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“Life is a constant dance between one’s desire and destiny, embrace it.”
— A life lesson I inferred from Sri Swami Sivananda!’s guidance to Dr. APJ Abdul

Kalam?, as quoted from the latter’s autobiography (Wings of Fire: An Autobiography [1]):

“Desire, when it stems from the heart and spirit, when it is pure and intense, possesses
awesome electromagnetic energy. This energy is released into the ether each night, as the
mind falls into the sleep state. Each morning it returns to the conscious state reinforced
with the cosmic currents. That which has been imaged will surely and certainly be
manifested. You can rely, young man, upon this ageless promise as surely as you can rely

upon the eternally unbroken promise of sunrise... and of Spring.”

“Accept your destiny and go ahead with your life. You are not destined to become an Air
Force pilot. What you are destined to become is not revealed now but it is predetermined.
Forget this failure, as it was essential to lead you to your destined path. Search, instead,
for the true purpose of your existence. Become one with yourself, my son! Surrender

yourself to the wish of God.”

'Yoga Guru and Hindu Spiritual Teacher.
2«Missile Man” and former President of India.



For my grandparents, Anilkant and Arvinda
For my parents, Ajay and Rita

For my wife, Nupur
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SUMMARY

The ubiquity and utility of data across a wide variety of domains — from science and
technology to commerce, education, healthcare, and beyond — have created an urgent need
for automated systems that help users make sense of large volumes of complex informa-
tion. While these systems can process vast amounts of data, human intuition and expertise
remain critical for many tasks, necessitating effective collaboration between the two (hu-
mans and systems) for accurate and timely decision-making. However, challenges arise
when human users of these systems must provide extensive input (e.g., to convey their ana-
lytic intent) or when automated actions by systems misinterpret user intent or are mistimed,
which can increase users' perceptual and cognitive load and disrupt the analytic process.

Guidance — or any kind of help, advice, support, suggestion, assistance, or recommen-
dation — offers a promising solution to bridge this "knowledge gap' between human exper-
tise and (humans' understanding of) system capabilities, while improving the quality and
effectiveness of the analysis process and its outcomes. Guidance during analysis has also
been shown to boost user con dence and re ne user expertise, while making the process
more engaging and enjoyable. Building on information visualization (InfoVis), visual ana-
lytics (VA) and human-computer interaction (HCI) literature, this dissertation deepens our
understanding of hoguidancecan be communicated to/from users and how it can impact
users' behavior during analysis. Speci cally, this dissertation makes contributions across
three thrusts, with broader implications for researchers, developers, and practitioners alike:

1. Design.Design space®r provenance and guidance communication, derived from a
series of design interventions for guiding users during various data analysis tasks.

2. Develop. Guidance-enriched systendeveloped for and evaluated with end-users,
revealing strengths and challenges, and informing the development of future systems.

3. Democratize. A library of guidance-enriched user interface (Ul) controteleased

as open-source software, helping developers prototype custom guidance systems.
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CHAPTER 1
INTRODUCTION

The ubiquity and utility of data today has transformed processes across a wide variety of
domains: technology companies analyze product usage patterns to inform future releases;
medical researchers examine patients' biological markers in clinical trials to understand
the effectiveness of a treatment; universities conduct outreach programs to meet diversity
targets based on past student admission trends; and retailers make decisions about the dis-
tribution of products to stock based on past sales trends. Machines, through their superior
computational power and working memory, can support many of these processes (e.g.,
predicting future product sales using machine learning models) but humans' dominant per-
ceptual capabilities and adaptive analytic skills are equally desirable, especially when the
stakes are high and/or where domain expertise is essential (e.g., decision-making during
military operations). This necessitates the need for human-in-the-loop approaches to data
analysis that build upon the strengths of both humans and machines [29].

Visual Analytics (VA) is one such human-in-the-loop approach thambines auto-
mated analysis techniques with interactive visualizations for an effective understanding,
reasoning and decision-making on the basis of very large and complex data[36}s”
However, while interacting with VA systems, several phenomena may occur that can endan-
ger the analysis outcome and the user experience. For instance, automated computations
may require users to provide a lot of feedforward (e.g., manually con gure input parame-
ters [31]) as systems are still poor at guessing the users' needs. Furthermore, the processes
and outputs of these computations may still need to be explained to the user to instill trust
and enable subsequent re nement (of suboptimal outputs), the communication of which —
through various modalities — may overload users' cognitive and perceptual memory.

Increasingly, VA systems have adopted concepts of mixed-initiative systeimsable



users and intelligent agents to collaborate ef ciently82] by sharing agency and control
during analysis. A key idea is that these systems can infer a user's intent and take initia-
tive on the user's behalf (and vice-versa). For example, following the "husthe loop'
viewpoint for VA [33], the system implicitly recognizes analysts' work ows from their in-
teraction history, and naturally integrates analytics into their ongoing work ow [34]. How-
ever, interacting with these mixed-initiative systems can also deter the analysis process.
For instance, automated actions by the system may be premature or awed as the system's
interpretation of the user's intent might be incomplete or incorrect, requiring users to pro-
vide extensive feedback (e.qg., reject or downvote/unlike the output) and feedforward (e.g.,
con guring input parameters). Furthermore, the nature of the system's actions may also
throw the user off their analysis (e.g., sudden popup noti cations that block the Ul); and
a combination of these phenomena may require the user and the system to engage in an
ef cient dialog to minimize their “knowledge gap” and ensure proper analytic progress.
Guidance in VA is one sucftomputer-assisted process that aims to actively resolve
the knowledge gap between the user and the system during an interactive analysis ses-
sion” [35, 36]. Guidance also aims to help enhance analysis ef ciency, validate insights,
boost user con dence, re ne user expertise, and increase awareness of and prevent biases
— all while making the process more engaging and enjoyable [37]. Simply put, guidance is
the act of helping somebody reach a goal by enhancing their skills and competencies, and
enriching their journey toward that goal. We have all sought and received such guidance in
life. For example, parents teach us to ride a bike, teachers hone our skills, and supervisors
support career growth. Similarly, objects like compasses and signposts indicate direction,
while software assistants like Microsoft's Clippy [38] and robots like Tesla's Optimus [39]
provide task assistance. Even movie characters sutid®.V.1.Sn "Iron Man' and televi-
sion show aids like théfelinesin "Who Wants to be a Millionaire?' offer help. Figure 1.1
and Figure 1.2 show additional examples in the real and reel worlds.

Scienti c literature on guidance in the elds of visualization and human-computer inter-



Figure 1.1: Brief timeline illustrating how humankind has either received or sought some
kind of guidance from god (via prayers), family, map and compass, celestial phenomenon,
lighthouse, human agent, software menu, command line-based documentation, "F1' key-
board key, Clippy [38], Google Search, website onboarding tour, turn-by-turn navigation,
chatbot, home assistant, humanoid robot (e.g., So a), and language model (e.g., ChatGPT).

Figure 1.2: Characters and/or objects from movies and television shows that provide(d)
guidance, e.g., Master Shifu (Kung Fu Panda), Yoda (Star Wars), Mr. Miyagi (The Karate
Kid), the broken East Dock signpost (Jurassic Park), Sonny (I, Robot), Tars (Interstellar),
Mufasa (The Lion King), The Marauder's Map (Harry Potter and the Prisoner of Azkaban),
Map (Dora the Explorer), Tia Dalma's compass (Pirates of the Caribbean: The Curse of the
Black Pearl), J.A.R.V.I.S. (Iron Man), and the "lifelines' (Who Wants to Be a Millionaire?).

action (HCI) has continuously evolved through de nitions, theories, models, frameworks,
techniques, tools, libraries, and empirical evaluations, all aimed at increasing our under-
standing of and optimizing how guidance supports analytical processes. As a matter of fact,

guidance was previously referred to as “help,” “tip,” “advice,” “support,”, “assistance,” or
“recommendation,” until Schulz et al. [40] grouped them under an umbrella term, “guid-
ance.” Schulz et al. [40] also characterized guidance for visualization comprising four
aspectscontextor the user's prior knowledgelomainor the basis of guidanceéargetor

the goal of guidance, andegreeor the amount of guidance. Ceneda et al. [35, 36] then
proposed a conceptual model of guidance for VA, characterizing guidance based on the

knowledge gamf users, thanput and theoutput of a guidance generation process, and



the degreeto which (or amount of) guidance is provided. Collins et al. [37] proposed a
more practical model of guidance, incorporating just-in-time “facilitation” that addresses
not onlywhereandwhattype of guidance can be provided in the analysis process but also
howit can be effectively implemented. Ceneda et al. [41] then proposed a guidance frame-
work for designers comprising requirements, phases, and quality criteria to design effective
guidance systems.&prez Messina et al. [42] expanded an existing model of knowledge gen-
eration [43], focusing on the interaction between users and guidance systems, and devel-
oped a typology of tasks to better understand and evaluate current guidance systems. Next,
Sperrle et al. [44, 45] applied concepts of mixed-initiative user interfaces [32] (Ul) into VA,
introducing the concept of a “co-adaptive” guidance process, wherein the user and the sys-
tem teach and learn from one another during analysis [46]. Sperrle et al. [47] also provided
a practical guidance framework, including an open-source library (Lotse) for developers to
design custom guidance strategies for their own tools. Additionally, systematic literature
reviews [48, 49, 50] have served as key checkpoints, examining existing literature and re-
vealing opportunities for future research. Informed by prior work, this dissertation aims to
extend literature on co-adaptive guidance processes [44] by building mixed-initiative Uls
that ef ciently minimize the knowledge gap between the user and the system [35] through
an intuitive and enjoyable [37] guidance dialog with the system, while ensuring accurate
analytic outcomes. In doing so, this dissertation aims to Il some gaps in existing work and
also introduce fresh ideas for deeper exploration, as described next.

First, Ceneda et al. [35, 36] characterized guidance into three degressing (basic
guidance through visual cuegjirecting (useful alternatives that the user may choose to
follow), andprescribing(an automated process which proceeds towards a speci ed target
along a "best' path). However, from Ceneda et al. [48]'s review of guidance approaches in
visual data analysis, and to the best of our knowledge, there is no system prototype or test-
bed that offer all three degrees of guidance while facilitating a dynamic transition between

them during analysis. The ability to provide different degrees (or amounts) of guidance



at different points in time during analysis is essential because the knowledge gap between
the user and the system is always evolving. A new user might require basic, continuous
guidance early into their analysis than an experienced/expert user, who might require more
on-demand, specialized guidance. So | askéalv can we design mixed-initiative Uls that
seamlessly adapt and transition between different guidance degrees during analysis?

Second, assuming the system is able to transition between different guidance degrees,
how can it automatically compute the appropriate degree during analysis? Is it based on
the user's task, expertise, or preferences (e.g., some users may just like orienting guidance
more, as it may be less distracting)? Or, is it more data- and model-driven, wherein the
system continuously quanti es the user's knowledge gap, by processing their interactions
with the system, to determine an appropriate degree of guidance (e.qg., larger the gap, higher
the degree of guidance to bring the user back on track, quickly)? Additionally, how can the
user explicitly provide contextual information (feedforward) or respond to the system's
guidance (feedback) for the system to implicitly infer the same? So | adked: can
the system capture and adapt to user intent (through feedforward or feedback) and take
initiative on the user's behalf to facilitate an effective co-adaptive guidance process?

Third, Zhou et al. [50]'s state-of-the-art review, of how visualization systems surface
content recommendations (i.e., provide guidance) to users during visual analysis, intro-
duces a four-dimensional design space consisting dbtrextnesqcontext),Forcefulness
(level of intrusiveness)Stability (timing), andGranularity (content) of the guidance rec-
ommendations. While this work characterizes prior systems based on the four dimensions,
to the best of our knowledge, there is no design space for consistently visualizing and
interacting with different degrees of the same guidance in the Ul. For instance, how can
common Ul elements, including the visualizations, Ul controls (e.g., range sliders), and
even custom views (e.g., a “Guide Me” panel) present the same guidanoeiesiéng,
directing andprescribingdegrees [35]? Additionally, must guidance always be about a

future action to perform (e.g., interact with a speci ¢ datapoint)? Can it be about showing



the presentanalysis state or theroblemwith it (e.g., an underemphasized or uninteracted
datapoint), which then nudgéstureaction(s)? So | askeddow can we model a guidance
state space and generalize its communication via different Ul elements in VA systems?
Lastly, my review of visualization and HCI literature revealed that most guidance sys-
tems are bespoke implementations for speci ¢ use-cases, with limited reusability. There are
few open-source tools for building guidance systems, limiting broader access, experimen-
tation, and adoption by researchers, developers, and practitioners alike. So |"&kk&d:
can we equip people with tools to build their own custom, guidance-enriched systems?”
Evidently, these questions cannot be answered solely by building a single prototype
system and conducting few experiments using it. Hence, as part of this dissertation, we
designed and developed a series of mixed-initiative Uls enriched with co-adaptive guidance
to investigate the role and utility of guidance in enhancing VA processes and outcomes. We
also derived design spaces and built open-source tools, democratizing access by enabling
developers to build custom guidance-enriched systems. Figure 1.3 serves as an overview

of this dissertation, which is further detailed in subsequent (sub)sections.

Figure 1.3: Dissertation overview: To study how guidance can enhance Visual Analytics
(VA) processes and outcomes. When interacting with VA systems, there is a "knowledge
gap' between (1) users' abilities, analytic goals, and understanding of the system's capa-
bilities and (2) the system’s interpretation of the same. Guidance can help bridge this gap,
aligning users and systems to collaboratively achieve the analytic goals, while also boost-
ing users' con dence and ensuring an engaging and enjoyable overall experience for them.



1.1 Thesis Statement and Research Goals
The work as part of this dissertation is captured by the following thesis statement:

“Facilitating co-adaptive guidance in mixed-initiative user interfaces, wherein
the user and the system learn from and take initiatives on behalf of each
other, enhances human-data interaction experiences as well as analytic pro-
cesses and outcomes, while promoting the design of new tools that broaden

access for researchers, developers, and practitioners alike.”

To validate the above statement, | break it down into four research ge@l$-RG4),

listed in Table 1.1 along with corresponding chapter numbers and associated publications:

RG1 Investigate the role of guidance in enhancing analytic processes and outcomes in

various data preparation and analysis work oGhapters 3, 4).

A key question this dissertation aims to address is how to design mixed-initiative,
co-adaptive guidance systems that adjusts the level of guidance based on the analysis
needs and user preferences. | derived this goal to rst study the different levels of

guidance inisolation, in different analysis contexts, to understand their pros and cons.

To achieve this goal, we rst built a visual data preparation systeatgPilot) that
provisions guidance to enhance subset selection work ows. Essentially, this system
models data quality insights (e.g., number of missing values) and data usage insights
(e.g., how often was the data used and where) from large, unfamiliar tabular datasets
to help users select effective subsets for use in downstream applications. These in-
sights are presented as visual cues (to orient the user towards the good and bad as-
pects of data) as well as via interaction affordances such as Itering and sorting (to
help users reduce and organize their search space). A user evaluation revealed that
providing such visual and interactive affordances helps users select smaller, effective

data subsets with greater success and con dence; however, to balance exploration

7



RG2

versus exploitation, caution must be exhibited about excessively relying on usage in-
formation. Extending DataPilot, we also builataCockpit, an open-source Python
toolkit with a visual monitoring tool that provides quality and usage insights for nav-

igating and monitoring data lakes (a collection of multiple relational databases).

Next, we built a question-answering system, enhanced with an interactive, self-
service debugging view)(Y ), to help users interactively debug (i.e., inspect for,
isolate, and x errors in) the responses of a natural language (NL) to SQL model.
This system provides end-users with a test-bed wherein they can interact with (1)
the mappings between the question and the generated SQL query, (2) a small-but-
relevant subset of the underlying database, and (3) a multimodal explanation of the
generated query. End-users then employ a back-of-the-envelope calculation debug-
ging strategy, e.g., manipulate the sample database to verify the system's strategy
(serving as a proxy for executing the query on the production database) and x er-
rors by selecting the correct mappings. Unlike DataPilot users, who rely on system-
generated guidance to select data subdek¥, users guide themselvéy posing
what-if queries on the sample database to verify the system's response and establish
trust. An exploratory user evaluation revealed the bene ts of using DIY, including a

variety of debugging strategies to assess the correctness of the system's responses.

Design a mixed-initiative guidance system, wherein the user and the system learn
from and take initiative on behalf of each other, co-adaptively steering the analytic

procesgChapters 5, 6).

The user evaluations of DataPilot and DIY revealed many pros and cons of commu-
nicating guidance. In particular, | noticed a need for (1) users to convey their intents
and preferences (for the system to provide contextual guidance) and also for (2) sys-
tems to automatically infer the same and take initiatives by intervening depending on

the analysis state and progress (e.g., by providing less/more guidance). To investigate



these aspects, | derived this research goal to desiged-initiativesystems wherein

the user and the system continuously guide (and adapt to) each other during analysis.

To achieve this goal, we designed a new visualization technique (“interaction traces”)
to model and present the history of a usenteractionswith a visualization sys-

tem, to increase real-time awareness of biased analytic behaviors. Studying user
interactions — or the ways in which users engage with and manipulate data visual-
izations [51] — is a dedicated area of visualization and HCI research calkggtic
provenancg52, 53]; it builds upon the database community's research area focused
ondata provenancéor data lineage), which tracks the origin, processing, and trans-
formation history of data [54]. This dissertation employs users' analytic provenance
as one of the foundations for provisioning guidance as it is a "solid' way for the

system to naturally and continuously learn about the users' intents and preferences.

Leveraging the technique of interaction traces, we rst built a mixed-initiative visual
data analysis systenbmos), wherein we (1) colored already visited points in a
visualization and (2) compared the distribution of user interactions to the underlying
distribution of the data (to determine if the user over- or underemphasized). Addi-
tionally, we enabled users to compare their own focus against con gurable baselines
(i.e. target interaction behaviors), such as (1) the underlying data distribution, (2) an
equal distribution (where each data item is expected to receive equal focus), or (3)
a custom distribution (to satisfy a speci ¢ work requirement). By comparing users'
focus against a target, the system then provides contextual guidance, facilitating a
co-adaptive guidance dialog with the user. A user evaluation revealed that interac-
tion traces increased people's awareness of analytic behaviors, often prompting self-
re ection that sometimes changed subsequent interactions. A second user evaluation
studied how interaction traces help mitigate human biases (e.g., gender bias) dur-
ing decision-making, also suggesting they can help promote conscious re ection on

decision-making strategies, but more such studies are needed for conclusive results.



RG3

Next, we enhanced Lumos with multimodal guidance affordances, wherein the sys-
tem BiasBuz2 processes the user's analytic behavior, and depending on the magni-
tude of its "knowledge gap' with the user, provisions continuously evolving (‘adap-
tive') guidance. Essentially, the user rst speci es one or more data attributes to track
(for subsequent bias mitigation); in response, the system provides visual guidance
until a certain threshold of the knowledge gap, exceeding which, the system takes
initiative and triggers an additional haptic stimulus (by vibrating a haptic mouse) to
capture user's attention with the hope to instantly bring them “back on track'. A user
evaluation revealed that the dual guidance modalities (visual + haptic) can increase
analytical awareness in some cases, but the haptic mouse vibrations can be distracting

and disturbing, putting into context the design of such multimodal guidance systems.

Establish a design space for guidance communication during and{ykapters 7, 8).

Based on the designs and ndings from subsequent user evaluations of Lumos and
BiasBuzz, | identi ed commonalities in how the systems provided guidance and how
users responded to it. | derived this goal to generalize these guidance designs, pro-

viding a foundation for building consistent and intuitive guidance-enhanced systems.

To achieve this goal, we established two design spaces: one for communicating
provenance during analysis, and another for doing the same but for guidance. The
provenance design space covers how users can visualize and interact with prove-
nance via encodings and data transformations. This (provenance) design space sets
the foundation for the guidance design space, which introduces additional concepts:
(1) guidancewildcards (2) astatespace of guidance, and (3) differdetvels(or

amount) of system intervention for the same guidance recommendation.

First, we modeled analytic provenance as an attribute that is available to users during
analysis. We demonstrated this concept via ps/enance attributethat track the

recencyandfrequencyof user interactions with data. We integrated these attributes

10



into a visual data analysis systefr¢venancelLen$ wherein users can visualize
their interaction recency and frequency by mapping them to one or more encoding

channels (e.qg., color, size) or applying data transformations (e.g., lter, sort).

Second, we introduced the conceptvafdcards de ned as “entities about which
guidance is provisioned,” e.g., data quality and usage (used in DataPilot, DataCock-
pit) or interaction frequency and recency (used in Lumos, BiasBuzz, Provenance-
Lens). These wildcards track four kinds of analysiates previous state (past),
current state (present), problem with the current state (problem), and the system-
determined future state (future). These states represent different aspects associ-
ated with the same guidance recommendation, as derived from the basic idea of
the "knowledge gap'. For instance, when the system determines the user must next
perform a speci c interaction, we refer to it as théure state. This system recom-
mendation is based on the "knowledge gap', which we refer to agrtiiemstate,
wherein the system provides guidance about the problem (not the solution). Next,
we refer the user's current state as firesentstate. Lastly, we also model@ast

state to guide users about their previous state. Together, these states cover the entire
spectrum associated with a guidance recommendation. We integrated these guid-
ance wildcards and states into a visual data analysis playgraugickifouse) that
additionally offers differentevels(or amounts of) of guidance through adaptive Ul
elements: visualizations (via visual encodings), Ul controls (via data transformations

such as lItering and sorting), and custom panels (via text-based NL explanations).

Based on the analytic needs as deemed automatically by the system or determined
by the user's expertise and preferences, these Ul elements provision different levels
of guidance, making Lighthouse the rst adaptive guidance system in visualization

literature. We demonstrated the utility of Lighthouse system through usage scenarios

covering all aspects of the introduced guidance design space.
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RG4 Create tools to help developers build custom guidance-enriched sy&iéragter 9).

Building the above guidance-enhanced systems demanded signi cant development
skills and time. To enable broader participation in this process, | derived this goal to

develop tools to help other developers (easily) build custom guidance systems.

To achieve this goal, we built a JavaScript library of enhanced Ul controls — such as
sliders and dropdowns — that track and dynamically overlay analytic provenance, in
situ and out-of-the-boxRrovenanceWidget$. By showing the user what they have
done so far, these widgets can make the user re ect upon their present choices to
in uence subsequent ones. Additionally, if these widgets are precon gured to show
customized information (e.g., interaction behavior of peers), they can be used to
nudge users in speci ¢ directions (e.g., interact with previously overlooked aspects).
This library is open-source, customizable, and universally compatible, enabling de-
velopers to integrate provenance-tracking into existing systems and/or prototype new
systems. Additionally, because provenance is often a basis for providing guidance,
the library can be used to prototype custom guidance-enriched systems. We demon-
strated the library's utility by replicating the core functionalities of three prior widget

libraries and also conducting a developer-focused evaluation.

In summary, | rst investigated the role of guidance in improving analysis work ows
(RG1). Next, | built mixed-initiative guidance systems where the user and the system "work
together' RG2), from which | derived design spaceRG3). Lastly, to broaden access, |

built an open-source library of Ul controls for tracking and visualizing provendRGel).

1.2 Contributions

Through this dissertation, | make the following primary contributions to visualization and
human-computer interaction (HCI) literature, with complementary contributions to database,

ubiquitous computing, deep learning, and arti cial intelligence literature:
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Design, Implementation, and Evaluation of Techniques and Systems
» A data preparation system that presents data quality & usage metrics to guide users in
selecting effective subsets from large, unfamiliar datasets (DataPilot [4], chapter 3).
» A mixed-initiative visual data analysis system, that presents real-time visual traces of
a user's interactions (“interaction traces”), to increase awareness of biased analytic
behaviors against con gurable target analytic behaviors (Lumos [27], chapter 5).
* A mixed-initiative system that provides multimodal guidance (visual + haptic) to

mitigate biased analytic behaviors during data analysis (BiasBuzz [7], chapter 6).

Design, Implementation, and Evaluation of System Test-beds / Playgrounds
* A question-answering system, integrated with an interactive, self-service debugging
view, to help users debug natural language to SQL work ows (DIY [26], chapter 4).
» A visual data analysis system as a test-bed for demonstrating (and studying) the
design spaces for provenance communication (Provenancelens [11], chapter 7).
» A visual data analysis system as a test-bed for demonstrating (and studying) the

design spaces for guidance communication (Lighthouse [12], chapter 8).

Empirical Evaluations

* A series of in-lab and crowdsourced studies to understand how human biases (e.g.,
gender) impact the way people make decisions during analysis (Left, Right, and Gen-
der [25], section 5.4). We found some evidence that “interaction traces” can increase
awareness of unconscious biases, but additional con rmatory studies are needed.

» A crowdsourced study [10] to understand how the source of guidance—such as Al
model or human expert—impacts people's perception and usage of guidance during
analysis (chapter 10). We found that the source of guidance matters to users, but
not in a manner that matches received wisdom; users utilize guidance differently,

expressing varying levels of regret, despite receiving guidance of similar quality.
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Design Spaces
» Adesign space for communicating analytic provenance by modeling it as an attribute,
and mapping it to visual encodings and data transformations during analysis (Prove-
nancelens [11], chapter 7).
» A design space for communicating guidance by modeling it a#espace (past,
present, problem, future) and presenting diffetengls(e.qg., 1, 2, 3) via adaptive Ul

elements—visualizations, Ul controls, external panels (Lighthouse [12], chapter 8).

Open-Source Libraries and Toolkits
* A Python toolkit that helps developers compute data quality and usage information
from data lakes, along with a companion data visualization system to guide database
administrators to navigate and monitor data lakes (DataCockpit [5], chapter 3).
» A JavaScript library of Ul controls that helps developers prototype custom web ap-

plications with provenance-tracking (ProvenanceWidgets [9], chapter 9).

1.3 Associated Publications and Attributions

The content of this dissertation is, in part, based on manuscripts either previously published
or under review at different venues (associated publications are listed in Table 1.1).

Even though | am the principal author of this dissertation, the associated publications
are the result of collaborations with my advisor, Alex Endert, as well as mentors and col-
leagues at Georgia Tech, Emory University, Microsoft Research, Adobe Research, and
ETH Zurich. | was the lead author of all but two publications, which | co-led with differ-
ent colleagues: Emily Wall (former PhD student at Georgia Tech) and | co-led the “Left,
Right, and Gender” project described in chapter 5. Jamal Paden (former Bachelor's student
at Georgia Tech) and | co-led the “BiasBuzz” project described in chapter 6.

To acknowledge the collaborative efforts behind this dissertation, | will use “We” in

applicable sections and “I” when referring to my own thoughts.
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Table 1.1: Dissertation outline and publication summary. An additional relevant publica-
tion — x. Narechania, A, Endert, A., Sinha, A'Guidance Source Matters: How Guidance
from Al, Expert, or a Group of Analysts Impacts Visual Data Preparation and Analysis.”
(under review) — is brie y described in chapter 10.

Research Goals Chapter Publication(s) [FEqual Contribution]

RG1 chapter 3 i. Narechania, A, Du, F., Sinha, A. R., Rossi, R. A., Hoff-
swell, J., Guo, S., Koh, E., Navathe, S. B., Endert;Bat-
aPilot: Utilizing Quality and Usage Information for Subset

Investigate the role of QUId- Selection during Visual Data PreparationRCM CHI, 2023.

ance in enhancing analytig

processes and outcomes in vari ii. Narechania, A, Chakraborty, S., Agarwal, S., Sinha, A. R|,
Rossi, R. A., Du, F., Hoffswell, J., Guo, S., Koh, E., Ende

ous data preparation and anaIyS| A., Navathe, S. B'DataCockpit: A Toolkit for Data Lake
work ows. Navigation and Monitoring Utilizing Quality and Usage In
formation.” IEEE BigData, 2023.

1°2)
—

chapter 4 | iii. Narechania, A, Fourney, A., Lee, B., Ramos, GDIY:
Helping People Assess the Correctness of Natural Language
to SQL SystemsACM I[UI, 2021.

RG2 chapter5 | iv. Narechania, A, Coscia, A., Wall, E., Endert, ALumos:
Increasing Awareness of Analytic Behavior during Visupl
Data Analysis”|IEEE VIS, 2021 (IEEE TVCG, 2022).

Design a mixed-initiative guid-
ance system, wherein the user v. Wall, E.*, Narechania, A.*, Coscia, A., Paden, J., Endert,

and the system learn from and A. “Left, Right, and Gender: Exploring Interaction Trace$
L y to Mitigate Human BiasesIEEE VIS, 2021 (IEEE TVCG,
take initiative on behalf of each 2022).

other, co-adaptively steering thg
analytic process

v

i chapter 6 vi. Paden, J. *Narechania, A.*, and Endert, A.“BiasBuzz:

Combining Visual Guidance with Haptic Feedback to |
crease Awareness of Analytic Behavior during Visual Data
Analysis.” ACM CHI (LBW), 2024.

RG3 chapter 7 | vii. Narechania, A, Guo, S., Koh, E., Endert, A., Hoffswell,
J. “Utilizing Provenance as an Attribute during Visual Data
Analysis Promotes Self-Re ection: A Design Probe wi
ProvenanceLens{under review).

>

Establish a design space for
guidance communication during
analysis chapter 8 |viii. Narechania, A, Guo, S., Koh, E., Endert, A., Hoffswell, J

“Lighthouse: A Design Space for Guidance Communication
during Visual Data Analysis.{under review).

RG4 chapter 9 | ix. Narechania, A, Odak, K., El-Assady, M., Endert, A.
“ProvenanceWidgets: A Library of Ul Control Elements to
Track and Dynamically Overlay Analytic ProvenanciEEE

Create tools to help developer VIS, 2024 (IEEE TVCG, 2025).

build custom guidance-enriche
systems

1= v))
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CHAPTER 2
RELATED WORK

2.1 Information Visualization

Figure 2.1: The InfoVis Reference Model by Card, Mackinlay, and Shneiderman [55].

Information Visualization (InfoVis) is a technique for simplifying complex data by cre-
ating visual representations of abstract concepts, processes, or datasets [56]. In doing so,
users can reduce cognitive load, allowing improved reasoning during analytical tasks. Card,
Mackinlay, and Shneiderman [55] introduced the rst InfoVis reference model, which out-
lines a step-by-step process for transforming abstract data into an interactive visual form
to solve a given task (Figure 2.1). In this model, “Raw Data” is rst transformed into a
computer-readable format such as “Data Tables”. Next, visual marks and encodings, such
as color and size, are mapped to this data to create “Visual Structures”. Finally, one or
more such visual representations are arranged and transformed into “Views” to make rel-
evant information easily accessible. Interaction is integral to this entire process, enabling
users to adjust each step of the model to in uence the nal outcome. Although InfoVis gen-
erally aids visual data exploration, it can struggle with the scale and complexity of modern

datasets, necessitating more automated approaches, as described next.
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2.2 Visual Analytics

To overcome issues associated with the scale and complexity of modern datasets, data
mining [57] techniques such as clustering, dimensionality reduction, and anomaly detection
can be applied. However, even these algorithmic solutions, while fast and accurate, often
produce black-box outputs that are dif cult to interpret, necessitating perceptual tools such
as interactive visualizations that enhance human cognition and facilitate decision-making.

Recognizing the superior computational power and memory of machines alongside the
perceptual and adaptive analytic skills of humans, researchers adopted human-in-the-loop
approaches to leverage the strengths of both. Visual Analytics (VA) is one such human-
in-the-loop approach that combines automated analysis techniques with interactive visu-
alizations for an effective understanding, reasoning, and decision-making based on large,
complex data sets [58, 30]. VA systems incorporate concepts from mixed-initiative systems
to “enable users and intelligent agents to collaborate ef cient[{32] by taking initiatives
on behalf of each other during analysis. Recently, VA systems have also embraced a "hu-
manis the loop' perspective—centralizing the role of the user—by enabling the system to
implicitly infer the user's work ow(s) and seamlessly integrating analytics [33].

VA researchers have proposed various process models [59, 58, 60, 29, 43, 61, 62]
that describe how humans gather information, draw conclusions, formulate and evaluate
hypotheses, extract evidence, and re ne their understanding during analysis—also known as
the “sensemaking” process. Although details vary, all VA models (implicitly) include the
three key components of InfoVis models: (1) data, (2) human, and (3) visualization, along
with a fourth component, (4) analytic model, which facilitates the sensemaking process.

Pirolli and Card [59] rst studied the sensemaking process by performing a cognitive
task analysis with intelligence analysts (Figure 2.2). They proposed that the sensemaking
process could be roughly described by two loops: (1) a foraging loop to search for infor-

mation and (2) a sensemaking loop to resolve an understanding of the information. Each of
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Figure 2.2: The Sensemaking Process Model by Pirolli and Card [59].

these higher-level processes is then decomposed into a series of cognitive actions, e.g., the
foraging loop involves iteratively nding evidence from external data sources, compiling
the evidence, and then skimming it to look for relevant information.

Alternatively, Klein et al. [60] studied the sensemaking process as an iterative framing
and re-framing of information (Figure 2.3). They postulated that when examining data,
analysts begin with some frame of reference and then continuously compare, re ne, and
create new frames throughout the analysis to re ne their understanding of the data.

Next, Green et al. [29] presented a human cognition model that details the often-
complex relationship between humans and computers during the VA processes of knowl-
edge creation and hypothesis generation, describing how tasks and information should be
distributed across the two to leverage their complementary strengths (Figure 2.4).

Next, Keim et al. [61] presented the VA Reference Model, describing the relationships
between data, visualization, models, and knowledge (Figure 2.5). Sacha et al. [43] later ex-
tended this model to describe the process of knowledge generation in terms of the related
roles of the human and the computer. This extended model consists of Ekpéoration

Loopfor describing how ndings are extracted from the data, thanks to exploration activ-
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Figure 2.3: The Data-Frame Model of Sensemaking by Klein et al. [60].

ities; (2) aVeri cation Loop where the ndings are grouped together to prove or disprove
any working hypotheses and form insights; and (Rr@wledge Generation Loophere
the insights are condensed into new knowledge (Figure 2.6).

Recently, Booth et al. [62] surveyed nine process models from the VA and human-
computer interaction (HCI) literature and presented a granular, descriptive model of human
decision-making in VA. They examined the humans and computers presented in the models
(entities), the divisions of labor between the entities (both physical and role-based), the
behavior of the entities as constrained by their roles and agency, and the elements and
processes which de ne the ow of data both within and between entities.

We drew inspiration from these models and applied them in various ways to design and

develop a series of guidance-enriched VA systems as part of this dissertation.

2.3 Analytic Provenance

Data provenance (or data lineage) documents the history of a data item, including its source,
the processes it has undergone, and any transformations applied [54]; as a type of metadata,

it ensures data authenticity and enhances its reusability. In the context of information visu-
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Figure 2.4: The Human Cognition Model by Green et al. [29].

Figure 2.5: The VA (Visual Analytics) Reference Model by Keim et al [61].

alization and visual analytics (VA), this concept extends to captuntegaction—or how

users engage with and manipulate data visualizations [51]. Interactions may occur through
input devices like keyboards and mice [63, 64] or through modalities including speech [65],
touch [65], eye gaze [66], hand gestures [67], and facial expressions [68], among others.
This dissertation focuses on interactions via input devices (keyboards, mice)—such as typ-
ing, clicking, hovering, zooming, panning, and brushing—in a web browser-based user in-
terface. Through such interactions, users can advance a visualization from one state to
the next to effectively navigate and sensemake complex information [29] and facilitate hu-
man reasoning and decision-making [69]. Interaction data also contains rich information
about users, such as their task performance and personality traits, that can help re ne sys-

tems [70]. Because our memory has a nite capacity to track and remember everything [71,
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Figure 2.6: The Knowledge Generation Model by Sacha et al. [43].

72], interaction data can also be used as a record of the analysis process. An entire area
of visualization and HCI research, known as analytic provenance, studies how interaction
data with visualizations can be used to enhance analysis [52, 53], as described next.

Ragan et al. [53] present an organizational framework comprising ve types of prove-
nance information—data, visualization, interaction, insight, rationale—and six purposes for
why they are desired in the eld of visual analytics—recall, replication, action recovery,
collaborative communication, presentation, meta-analysis (Figure 2.7). Xu et al. [49]'s
survey notes that provenance has been used to support sensemaking [73, 74] and decision-
making [75] with data, evaluate the usefulness of visualization systems [76, 77], design
adaptive systems [35, 78], improve the performance of machine learning models [79], re-
play or replicate analysis sessions [80, 81], and automatically generate summary reports of
an analysis session [82, 83]. Provenance has also been shown to enhance analysis through
more unigue data discoveries [84, 85], improved con dence [86] and inspiration [87] lev-
els, increased contextual awareness of previously visited data [88] and recall [87].

Today, provenance tracking occurs in data analysis tools [52], code editors [89], com-
putational notebooks [90, 91], work ow modeling systems [80, 92], collaborative environ-
ments [93, 94, 95], websites [96, 97], and video games [98, 99, 100]. Below we describe

tools and techniques for capturing, modeling, and visualizing provenance.

Capturing Provenance. By default, interaction data is ephemeral, which means once it

has triggered the appropriate system response, the information contained in the interaction
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Figure 2.7: Ragan et al.'s [53] organizational framework of provenance types and purposes.

is discarded. To avoid such data loss, several logging tools and frameworks have been
developed to record and analyze interaction data [96, 97, 101, 102, 103, 104, 105, 106]. A
prominent example is Trrack [105], which is an open-source library to capture provenance

information in websites (e.g., clicks, hovers) to later visualize or replay it.

Modeling Provenance. Several metrics have been proposed that characterize user be-
haviors from provenance information. For instance, Feng et al. [107] quaxipfpration
uniquenessand exploration pacingas users interact with points in a scatterplot. Ott-
ley et al. [108] use a hidden Markov model to capture user attention to predict clicks in
a visualization. Gotz et al. [109] model and visualize the provenance of how a user's subset

selections of the data differ from the dataset as a whole. Zhou et al. [110] introduce a for-
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mal model offocusbased on user interactions de ned by (1) type of action and (2) focus
of the action in the form of an additive model. Wall et al. [111] de ne metrics for quanti-
fying biasby computing deviations of a user's interactions from a baseline of “unbiased”

behavior based on (1) type of interaction and (2) object of interaction.

Visualizing Provenance. Heer et al. [112] have summarized an entire design space for
visualizing interaction histories (or provenance). Our review revealed that provenance in-
formation is often displayed on or near the object of interaction, e.g., highlighting previ-
ously visited or interacted visualizations [84, 94, 95] or speci ¢ regions within them [88],
regions and hyperlinks on a webpage [113, 106], options and ranges in Ul controls [85],
lines of code in a code editor [89], or a document's authorship and readership history [114,
115], among others. Other provenance visualizations are separately visualized in an exter-
nal view or application, e.g., as a graph [80, 105, 116, 117, 118].

This dissertation extends visualization and HCI literature via multiple contributions
to all three aspects of analytic provenance—capturing, modeling, and visualizing: a new
provenance visualization technique [25] that was later expanded into a design space [11],
multiple provenance-enabled visual data analysis systems [25, 27, 7, 11], and an open-
source library for provenance-tracking [9]. Studying analytic provenance is essential as it

forms the basis of provisioninguidanceduring analysis, as described next.

2.4 Guidance

Recall guidance is the act of helping somebody in various ways to reach a goal. Below, we
describe existing visualization and HCI literature on guidance including its many roles and

de nitions, characterizations, models, frameworks, and tool examples.

Roles and De nitions of Guidance. Although Cambridge Dictionary de nes guidance
as“help and advice about how to do something or about how to deal with problems con-

nected with your work, education, or personal relationshifisl'9], the role and de nition
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of guidance in visualization and HCI literature has evolved over the years. Smith and
Mosier [120] rst de ned guidance a% pervasive and integral part of interface design

that contributes signi cantly to effective system operatio®ix et al. [121] stressed the
need for guidance to bridge the gap between the user's knowledge and the tool's oper-
ational requirements. Thomas and Cook then introduced a complementary term to guid-
ance, called “facilitation”, to describe a VA system’s role in supporting human data analysis
more broadly [122]. Until 2013, guidance approaches were interchangeably referred to as
any kind of “help,” “tip,” “advice,” “support,” “suggestion,” “assistance,” or “recommen-
dation”, before Schulz et al. [40] grouped them under an umbrella term called “guidance’-
de ning it as “methods that have the goal of providing dynamic support to users, such as
guiding data exploration or assisting users when choosing visual mappings for presenting
analysis results.Extending this work, Ceneda et al. [35] de ned guidancisasomputer-
assisted process that aims to actively resolve a knowledge gap encountered by users during
an interactive visual analytics sessionRecently, Collins et al. [37] determined that the
role of guidance is to enhance analysis ef ciency, validate insights, boost user con dence,

re ne user expertise, and increase awareness of and prevent biases.

Characterizations of Guidance. Engels [123] rst characterized guidance into (1) a

“what” dimension that de nes the problem, which is decomposed into an “initial state”

at the beginning of the analysis and a “goal state” that has to be reached; and (2) a “how”

dimension that describes the functioning mechanisms to solve the problem, which are the

discrepancies between the initial and goal states. Schulz et al. [40] characterized guidance

for visualization comprising four aspectsontextor the user's prior knowledgeomainor

the basis of guidancéargetor the goal of guidance, amegreeor the amount of guidance.
Extending this work, Ceneda et al. [35, 36] characterized guidance into (1) (what we

refer to as) th&knowledge gajpetween the user and the system; (2)rgout that consists

of a list of resources the process could exploit to generate the necessary guidance, and an
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Figure 2.8: Ceneda et al. [35]'s characterization of guidance in Visual Analytics systems
across “knowledge gap” (type and domain), “input and output”, and “guidance degree”.

outputthat is the computed answer to the user's knowledge gap and the visual mean(s) to
communicate this answer; and (3) a degree, indicating the amount of assistance provided
by the answer—orienting, directing, or prescribing (Figure 2.8). Orienting guidance is the
lowest guidance degree that exploits the user's perceptual abilities and provides them with
visual hints to make analytic progress. Orienting guidance is more focused on providing the
means to an answer to the problem at hand instead of directly providing a ready-made an-
swer. Prescribing and directing are higher degrees that are meant to provide a high level of
assistance to the user, in the form of one (best) or more (a ranked list) suggestions, respec-
tively. To determine which degree of guidance to provide and when, Ceneda et al. [124]

conceptualized a guidance decision tree (Figure 2.9) to help designers.

Figure 2.9: A decision tree to assess how much guidance to provide during analysis [124].

Collins et al. [37] later proposed a more practical characterization of guidance, incor-
porating just-in-time “facilitation” that addresses not onlgereandwhattype of guidance

can be provided in the analysis process but alsw@it can be effectively implemented.
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Figure 2.10: Typology of system guidance tasks ByeR-Messina et al. [42]. It spans the
three dimensions of the multi-level visualization task typology [125] plus a new dimension
that captures the analytical objective of an analysis phase (when?). It allows describing: the
system task intent (why?) by different detail levels (aim, rst- and second-order degree),
also with an accompanying explanation task (explain); the suggestion method (how?) in
terms of data manipulations and means of communication; and the information inputs and
type of output relative to the targeted user task (what?).

Recently, Brez-Messina et al. [42] proposed a typology of system guidance tasks to de-
scribe and analyze guidance systems in VA and their interaction with users and their tasks
(Figure 2.10). Compatible with and built upon Brehmer and Munzner's multi-level visual-
ization task typology [125], this taxonomy spans the three main dimensions of user tasks:
Why(describing the intent of the guidancé)ow (showing how an intent is translated into
actions) andVhat(input/output). In addition, this taxonomy includes an extra dimension:

theWhen capturing the high-level analytical objective of an analysis phase.

Conceptual Models of Guidance. Ceneda et al. [35, 36] conceptualized guidance in VA
into a model that aims to show the fundamental mechanisms of guidance in relation to the
visualization process it seeks to assist; they adapted and extended van Wijk's visualization
model [126], as shown in Figure 2.11. Van Wijk's model was created to represent only the
visualization process, similar to the model by Pirolli and Card [59]; it did not convey any

special characteristics of VA, similar to models by Keim and Sacha [61, 43].
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Figure 2.11: Ceneda et al.'s [35, 36] conceptual model of guidance in Visual Analytics
(VA), adapted from van Wijk's [126] model (in gray) with newer guidance-related blocks
(in blue); system aspects of guidance are on the left while user aspects (U) are on the right.

Ceneda et al. [35, 36] applied guidance to VA by including analytical processes into van
Wijk's visualization model. Each square box represents different sources of input required
for generating guidance or the output produced by active guidance processes; each circle
represents the various analysis processes. Simply put, boxes are like artifacts and circles
are like functions. Visual and analytical means (V) transform data [D] into images [I] based
on some speci cations [S]. The images are then perceived (P) to generate some knowledge
[K]. Based on their accumulated knowledge, users can interactively explore (E) the data
by adjusting the speci cations (e.g., choose a different clustering algorithm or change the
perspective on the data). As in the original model, gray boxes and circles abstract the entire
VA process; to this, new components in blue are added to represent the speci ¢ aspects of
guidance (boxes and circles) and the relations between each other (arrows).

Pérez-Messina et al. [42] (Figure 2.12) conceptualized guidance in VA by expanding
Sacha et al's Knowledge Generation Model [43] (Figure 2.6). In particular, they added a
new “Guide Side” (bottom portion of Figure 2.12), opposite to the User Side, that inter-
acts with the system through a Guidance Loop, which is controlled by an Inference Loop.
The information owing from the bottom Guide Side to the top User Side can in uence

subsequent user actions and the overall analysis progress.
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