workshop, finding that it improved cre-
ators’ knowledge, prioritization, and perceived importance of accessibility while also decreasing their rating
of challenges they face with accessibility increasing their desire to conduct studies with screen-reader users.
Overall, I presented the effective versions of the interventions I used to achieve the three objectives as gen-

eralizable knowledge for researchers and practitioners, particularly in the data visualization community.
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Chapter 11

Conclusion

This dissertation has demonstrated a new approach to improve the accessibility of online data visualizations
for screen-reader users while reducing the challenges visualization creators experience with data visualiza-
tion accessibility. At the beginning of this dissertation, I presented my formative research that shed light
on the challenges of screen-reader users and their disenfranchisement compared to non-screen-reader users
with information extraction from online data visualizations. To minimize these challenges, this dissertation
introduced a multi-modal, customizable, and interactive JavaScript plug-in called VOXLENS. Further, this
dissertation presented several versions of VOXLENS, VOXEX—a system that enables customization of in-
formation consumption from online data visualizations, SONIFIER—an open-source JavaScript library that
sonifies two-dimensional data, and five interventions that improve the knowledge and experiences of visu-
alization creators with data visualization accessibility. Altogether, the evaluation of these artifacts showed
performance enhancements in the accuracy of information extraction and interaction times for screen-reader
users. Additionally, these artifacts improved the knowledge and experiences of visualization creators in

making online data visualizations accessible.

11.1 Major Empirical Findings

In this dissertation, I presented findings from empirical evaluations of several VOXLENS versions conducted
using the baseline of conventional information extraction from online data visualizations without VOXLENS.

These results are highlighted below.
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Screen-Reader Users

* Accuracy of Information Extraction. With VOXLENS integrated into visualizations, screen-reader
users extracted information 164% more accurately compared to those without VOXLENS’ integra-
tion. Additionally, VOXLENS improved their accuracy of information extraction from being 62% less
accurate to being 6% more accurate than non-screen-reader users.

* Interaction Times. Screen-reader users reduced their interaction times with online data visualizations
by 50% using VOXLENS. Compared to non-screen-reader users, their interaction times decreased

from spending 211% more time extracting information from online data visualizations to 56%.

Visualization Creators

* Understanding Level. Using VOXLENS, visualization creators enhanced their understanding of the
challenges screen-reader users experience with online data visualization by 44%.

* Knowledge Level. Visualization creators increased their knowledge of making online data visual-
izations accessible to screen-reader users by 17% using VOXLENS. Additionally, the workshop on
making data visualizations accessible increased their knowledge level by 38%.

* Perceived Usefulness. VOXLENS enhancements to support visualization creators improved their per-
ceived usefulness of VOXLENS by 12%.

* Prioritization Level. The workshop enhanced the prioritization level of visualization creators to make
online data visualizations accessible to screen-reader users by 4%.

* Perceived Importance. Visualization creators boosted their perceived importance of making data vi-
sualizations accessible by 15% after participating in the workshop.

* Challenge Level. The workshop assisted the visualization creators by decreasing their rating of chal-
lenges they encounter in making data visualization accessible by 17%.

» Studies Frequency. After attending the workshop, the participants reported a 157% increase in their

desire to conduct studies with screen-reader users to test the accessibility of their data visualizations.
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11.2 Reflections and Insights

Today, in 2024, even with the recent bloom of large language models (LLMs), equitable access to digital
information for screen-reader users remains sparse. When I began this work in 2018, the recommended
measures for developers to make online data visualizations accessible were limited to providing alternative
textual descriptions (alt-text) for visualizations. While several other modalities, such as sonification, have
gained recognition since, and recommendations now include using multi-modal approaches, alt-text remains
the most widespread measure to make online data visualizations accessible to screen-reader users. For
example, Chart]JS (ChartJS| [2015]), a popular open-source and free JavaScript library that enables users
to create data visualizations using HTMLS, states the following on its web page on accessibility: Chart.js
charts are rendered on user-provided canvas elements. Thus, it is up to the user to create the canvas
element in a way that is accessible. The canvas element has support in all browsers and will render on
screen but the canvas content will not be accessible to screen readers. With canvas, the accessibility has
to be added with ARIA attributes on the canvas element or added using internal fallback content placed
within the opening and closing canvas tags.

However, unlike other digital content that can be sufficiently described using alt-text, data visualizations
encapsulate granular information that may not be adequate to represent as a one-size-fits-all alt-text, espe-
cially considering that each screen-reader user may have unique needs and preferences. This issue raises
concerns of equality for screen-reader users to access information from online data visualizations like non-
screen-reader users. On the other hand, data tables provide screen-reader users access to the entire dataset,
arguably indicating equality in information access. However, given the linear navigation characteristic of
screen readers, extracting information from data tables could lead to undue cognitive overload, especially
for high-cardinality or complex datasets. As opposed to concerns of equality, this issue poses concerns of
equity. 1 believe that for a solution to be truly accessible, it needs to be equal as well as equitable. This
belief was ingrained in the creation of VOXLENS to provide screen-reader users the agency to consume in-
formation from online data visualizations per their preferences while improving their information extraction
accuracy and interaction times.

A common perception in providing screen-reader users access to digital information is that their mode

of interaction is solely keyboard-based. This dissertation has shown that VOXLENS, a plug-in that utilizes a
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non-keyboard-based interaction, offers significant enhancements in the information consumption of screen-
reader users from online data visualizations. For example, one of the screen-reader participants in my
study stated, “I especially liked the part of the tool where you can ask it a question and it would give you
the information back. I thought it was brilliant actually. 1 felt like being able to ask it a question made
everything go a lot faster and it took a lot less brain power I think. I felt really confident about the answers
that it was giving back to me.” Ultimately, motivated by my empirical findings and intuition, I believe that
utilizing non-keyboard-based interactions, such as the verbal question-and-answering mode of VOXLENS,
not only offers the potential to improve the experiences of screen-reader users with consuming information
from digital content but also, in turn, assist researchers and practitioners in identifying uncharted benefits
and use cases of new technologies for these users and incorporating accessibility from the beginning when

building technological solutions.

My formative research (discussed in Chapter [3) reported that the average interaction time for screen-
reader users without VOXLENS was 84.6 seconds. VOXLENS improved these interaction times by 50%,
reducing the average time to 42.4 seconds. Although this is a significant improvement, screen-reader users
spent 56% more time interacting with the visualizations than non-screen-reader users, accentuating the
disparity between the two user groups’ interaction times. Several factors contribute to the difference in
interaction times between screen-reader- and non-screen-reader users (Sharif et al.| [20221]]; Bigham et al.
[2007])), including the duration of the issuing a verbal query and auditory responses. Thus, this difference is
expected. The implications of these findings can help guide existing and future voice assistants for screen-

reader users to improve information extraction.

Another interesting observation was the paradox of using multi-modal automated tools (e.g., VOXLENS).
Although the participants expressed a need for “a magic wand charting tool where a chart is just made
accessible in the background without the chart author needing to do anything special,” some participants
also identified how this tool could restrict visualization creators from fully understanding the challenges
of screen-reader users and enhancing their knowledge of accessibility. While I remained impartial during
the course of the study, my ultimate opinion on this matter is one that was eloquently stated by one of the
participants: “It’d be great if people knew about accessibility, but the outcome of accessibility should be

that people who use screen readers are able to do stuff.” Similarly, one could assume the five interventions
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presented in this dissertation as “empathy simulations,” a notion criticized by Bennett and Rosner (Bennett
and Rosner|[2019])). This dissertation does not explore whether these interventions build empathy for screen-

reader users. Instead, it examines the utility of these interventions to understand the technology.

I believe that effective implementation of accessibility requires consideration of both content consumers
and producers. In the case of online data visualizations, I consider these demographics to be screen-reader
users and visualization creators. Of course, my foremost objective was to reduce the information access
gap between screen-reader- and non-screen-reader users by enabling them to consume information with
increased accuracy, reduced interaction times, and in the manner they prefer. But without supporting visu-
alization creators and raising awareness about the importance of accessibility and the disenfranchisement
screen-reader users experience with information extraction from data visualizations, this objective would
have been only partially fulfilled. For example, providing visualization creators with emulators helps them
understand how screen-reader users “see” their content and assists them in making necessary adjustments.
Therefore, I supported both demographics in this dissertation and remain of the opinion that accessibility-

related work should incorporate studies with both content consumers and producers.

One of the participants expressed in her interview that “it’s pretty important and critical to have agency
over the information you consume.” Another participant said, “It allows me to do things quickly and effi-
ciently, get the information, glance at it like a sighted person.” These quotes align with those from my other
studies. Screen-reader users are limited to the content chosen by the visualization creators, unlike non-
screen-reader users, who have more freedom and options to interact with and consume information from
online data visualizations. Even popular multi-modal tools generate the summary of the data visualization
based on the most commonly extracted information, which may not satisfy the needs of some screen-reader
users. | believe giving these users the agency to customize the information they consume can enhance their
experiences with online data visualizations. I consider user agency as an example of customization and
view it as distinct from personalization, which automatically tailors the content based on the behaviors and
patterns determined by user interactions. In this dissertation, I have provided an approach for customization

and identified future avenues for personalization.

The need for customization, however, is not just limited to screen-reader users. In this work, I recog-

nized that the same is true for visualization creators, especially given that the participants appreciated the

231



customization options to toggle the features in the enhanced version of VOXLENS. For example, one partic-
ipant conveyed an essential component for the evaluators to furn off rules so people wouldn’t get annoyed
and, in turn, wouldn’t wanna use it anymore. Therefore, I recommend researchers further examine the dif-
ferences in these options based on granular factors, including their domain (e.g., industry, academia), role
(e.g., developer, researcher), or experience with data visualization accessibility.

Overall, since its inception in 2018, this work has posed several challenges over the years that have not
only enhanced the rigor and revealed nuances of this work but also assisted in my personal and professional
growth as a researcher, making it even more rewarding. One of these challenges was the recruitment of
diverse screen-reader users while considering varying factors, including their backgrounds, vision levels
and diagnoses, education levels, gender identities, and age groups. Furthermore, studies with these users,
which were initially designed to be conducted in an in-person lab environment, had to be appropriately
re-calibrated to be carried out virtually, a detour needed to appropriately address the safety concerns of
the COVID-19 pandemic. Additionally, technical challenges involved workarounds for limitations of and
dependencies on Web Speech API for voice recognition and Natural Language Processing algorithms for
query processing.

Finally, as discussed in this dissertation, VOXLENS comprised five versions. Each version was a result
of a different exploration, targeting a separate problem. For example, Chapter [5] presented the VOXLENS
version for simple two-dimensional graphs, Chapter [7] extended this version to support drilled-down infor-
mation extraction from complex visualizations, and Chapter [§] introduced the support for communicating
information uncertainty. Then, Chapter [0] contributed the VOXLENS version to provide screen-reader users
agency in consuming information. Following suit, Chapter [I0] offered enhancements to assist visualization
creators. I believe that this approach is especially beneficial for open-source accessibility-related solutions,
as it enables community contributors and researchers to address newly recognized and previously unad-

dressed accessibility challenges continually.

11.3 Contributions

This dissertation makes two categories of contributions: (1) empirical, and (2) artifact. These categories are

derived from Wobbrock and Kientz’s article on research contributions in human-computer interaction (Wob-
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brock and Kientz [2016]]). I discuss the contributions for each category below.

11.3.1 Empirical Contributions

* Detailed account of the challenges and disenfranchisement screen-reader users experience with data
visualizations compared to non-screen-reader users.

* Performance evaluation of screen-reader users when interacting with online data visualizations com-
pared to non-screen-reader users, using the accuracy of information extraction and interaction times
as metrics.

* Results from formative studies, including surveys, interviews, and user studies, that provide motiva-
tion and design decisions for each version of VOXLENS.

* Results from summative studies, including interviews, longitudinal studies, task-based experiments,
and case studies, that evaluate the performance of each VOXLENS version.

* Results from semi-structured interviews that shed light on the preferences of screen-reader users in
obtaining information on uncertainty in data visualizations.

* Results from surveys and interviews that offer screen-reader users’ customization needs and prefer-
ences from various modalities and potential technological interventions.

» Taxonomies of the information sought by screen-reader users in their holistic and drilled-down explo-
rations of online data visualizations.

* Results from surveys and interviews with visualization creators that provide a detailed account of the
challenges visualization creators experience in making online data visualizations accessible and their
proposed interventions.

* Design and assessment results from an in-person workshop on making online data visualizations
accessible for visualization creators.

* Decision tree for visualization creators to assist them in making informed decisions about using soni-
fication to make data visualizations accessible to screen-reader users.

* Recommendations and guidelines for visualization creators to make online data visualizations acces-

sible to screen-reader users.
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11.3.2 Artifact Contributions

» Six versions of VOXLENS, an interactive JavaScript plug-in that improves the accessibility of online
data visualizations for screen-reader users. VOXLENS offers a multi-modal solution, enabling screen-
reader users to explore online data visualizations, both holistically and in a drilled-down manner,
using voice-activated commands.

* SONIFIER, an open-source JavaScript library that generates sonified responses from two-dimensional
data, providing visualization creators with the choice of using various waveforms and oscillators.

* VOXEX, a system that provides agency to screen-reader users to customize the information they
consume from online data visualizations. VOXEX comprises a browser extension and a configuration
portal for screen-reader users to specify their preferences.

* Implementations of four technological interventions (Emulator, Evaluator, Feedback Collector, and
Multi-Modal Automated Tool) to support visualization creators in making online data visualizations

accessible to screen-reader users.

11.4 Future Work

In addition to significantly improving the accuracy of information extraction for screen-reader users while
simultaneously reducing their interaction times, this work identifies further improvements for VOXLENS
and presents exciting future avenues of research. These research directions include (1) exploring visu-
alization authoring by screen-reader users, (2) investigating the utility of non-keyboard-based interaction
techniques with data visualizations, and (3) supporting context-based information extraction from online

data visualizations. I discuss each of these avenues below.

11.4.1 Visualization Authoring by Screen-Reader Users

The primary focus of this dissertation is to improve the consumption of information contained in online
data visualizations by screen-reader users. Extending this research work to assist screen-reader users in pro-
ducing online data visualizations can significantly improve data visualization accessibility. Future work can

utilize the epistemologies present in this dissertation to understand and iteratively improve the experiences of
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screen-reader users through mixed-methods studies in authoring online visualizations. For example, natural-
istic observational studies in diverse settings can render invaluable insights. Similarly, longitudinal studies
can reveal critical metrics. Compared to consuming data visualizations, producing visualizations is a largely
uncharted domain, presenting several open research questions, including how to support screen-reader users

in validating visual encodings in visualizations and debugging their creations without external assistance.

14:37 / 18:46

Figure 11.1: Using the touchpad to control a video slider on a web page.

11.4.2 Non-Keyboard-Based Interaction Techniques

VOXLENS is the first system to incorporate a non-keyboard-based interaction mechanism for information
extraction from data visualizations for screen-reader users. Given its success in bridging the information
access gap, future work can leverage other interaction techniques to enhance the experiences of screen-
reader users. For example, I explored the utility of touchpads on laptops as input devices for screen-reader

users through the development and preliminary evaluation of TOUCHPAD MAPPER (Sharif et al.| [2024¢]),

a system that maps digital content (e.g., image and video) to the physical coordinates of a touchpad (see
Figure [IT.T). My assessment shows that participants expressed they extracted information faster using
my system than a conventional keyboard. Similarly, gesture recognition is a well-established interaction
technique for people with limited fine motor function and can benefit screen-reader users. Similarly, haptic

feedback can also improve their information extraction experiences.
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11.4.3 Context-Based Information Extraction

A recurrent theme in this dissertation work is “one size does not fit all,” which emphasizes that interaction
and information extraction from visualizations differ not only across individuals but also contexts. For
example, appropriate methods for extracting information from visualizations containing weather data may
differ from those containing financial data. Hence, supporting context-based information extraction can
improve the experiences of screen-reader users with data visualizations. Future work can investigate the
application of Natural Language Processing and Machine Learning in fostering context-based conversational

interactions for screen-reader users with online data visualizations.

11.4.4 Improvements for Sonification

In this work, I performed an overall assessment of screen-reader users’ experiences with sonification in
interpreting data from online visualizations. Therefore, I did not explore its domain-specific usage for
expert users (e.g., for screen-reader user brokers who interact with financial data visualizations extensively).
I encourage future work to investigate the experiences of screen-reader users with sonification in different
disciplines, domains, and professions. Additionally, my findings highlighted the unfamiliarity of screen-
reader users with sonification and their emphasis on learning how to interpret sonified responses. Therefore,
I did not conduct task-based usability studies to evaluate the use and usefulness of sonification, as subject
matter knowledge could have been a significant confound in the analyses. Future work can explore efficient
learning methods for screen-reader users to minimize this confound. In situ think-aloud usability studies
could also assist in understanding how sonification is used in practice by screen reader users, undoubtedly

revealing additional insights to what I have presented in this work.

11.4.5 Improvements for VOXLENS

The experiments in this dissertation included three different visualization libraries and two-dimensional data
to evaluate and compare the visualization interaction experiences of screen-reader users with those of non-
screen-reader users. While I chose the most commonly used visualization libraries and all the participants
were evaluated using two-dimensional data, different visualization libraries and data dimensionality could

extend this work. Therefore, future work could examine the visualization interaction experiences of screen-
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reader users in comparison to those of non-screen-reader users, using different visualization libraries, such
as Highcharts and Recharts, and different data dimensionality, such as three-dimensional data. Additionally,
my exploration was limited to single-series bar graphs, multi-series line graphs, and geospatial maps. Future
work can utilize this methodology to understand and improve screen-reader users’ experiences with other
complex data visualizations.

VOXLENS is currently only fully tested on Google Chrome, as support for the Web Speech API’s speech
recognition is currently limited to Google Chrome. Future work could consider alternatives to the Web
Speech API that offers cross-browser support for speech recognition. Furthermore, VOXLENS versions were
limited in parsing users’ input commands due to restrictions from the keyword-matching algorithm and the
Web Speech API’s voice recognition. Future work can employ advanced Natural Language Processing and

Conversational Question and Answering algorithms to handle complex and nuanced input queries.

11.4.6 Improvements for VOXEX

Based on the suggestions from the participants, I enhanced VOXEX by enabling screen-reader users to spec-
ify their domains of interest. However, I did not include the subdomains in this exploration. For example, a
user might only be interested in the “basketball” subdomain under the broader domain of “sports.” Future
work can incorporate these subdomains into VOXEX and investigate strategies to enable users to specify
their subdomains of interest with minimal effort overload. Additionally, I did not explore Al-powered per-
sonalization in this work. Future work can utilize machine learning paradigms, such as few-shot learning and
continuous learning, in conjunction with customization to cater to the individual needs of the screen-reader
users. For example, these paradigms can help determine users’ subdomains of interest without requiring

them to input this information manually.

11.4.7 Extended Support for Visualization Creators

Survey findings revealed a significant correlation between some variables used in my study with visualiza-
tion creators, such as their knowledge of data visualization accessibility and their prioritization of making
data visualizations accessible to screen-reader users. As my objective was to identify tools to support visual-

ization creators, I did not explore the presence of causality between the variables based on these correlations.
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I encourage future work to investigate these correlations further, particularly to determine possible causal

relationships between these variables.

11.5 Final Remarks

This dissertation has demonstrated the following thesis:

A multi-modal, customizable, and interactive JavaScript plug-in called “VoxLens” improves
the experiences of screen-reader users in extracting information from simple and complex
online data visualizations while also enhancing the knowledge of visualization creators to

make online data visualizations accessible.

This work introduced a novel interaction technique for screen-reader users to interact with online data
visualization through five versions of VOXLENS, an open-source multi-modal JavaScript plug-in that im-
proves the accessibility of online data visualizations for screen-reader users. Each version was created
using findings from formative studies and subsequently evaluated using a mixed-methods approach. These
evaluations have indeed demonstrated that VOXLENS significantly improved the accuracy of information
extraction and interaction times of screen-reader users and enhanced their experiences by providing them
agency in customizing their information consumption. Additionally, this dissertation has demonstrated an
improvement in the knowledge of visualization creators to make data visualizations accessible.

Data visualization accessibility has gained positive momentum over the course of this work, with several
researchers exploring plausible approaches. While this is a promising trend, it remains of pivotal importance
that accessibility-related solutions are designed through a proper understanding of the challenges of screen-
reader users and their involvement and diverse representation throughout the design and development pro-
cess. As Eric Eggert, a web accessibility expert, eloquently said, “People who are tasked with remediating
accessibility often have little experience of how people with disabilities actually use the web. This leads to

overcomplicated solutions, as they underestimate the capabilities of disabled people.” (Eggert| [2022]))
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Appendix A

Bar Chart Stimuli

This appendix shows the bar chart stimuli used during the task-based experiment described in Chapter [3]
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Figure A.1: Bar charts shown during the task-based experiment to measure accuracy of extracted informa-
tion and interaction times. These visualizations are created using D3 (Bostock et al.| [2011]).
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Appendix B

Line Chart Stimuli

This appendix shows the line chart stimuli used during the task-based experiment described in Chapter [3]
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Solid Waste generated in Washington
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Average Temperature in New York City in July 2016
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Superbowl Total Scores By Year
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BMW Black SUV Prices By Registration Date
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Appendix C

Scatter Chart Stimuli

This appendix shows the scatter plot stimuli used during the task-based experiment described in Chapter 3]
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Solid Waste generated in Washington
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Cropland Average Value
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Rotten Tomatoes Critic Score vs. Rotten Tomatoes Fan Score
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Figure C.1: Scatter charts shown during the task-based experiment to measure accuracy of extracted infor-
mation and interaction times. These visualizations are created using D3 (Bostock et al.| [2011]).
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Appendix D

D3 Implementation With VOXLENS

This appendix shows the code for implementing a D3 visualization using VOXLENS.
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import * as d3 from 'd3';

import max from 'lodash/max’;

import startCase from 'lodash/startCase’;
import voxlens from 'voxlens';

const createD3 = (options) => {
let {
chartType,
data,
title,
xKey,
yKey,
} = options;

const getDimensions = (maxXLabel) => {
const margin = { top: 20, right: 40, bottom: maxXLabel * 5 + 10, left: 70 };

return {
margin,
height: 500 - margin.top - 20,
width: container.offsetWidth - margin.left - margin.right,
I
I

const container = document.getElementById('chart');

let maxXLabel = max(data.map((d) => d[xKeyl.toString().length));
let { height, margin, width } = getDimensions(maxXLabel);
let transform = margin.left + ',' + margin.top;

const voxlensOptions = {
X: xKey,
y: yKey,

title,
chartType,
I

const svg = d3
.select('#chart')
.append('center")
.append('svg')
.attr('width', width + margin.left + margin.right)
.attr('height', height + 4@ + margin.top + margin.bottom)
.append('g")
.attr('transform', 'translate(' + transform + ')');

d3.scaleBand().range([@, width]).padding(@0.1);
d3.scaleLinear().range( [height, @]);

const x
const vy

x.domain(data.map((d) => d[xKeyl));
y.domain( [0, d3.max(data, (d) => parseFloat(d[yKeyl))l);
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svg
.selectAll("'.bar")
.data(data)
.enter()
.append('rect")
.attr('class', 'bar')
.style('fill', ‘'steelblue')
.style('margin', '1@px')
.attr('x', (d) => x(d[xKeyl)
attr('width', x.bandwidth()
attr('y', (d) => y(dlyKeyl)

— — —

svg
.append('text")
attr(
'transform’,
'translate(' + width / 2 + ' ,' + (height + margin.bottom + 20) + ')
)
.style('text-anchor', 'middle"’)
.text(startCase(xKey));

svg
.append('text")
.attr('transform', 'rotate(-90)')
.attr('y', @ - margin.left)
attr('x', @ — height / 2)
.attr('dy', 'lem")
.style('text-anchor', 'middle')
.text(startCase(yKey));

svg
.append('g")
.attr('transform', 'translate(@, ' + height + ')')
.call(d3.axisBottom(x).ticks(data.length))
.selectAll("text")
attr('y', 0)
.attr('x', 9)
.attr('dy', '.35em')
.attr('transform', 'rotate(90)')
.style('text-anchor', 'start')
.style('opacity', 1);

svg.append('g').call(d3.axisLeft(y));
I

export default createD3;

Figure D.1: D3 code for implementing a bar chart using VOXLENS. The code is written in JavaScript. Code
relevant to VOXLENS is highlighted with a rectangular box.
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Appendix E

Google Charts Implementation With

VOXLENS

This appendix shows the code for implementing a Google Charts visualization using VOXLENS.
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import startCase from 'lodash/startCase';
import voxlens from 'voxlens';

const createGoogleCharts = (options) => {
let {
data,
fillColor,
title,
xKey,
yKey
} = options;

const container = document.getElementById('chart');
const margin = {
top: 20,
right: 40,
bottom: 20,
left: 70
b
const height = 700 - margin.top — margin.bottom;
const width = container.offsetWidth - margin.left - margin.right;
const google = window.google;

const drawChart = () => {
const dataTable = new google.visualization.DataTable();

let Chart = google.visualization.ColumnChart;

dataTable.addColumn('string', startCase(xKey));
dataTable.addColumn('number', startCase(yKey));
dataTable.addRows (

data.map((d) => [d[xKeyl.toString(), parseFloat(d[yKey])])
);

const options = {
legend: {
position: 'none'
+
bars: 'horizontal',
colors: [fillColorl,
title,
width,
height,
hAxis: {
title: startCase(xKey),
slantedText: false,

h
vAxis: {
title: startCase(yKey),
baseline: 0,
gridlines: {
color: 'black',
T
+

};
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const chart = new Chart(container);
chart.draw(dataTable, options);

const voxlensOptions =
x: xKey,
y: yKey,
title,

h

voxlens('googlecharts', chart, data, voxlensOptions);

4

google.charts.load('current', {
packages: ['corechart']

1
google.charts.setOnLoadCallback(drawChart);
I

export default createGoogleCharts;

Figure E.1: Google Charts code for implementing a bar chart using VOXLENS. The code is written in
JavaScript. Code relevant to VOXLENS is highlighted with a rectangular box.
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Appendix F

ChartJS Implementation With VOXLENS

This appendix shows the code for implementing a ChartJS visualization using VOXLENS.
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import Chart from 'chart.js';
import startCase from 'lodash/startCase’;
import voxlens from 'voxlens';

const createChartlS = (options) => {
const {
data,
fillColor,
title,
xKey,
yKey
} = options;

document.getElementById('chart');

const container

const margin = {
top: 20,
right: 40,
bottom: 40,
left: 70

h

const height = container.height - margin.top - margin.bottom;

const width = container.width - margin.left — margin.right;

const ctx = container.getContext('2d');
ctx.canvas.width = width;
ctx.canvas.height = height;

const mappedData = data.map((d) => dlyKeyl);

new Chart(ctx, {
type: 'bar',
data: {
labels: data.map((d) => d[xKeyl),
datasets: [{
label: startCase(yKey),
data: mappedData,
fill: true,
backgroundColor: fillColor,
borderColor: fillColor,

}l ]l

},

options: {
maintainAspectRatio: true,
title: {

display: true,
text: title,
}

legend: false,
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scales: {
xAxes: [{
scalelLabel: {
display: true,
labelString: startCase(xKey),
+
gridLines: {
display: true,
},
o1,
yAxes: [{
scaleLabel: {
display: true,
labelString: startCase(yKey),

H
gridLines: {

display: true,
ticks: {

beginAtZero: true,

const voxlensOptions =
X: xXKey,
y: yKey,
title,

b

voxlens('chartjs', container, data, voxlensOptions);

4
export default createChartl]s;

Figure F.1: ChartJS code for implementing a bar chart using VOXLENS. The code is written in JavaScript.
Code relevant to VOXLENS is highlighted with a rectangular box.
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