ABSTRACT

Title of dissertation: SITUATED ANALYTICS FOR DATA
SCIENTISTS

Andrea Batch, Doctor of Philosophy, 2022

Dissertation directed by: ~ Professor Niklas Elmqvist
College of Information Studies

Much of Mark Weiser’s vision of “ubiquitous computing” has come to fruition: We
live in a world of interfaces that connect us with systems, devices, and people wherever
we are. However, those of us in jobs that involve analyzing data and developing software
find ourselves tied to environments that limit when and where we may conduct our work; it
is ungainly and awkward to pull out a laptop during a stroll through a park, for example,
but difficult to write a program on one’s phone. In this dissertation, I discuss the current
state of data visualization in data science and analysis workflows, the emerging domains
of immersive and situated analytics, and how immersive and situated implementations
and visualization techniques can be used to support data science. I will then describe the
results of several years of my own empirical work with data scientists and other analytical
professionals, particularly (though not exclusively) those employed with the U.S. Department
of Commerce. These results, as they relate to visualization and visual analytics design based
on user task performance, observations by the researcher and participants, and evaluation of
observational data collected during user sessions, represent the first thread of research I will
discuss in this dissertation. I will demonstrate how they might act as the guiding basis for

my implementation of immersive and situated analytics systems and techniques.



As a data scientist and economist myself, I am naturally inclined to want to use high-
frequency observational data to the end of realizing a research goal; indeed, a large part
of my research contributions—and a second “thread” of research to be presented in this
dissertation—have been around interpreting user behavior using real-time data collected
during user sessions. I argue that the relationship between immersive analytics and data
science can and should be reciprocal: While immersive implementations can support
data science work, methods borrowed from data science are particularly well-suited for
supporting the evaluation of the embodied interactions common in immersive and situated
environments. I make this argument based on both the ease and importance of collecting
spatial data from user sessions from the sensors required for immersive systems to function
that I have experienced during the course of my own empirical work with data scientists. As
part of this thread of research working from this perspective, this dissertation will introduce a
framework for interpreting user session data that I evaluate with user experience researchers
working in the tech industry.

Finally, this dissertation will present a synthesis of these two threads of research. I
combine the design guidelines I derive from my empirical work with machine learning
and signal processing techniques to interpret user behavior in real time in Wizualization, a

mid-air gesture and speech-based augmented reality visual analytics system.
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Part 1: Overview



Chapter 1: Introduction

Sometimes, we want to keep working even when we're not at our desks. Or maybe we
simply want a nice change of scenery to do the work we were already planning on doing in
front of a screen in a stuffy of ce. This has never been more true than it is now, with many
of us in a professional climate that has pivoted dramatically toward remote work following
the rise of the COVID-19 pandemic. However, programming and data analysis are hard
to do using a phone, leaving remote workers just as stuck with the desktop or laptop as
their core working environment as they were prior to the global outbreaks beginning in
2020. There is a world beyond the mouse, keyboard, and monitor that is currently being
delved to its depths by a small but growing population within the visualization research
community which concerns itself with immersive environments—settings that surround the
user with virtual representations of their work, either bringing the data to their world or
bringing them into the imagined and abstract world of their data—»but the average analytical
professional has yet to see the fruits of all the labor performed by these researchers. Within
this immersive analytics community is the domain of situated analytics, and therein lies the
means through which the analyst can free themselves of the desk.

But this begs the questions: Should they? What do they stand to gain, beyond simply
changing their surroundings? We want to build immersive and situated visual analytics
systems that t the needs of the average data analyst based on their real-world work ow.
But rst, we need to establish that there is justi cation in doing so—not just because we want

to take our analysis on the road and pull ourselves away from the desk, but because there



are real bene ts in terms of task performance, work enjoyment, and other elements that the
analyst takes into consideration when deciding where and how to do their analyses. | will
demonstrate through both a review of existing work (Section 2.2) and my own original work
(Chapter 4) that immersive visual analytics systems do offer real bene ts over traditional

environments.

1.1 Context

In his 90-minute-long “Mother of All Demos” given at the 1968 Fall Joint Computer
Conference in San Francisco, Douglas Engelbart introduced, among many other elements of
modern computing, the computer modsghe manipulation of windows (also introduced
by Engelbart in the same demo) and other interface components (several of which were also
introduced at the same time) via the mouse cursor would change the course of computer
navigation and de ne what would long be considered modern personal computing. The
reduction of the barrier between user and virtual objects represented a dramatic shift toward
direct manipulation [217].

In a 1993 magazine article on the concept of ubiquitous computing that he had introduced
two years prior, Mark Weiser said that “[the] best user interface is the self-effacing one, the
one that you don't even notice2f17, p. 71]. In other words, one of the central assumptions
of both ubiquitous computing and of direct manipulation is that the thinner the perceived
boundary (i.e., the interface) between the user and their objectives, the better. Touchscreens
further reduce this barrier. While the invention of the touchscreen in 1946 predates the
invention of the computer mouse by about two decades, touchscreens at rst suffered a
bad reputation among both human-computer interaction (HCI) research community and the

computing device industry until the introduction of three redeeming features by researchers

lvideo of the Mother of All Demos at the timestamp of the demonstration of the computer mouse is
available ahttps://www.youtube.com/watch?v=yJDv-zdhzMY&t=1888s .



at the University of Maryland (UMD) Human-Computer Interaction Lab (HCIL): the
“lift-off strategy” of waiting for touch input to end before triggering an event (1988,
touchscreen switches and sliding toggles (1990 and 198H,f and a comparative analysis
of high-precision touchscreens (1991) [211].

In 2013, Elmqvist and Iranig6] narrowed Weiser's vision speci cally to the area of
data analysis, coining the term “ubiquitous analytics:” The use of embedded and mobile
networked devices for data analysis, and ideally for analyses that exploit so-called “big
data.” This vision of ubiquitous analytics has been hampered, however, by the fact that
serious programming and data analysis remain dif cult to do using a phone, and portable
devices like laptops may offer a complete working environment for analysts, but they are not
truly mobile devices. The following year, Roberts et 40§ extended Elmqvist and Irani's
vision to include immersive displays, such as virtual reality head-mounted displays (HMD)
or multisensory displays that convey data through touch, sound, scent, or taste instead as
well as visually.

It is only now, nearly a decade later, that HMDs are increasingly affordable and capable
of rendering high-quality environments and the visual analytics research community is
shifting its focus more intently toward the immersive through the domains of immersive
analytics (IA) and situated analytics (SA). As a new eld, IA presents a number of “grand
challenges”, several of which have been outlined by Ens ef 8. fnany of these challenges
revolve around SA, the use-cases and evaluation of IA, collaboration, and interaction. One
such challenge in IA that does not t into these categories but does mesh well with the focus
on large datasets and computer vision modeling seen in early work in ubiquitous analytics is
the combination of human and computer intelligence. Computer intelligence—speci cally,

computer vision—was also identi ed by Roberts et 4B as an “enabling technology”

2Materials, including papers and video of a demonstration of the touchscreen switches and toggles, can be
found athttps://www.cs.umd.edu/hcil/touchscreens



Figure 1.1: Exploratory data analysis elements and ow.

for ubiquitous visualization displays.

1.2 Terminology

Below | de ne some of the commonly-used terms throughout this dissertation.
Immersive Analytics (1A): A domain of visualization research covering techniques and
systems in which the user is spatially co-located with virtual representations of abstract data.

Situated Analytics (SA) IA that deals speci cally with mixed reality (MR) views of
data and the situational context of the user.

Exploratory Data Analysis (EDA): The steps after acquiring a dataset during which the
analyst tabulates, summarizes, and creates visual representations of data to form hypotheses
(Figure 1.1).

Grammar of Graphics: Any declarative language and set of rules that is composed of a
set of building blocks for specifying visual representations of data.

Machine Learning (ML) : The use of computer algorithms that “improve” (typically in
accuracy given a set of target outputs) based on repeated exposure to data.

Computer Vision (CV): The use of computer algorithms, typically machine learning

algorithms, for processing and interpreting image and video data.



Human-Computer Interaction (HCI) : A eld of research focusing on all points at
which the human and the computer meet.

Contextual Design A method of software and system design that involves inserting the
researcher into the context in which the target user goes about their daily lives.

Contextual Inquiry : The data collection methods of contextual design involving the

observation of, and communication with, participants.

1.3 Research Problems, Questions, and Objectives

The grand challenges described by Ens et7d] &side, EImqvist and Irani'sg6] vision
of ubiquitous analytics and the emergence of the domains of situated and immersive analytics
demonstrate a great deal of interest in data analysis beyond the monitor and keyboard on
the part of the visualization research community. I, too, believe that the future of visual
analytics is in immersive, situated systems for research, development, and data analysis. Yet
researchers in IA and SA face a probleWle do not see data scientists ocking to either
mobile or immersive environments to do their daily work. This observation—that data
scientists and similar analytical workers are not making use of immersive technology for
their work—begs the problem central to this dissertation: If there is so much to be gained
by adopting a display system that is both mobile or situated and immersive for serious data
analysiswhat are the design requirements for real data analysts to voluntarily do real
work in such a system?

Augmented reality HMDs of today are, | argue, in a similar market position to the
one touchscreens were in following the publications by UMD HCIL noted in Section 1.1:
There is a great deal of interest in the research communities to which they are relevant, but
the industry and consumer markets for them have not yet caught up to the research. The

HoloLens 2, is listed at the time | am writing as being available to purchase at the hefty—but



representative for AR HMDs—rprice tag $8,500 (USD); AR HMDs are close to being, but

are not quite yet, poised to become a common household appliance. In conjunction with the
price, one thing holding the AR HMD back from ubiquity is the lack of a so-called “killer
app.” | believe that such an app may be found in analytical work; no device but the AR
HMD offers as thin an interface between the user and their environment, nor an interface
that can be so seamlessly integrated with the tools of the trade and work ows currently
common among analytical workers.

In addition to my beliefs about immersive and situated analytics as the future of visu-
alization research, | also argue that systems in this domain are particularly well-suited for
machine learning pipelines designed to support user interaction evaluation as part of the
system design and development process. | make this argument based on the self-evident
observation that immersive and situated systems require necessity of a level of detail in
spatial tracking of users that is neither needed nor typical in traditional displays. Another
research question also arises from both ubiquitous and immersive analytics literature in this
context:How can machine learning and related data modeling algorithms be applied
to user data to support immersive and situated analytics?

At its highest level, my work here revolves around the objective of creating a full-featured
R&D and data analysis workspace beyond the 2D screen that is based on real domain expert
work processes with the extension of the user's view and experience based on their inputs and
activities as a focal center of my system's design. These inputs can be any data observable
during their user sessions from keyboard activity to camera or sensor tracking data. In other
words, while my published work to date is sadly lacking the in uence to prove my thesis by
virtue of having created the killer app that makes AR HMDs become an item found in every
householdmy research objective is to make full use of multi-modal user inputs (e.g.,
combining spoken word with hand gesture with direct manipulation of selected objects)

in IA and SA environments, which should in turn be designed for easy integration with



existing data science work ows.

1.4 Thesis Statement

My dissertation focuses on combining design parameters based on observations of data
science work ows with models for interpreting real-time user interaction data to produce

an improved system and grammar of graphics for situated analytics.

1.5 Relevance and Contributions

Included in my work here is material from the following published and still under review
research papers, with my role relative to the author authors described following each item

within the list below:

1. Andrea Batchand Niklas ElImqgvist. The interactive visualization gap in initial ex-
ploratory data analysis. IEEE Transactions on Visualization and Computer Graphics,
24(1):278-287, Jan. 2018
In this work, my rst publication—conducted mainly during the summer prior to my
rst doctoral-level classes—I played the role of the embedded researcher, conducting
user sessions with participants across several agencies within the U.S. Department of
Commerce and performing a qualitative evaluation of their work and how visualization

ts into the initial iterations of their exploratory analysis process.

2. Andrea Batch Kyungjun Lee, Hanuma Teja Maddali, and Niklas EImqvist. Gesture
and action discovery for evaluating virtual environments with semi-supervised seg-
mentation of telemetry records. In Proceedings of the IEEE International Conference
on Arti cial Intelligence and Virtual Reality, Piscataway, NJ, USA, 2018. IEEE.

In this publication, I, Kyungjun Lee, and Hanuma Teja Maddali split the tasks of



developing the machine learning pipeline for identifying and clustering novel gestures,
with my focus being on combining pre-trained joint recognition models with the com-

putational statistics algorithms used to segment and cluster joints, Kyungjun focusing
on constructing the conputer vision models used to validate the clusters, which | also
evaluated, and Teja sharing in both areas of application as well as in constructing the

architecture for our pipeline.

3. Andrea Batch Andrew Cunningham, Maxime Cordeil, Niklas ElImqvist, Tim Dwyer,
Bruce H. Thomas, and Kim Marriott. There is no spoon: Evaluating performance,
space use, and presence with expert domain users in immersive analytics. IEEE
Transactions on Visualization and Computer Graphics, 26(1):536-546, 2020.

In this publication, | once again took up the mantle of the embedded researcher, this
time exclusively at the U.S. Bureau of Economic Analysis, where | lead the data
collection and analysis; | conducted all user sessions with our expert participants
during the course of this study, and all authors contributed to evaluation of the sessions.
| also made some minor software development contributions in extending ImAxes, an
implementation introduced by my coauthors Maxime Cordeil, Andrew Cunningham,

Tim Dwyer, Bruce H. Thomas, and Kim Marriott in their prior work [52].

4. Andrea Batch Yipeng Ji, Jian Zhao, Mingming Fan, and Niklas Elmqgvist. uxSense:
Supporting user experience evaluation using visualization and computer vision. Pend-
ing review for publication.

In this work, | developed the computational statistics and computer vision pipeline
back-end, and co-developed the front end with Yipeng Ji; Yipeng also worked on the
audio processing lters of our system. | also conducted the remote user studies and

evaluated the data we collected.

5. Andrea Batch Sungbok Shin, Julia Liu, Peter W.S. Butcher, Panagiotis Ritsos, and



Niklas EImqgvist. The world is your Holodeck: View management for situated visual-
ization. Pending review for publication.

In this evaluation study, | lead the software development of the implementations we
used to test our view management techniques, with Sungbok Shin, Julia Liu, and Pete
Butcher sharing the responsibility as co-developers. Pete and | evenly split the task of

conducting our user sessions, which | then evaluated.

6. Andrea Batch Peter W.S. Butcher, Panagiotis Ritsos, and Niklas ElImqvist. Wizualiza-
tion: A “Hard Magic” WebXR Visualization System. Pending review for publication.
In this implementation, Pete Butcher and | split the roles of developing software for
our Wizualization ecosystem, with my work including our rendering system (Wiz-
ualization), signaling server (Weave), and code notebook (Spellbook), while Pete

constructed our grammar of graphics (Optomancy).

There have also been several peripherally-related publications that | played roles in
which are relevant enough to cite in this dissertation, but which were either not so integral
to the scope of this dissertation to merit inclusion as content or for which my role was not

central enough to justify its inclusion here, including:

1. Biswaksen Patnaikindrea Batch and Niklas EImqvist. Information olfactation:

Harnessing scent to convey data. IEEE Transactions on Visualization and Computer
Graphics, 25(1):726—736, 2018.
In this publication, Biswaksen Patnaik engineered the hardware and | developed the
software to construct an olfactory display system able to swap modes between both
desktop and VR; | also evaluated a selection of work from across several disciplines,
including HCI, cognitive science, and neurology, and used it as the grounding for our

theoretical model of information olfactation.
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2. Andrea Batch Biswaksen Patnaik, Moses Akazue, and Niklas Elmqvist. Scents
and sensibility: Evaluating information olfactation. In Proceedings of the ACM
Conference on Human Factors in Computing Systems, page 1-14, New York, NY, USA,
2020. ACM.

Biswaksen and | both reprised our respective roles in this publication, | as lead
software developer and he as lead hardware engineer, with Moses Akazue joining the
project as a leading expert on thermal display engineering. Biswaksen conducted the

user studies in person for this study, and all co-authors contributed to evaluation.

3. Sebastian Hubenschmid, Jonathan Wieland, Daniel Immanuel Aimdkiea Batch
Johannes Zagermann, Niklas EImqvist, and Harald Reiterer. ReLive: Bridging in-situ
and ex-situ visual analytics for analyzing mixed reality user studies. In Proceedings of
the ACM Conference on Human Factors in Computing Systems, New York, NY, USA,
2022. ACM.

While this publication is relevant to this dissertation, my contributions in this work
were not signi cant enough to justify its inclusion here; my role initially revolved
around developing the 2D web-based interface for the ReLive system, but as my
other responsibilities and projects piled up, most of the development tasks for the
2D interface were of oaded onto my very gracious co-authors, especially Sebastian
Hubenschmid, Jonathan Wieland, and Daniel Fink, who handled it with aplomb. | also
contributed anonymized data from one of my prior studies as use cases, and conducted
a small number of the user studies with expert visualization researchers for evaluation

of the ReLive system.

The publication history of my work in this area does, | hope, indicate that my contribu-
tions have been deemed relevant, interesting, and important enough by the visualization and

HCI communities to have a place in the discussion of immersive analytics, user evaluation,
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and the intersection of both specializations. Indeed, the primary two contributions of this
dissertation revolve around this intersection, and they are as follows:

First, | construct a design space from several years of evaluating a) the data analysis pro-
cesses of data science and domain experts in their places of work, and b) user studies of
immersive and situated systems and techniques. | also describe in detail the methods, results,
and various implementations that | have contributed to as noted in the lists above.

Second | introduce Wizualization, a novel situated analytics implementation designed to
be practical for data scientist and domain expert use based on the rst two contributions of
my work: Practical, in that it ts the requirements of the user's work ow and the value it
adds to the user's work is worth the inconvenience of routinely using a HMD. While not
every aspect of prior systems featuring machine learning pipelines that | have contributed
to—most notably uxSense, an HCI evaluation visual analytics tool featuring a pipeline
and supporting the detection of a priori events of interest in user data for the purpose of
evaluating unanticipated interactions with the interface—have been integrated with the
Wizualization system, many of the methods | have picked up for working with multi-modal
action and interaction data have been integrated with deterministic models as part of the
extensible nature of Wizualization and the components we have developed as part of its

ecosystem.

1.6 A Positionality Statement

The data science work process is central to my thesis, and | also want to give you an
idea of what my own work process has looked like, so I've tried to represent it here. | see
myself rst and foremost as a software developer or engineer: | like to build things that
turn data into insight, and that's what | came to Maryland in the hopes of getting better

at. That's what the largest part of the process ow | have included in Figure 1.2, “lterative
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Figure 1.2: | consider myself to be, above all else, a software architect at heart; given the focus in
my work on data science processes, | feel it appropriate to also describe the general cycles of my
research and development process.
Design,” is all about. But before we can do that, | rst needed to understand the ways that
my target users already make sense of data, which is where the rst step, observing their
work processes, on the left of my iterative design cycle, comes into play. This is why so
much of my work has revolved around the qualitative evaluation of my target user group.

However, despite this reliance on qualitative work, consider this as a design perspective:
We believe tools should be designed to be deployed into uncontrolled, messy, settings, where
context matters and the task ow is be determined by the user. Data collection out in the
wild is going to be limited to events and entities in the system and the sensors available on
the user's hardware that the system is able to access. As an economist by training and trade,
my instinct is to use this observational data to detect patterns in user behavior. This was our
perspective in the algorithm we introduced in our work on gesture and action discovery in
Chapter 6. We wanted to take this design perspective to its logical conclusion—take it a step
further to ease the qualitative evaluation process, which we believe we demonstrate in our
work on developing uxSense, presented in Chapter 7.

All the work in this dissertation involving participants has been approved by the Univer-

sity of Maryland, College Park Institutional Review Board.

13



Figure 1.3: Two threads of research, synthesized in the implementation of Wizualization and the
components of its ecosystem. The Part in this dissertation that each thread corresponds to and the
Chapter in this dissertation that each study corresponds to are shown in bold.

1.7 The Structure of this Dissertation

The structure of this dissertation is split into four parts: Part 1, which begins with this
chapter, presents a top-level roadmap to my work, including the related work particularly in
visualization, human-computer interaction, and computer vision. My work can be viewed as
falling along two threads of research, as shown in in Figure 1.3; Part 2 deals with the rst
thread, in which | seek to gain an understanding of the user's data analysis work process
and use that to construct design guidelines. Part 3 deals with the second thread, in which
| expand on the perspective | have just introduced in Section 1.6 regarding the use of
observational data collected during user sessions for identifying patterns in their interactions
and experience through the use of statistical and machine learning models. Part 4 synthesizes
these two threads of research via the implementation of a system, Wizualization; as | said, |
see myself rst as a software developer, so what better way to present the synthesis of my
work than through the implementation of software?

In the second chapter of Part 1 detailing related w@kapter 2 | begin with the
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most important part of any analytical system: The human user. The users that my work
has targeted have all been analytical experts of some stripe: Data scientists, economists,
UX researchers, and others following similar pursuits. Section 2.1 brie y details prior
work investigating the tasks, tools, and processes that such users are often concerned with.
Section 2.2 makes what may at rst seem a jarring pivot into the discussion of how physical
space and the objects in them can support cognition; however, it is this relationship between
space and analysis that has motivated my work, so please bear with me. Section 2.3 brie y
discusses some of the more in uential grammars of graphics for data visualization; the
reason yet another seemingly abrupt shift in direction will become evident to the reader by
the end of Section 2.2.5. Section 2.4 covers a broad selection of qualitative and quantitative
methods for evaluating the points at which human meets computer that I believe are most
germane to the methods that | myself have applied.

Again, the chapters of Part 2 detail my work along that rst thread of research in
Figure 1.3; each of these chapters presents the reader with my methods, the study results,
and the discussion of those results which lays out any design ndings that arose from our
study. In the rst chapter of Part Zhapter 3 | discuss my exclusively qualitative methods
in Section 3.1, my results in Section 3.2, and the design rami cations of our ndings in
Section 3.3. The second, Chapter 4, describes a multi-phase study that involved a mixture
of qualitative and quantitative methods, described in Section 4.1, selected speci cally for
immersive analytics systems; the results of our study are discussed in Section 4.2, and the
design implications are discussed in Section 4.3. We narrow our focus further to a study of
view management for situated visualization in Chapter 5; much of the focus of this chapter
is on the design space itself-namely, properties and challenges of SA view management
(Section 5.1) and how those properties and challenges relate to the techniques we opted to
evaluate (Section 5.2). We discuss the methods we used in Section 5.4 and our results in

Section 5.5, and the design implications in Section 5.6.
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The chapters of Part 3 detail my work along the second thread of research in Figure 1.3.
Chapter 6 presents a lens through which models for detecting and classifying spatial and
multi-modal human behavior might be seen as tools to interpret the time users spend in
a system, with |IA systems in particular in mind, as they involve a fuller use of the user's
body and the space around them; in this chapter, we introduce and evaluate a pipeline
for detecting novel actions based on user pose data extracted from video without prior
knowledge of what those actions may be. The methods we used for this pipeline, described
in Section 6.1, are exclusively quantitative, and covers the use of machine learning and
statistical models for evaluating observational data. Chapter 7 continues this train of thought
by introducing uxSense, a client/server system that implements our framework for extracting
user behavior from video; an overview of our mixed methods for evaluating uxSense is
provided in Section 7.3.

Part 4 synthesizes the threads of research discussed in Parts 2 and 3. The rst chapter
of Part 4,Chapter 8introduces Wizualization, its grammar of graphics (Optomancy),
its signaling server (Weave), and the code notebook we built to demonstrate ecosystem
(Spellbook). Chapter 9 summarizes the limitations of my work, which | view as falling
into three categories: Methodological (in the case of qualitative work, which practically
necessitates small user samples), technical, and ethical. Finally, this dissertation concludes
with Chapter 10 | summarize my contributions in Section 10.1, while Section 10.2 discusses

some suggestions for future directions in research.
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Chapter 2: Related Work

In order to understand the design space of situated visualization and analysis tools, |
must rst discuss the design issues and problems that affect the wider world of immersive
analytics (IA). For my application in particular, | must also rst understand the work ow for

which situated analytics is perhaps most relevant.

2.1 Data Science Work ows: Batch's Visualization Gap

Digital tools are critical to data science and analytics work ows, and current practice
spans data analysis tools such dsfandas157]2, and SAS; database systems such as
MySQL#, MongoDPP; data warehousing services such as Amazon Refishiftt machine
learning libraries such as scikit-learbd6” and TensorFlow]8. While there is no formally
standardized work ow or process that ts every data scientist, and every professional
tends to establish their own, a common process typically consists of the following general

stages [4, 18, 119]:

1. Discovery:Formulating an interesting question and determining the data necessary to

Yhttp://r-project.org/
2http://pandas.pydata.org/
3http://www.sas.com/
“http://www.mysql.com/
Shttp://www.mongodb.com/
Shttps://aws.amazon.com/redshift/
’http://scikit-learn.org/
8https://www.tensorflow.org/
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answer it;

2. Acquisition: Locating, organizing, and preparing data so that it is accessible to the

chosen analysis environmeht;

3. Exploration: Investigating and analyzing the dataset in order to collect insights and

understand the data;

4. Modeling: Building, tting, and validating a model that can explain the dataset and

the observed phenomena; and

5. CommunicationDisseminating the results to stakeholders in reports, presentations,

and charts.

Static visualization is commonly used in the communication phase of data science
work ows, and data scientists sometimes use them as part of the analysis a87y&lly.

John Tukey's notion of exploratory data analyst87] is rmly entwined with visual
methods. Four years ago, Niklas ElImqgvist and | began an exploration of how visualization
tinto data scientists' exploratory analysis process, and at that time, interactive visualization
was generally not a standard component of this work a8} Spreadsheet software chart
generation and tools that extend data tables, such as TaB@gudlong with Python and R
libraries such as ggplot252, were used for a variety of static visualization techniques in a
format easily accessible and usable by data scientists during the course of my study. While
examples of visualization researchers developing techniques using environments popular
with data scientists do exist [187], they were not commonplace.

The response to my ndings by the visualization community has shifted the needle
forward on closing this gap. Shortly before my work was published, Satyanaetyan

al. [209 had already begun to address the gap by introducing a high-level grammar of

9Also often called “ETL,” meaning “extract, transform, and load.”
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graphics, Vega-Lite, which presents a set of standardized linguistic rules for producing
interactive data visualizations using a concise JSON format for data to be represented by
the grammar. Since my publication on the visualization gap, further inquiry has been
conducted to characterize the analytical processes of data scientists and domain experts, and
how visualization research can better support their work. Midiail. [160], for example,

look evaluate the early parts of the data science work ow, creating pro les of data pre-
processing activities. In their retrospective analysis, Credaal. [54] break the data science

work ow into four higher-order processes and fourteen lower-order processes, with each
higher-order process containing orlewer-orderprocess for which visualization was a key
componentpro ling (preparation), interpretation(analysig, monitoring(deploymeny,
anddisseminatiorfcommunication). New libraries and systems have also been introduced
which combat the visualization gap, including Vistraté$][ and an implementation that has
perhaps held most true to my recommendations,Z58|[ a Jupyter notebook that brings
interactive visualization to the tools that are already common for exploratory analysis among

data scientists.

2.2 “Space to Think”

Managing and navigating space, virtual or physical alike, has always been central to
human cognition. As Norman holdst fs things that make us smar{’175, and according
to distributed 107, embodied 213, and extended4/7] forms of cognition, this very
much includes physical space. In seminal work from cognitive psychology, KiH [
demonstrated that humans tend to of oad cognitive tasks in physical space to simplify
choice, perception, and internal computation. But how many of these ideas translate to
digital space on a computer screen?

Kirsh and Maglio [L26 showed that screen space can support internal computation in
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so-calledepistemicactions—actions that serve no other purpose than to facilitate thought—
in the video game Tetris. Similar effects have also been observed for recall thspartigl
memory using the Data MountairlpP9, where digital objects are arranged on the face of

a pseudo-3D “mountain,” participants were able to nd previously placed website icons
signi cantly faster than when using a conventional bookmark display. This harnessing of
spatial memory is also similar to users leveraguiysical navigatiorf14] in large and
immersive displays with persistent locations of objects, thus allowing muscle memory and
proprioception to replace some of the mental effort involved in spatial navigation.

In particular, having access to large visual spaces has been shown to be useful for
analytical tasks. For example, screen space can be organized into complex structures such
as lists, stacks, heaps, and composi#€, thus reducing the need for mental models. Tan
et al.[231] compared analytical task performance between monitors and wall displays, and
showed that a physically large display yields signi cant improvements due to the increased
immersion and presence, which biased participants to adopt an egocentric view of the data.
Redaet al.[194] built on such ndings to study the impact of physical size on actual visual
exploration of data, and found consistent effects where more pixels yielded more discoveries
and insights. Finally, Andrewst al.[5] (to whom | owe the title of this section) directly
addressed strategies for spatial arrangement of documents on a large, tiled 2D display in
a visual analytics task. Their observations unearthed several interesting phenomena, such
as the support of external memory, the structuring of the space using grouping and layout,
and the high degree of integration between process, representation, and data that the large
display space scaffolded.

One of the mechanisms by which IA supports human cognition is by simulating the
experience of space and self: Through presence, immersion, and embodinesences
the subjective psychological experience of being in a virtual or remote spacenargision

is the objective characteristics of the technology used to present the §@&t€elhe sense
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of embodimentefers to the sensations that accrue while being inside, having, and controlling
a body in VR. A common method of measuring presence is with questionnaf;el3B,

210 222 241, 257). These studies make a distinction between immersion and presence,
where immersion is a necessary (but not suf cient) condition for the experience of presence
in a VR interface 83, 222 257]. Another necessary conditioniisvolvementor attention):

the internal processes and external conditions in uencing the user's ability to focus on
stimuli in the environmentZ57]. Clearly, while immersion is tied to the technology used

to deliver the virtual environment, presence is a more holistic property that is harder to pin
down. Witmer and Singer argue, backed by other foundational research on the subject, that
immersion and presence are determined by factors in uencing the user's sense of control,

realism, sensory feedback/stimulation, and distraction [138, 214, 257].

2.2.1 Direct Manipulation and Sketching in Visualization

Beyond games, one of the original applications of direct manipulation (as discussed in
Section 1.1) was in visualizatio17]. As a case in point, the seminal dynamic queries
method minimizes indirection and reduces barriers between users and visual representa-
tions [2]. Building on the direct manipulation idea, EImqvist et &8] proposed the notion
of uid interaction, arguing that “interaction in visualization is the catalyst for the user's
dialogue with the data, and, ultimately, the user's actual understanding and insight into
these data.” They de ne a uid interface as being one that: (1) promotes ow (a mental
state of complete immersion in an activityq], (2) supports direct manipulatio217], and
(3) minimizes Norman's gulfs of interactiod 7] (i.e., the difference between the user's
intended action and the actions afforded by the system).

Sketch-based systems are an example of uidity in interaction. In SketchStory, Lee et

al. [136 enable users to give ad-hoc data presentations by authoring visualizations on the
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y using sketch-based pen strokes. ScribbleQué4 applies touch-based sketching to
brushing and selection in parallel coordinate plots. In Visualization-by-Sketchog) [
Schroeder and Keefe pivot from analytical users to artistic users as their target population in
implementing a system that augments the digital work of artists and designers with real data.
The advent of consumer-ready immersive displays reduces the barrier further still, with
the most common modes of interaction in immersive analytical environments being virtual
hands and virtual ray pointer@42. Scienti c sketchind12(q allows for free-form 3D
sketching to support data analytics in an immersive environment; the approach has since
been adapted to multiple applications, including 3D uid ow, collaborative analysis, and
paleontology 178. With that said, the use of sketching in immersive systems is not new;
in fact, work in the area of direct manipulation was already exploring this mode of input
for creating 3D scenes in 1996 with the SKETCH syst@68[. However, this and similar
work of that era focused on simulated objects or free-form dedligf ather than on
data visualization. The increasing affordability of immersive head-mounted displays have
given rise to new, more specialized elds of research, most relevantly that of visualization

revolving around immersive and situated analytics.

2.2.2 Immersive Analytics

AR, along with virtual reality (VR) and mixed reality (MR)—immersive display and
input technologies on the reality-virtuality continuud6l]—have long been used for
visualizing physically embedded dati28 131, 197, 239. Recently, this has been extended
to include more abstract data usimgmersive analyticf43, 65, 154]. IA is a visualization
(VIS) framework and research focus on environments in which the user is spatially co-located
with virtual representations of abstract dat8][ According to Dwyetret al.[65], “Immersive

Analytics is the use of engaging, embodied analysis tools to support data understanding
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and decision making."This notion ts well with a de nition of AR by Mackay 146,

which describes an environment augmented by interactive, networked objects. Mackay's
viewpoint also approaches Weiserzilg Ubiquitous Computing16], and in that regard is

well aligned with the notions of ubiquitou$§], immersive, and situated analyticE54]
explored in this work.

Several IA applications have emerged that leverage the presence and engagement of
VR. Simpsonet al. [22]] proposed an IA tool to explore climate economy models by
leveraging spatial understanding from immersion on 2D multidimensional representations.
The open-source ImAxes systeB?] introduced the concept of an embodied axis to enable
users to quickly build multidimensional visualizations in VR using natural interactions.
FiberClay [LO§ uses an immersive approach for exploring large-scale spatial trajectory
data in 3D, and the system was informally evaluated with air traf c controllers. However,
none of these systems involved formal studies on how experts use the available 3D space,
or how they might use immersive systems in day-to-day data analysis. Patr@hikl83
introduced the design space of information olfactation—the use of scent to convey abstract
information—and implemented viScent as proof of concept. Butsetal [38] proposed
the ART tool for collaborative AR parallel-coordinate-plot viewing with tabletop touch-input
and performed an informal group-based walkthrough evaluation of the system with expert
users exploring immersion, presence, spatial layout, and engagement.

The premise of IA is that the immersive setting will yield a richer and more embodied
data analysis experience than traditional means. IA has been touted to decrease level of
indirection, allow more natural input mechanisms, and the free-form space of a 3D virtual
environment, which enables intelligent space us&gd25. However, navigation and
orientation issues arise in immersive environments in general, and immersive visualization
tools are no exception. Problems like occlusiéi][ depth and distance perceptids(,

as well as interaction with said distant objec@49 remain challenging issues in 'vanilla’'
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VR/MR and, consequently, in IA. Last but not least, discomfort, motion sickness, and other
ocular and non-ocular symptoms of HMD use, well-explored in the VR donidi Pp.
159-221], are worthy of consideration in any immersive implementation.

There are still few studies that test these factors for IA, but empirical grounding for
IA and its expanding design space has begun to emerge from both the virtual and mixed
reality (VR/MR, collectively denoted XR@50, and VIS communitiesd, 17], including
examples of multimodal data representation—systems that present data to the user using
senses other than vision—such as the work in olfactation that | have conducted alongside
Biswaksen Patnaik, Moses Akazue, and Niklas EImgw4}.[In a related study, Steed
et al. [225 evaluated these factors with Samsung Gear VR and Google Cardboard, and
they found tangible evidence of aspects of presence and immersion being measurable in
this setting. Mottelson and Hornbagl6d conducted a similar eld-deployed evaluation
with cardboard VR devices, comparing the results to a laboratory study. Their ndings are
consistent with those of Steedlal,, yet also indicate that performance is impacted by the
guality of the VR technology and the internal validity of the study. However, because the
discipline is relatively new, the problems involved in designing IA environments have not
been thoroughly de ned or validated. In Batehal.[17], Andrew Cunningham, Maxime
Cordeil, Niklas EImqvist, Tim Dwyer, Bruce H. Thomas, Kim Marriott, and | conducted
an evaluation of economists exploring multivariate temporal data “in the wild;” few other
recent studies exist that study VR “in the wild,” and even fewer exist for multidimensional

data visualization.

2.2.3 Situated Analytics

Situated analytics (SA)P] is a subspace of IA that deals speci cally with MR views

of information that visually link virtual and physical objects of interest, registering spatial
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locations for abstract information and supporting analytical interactions. SA has strong
links to early research efforts on mobile, wearable—and often cumbersome—AR, such
as the Touring Machine7p], which provided information, as labels that were situated
near various buildings of a university campus. Since then, the hardware requirements have
become signi cantly less cumbersome, and the application areas and task requirements
of SA systems have also diversi ed. However, despite the growing trend of emergent SA
systems and use cases, there are still technical vulnerabilities—such as inaccurate GPS
sensors110, 251]—and intrinsic challenges—such as occlusion and distordéf-fthat
adversely affect user experience and task performance [45].

While IA and SA are relatively new areas of research, there are a multitude of existing
implementations that could be called “immersive analytics” systems, many of them also
situated. Some systems address universally challenging issues, such as |a&@llidg)[ ef-
cient highlighting [70], impact of real-world background on visualization percepti®dd,
and synergy of HMDs and handhelds3p]. Yet most SA systems tend to be use-case-
speci c.

The advent of light, hand-held, multi-functional devices (e.g., smartphones, tablets etc.)
has made AR accessible to a larger audience. This, consequently, has aided the emergence of
SA systems for the general public, such as for tourigj, [sports 140, entertainment13]
and shoppingg9]. In many research and analytical disciplines, the work space is out “in the

eld” rather than an of ce or laboratory setting. Indeed, the decision-making processes and
situational awareness of manufacturing, constructddi pgricultural 70, and utilities
employees who work in the eld07] is an example of an enterprise-facing domain for
applications oin situ analysis. In this space, Whitlock, Wu, and Sza r conduct a design
probe involving expert users from ve such disciplines to evaluate the needs and challenges
of existing situated analytical systems for data analysis and collection, and demonstrate their

resulting design recommendations via their implementation, Field\28d] [ Last but not
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least, medicine and medical imaging has been a popular application domain for MR and
has has yielded important techniques, such as the cutting plane implemented in this work,
which originates in the interactive slicing of brain imaging data [99].

For a more comprehensive study of techniques, Zolletaal. [272] present a taxonomy
for visualization in AR, based on many such examples, and use it to extend the traditional
data visualization pipeline to situated implementations. They identify six recurring design
dimensions in their AR visualization taxonomy—purpose (for using AR), visibility (vs.
occluded or out of view), depth cues, abstraction (for reducing data complexity), ltering
(to a subset of observations to reduce clutter), and compositing (the method for modifying
the user's non-augmented view of reality)—and the domains thereof. While my work may
be comparable to Zollmaet al.[277] in that my conclusions are based on a compendium
of existing implementations, | focus more narrowly on the view management end of the
visualization pipeline.

Most situated analytics systems seek to take advantage of the user being embedded in the
same space as data with spatial attributes by presenting them with an immersive integration—
i.e., taking up the user's eld of vision. If we accept Mackay's de nition of AR described
in Section 2.2.2, then the means and methods by which objects of interest are networked
together and joined to the user's view of reality are inseparable from the experience itself.
While those means include commercially-developed platforms such as Unity, Apple's ARKit
and Google's ARCore, they also include open source solutions developed and maintained by
individuals and research and development communities, such as the Unity-base@ DXR [

and IATK [51] toolkits, and the Web-based framework VRIA [37].
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2.2.4 Interaction and Situated Analytics

Interaction has a central role in visualization despite typically receiving much less
attention than visual aspect®q(], and this is equally true for immersive and situated
visualization [L56. Nevertheless, enabled by technological advances in contemporary
immersive technologies, recent efforts have explored novel interaction techniques and device
synergies in an SA contex8p]. For example, Bach et al9] assessed the effectiveness
of direct tangible interaction with 3D holograms. They compared the use of the Microsoft
HoloLens with ducial markers in an AR visualization setting to a handheld and a desktop-
based setup.

The notion of analyzing user interactions in MR spaces has also received attention.
MRAT [17]] is a MR toolkit that allows the visualization of usage data of interaction
techniques in MR, providing mechanisms for interaction tracking, task de nition and evalu-
ation mechanisms, and visual inspection tools with in-situ visualizations. Likewisseb
et al. [36] present MIRIA, a toolkit designed to support in-situ visual analysis of spatial
temporal interaction data in mixed reality and multi-display environments. MIRIA provides
mechanism to depict and analyze movement of users and tracked devices, interaction events
as well as to identify issues such as tracking problems or obstructions from physical objects.
Flex-ER [144] is a web-based environment that enables users to design, run and share
investigations in MR, supporting different platforms and interfaces via a JSON speci cation
of interactions and tasks. In a similar theme of cross-device analysis of MR, Rel0¥e |
a mixed-immersion tool, combines an IA in-situ view with a synchronized visual analytics
ex-situ desktop view.

Cross-device synergies have also been exploited towards enhancing the analytical process
within SA environments. Butscher et aBf] investigate synergies between tabletops and

AR-enabled HMDs to visualize and manipulate 3D parallel coordinate plots. Hubenschmid
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et al. [LOY explore similar synergies with tablets, and interactions via touch and voice
commands. Reipscider et al. 199 does this for AR HMDs and touchscreens. Finally,
Langner et al. present MARVIS B2, a framework enabling the combination of mobile
devices and AR HMDs in AR-based analytical setting. MARVIS allows the depiction of 3D
visualizations above and between devices through the HMD. However, these are all one-off
designs for speci ¢ displays and devices.

Of particular interest to my work are the interaction affordances of toolkits designed
for building immersive experiences. DXR19, a Unity-based IA/SA toolkit, supports
multi-visualization workspaces, with interactions (toggles, lters etc.), speci ed in JSON
speci cation. Interactive elements include tooltips, view manipulation, and con guration
controls, and its grammar can be extended to work with other modalities such as tangible,
direct manipulation, gesture, and speech input. IABK] de nes a high-level interaction
model that provides Itering, brushing, linking and details on demand functionalities,
harnessing GPU power to optimise performance. Building on IATK, RagR#jguses
data streams from Internet-of-Things devices in SA. RagRug portrays the potential of
cross-device connectivity with a visualization pipeline that combines 10T devices, data
acquisition via MQTT, Node-RED for lItering, and IATK for visual encoding and rendering
in MR. Finally, VRIA [37], although predominately designed to work in VR, also works in
AR settings, largely thanks to the ongoing development of the open WebXR speci cation.
Beyond its grammar, which is discussed in the next section, a central aspect is that VRIA is
built with web technologies, an approach I take in this work as well.

Interestingly, Besagon et al. P8] point out that new interaction techniques for exploring,
Itering, selecting, or manipulating 3D data are often published in non-visualization venues,
and thus remain unnoticed by visualization researchers. They also note that leveraging sens-
ing technologies and adapting 3D interaction techniques from other contexts has signi cant

potential for positive impact on 3D visualization. Nevertheless, structured mechanisms for
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creating and de ning interaction affordances in SA environments, especially for voice and

gesture input (such as my contribution in this paper), is much less explored.

2.2.5 Mid-Air Gestures and Speech for Visualization

Combining speech and gestures as input mechanisms for controlling virtual objects
have long been a vision for the future of computif§][ In 1980, for example, Bolt32]
combined the two for a large-screen display system, “Put-That-There,” allowing a user to
combine spoken commands with pointing to populate a room-sized space with 3D objects.
However, speech with gesture as input is much less well-explored in visualization and visual
analytics systems.

The visualizatiorof gesturesq8, 113 117 is a more prevalent theme than the use of
gesturedor visualization. One exception is Proxemic Lens&g,[where collaborators
use explicit gestures and implicit body language to interact with large-scale data displays.
Another is DA-TU P6], which features a tablet-based multi- nger gestural vocabulary
for interacting with objects in a large database. A 2018 AVI worksH&3][highlighted
this shortcoming in exploration of input modalities in contemporary visualization research.
Even following this workshop, however, the use of mid-air gestures for immersive analytics
research has remained uncommon, with one notable exception in Filho et al.'s evaluation of
an immersive space-time cube [81].

Considerably more work has been conducted in the area of speech as an input mode
for visualization for traditional display$p, 262, large screenslf)], and immersive en-
vironments 12]. The Natural Language for Data Visualization (NL4DV) systelii(j
is noteworthy in that it integrates contemporary visualization tools with multimodal user
input and popular analytical tools and work ows. Even the subject of combining speech

and touch—not gesture, but touchscreen interaction—has been addressed in visualization
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literature P02, with the results con rming that multimodal input is preferred over single
modes of input for either speech or touch. However, | arguesietch and mid-air gestures
have not been used in combination for immersive analytics in the existing literature; this is

one of my goals in this paper.

2.3 Visualization Grammars and Beyond

Visualization grammars, rstintroduced by Leland Wilkinson as the eponymous Gram-
mar of Graphics254 in 1999, provide combinatorial building blocks for specifying visual
representations using a concise declarative language. This approach is radically different
from the standard chart template galleries used in tools such as Microsoft Excel. Wilkinson's
grammar was quickly adopted by the visualization and statistics communities. Hadley
Wickham's ggplot2 P53 operationalizes the grammar in the R language. V2§&][is
a low-level explanatory speci cation expressed as JSON and rendered on the web using
SVG or Canvas; upon it is built the higher-level Vega-LR20%, which facilitates rapidly
building interactive visualization without the full complexity of the Vega backend. Several
special-purpose visualization grammars have since evolved, including AR#hfpr unit
visualizations, Cicerol[24] for responsive web-based visualizations, and PGb#][ a
probabilistic extension to Wilkinson's original Grammar of Graphics.

Visualization grammars can also serve as low-level speci cation backends for higher-
level visualization environments. This allows point-and-click interaction rather than textual
speci cation. For example, Tableau (originally published as Pol22§]) is built on the
underlying VisQL grammar. Similarly, the Lyra 273 interactive visualization environment
generates Vega or Vega-Lite speci cations as output.

Finally, there exists some visualization grammars designed speci cally for immersive,

situated, and ubiquitous analytics. ImAx&g&] can be said to be one such system, enabling a
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VR user to freely combine axes to author various multidimensional visualizations in 3D using
direct manipulation. DXRZ19 uses a JSON speci cation language similar to Vega-Lite

to author 3D visualizations for immersive analytics in the Unity engine, even providing an
interface for modifying the representations while in the immersive environment. VRIA |
supports a similar Vega-like JISON speci cation, but is entirely implemented using open
web technologies such as A-FratieReact, and D3.js rather than Unity. Compared to these
existing offerings, in this paper | propose a visualization environment for ubiquitous and
immersive analytics based on mid-air gesture and speech interaction. Similar to VRIA, my
approach is built on open web technologies rather than a proprietary graphics engine. To the
best of my knowledge, this work is the rst to allow users to author visualization grammar

speci cations in 3D mixed reality using such a direct manipulation method.

2.4 Evaluation

Given the need for further evaluation and empirical work in IA in general and SA
speci cally, | must take a broader view of evaluation in the HCI and VIS communities. In the
domain of HCI and data visualization, some approaches to understanding factors in uencing
users' experiences and needs for systems involve constructing personas—-representational
archetypes of “typical” users and their daily livelOp]. This often involves qualitative
and ethnographic methods in which the researcher tracks, records, and interprets the users'
daily activities in collaboration with the participant, reaching a shared understanding of the
user's thought processes through interview and actiif2[215), but approaches using
observational data, statistical models, and machine learning are becoming increasingly

common.

10https://aframe.io/
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2.4.1 Cooperative and Contextual Inquiry for Visualization

In their seminal paper, Wixoet al.[25§ introduce “contextual design” as a systems
development method in which the researcher partners with the user at the user's place of
work to “develop a shared understanding” of the user's activities, and they demntxtual
inquiry as the rst part of the broader process. Speci cally, contextual inquiry is the
data collection step of the eld research element of the contextual design method, and it
emphasizes four essential principles: (1) doatextof the activity being performed by
the user, (2) thgartnershipbetween the researcher and the participant, (3) the spoken
veri cation that the investigator'snterpretationof the activity matches the user's, and
(4) thefocusof the study as central to the approach taken by the intervie@riD2.

The most typical application of contextual inquiry is in the form alomtextual interview
which begins in the user's actual work environment as a traditional interview regarding the
user's recollections of their work activities, and, within fteen minutes, is transitioned o
an activity in which the participant conducts their work while the researcher watches and
takes a participatory role by sharing and summarizing their understanding of the user's
work [29, 102].

Cooperative inquiry is a qualitative evaluation method based on an iterative cycle of
three primary steps: contextual inquiry, participatory design, and technology immeg8jon |
Contextual inquiry is the data collection process in which the researcher and participant form
a partnership to reach a shared understanding of the user's experience as part of a broader
design study29, 258. In my “visualization gap” study18], | employed contextual inquiry
to understand data scientist work ows and their relationship to interactive visualization
through in-depth interview sessions.

In participatory design, the user partners with the researcher to continuously develop new

prototypes for the implementation. One method that | particularly draw from participatory
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design is to embed a researcher with both the users and designers of the system to act as a
values lever A link between user and researcher team who is responsible for translating
user requests into technical speci catio24 . On an operational level, this is similar to
thepair analyticsapproach proposed by Arias-Hernana¢al.[6], where a visual analytics
expert “drives” the system while a domain expert gives directions.

While alternatives to the qualitative methods for developing personas may be applicable
in certain cases (e.g., where mouse events are the most notable method for human-computer
interaction) P64, this approach is more dif cult to apply in design for the sciences beyond
simply categorizing event sequence structufe®j[ Field survey methods are still a
popular approach for determining the direction of design targeting scienti ¢ uk483197,
including data scientists [23, 119].

Kandelet al.[119 conducted what might be considered a contextual interview study
similar to my own in that they analyze data scientists' self-reported work processes, and
attempted to interview participants at their place of work in as many cases as possible. They
propose three main archetypes that data scientists may be classddaokers who build
processes chaining together multiple programming languages of different types (analytical,
scripting, and database languages, for example) and who use visualization in a variety of
environmentsScripters who perform most of their analysis in an analytical environment
(e.g., R) and perform the most complex statistical modeling of the types but who do not
perform their own ETL; and\pplication Usersvho performed most or all of their work
in an application such as Excel or SPSS and, like Scripters, relied on others (namely, their
organizations' IT departments) for ETL. The appropriateness of contextual inquiry for
analytical professions in more contemporary research is further evidenced by the recent,
complete contextual design study of data scientis8&i][conducted by IBM, a notable

employer of data scientists.
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2.4.2 Quantitative Measures in Task Performance, Use of Space & Time

Quantitative analysis of interfaces in the context of data visualization typically revolves
around task performance metrics given a type of d2a1&][ Task performance studies
often measure accuracy, correctness, speed, and other measures of how well and how easily
the user is able to interpret different types of data: Namely, quantitative, ordinal, and
nominal data226. Empirical work on graphical perception, from early seminal work
by Cleveland and McGill49], Mackinlay [147], and Bertin R7], to more recent work in
visual perception180 250 or—in the case of multisensory IA studies—other sen2a§ [
often attempts to determine an internal ranking between visualization techniques or sensory
channels and these three data types.

Events within the interface, such as mouse acti8lyjnay be used to develop “data-
driven personas”65 for speci c types of users; platforms for crowdsourcing experiments
such as Amazon Mechanical Turkd7 make the creation of these types of personas more
manageable at larger scales. With the rise of IA and SA, approaches analogous to this are
becoming more popular as a means of characterizing study participants' navigation through
space, view arrangement, and time usé P2, 204. These types of studies, whether
early or more recent, are often accompanied by qualitative evaluation to provide nuance
and identify patterns that were not captured by the quantitative data collected during the

study [17, 59, 238].

2.4.3 Characterizing User Behavior with Machine Learning

In the machine learning (ML) community, there has been more than a decade's worth of
literature exploring methods for action classi catidr8R3 173, motion and path predictiodft5,
eye tracking 129, and gesture detectioi$Z. While there have been a few position pa-

pers B9 and more serious studie8qg] advocating for a closer relationship between the
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HCI and machine intelligence communities, the current body of literature on the subject is
surprisingly sparse. If a trained ML model can identify individuals' emotions, moods, and
expressions{3, 143 230, 261, 267] and can accurately predict whether a basketball player
is good or badZ26], why is there so little work identifying whether a user's experience has
been positive or negative, or their task performance good or bad? This section will review
a range of applications in computer vision (CV) literature to human behavior, and then

provide an overview of HCI work that does make use of CV methods.

2.4.3.1 Deep Learning Models for Human Poses

Considerable prior research has explored the topic of human pose estimation using deep
learning in single-person single came2d {], multi-person single camera, and multi-person
multi-camera settingsip, 86]. Recent work includes top-down approaches using a 2-stage
pipeline with a CNN for frame-level pose prediction followed by a matching algorithm to
ef ciently link the predictions to speci c peopldp, 86, 223 244]. The CNN itself can use
a 3D mask as in Girdhaat al.[86] to incorporate temporal data for more robust prediction.

In my project, | use the pretrained OpenPose modid fo jointly detect human body, hand,
and facial keypoints (in total 135 keypoints) on single frames.

Walkeret al. [243 tried to address the video forecasting problem by taking advantage
of the strengths of Variational Autoencoders (VAEs) and GANS. Instead of solving this
forecasting problem directly in the pixel-level space, this paper projects the problem into the
human-pose space through the human-pose estimation. In &zt§20], my motivation
was similar in that | also try to address the action classi cation problem in the human-pose

space, instead of classifying actions directly from videos.
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2.4.3.2 Behavioral Coding

Coding behavioral events in video is common research practise in HCI and other elds,
often those related to the social sciencE3q. It is largely performed in three steps. First, a
coding scheme that describes the categories of actions has to be created via a bottom-up,
top-down P45, or a hybrid approach. In a bottom-up approach the themes for the actions
emerge from the data itself and are agreed upon by the coders after watching and rewatching
of the videos. In a top-down approach, labels emerge from the theoretical literature on
human gestures. The second step would be to train some number of coders which takes an
amount of time proportional to the complexity of the videos. The nal step is to actually
label the videos and ensure that the coders are able to label videos in a consistent way which
is measured by an agreement metric such as Cohen's Kapfl The codebook might be
rewritten in iterations during this process.

Several existing tools have been built to support the video coding process, particularly
to help with coder training and video labeling in a systematic way. For example, ANVIL,
Datavyu P32, VACA [34], and VCode 92]. There have also been systems in the past
that have leveraged crowdworkers instead in the codebook creation and video labeling
process134. In our system 20], Kyungjun Lee, Hanuma Teja Maddali, Niklas EImqvist,
and | implemented a hybrid approach in which an unsupervised clustering mechanism
grouped actions in the data by a measure of similarity related to change in pose. A human in
the loop then used knowledge of relevant theoretical models to select potential AOI, either
though expected actions or outlier detection. The action detection and label assignment
process in my pipeline, however, was completely automated via an action classi cation

model.
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2.4.3.3 Unsupervised Video Summarization

Summarization models are probably closer to my objective than any other, but my target
is the narrow context of HCI researchers discovering new actions based on user interactions
in systems using 3-dimensional body motion and gestures, and reducing the computational
cost of model training is a high priority. Mahassenal.[151] take what might be considered
the most contemporary approach to detecting events in video for summarization by using
generative adversarial networks (GANSs) to detect keyframes—frames marking the end or
beginning of transitions in motion—in high-resolution video. In their model, the generative
network (summarizer) creates a summary of a longer video in order to trick the discriminator,
and the discriminator network is trained to discriminate between the summarizer and the
human-summarized video. They use the SumMe dataset, which has short, human-made
summaries for a corresponding set of longer videos (1 to 6 minutes in length) [91].

The use of keyframes itself is not a new idea. In fact, as an alternative approach to
detecting keyframes, the study that originated the SumMe benchmark dataset used by
Mahassenkt al. [15]], Gygli et al. [91] draw from video editing theory in proposing
Superframe segmentatic@technique that cuts video into arbitrary segments and then shifts
the the cuts to neighboring frames with the least motion, as part of a video summarization
pipeline. Following segmentation, they evaluate numerous other features of the video—
including attention, color, contrast, edge distribution, and object detection (people and
landmarks)—and then calculate an “interestingness” score. The interestingness of a segment
must meet a prede ned threshold in order to be cut into the output of the model, which

concatenates the most interesting segments of the video into a short summary.
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2.4.3.4 Machine Learning in HCI

Video and audio recordings tend to be a nearly-ubiquitous form of data to capture and
analyze during user study sessions. HCI and visualization research communities have
already begun to make advancements that shift away from video and audio recordings being
an intractable media format, cheap to capture but expensive to analyze in evaluation studies
for HCI and visualization, toward the use of video and audio inputs as a revealed behavior
dataset that is time-cost cheap and therefore scalable for the analysis of large user populations.
Relevant examples include discovering speech patterns [75], identifying gesture [152, 193,
234 and gaze 164, 264, classifying user emotion and facial expressiédq, [159, 229,
and detecting characteristics of the user, such as ge@d&'f, by constructing and
implementing neural network architecture. The visualization community has also made
contributions to the toolkit of methods used in evaluating user video, logs, transcripts, and
other qualitative datadld], as well as user gesture analysi?®]. Systems for visualizing
and analyzing visual and semantic features of cinematic Ims in the context of Im studies
been implemented, for example, in VIANJ], which represents information about average
frame color to the user, who can then manually segment the video with semantic annotations.
Kurzhalset al.[13( introduce a system that uses the text of movie scripts to assign semantic
labels to frames, which is graphically represented to the user along with motion and other
visual frame information in an interactive dashboard that affords user annotation ePavel
al. [184] present a system for automatically segmenting and summarizing lecture recordings
and append them with crowdsourced transcripts. QuickZ2f][is a system for fast video
editing and annotation that allows audio annotations corresponding to timestamped clip
segments to be quickly transcribed, semantically matched, and cut together. dieake

al. [134 create a system for automatically generating audio-video slideshows using text and

1 note that this approach, like many similar projects conceived with little thought to their sociotechnical
impact, are a highly questionable practice.

38



imagery from written articles.

However, these systems either generate read-only output to be consumed (rather than
analyzed) by the user, or they require semantic information that is derived either manually
by the user, or via existing scripts or metadata that contains semantic information beyond
that which is contained in the video and audio data itself. In the scenario | envision, the
visualization or HCI researcher can simply add a video and/or audio recording setup, or turn
on the onboard camera of a test computer and mobile or wearable device, to collect additional
semantic information about the user's speech and physical actions while participating in the
user study. The video and audio footage can then be easily and quickly analyzed using off-
the-shelf models, resulting in different data streams (e.g., pitch, speech rate, gaze direction,
hand posture, and the output from semantic models) synchronized to the rest of the study
telemetrics. All of these metrics can then complement task performance data collected in
a user study, to reveal deeper insights about the evaluated system and/or targeted users.
The user can then annotate the session recording with their thoughts as they conduct their
analysis.

As ML continues demonstrating its potential, qualitative researchers are becoming
increasingly interested in adopting ML into their analysis ows. However, they often
face challenges when incorporating ML into their analysis. First, although traditional
classi cation and clustering ML methods are helpful for generating additional labels to
inform analysis, these labels alone are often not suf cient for addressing human-center
research problems. Instead, human-centered researchers need to leverage their skills to
make sense of the ML-generated labels to gain a deeper and more nuanced understanding
of the data. Second, many ML methods require a signi cant amount of data for optimize
parameters and thus have limited accuracy when dealing with small-scale yet rich-in-
meaning human-behavior data. Such challenges have inspired researchers to investigate

ways, such as interactive visualizations, to better integrate ML into qualitative researchers'
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analysis work ow.

One line of research is to support qualitative coding, which is a powerful yet labor-
intensive method. Feliet al. [77] designed a visual data analysis tool that integrates
unsupervised learning methods to provide suggestions to help researchers progressively
code a large corpus of texts. Another challenge that qualitative researchers often face is to
resolve con icts among researchers when analyzing qualitative data. Droethal§i62)]
designed a tool, Aeonium, that identi es potential con icts in codes created by different
coders using ML and highlights the con icts to facilitate coders to spot their disagreements
and resolve con icts ef ciently.

Another line of research is to support the analysis of user interaction data to uncover users'
intentions and reasoning processes. Both low-level user inputs (e.g., mouse clicks,drags, key
pressesg8, 200)) and high-level graphical structures of user interacti®@¥ ére captured
and visualized to help researchers make sense of their analytic activity. Moreover, eye-
tracking data (e.g., scanning trajectory, Area of interest) have also been visualized to help
researchers analyze users' interactions and even predict users' i&r2(]. Furthermore,
researchers have investigated manually recorded provenance (e.g., user-generated annota-
tions) and developed visual interfaces to uncover hidden sense-making p&2&3rz60 .

In addition to using proxy data (e.g., mouse events, eye-tracking data) and manual prove-
nance (e.g., user-generated annotations), researchers have recently begun to investigate
think-aloud data, which are generated by asking users to verbalize their thought processes
while working on a task, to better understand their hidden thinking process. Think-aloud
data have been used to understand analysts' reasoning prod&kset?] as well as users'
interactions 74]. VA2 visualizes think-aloud, interaction, and eye movement data to facili-
tate the analysis of multiple concurrent evaluation res@iis [Recently, Faret al. built an

ML model that predicts usability problems of think-aloud sessions based on users' speech

and verbalization patterns, and further designed VisTA to visualize ML's predictions as
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well as speech related features on synchronized timeli#fgslIph addition, using advanced
analytical technologies, several researchers developed systems that detect users' moods and
facial expressions to facilitate user experience evaluai@nle7, 224, 230. Inspired by

much of this prior work, in Batclet al.[19], Yipeng Ji, Mingming Fan, Jian Zhao, Niklas
EImqvist and | extended this line of research by considering a wider range of modalities

of data extracted from video and audio footage, that are indicative of users' experiences
(speech rate, transcripts, gaze direction, facial expressions, semantic actions), to create a

more comprehensive visual analytical tool to better support the analysis of users' behaviors.
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Chapter 3: The Interactive Visualization Gap

We conducted an investigation of how data scientists engage in the early stages of
exploratory data analysis (EDA) with an eye toward how visualization, speci cally, ts into
that process. In this chapter, | describe the methods we used, our results, and the design

recommendations we construct based on our ndings.

3.1 Contextual Inquiry with Data Scientists

In Batchet al. [18], we conducted our study as a contextual inquit@d, where
we rst interviewed participants to establish their everyday work practice. However, our
study deviated slightly from standard contextual inquiry protocols in that we then asked
participants to solve speci ¢ problems that we provided (instead of using their own datasets).
These problems were based ondtfjfactsused throughout the participants' work process,
including code, databases, spreadsheets, methods documentation, and checklists; (2) on our
prior knowledge of data science work ows; and (3) on user feedback gathered during beta
testing of an R library developed to aid in the extract, transform, and load (ETL) processing
of data from a major producer of economic statistical indicators.

Our motivation for the modi cation was that we already have a reasonable understanding
of current data science practice (e.g., as described by Andetsand Kandel et al.119),
the practices of our participants based on their organizational artifacts and their feedback,

and we were more interested in directing participants towards speci ¢ tasks to elicit a better
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understanding of the initial exploratory stages of the data analysis process. We believe
that inferences about these stages would be dif cult to make if participants were instead
asked only to walk through routine data product maintenance procedures or to give a verbal
explanation of already completed projects. By controlling the tasks and problems to work
on, we hoped to eliminate some of the wide variation in tools and approaches that individual

analysts may exhibit.

3.1.1 Participants

We recruited eight data scientists and economists from several federal agencies in
Washington, D.C., USA to participate in our experiment. Five of the participants were
male and three were female, their ages ranged from 26 to 50 (mean age: 35.5), and they
all had normal or corrected-to-normal vision (self-reported). Six participants had earned
masters degrees in quantitative elds, one had started—but not nished—a Ph.D. program
in economics, and the remaining participant was in the process of earning a masters degree
in economics. The participants' experience in their elds ranged from 4 years to 20 years
(self-reported). Participants were screened to be experts in data analysis; all participants
reported routinely using data management and analysis operations in their daily work and
had several years of experience working on this type of duties. Four of these participants
had developed or contributed to the development of interactive data visualization projects.

Once screened, participants self-selected in response to emailed requests for their in-
volvement in our study. The self-selection and small sample size must be acknowledged as
a limitation to how representative this study may be, but is not uncommon in eld studies
involving the entry of researchers into the personal or professional environments of the
participants 48, 108 158. Similarly, the sample was selected based on their employment

with, and roles within, federal agencies, which must also taken into consideration with
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respect generalizing based on our results.

3.1.2 Apparatus and Locale

All inquiry sessions were conducted in the workplace of the participant and using their
everyday computing environment to ensure their familiarity and comfort during the study.
The exact computing platform, hardware setup, and data analysis software thus varied
signi cantly between participants. Because of this difference, screen recording tools varied
across two organizations; one organization had a preexisting screen recording utility and
security settings prevented the use of external screen recording software, and the other
participants used a free screen recording application. All participants used pencils and paper

provided by the researchers for the sketching activity.

3.1.3 Procedure

A single inquiry session consisted of the study administrator arriving at the participant's
workplace, collecting informed consent, and then giving a brief background of the study.
Signi cantly, atno time—either in recruitment or during the introduction of the session—
did the administrator mention the visualization theme of our study. The reason for this
omission was to avoid priming and potentially biasing participants with regards to their use

of visualization. The rest of the study then consisted of four primary steps:

1. A preliminary interview regarding the participant's work processes and tools used in

their work (10 to 15 minutes);

2. A data analysis activity designed to mimic a standard data science workdpw [

(approximately 1 hour);
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3. A formative design activity during which the participants were asked to sketch visu-
alizations appropriate to tasks in the preceding analysis activity (20 to 30 minutes);

and

4. A nal semi-structured interview on visualization in the context of the participant's

work ow (10 to 15 minutes).

Each session lasted approximately two hours. After nishing a session, the administrator
summarized the participant's ndings, asked for clari cations or corrections, and answered

any remaining questions.

3.1.4 Problem Set

Each participant was asked to pick one of the four questions below to answer using real,
public data by the end of the Stage 2 within one hour of making their selection (see the

Appendix for more details):
1. “How has the rate of a speci c type of crime changed over the last few years?”
» Optional: “What might be causing this change?”

2. “Tell me something interesting about the careers or personal nances (e.g., income,
spending habits, or employment) of a particular group of people compared to (an)other

group(s).”
» Optional: “Suggest an explanation for your observations.”

3. “When and where has a number of major catastrophic events occurred? Do they share

anything in common with events you didn't expect to exhibit similar characteristics”

» Optional 1: “How frequently and how long after the fact did people talk about/re-

ported on these events?”
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« Optional 2: “What was the weather like in the area of the event before and

afterward?”

4. “What's been going on with gasoline for the past few decades? Tell me as many things

about it as you can.”

As noted at the beginning of the methods section, these questions were based mainly
on artifacts used throughout the participants’' work process (code commentary, spreadsheet
notes, process documentation, and so on). Questions were made fairly open-ended so that
analysts could use their experience to not only determine how they would answer it, but also

to decide what constitutes a satisfactory solution.

3.1.5 Data Collection and Analysis

Participant voices and on-screen activities were recorded during each session, and some
participants drew sketches which were retained by the researchers. Furthermore, the test
administrator took extensive notes of observations as well as discussions with the participants
during the session. These transcripts and notes form the primary data collected from the
study.

We followed a basic qualitative interview analysis method when extracting insights
from these transcripts. We rst listened through the audio recordings in their entirety to
form a general understanding of the themes and topics of the discussion. We then used the
interviews to start coding these themes and topics. While we did not use a formal Grounded
Theory approach, we did apply an open-coding scheme and regularly stopped to calibrate

and merge codes as needed.
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3.2 Contextual Inquiry Results

In Batchet al., we reported our results for each of the four different stages of the
evaluation: (1) preliminary interview, (2) data analysis using a problem set, (3) formative

sketching, and (4) nal post-experiment interview.

3.2.1 Stage 1: Pre-experiment Interview

With one exception, all participants described their work procedures to largely occur

within the context of existing information systems and data structures.

3.2.1.1 Self-Reported Work ows

The work processes reported by all participants began at the point understanding the
problem or issue they were addressing in their analyses. Participants all moved on to
describing the sources of their data, and all participants described a central component to
their work being to join or infer relationships between series across different data stores.
Three participants noted that the most frustrating part of their work process is often these
rst two stages when it required communication with data providers. In describing the
methods used, all analysts described a need to extract data from an external source and
transform it for use with statistical programming languages (R, FAME, and Python).

Participants described using models of varying complexity in their typical work process;
most notably, they mentioned statistical language processing and other information matching
and retrieval methods, as well as hierarchical and relational structures. Three participants
reported the end of their work ow as generally being the communication of their ndings,
with the remainder reporting archival as the nal stage. Five participants reported recent

work projects ending in the completion and deployment of tools for data manipulation or
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analysis; the remaining three conducted their analyses using existing tools.

3.2.1.2 Work Focus

All participants had recently (within the last year) conducted independent analytical
or development projects for which they were the lead or sole contributor. One participant
described his work as consisting of running projects that primarily start from scratch. This
participant recently developed a search method for large, unstructured, and highly technical
text data that had been accruing for roughly forty years.

The four remaining participants reported that the primary focus of their work was
in the context of an existing information system. Three of these had made lasting and
substantive methods contributions to the body of data science or analytical systems within
their current agencies: one had built a user interface for querying agency databases; another
had restructured a complex, hierarchical data structure; the third had constructed a revision

analysis tool referencing a node aggregation structure.

3.2.1.3 Self-Reported Tool Use: Revisiting Kandel's Archetypes

In some ways, the results from the study by Kandel etldl9[are similar to ours (e.qg.,

nding appropriate data, ETL, and integrating datasets from several sources took up a large
share of many of the analysts' time). However, in contrast to the ndings that lead them
to propose their three archetypes, interview question responses from the participants in
our study indicate that they invariably straddled the “Hacker” and “Scripter” role; not one
of them relied on others within their organization for data ETL (although some reported
receiving data from external providers under contract as part of a wider process that involved
conducting their own ETL). Perhaps even more importantly, all of our respondents reported

performing the bulk of their analyses in a scripting or analytical language and had used
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multiple languages on the job. This difference may, admittedly, be a result of our small
sample size, but it may also be an indicator that their third archetype, the “Application User,”
has become passn analytical professions. Alternatively, it may mean that we have not yet
reached a tool maturity where this archetype can become dominant.

In our study, one participant reported mainly using Python, and noted that the SciPy,
NumPy, multiprocessing, and glob libraries were essential for recent work, but that a number
of additional libraries made their work easier, with the “ujson” library being among their most
favored. This participant also made a note of recent work made use of the Python interface
for the Stanford Network Analysis Project (SNAP). Four participants reported using R, but
only two of these reported using it regularly on the job. Four participants reported developing
interactive visualizations using Plot.ly, Lea et, and [83], among other tools, at least once
in the past. Three of these also reported using JavaScript/HTML/CSS infrequently on the job
to communicate output from statistical models to colleagues. These same three participants
further reported having used Python, but this was mainly used for personal projects (e.g.,
combining the use of an API of a nancial newspaper, a string pattern recognition algorithm,
and a text-to-speech function in order to nd and produce audio summaries of news related
to their interests which they could no longer nd the time to read through manually). Five
participants reported used Excel and the time-series database and programming environment
FAME (“Forecasting Analysis and Modeling Environment”) as the primary environment for
analysis on the job.For all of these participants, FAME was described as the environment
used most heavily for analysis, whereas Excel was described as being used mainly for the

purpose of viewing data and communicating analysis results to others.

IFAME is a time-series database with many easily accessible APIs and a domain-speci ¢ programming
language.
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Table 3.1: Participant time use and static visualization rate by task types. Participants spent by far
the most time in discovering the appropriate dataset to use in answering their selected question.
“Static Visualization Rate” in this context refers to the percentage of participations who created static
visualizations during their activity.

Task Average Time Static Visualization Rate
Discovery 37 minutes 50.0%
DataETL 9 minutes 0.0%

Exploration 14 minutes 62.5%

3.2.2 Stage 2: Problem Set

Of the eight participants, two partly answered the question asked in the problem set to
their own satisfaction, and the remaining six participants fully answered the question. In
all cases, the main stage that participants found impediments to their progress was in the
“Discovery” stage. Interactive visualization was not implemented at any stage of the problem
set activity, but static visualization was used by a majority of participants (Table 3.2.2).

Several participants used interactive visualizations built by others regarding the data they
were considering using to answer the problem. We also observed that all participants using
programming environments either received syntax error messages or had minor dif culties

reshaping the data which required minutes to resolve.

3.2.2.1 Summary of Tools and Visualizations Used

During the activity, one participant used Python without an IDE, three participants used
R in RStudio, and ve used Excel. For direct manipulation and analysis of the data, three
participantonly used Excel, and two participardslyused R in RStudio. Of the participants
who stated during the interview section that their primary analytical environment was FAME,
if any visualization was produced during their session, both the visualization and the analysis

itself were done using Excel. None of the participants in this study used any visualization
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tools outside of those built into their analytical environments. All participants used the “look
at the data” (or “show me the numberg9) approach as primary means of verifying the
relevance and completeness of the data prior to communication stage (i.e., looking at the
data in whatever format it was stored). The two most experienced users in this study did not

use visualization at any stage of the problem set.

3.2.2.2 Discovery

The discovery stage was by far the most time-intensive activity for all participants
during the approximately 1-hour-long problem set activity, taking participants on av&rage

minutesto complete. Of this time spent in discovery,

* An average of approximately 22 minutes was speatling reference materigex-
cluding metadata) to nd potential causal factors, and to explore statistical methods
including syntactical options within analytical environments. The participants referred
to a combination of news, academic, and data science blog articles to assist with this
stage of their process. Three participants mainly referenced articles, two of whom
read online tutorials (e.g., R cookbook), StackOver ow, and R help documentation;
of these, one also referred to API documentation and metadata, and the other partici-
pant mainly referenced nancial news, academic articles, and statistical reports from
government agencies. The third of these participants mainly referenced popular press
articles and data science blog posts. Two participants made a point of referring to

visualizations produced by others in their readings.

* An average of approximately 15.25 minutes was spefierencing site or API meta-
data and conducting searchas a means to nd the location of the correct data. One
participant spent the large majority of the discovery stage searching and exploring

site metadata, and virtually no time reviewing other reference material. No visual
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representation of the reference metadata was referenced or created by any of the

participants.

All participants exclusively selected government data; one used local government data

for crime statistics, while all others used federal government data.

3.2.2.3 Acquisition and Transformation

None of the participants used visualization during this stage. The average amount of

time spent on data acquisition (ETL) was approximagiyinutes

» Data extraction and loadingpok, on average, approximately 2.25 minutes, which
was skewed upward by a participant who needed to extract several large datasets
from a site, and skewed downward by a participant who extracted the data using an
API request that took only the amount of time required to write the request function
(approximately 10 seconds). One participant used a REST API, and the remaining

three exclusively used site download tools.

» Once it was loaded into the analytical environméramnsformingthe data to prepare
it for modeling took slightly longer for participants across all environments, taking an
average of approximately 7.75 minutes. This process was lengthier in cases where
the structure of the source data being used in the model was more complex, and in
cases where the data was being manipulated using a programming language, and was

skewed downward where Excel was used with minimal transformation.

3.2.2.4 Exploration, Modeling, and Communication

This process took, on average, approximafelyminutes The most complex model

attempted was a basic linear regression model. One participant attempted a categorical
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Figure 3.1: One user produced a column chart with U.S. Census Bureau data in RStudio using the
ggplot2 library

parent/child aggregation hierarchy, but was unable to nish the analysis. The participant
using this hierarchy did not use visualization at any stage of the problem set activity. Of the
remaining participants, one examined a cross-section of ratios across geographic categories;
this participant produced a column chart comparing public sector employment rates against
private sector employment rates by state using ggplot2 (Figure 3.1). This participant also
expressed a desire to create a grid of faceted bar charts (also using ggplot2), but decided
against it because it would take too long.

One participant examined the rate of change of two potentially related time series with
different units of measurement, and produced a line chart comparing the series scaled to
different axes to explore the potentially causal relationship. This participant was the only
one who used a chart to inform the later stages of analysis, rst charting one series and
using that information to search the time period of interest, and was the only participant to
perform comparative data analysis. The remaining participant examined the rate of change

in a single series and produced a line chart representation of the series. All charts used
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or produced during this activity were static. All participants who used visualization for

exploration used the same charts as part of the communication of their ndings.

3.2.3 Stage 3: Sketching

As in other studies46], we opted to a sketching activity to allow for the creation of
visualization in instances which may otherwise have been constrained by either technological
barriers or the time limitations of our interview sessions. The most common theme in
participant sketches of potentially helpful visualizations during this stage was that most
participants viewed a table as thmostbene cial visual aid. Only four of them drew
a chart, and in one of these cases, it was mainly as an afterthought. All participants
focused on the work involved in data discovery as the most dif cult element of the activity,
including participants who were already familiar with the source of the data they selected.
All participants were most strongly interested in methods for multistage search-and- Iter
interface design; all participants included either drop-down menus or search bars (or both) in
their sketches. Three participants also included tables in their sketches; two of these sketches
contained lists of potential data sources, the third contained the data itself (Figure 3.2). One
participant expressed interest in a related-data search and discovery tool inside the RStudio
IDE.

Of the participants whose sketches extended beyond search-and- Iter methods for data
discovery, one drew a bar chart representation of a hierarchical time series and expressed
an interest in better illustrating the hierarchy. Another participant expressed a desire to
represent auto-regression models of the series used during the problem set activity, and
noted that it would have been easier for them to do using Stata. A third participant, who
we consider to have the most experience in developing interactive visualizations within the

study cohort, incorporated interactive elements within his sketch as a small window which
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