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Kurzfassung

Visuelle Analytik (VA) ist aus der Notwendigkeit entstanden, die Entscheidungsfindung
zu optimieren, indem menschliche Uberlegungen in die Entscheidungsfindung einbezogen
werden. Die Entwicklung von VA wurde durch bedeutende technologische Fortschritte in
der Computergrafik und Datenverarbeitung erleichtert. Die Einbeziehung des Menschen
in die Entscheidungsfindung zielt darauf ab, Hochrisikoszenarien zu bewéltigen, bei denen
automatisierte Ansétze der kiinstlichen Intelligenz (KI) unzureichend sind. Ein aktives
Forschungsgebiet im Bereich der VA ist die Entwicklung von Methoden, die es dem
Benutzer erméglichen, effiziente und effektive Entscheidungen unter groler Unsicherheit
zu treffen.

Das Zusammenspiel von Aspekten der Einstellung des Benutzers wie Vertrauen und
Zuversicht unter Unsicherheit ist jedoch nicht ausreichend erforscht. Die Eigenschaften
der Benutzereinstellung spielen eine entscheidende Rolle bei der Optimierung der VA-
Entscheidungsfindung, sind aber schwer zu externalisieren und zu bewerten. So erweist
sich beispielsweise das Vertrauen des Benutzers in seine Entscheidung als wichtiger
Indikator fir die Effektivitit, wenn die Korrektheit der Entscheidung nicht gemessen
werden kann. In dieser Dissertation untersuchen wir den Einsatz von Anleitungstechniken
zur Bewiéltigung von Unsicherheiten bei der Entscheidungsfindung von VA, wobei wir uns
auf Szenarien konzentrieren, in denen die Korrektheit von Entscheidungen nicht definitiv
festgestellt werden kann.

In der ersten Forschungsarbeit, die in dieser Arbeit vorgestellt wird, schlagen wir eine
zweidimensionale Anleitungsmethode vor, die die Detailorientierung und Eindringlichkeit
der Anleitung berticksichtigt. Diese Methode wurde an einem VA-System zur Planung bei-
spielhaft der Protonentherapie (PT) beispielhaft erprobt und mit Fachexperten bewertet.
Die Evaluierung fithrte zu ermutigenden Ergebnissen, die das Potenzial von Anleitungen
bei der Bewéltigung hoher Unsicherheiten in der VA-Entscheidungsfindung belegen. Un-
sere Studie hat jedoch eine wichtige Herausforderung bei der Bewertung der Wirksamkeit
von Anleitungen in solchen Szenarien aufgezeigt von Anleitungen. Das Vertrauen der
Nutzer erwies sich als ein wichtiger Faktor fiir die Akzeptanz von Anleitungen durch die
Experten. Wir haben auflerdem eine Liicke in den Priifverfahren identifiziert, die das
Vertrauen der Nutzer als einen wichtigen Indikator fiir die Wirksamkeit von Anleitungen,
erfassen konnen.

X1
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In einer zweiten Forschungsarbeit schlagen wir eine Methode zur effektiven Externalisie-
rung und Messung des Benutzervertrauens in gefithrten VA-Szenarien vor. Die Methode
geht dariiber hinaus, sich auf das selbst angegebene Vertrauen zu verlassen, was erhebliche
Finschrankungen aufweist, wie zum Beispiel kognitive Verzerrungen. Unsere Methode
schldgt vor, die Herkunftsinformation in der VA als Netzwerkgraphen darzustellen, um
Metriken aus dem Bereich der sozialen Netzwerkanalyse zur Messung des Benutzerver-
trauens einzusetzen. Dies wurde in einem Scenario aus der intelligenten Landwirtschaft
mit einer Benutzerstudie getestet wurde. Die Studie hat gezeigt, dass sich aus Netzwerk-
graphen und sozialen Netzwerkanalysen objektive Mafistdbe fiir das Vertrauen der Nutzer
ableiten lassen, die Anleitungen in der VA verbessern.

Schliefflich stellen wir einen dritten Forschungsaufsatz vor, der sich mit der Herausfor-
derung des Vertrauens der Nutzer in die Anleitungen selbst befasst, im Gegensatz zum
zugrundeliegenden Vertrauen. Inspiriert von Arbeiten zu erklarbarer KI (XAI) schlagen
wir ein Entwurfsmodell fiir erkldarbare Anleitungen (XG) vor, welches das Vertrauen der
Nutzer in VA-Losunge nmit Unterstiitzungen férdern kann. Das Modell wurde anhand
von Anwendungsszenarien und eines Entwurfsdurchgangs mit einem Experten fiir VA
Anleitungen validiert. Das von uns vorgeschlagene Modell verbessert die Wirksamkeit
von Anleitungen, indem es das Vertrauen des Benutzers in das VA-Werkzeug stérkt.

Wihrend dieser Arbeit haben wir gelernt, dass ein mehrdimensionaler Anleitungsmecha-
nismus effektiver mit Unsicherheiten umgehen kann, wenn diese schwierig zu quantifizieren
und zu visualisieren sind, insbesondere im Fall von subjektiver Unsicherheit. Die Be-
wertung der Wirksamkeit von Anleitungsansétzen erfordert jedoch eine umfassendere
Analyse des Zusammenspiels von Vertrauen und Zuversicht im Verstehensprozess. Die
Verwendung von Herkunfts-Netzwerken und SNA-Metriken kann eine zuverlédssigere und
umfassendere Bewertung des Nutzervertrauens liefern, was darauf hindeutet, dass solche
Ansétze zur Unterstiitzung ko-adaptiver Anleitungen eingesetzt werden kénnen.



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

Abstract

Visual Analytics (VA) has emerged from the need to optimize decision making by
involving human reasoning in sense making. The development of VA has been facilitated
by significant technological advances in modern computer graphics and data processing
capabilities. Involving humans in the loop aims to address high-risk scenarios where
artificial intelligence (AI) automated approaches are insufficient. One active area of
research with VA is the development of methods that enable the user to make efficient
and effective decisions under high uncertainty.

Yet, the field of VA research has not fully understood how user attitude, namely trust
and confidence, interplay in VA decision making under uncertainty. Properties of the user
attitude play a crucial role in optimizing VA decision making, but they are challenging
to externalize and evaluate. For instance, user confidence in their decision emerges as
an important indicator of effectiveness when the correctness of the decision cannot be
measured. In this dissertation, we explore the use of guidance techniques to address
uncertainties in VA decision making, focusing on scenarios where the correctness of
decisions cannot be definitively established.

In the first research paper presented in this work, we propose a two-dimensional guidance
method that considers the guidance’s detail orientation and intrusiveness. This method
was exemplified on a proton therapy (PT) treatment planning VA system and evaluated
with domain experts. The evaluation produced encouraging results demonstrating the
potential of guidance in addressing high uncertainties in VA decision making. However,
our study highlighted an important challenge in evaluating the effectiveness of guidance
in such scenarios. User trust emerged as an important factor in the experts’ acceptance
of the guidance. We further identified a gap in evaluation approaches that can capture
the level of user confidence, an important indicator of the guidance effectiveness.

In a second research paper, we propose a method to effectively externalize and measure
user confidence in guided-VA scenarios. The method extends beyond relying on self-
reported confidence, which presents significant limitations, such as cognitive bias. Our
method proposes representing VA provenance as network graphs to exploit metrics from
the social network analysis (SNA) field to measure user confidence, tested in a smart
farming scenario with a user study. The study demonstrated that network graphs and
SNA can derive objective user confidence measures that improve VA guidance.

xiii
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Finally, we present a third research paper, which addresses the challenge of user trust
in guidance, as opposed to confidence. Inspired by work on explainable Al (XAI), we
propose a design model for explainable guidance (XG) that can foster user trust in
guided-VA solutions. The model was validated with use case scenarios and a design
walk-through with a VA guidance expert. Our proposed model improves the effectiveness
of guidance by improving the user’s trust in the VA tool.

Throughout this work, we learned that a multidimensional guidance mechanism can
address uncertainties more effectively when uncertainties are challenging to quantify
and visualize, especially in the case of subjective uncertainty. However, evaluating
the effectiveness of guidance approaches requires a more comprehensive analysis of the
interplay between trust and confidence within the sense-making process. Using provenance
networks and SNA metrics can provide a more reliable and comprehensive assessment of
user confidence, indicating that such approaches can be employed to support co-adaptive
guidance.
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CHAPTER

Introduction

1.1 Motivation

Computational methodologies are pivotal in augmenting human capabilities in data-
driven decision-making processes, particularly as data volume expands exponentially
alongside processing power advancements. Notably, Visual Analytics (VA) [WT04]
approaches support human analysis by transforming the data into cognitively manageable
information, enabling the user to interact with the visualization and underlying data to
understand phenomena and make decisions in many fields, such as healthcare, sustainable
farming, and business. The field of VA aims to foster data insight and promote knowledge
discovery through an interactive loop between the user and a visual interface [Cuil9].
The knowledge is generated through a sense-making loop that aims primarily to support
users in answering high-level domain-specific questions [SSS™14].

For instance, VA can help stock market analysts decide on the best investment portfolio.
They can assess the accuracy of their decision by pursuing investment in competing
portfolios simultaneously and comparing future results to results obtained during the
analytical process. In contrast, in radiotherapy (RT), doctors often analyze competing
cancer therapy plans. However, they cannot validate their decision whether the pursued
therapy plan is indeed the best, as it is not feasible to replicate the two competing therapy
discourses on the same patient with the same conditions. The doctor can only evaluate
the results of the chosen course of action. In both data comparison examples, a VA system
may support the user by simulating and visualizing the expected results of alternative
decision courses. VA techniques allow users to produce comparable insights that help
them make a decision. In the first case, the possible alternative space is ample, i.e., the
user can assess different combinations of stock options and amounts of investments in
each stock. In the latter example, because of the computational complexity of simulating
therapy plans, only a few alternative decision courses are compared—even if a larger
combination of uncertainties can be explored to evaluate their effects on the possible
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decisions. Moreover, in the stock investment scenario, users can validate the correctness
of the decision, which feeds back into future decisions. However, in the clinical scenario,
the inability to validate the absolute correctness of their decision limits its influence on
future decision-making processes. These domain-specific features of the process impact
the design of VA systems.

Often, researchers aim to optimize the decision-making process through the field of VA by
proposing design approaches for interactive techniques that support the exploration and
analysis of complex data structures [KKP™11, [CGI9]. These design decisions require a
deeper understanding of the decision-making process, which is often driven by the user and
contextual details within or across domains, such as user background, domain conventions,
and cognitive biases, to name a few. These details can impact the understanding and
conditions of an optimal decision—a decision that produces the best outcome according to
domain-specific value metrics. To further clarify, we follow up on our two examples from
the business and clinical domains. In business decision making, the risk of suboptimal
decisions may not directly impact human lives but can have implications, such as financial
losses.

Furthermore, business decision-making strategies, such as profit-maximizing strate-
gies [SMEQS], shape the requirements for an effective and efficient VA system design.
VA designers need to account for domain-specific challenges that impact the decision-
making strategy, such as the Winner’s and Loser’s Curse specific to business decision
making [SMEO§]. On the other hand, in the clinical domain, system designers combine
computational and automated data analysis methods and interactive interfaces to support
doctors exploring and understanding complex and heterogeneous data, such as electronic
health records and medical images. VA techniques provide interactive graphical repre-
sentations of anatomical, physiological, and pathological data to enable better-informed
therapy decisions [REG™20]. The accepted margin of risk in making therapy decisions is
small because these decisions can result in significant harm to humans. Thus, several
domain and contextual factors can impact the design and adoption of proposed VA
systems, which makes the whole design, implementation, and use of VA systems quite
challenging.

Besides decision making, VA can facilitate the discovery of new insights, the communica-
tion of findings, and the education of various audiences [CY13| [PL20, KLL"22|. In other
words, depending on the specific problem, it can sometimes be challenging to characterize
the user’s analytical tasks with precision [DS22]. This vagueness in defining user tasks
complicates the design of effective solutions. These tasks can support the decision-making
process of other persons who are not the direct users of the system. In such cases,
system users are not the primary decision-makers, if at all. They become proxy users,
mediating or moderating the decision-making process, in a scenario often referred to as
shared decision making [BMMC23|, BBK15, WCR20]; for example, doctors and patients
decide on the optimal therapy plan together. This decision-making structure aggravates
the challenges, introducing several biases and subjectivity into the process [BMMC23],
which in turn further complicates the design. All these challenges, i.e., user and domain
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constraints and task uncertainties, propagate and intertwine, resulting in a complex
decision-making ecosystem.

On top of this complex ecosystem, decision making is often impacted by uncertainties.
Scholars widely use the term uncertainty in biomedicine, meteorology, farming, and other
domains to describe errors or ambiguities in the data and processes [TP21]. Uncertainty
visualization is a field of study that aims to support the user’s decision making by
communicating statistically modeled uncertainties [PKH21, [HSBT22|. Techniques to
visualize the uncertainties have been widely researched [TTVEI6], aiming to improve
decision making by raising the user’s awareness of the present uncertainties [MSH™23].
System designers deal with various objective and subjective uncertainties [GSWS21]. The
former are irreducible uncertainties that refer to intrinsic statistical randomness, and the
latter refers to various epistemic uncertainties that can be reduced or eliminated [CNdS07].
For example, in medical visualization, inherent uncertainties come from measurement
approximations in data acquisition, noise during image scanning and reconstruction,
bias in the image scanning and data collection methods, doubts in coordinate image
registration due to organ or patient movement, and contesting processing methods, human
interpretation, and calculation models [RPHLI4, Railg§]. In stock market analysis,
decisions are impacted by the uncertainty of future events [TEF22]. Probable future
values are assessed based on historical values that cannot always account for unexpected
events, such as a pandemic. All these uncertainties can hinder the effectiveness of the
decision-making process [DS22].

As seen in [Figure 1.1}, to inform decision making under uncertainty, VA designers propose
techniques that can either 1) eliminate the uncertainties, 2) mitigate the uncertainties, 3)
make the user understand the uncertainties, or 4) make the user aware of the uncertainties.
These four strategies, respectively, provide adequate support to the user’s sense making,
thus helping the user make an optimal decision. In the described medical field scenario,
decisions to choose between alternative courses of action cannot be retrospectively
measured for correctness, unlike, for instance, an application that supports decisions
on choosing an optimal stock portfolio. In the latter example, one can measure the
correctness of the decision by comparing it to the results of the alternative discourses;
thus, the models of the VA system can be calibrated to support the decision making
better.

When they cannot validate the correctness of their decisions, users increase their re-
liance on their background knowledge and experience, and existing biases in decision
making [DFPT20]. Thus, more uncertainty is typically introduced to the process. As
an example from the clinical domain, we take the field of RT, as it involves a complex
decision-making process with significant implications for the patient. RT requires careful
treatment planning to ensure that tumors are sufficiently irradiated without harming
adjacent healthy tissues. In RT planning, a treatment plan computes how to optimally
deliver the radiation dose to the patient. However, the patient data bears several layers
of uncertainties [Rail§|]. These uncertainties related to organ movement and radiation
calculation models are unavoidable [FMCM™21], but they can be predicted and quanti-



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

1.

INTRODUCTION

b1 4

eliminate mitigate

& &

raise awareness  clarify

impacts

T
! C1,C3
‘ c2

Visual Analytics supports——>» Sense Making [—informs—» Decision Making —leads to-»/ Optimal Decision

Figure 1.1: VA methods support users with the sense-making process that informs decision
making intending to lead to an optimal decision. In the process, these VA methods
can address the uncertainties that impact sense making by eliminating them, mitigating
them, making users understand them (clarify), or making users aware of them. The chart
simplifies the relationship of the sense-making processes to the decision-making process,
which we discuss in more detail in lsection 2.2. As outlined in lsection 1.3/ and located in
violet, this dissertation contributes a guidance mechanism (C1) and an explainability
design model (C3) to support the sense-making process by addressing uncertainties in the
analysis process. It also contributes a method to assess user confidence in VA decision
making (C2).

fied. However, there is an uncertainty about which scientific model is best to adopt in
calculating the uncertainties. Deciding on an optimal plan is a complex undertaking that
must consider all the above-mentioned uncertainties. To account for the uncertainties, the
doctor must rely on their prior experience and knowledge to decide on several parameters
and models. This archetype of a high uncertainty scenario integrates rational and irra-
tional decisions to optimize decisions that cannot be measured for absolute correctness.
Such decision-making scenarios would profit from better-designed analytical tools that
consider all aspects of the data and mend the knowledge gap of users [CGM19a]. An
effective guided VA approach would converge the reasoning process by decreasing the
perceived degree of uncertainty without compromising the trust and confidence of the
user. In the RT scenario, trust relates to doctors’ own belief that the planning system
presents accurate and credible guidance. On the other hand, confidence relates to doctors’
belief in the correctness of their sense making throughout the analytical process and
the accuracy of their decisions. Both aspects are critical to the user’s sense-making and
decision-making process.

So far, we have discussed how VA supports decision making and how decision making
under high uncertainty constitutes a particular challenge across fields. However, three
challenges can impede the effectiveness and efficiency of uncertainty visualization. First,
not all uncertainties can be visualized in all situations and contexts. For instance,
uncertainty visualization techniques work best for uncertainties that can be quantified
and statistically modeled [MSHT23|. Although objective uncertainties can be statistically
modeled, not all subjective uncertainties can be statistically modeled. For example,
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one cannot easily model the impact of a user’s attitude and cognitive biases on the
analytical process. The second challenge is that visualizing uncertainties can impede
decision making, for example, by negatively affecting users’ trust [SSK™16]. In such cases,
visualizing uncertainties might not be an effective strategy. Other strategies are needed
to boost the system’s trustworthiness, for instance, introducing guidance that presents
the user with choices and recommendations to assist them in making the decision [Han21].
Third, visualization approaches can add more uncertainty to the analytical process and
cognitively overload the user as uncertainties propagate and accumulate through all
stages of the VA cycle [MSH™23|, all the while, visual cluttering due to uncertainty
encodings can result in cognitive overload.

VA can fall short in supporting the user’s reasoning under high uncertainty [Macl5].
Thus, we need a more robust and flexible solution that exploits a lateral thinking paradigm.
Unlike vertical thinking, which is linear and systematic, lateral thinking exploits factors
that drive cognitive biases, such as imagination, to create a more effective decision-
making process under uncertainty [HV08]. With lateral thinking, users can re-center
their thinking to address subjective uncertainties that originate from several sources,
such as heuristics or cognitive biases [McK80, [Poh17]. As their cognitive bias influences
the decision-making process, users are often unaware of the uncertainties it produces or
its impact on the process [DFPT20]. These biases, such as confidence biases, can yield
decisional errors [Arn06]. Guidance refers to approaches in VA that allow the system
to help users re-center their thinking during the visual analytics process, encouraging a
lateral thinking mode. The literature proposes a need to investigate approaches to avoid
the downside of visualizing uncertainties [Macl5].

1.2 Vision and Research Questions

In this dissertation, we explore guidance as a potential solution to address the challenges of
VA for decision making under high uncertainty. Visual guidance can present an alternative
to a comprehensive uncertainty visualization to support the user’s reasoning. Optimizing
decision making using guidance has been successfully investigated in several fields, such as
weather forecasting, material sciences, and economics [CGM19a]. However, as mentioned,
applying guidance to optimize decision-making processes in some fields poses particular
challenges due to domain-specific contexts, such as clinical conventions in the medical
field and trust issues [PRSL23]. In many domain applications, the involved data and the
decision-making pipeline include uncertainty, the impact of which needs to be conveyed
to the user and considered when designing the guidance itself [RPHLI14, IGSWS21]. To
this end, support for the comprehensive understanding of the decision-making pipeline
and the accompanying uncertainty must be accounted for when designing guided-VA
solutions. Guidance solutions can include strategies that help eliminate or reduce
subjective uncertainties, as shown in |Figure 1.1.

Subjective uncertainties are a source of knowledge gaps in VA processes. The knowledge
gap |[CGM™17b| in VA refers to the difference between what the user knows and what she
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needs to know to complete an analytical task, hindering decision making. To efficiently
and effectively complete analytical tasks, the user must comprehensively consider multiple
layers of uncertainty and their impact on the analytical process.

As we discussed in [section 1.1, domain-specific conventions and constraints complicate
the uncertainty problem in the decision making throughout the VA pipeline. This
problem impacts users’ confidence in their decisions. Moreover, guidance tools designed
for domain-specific contexts must first gain expert users’ trust to support their adoption
and use. Thus, probing available guidance design frameworks [HS23, [SCEA23, (CAA™20)
must be context-specific to integrate effective elements that boost trust in the guidance
tools.

Therefore, two critical values of the user attitude towards the proposed decision-making
VA solution—trust and confidence—are anticipated to be impacted under uncertainty. A
user-centered approach is crucial to guarantee the adoption of the solution, for example,
by enabling users to verify the credibility and validity of the uncertainty computation
models to trust them [PL20]. Trust and confidence currently exist in a confounding
paradigm without clear conceptualization in literature [Smi05]—despite the two terms
being critical concepts in designing practical guidance. Users’ trust in novel methods,
such as guidance, plays a vital role in ensuring the adoptability. At the same time,
guidance tools must increase the user’s confidence throughout the analytical process.

Still, VA solutions in some domains often end up not being used by their intended target
audience. A potential explanation for this is that they are too complex to use as they
integrate advanced visualization and analysis techniques that are not fully transparent to
the users [PL20], i.e., the levels of user confidence and trust are insufficient. Supporting
VA environments through guidance requires increased trust in the proposed approaches.
Effective guidance assists the expert in navigating through uncertainties and making
better sense of the data. Therefore, the analytical process may lead to a more confident
decision, while we anticipate that confidence in decision making can increase decision
precision.

Finally, the literature emphasizes the need to develop comprehensive evaluation tools to
assess the effectiveness of visual approaches that guide users in decision making [Macl5].
In current work, researchers rely on self-reporting surveys [WAM™19| to evaluate user
confidence, which is problematic as the users’ self-confidence assessment is not always
well-represented.

To respond to the challenges and problems discussed above, the proposed dissertation
addresses the following research question:

RQ 7o what extent can guidance-enhanced VA solutions support domain-specific decision-
making processes under uncertainty?

This general question branches into three sub-questions, which we aim to answer
within this dissertation:
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RQ1 How can we design an effective guidance to boost experts’ confidence in their
decision making in the presence of uncertainty?

RQ2 How can we effectively evaluate the impact of guidance techniques on user
confidence?

RQ3 How can we improve users’ trust in guidance techniques?

1.3 Contributions

The research on guidance techniques for decision making remains sparse, particularly in
high uncertainty scenarios, with no definitive ground truth and extensive comparison
options [DS22]. Practitioners in many domains are often adamant about applying
conventional decision-making processes. Thus, they have low trust in guidance and VA
techniques that propose altering the conventional workflow. Typically, the complexity of
the data, its inherent uncertainties, and the challenges of modeling it hinder the expert’s
trust in the reliability of the provided guidance. Furthermore, evaluation methods to
assess the impact of the techniques on users’ confidence rely heavily on self-reporting
surveys. This limitation impacts the effective and efficient evaluation of the guidance
techniques, especially their impact on user attitudes, such as confidence and trust.

Methodology To answer our research question (RQ), we begin by surveying the liter-
ature for guidance techniques and approaches. We base our understanding of guidance
and related concepts, such as knowledge gap, on the work of Ceneda et al. [CGM™17b].
We recognize the specificity of decision making under uncertainty, where optimal deci-
sions cannot be measured for correctness. Thus, we propose adapted definitions and
conceptualization where needed.

To provide effective guidance, we must first understand the characteristics of the analytical
scenarios in the field. Thus, as the first research endeavor, we collaborate with domain
experts in RT to propose a guidance approach to improve therapy decision making under
uncertainty in a clinical scenario (see |chapter 3)). We characterize the scenario in terms
of data, users, and tasks [MA14], modeling the tasks based on well-known taxonomies
in the field, such as Brehmer and Munzner’s typology [BM13|. This characterization is
needed to help identify and understand the uncertainties that must be addressed and
is critical for successfully adapting guidance approaches and techniques. Furthermore,
by collaborating with domain experts, we identified critical domain aspects, such as
workflows and constraints, crucial for designing effective, context-specific guidance. This
initial study allowed us to discover the emerging issues of user trust and confidence
through the practical implementation of guidance solutions in a specific domain, as an
archetype of decision making in VA under uncertainty.

The findings of the first paper inspired us to investigate further trust and confidence in
guided VA. In a second research project (see|chapter 4)), we conducted a study to develop
metrics to investigate user confidence throughout a complete analytical process. The



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

1.

INTRODUCTION

level of user confidence typically fluctuates and changes during the analytical process as
it progresses. Thus, to represent and explore such fluctuations of confidence, we take
inspiration from the field of graph and network analysis to develop a novel approach to
represent and probe analytic provenance using network metrics. This research concurrently
probes methods for improving user trust in guidance mechanisms, a critical factor for
the successful development of guidance applications, particularly in sectors like medicine
that are hesitant to adopt non-standard practices. We hypothesize that more trust in the
guidance and its reliability improves user confidence, i.e., better guidance. Transferring
results can be difficult due to domain-specific tool design [PCRHS1§|, so we evaluated
our proposed metrics within an application domain that reflects a prototypical decision-
making process, as discussed in |section 1.1.

Finally, in a third research work, to complement the study of user confidence, we explore
how explanations and explainability approaches can boost user trust in guidance (see
chapter 5). We design and evaluate an explainable guidance (XG) model to design
effective, trusted guidance in VA. We use an inductive thematic analysis to propose
the characteristics of XG and the required components to consider when designing
explainability. Our model maintains a space for the designer’s creativity in making design
decisions. This approach helps balance the human and Al agency while outlining an
effective XG design process.

Contributions This dissertation, along with the preceding research work, contributes
to advancing the field of VA by proposing novel guidance-enriched VA approaches to
support sense making and decision making under uncertainty as an answer to our posed
research question (RQ). The work focuses on system—user guidance. This work presents
and describes the following contributions, each of which provides a direct answer to the
research sub-questions discussed above:

C1 A framework for designing effective guidance approaches to facilitate the practical
adoption of domain-specific applications.

C2 Metrics that allow an objective assessment of user confidence.

C3 A comprehensive model for explainable guidance that fosters user trust in guidance
techniques integrated into a VA process.

We describe these contributions in chapters 3, |4, and 5.

Chapter 3, which reports on the study presented in our first paper [MMT 23], investigates
uncertainty guidance mechanisms to support proton therapy (PT) planning visualization.
We hypothesize that augmenting PT uncertainty visualization with guidance may influence
the intended users’ perceived confidence and provide new insights (C1). To this end,
the chapter presents an iterative co-design process with domain experts to develop
a visualization dashboard enhanced with distinct level-of-detail uncertainty guidance
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mechanisms. The proposed approach classifies uncertainty guidance into two dimensions:
degree of intrusiveness and detail-orientation. The implemented dashboard supports
comparing multiple treatment plans, i.e., nominal plans with their translational variations,
while accounting for multiple uncertainty factors. The designed and developed strategies
are evaluated by assessing perceived confidence and effectiveness during the sense-making
and decision-making processes.

Chapter 4, which reports on the research presented in our second paper [MCER25],
proposes a quantitative approach to measure user confidence — as opposed to trust
— in an analytical scenario (C2). The paper illustrates how we exploit the respective
user interaction provenance graph and examine the impact of guidance using a set of
network metrics. We assessed the usefulness of the proposed metrics through a user
study that correlates results obtained from self-reported confidence assessments and our
metrics—both with and without guidance.

Chapter 5, which reports on the research presented in our third paper [MRC25], discusses
the concept of explainable guidance and how it impacts the user—system relationship—
specifically, a user’s trust in guidance within the VA process (C3). It subsequently
proposes a model that supports the design of explainability strategies for guidance in
VA. The model builds upon flourishing literature in explainable Al, available guidelines
for developing effective guidance in VA systems, and accrued knowledge on user-system
trust dynamics. The model responds to challenges concerning guidance adoption and
context-effectiveness by fostering trust through appropriately designed explanations. We
demonstrate the model’s value through two use cases. We also evaluated the model in a
design walk-through with a guidance expert.

1.4 Dissertation Overview

This dissertation comprises research produced during the author’s doctoral studies
between 2021 and 2025. We achieve the above-mentioned contributions in three papers
published in top-tier journals in the visualization field.

The first paper, published in Computers & Graphics [MMT™23], is the base material for
chapter 3, which proposes a guidance mechanism to mend the gap of adoptability into
clinical practices, as an archetype domain (O1, C1).

Maath Musleh, Ludvig Paul Muren, Laura Toussaint, Anne Vestergaard, Ed-
uard Groller, Renata G. Raidou, “Uncertainty guidance in proton therapy planning
visualization”, in Computers & Graphics, Volume 111, 2023, pp. 166-179, doi:
10.1016/j.cag.2023.02.002.

The second study, published in Computer Graphics Forum [MCER25], is the base material
for chapter 4, which introduces novel metrics to measure user confidence (02, C2).
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Maath Musleh, Davide Ceneda, Henry Ehlers, Renata G. Raidou, “ConAn: Measuring
and Evaluating User Confidence in Visual Data Analysis Under Uncertainty”, in Computer
Graphics Forum, Volume 44, No.1, 2025, €15272, doi:10.1111/cgf.15272.

Finally, the third paper, published in TVCG [MRC25], is the base for chapter 5, which
investigates a practical framework to design explainable guidance (03, C3).

Maath Musleh, Renata G. Raidou, Davide Ceneda, “TrustME: A Context-Aware
Explainability Model to Promote User Trust in Guidance”, in IEEE Transactions on
Visualization and Computer Graphics, Volume 31, No.10, 2025, pp. 8040-8056, doi:
10.1109/TVCG.2025.3562929.

Other papers published during the PhD, but not included in this dissertation:

Maath Musleh, Angelos Chatzimparmpas, Ilir Jusufi, “Visual analysis of blow molding
machine multivariate time series data”, in Journal of Visualization, Volume 25, 2022, pp.
1329-1342, doi: 10.1007/s12650-022-00857-4.

The rest of the dissertation is structured as follows. Chapter 2| positions this dissertation
in the state of the art. It presents a brief historical perspective on key concepts and ideas.
It further untangles interchangeable concepts such as trust and confidence. Finally, after
discussing the main contributions of this dissertation in chapters |3, |4, and [5. Chapter 6
concludes by reflecting on the work and presenting an outlook on future research.

1.5 Authorship Statement

This dissertation comprises research work authored by Maath Musleh (first author of the
three papers below), who is the author of this dissertation for his doctoral studies. The
work in [chapter 3, chapter 4, and chapter 5|is the result of collaboration with various
authors who contributed to this effort. In this section, we detail the contributions of our
co-authors in each manuscript.

Paper I (Guidance for VA under Uncertainty) The first project was driven by a collaboration

between my supervisor, Renata G. Raidou, and Aarhus University Hospital (AUH).
It is the starting point that defines the archetype of the VA scenario that this
dissertation addresses. This dissertation’s author and primary supervisor conceptu-
alized the problem in collaboration with Ludvig Paul Muren, Laura Toussaint, and
Anne Vestergaard from AUH. Professor Raidou and I designed the methodology to
address the problem. Based on that, I designed and implemented the VA application
with the support and supervision of Professor Raidou. All authors, except Eduard
Groller, validated the application through formative evaluation sessions. Dr. Muren,
Dr. Toussaint, and Dr. Vestergaard curated the data used to test the application.
Dr. Muren and Dr. Toussaint provided further domain-related resources, such
as supporting data and studies, to assist the process. Professor Raidou and I
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Paper 11

Paper II1

conducted the formal analysis of the study results and wrote the original draft of
the paper. All the authors, except Dr. Vestergaard, conducted rigorous editing and
reviewing. Professor Raidou acquired the funding and administered this project.

(ConAn: Analyzing User Confidence) This work is informed by gaps and lim-
itations found in the first paper. The paper discusses methods to analyze user
confidence in guided VA. My primary and secondary supervisors, Renata G. Raidou
and Davide Ceneda, supervised the work. With their guidance and supervision, I
was responsible for developing an approach to analyze user confidence during the
analytic process and designing the user study. I conducted the user study sessions
with twenty participants. Henry Ehlers validated and contributed to the design of
the network-based metrics. I wrote the original draft of the paper, and all authors
conducted rigorous editing and review.

(TrustME: Guidance Explainability Model) This project is the counterpart of
paper II as we explore another close property of user attitude, user trust. I
conducted an initial systematic literature review to collect concepts related to the
explainable guidance (XG) model and design an initial draft of the model. These
concepts and the models underwent a formative review and polish process by all
three authors of the paper. I conducted the evaluation session with the guidance
expert. Finally, I wrote the original draft of the paper, which was edited and
reviewed by Professors Ceneda and Raidou.

11
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CHAPTER

Overview and State-of-the-Art
Positioning

2.1 Visual Analytics: The Genesis

The roots of thought Figure 2.1 timelines the emergence of VA as a field of study.
We can trace the inception of VA thinking in computer science and information systems
to the field of cognition and perceptual studies [Got67] and intelligence augmentation
(IA) [CN17]. These studies were thriving in the then-emerging digital image analysis
in the early 1950s [Pre76], yet various fields adopted visual approaches in data analysis
and decision-making. At the time, visual analysis emphasized analyzing the visuals,
i.e., images [KJV™79]. Muller [Mul70] expressed enthusiasm at the potential of visual
data analysis (VDA) empowered by technological advances. Thus, the 70s witnessed an
era of active research to integrate graphical techniques into an interactive data analysis
process [FFT74, (Wel76]. Thereafter, research has witnessed a rise in investigations of
methods that allow users to interact with the data during the analysis. This interest
was further triggered by Tukey’s introduction of ezploratory data analysis [Tuk77], while

Emerging digital image analysis  Thriving interest in the technical Methods of visual
studies in the cognition and potential of visual data analysis in information seek in data
perceptual studies field computer science mining emerges

A 1960's A 1980's A 2000's

1950's v 1970's Y 1990's v

Social sciences fields increasing Investigating methods to allow VISUAL ANALYTICS
employing novel visual analysis tools user manipulation of the data emerges as a field of study

Figure 2.1: A timeline of the emergence of VA as a field of study.
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Mizuta and Kawaguchi [MK83| proposed to make the data visualization dynamic under
the user control. They presented visualization as a system of analysis, calling it “the
motion of the points”.

However, VA formally emerged as an autonomous interdisciplinary field to study methods
for analyzing data visually, i.e., using interactive visualization, with a stronger emphasis
on the analytical aspect, in the early 21st century. The thinking behind it matured in the
data mining field, where visual information seeking (VIS) curved a path to VA through
Ahlberg and Shneiderman’s [AS95l p. 7] definition of VIS as “presenting information
visually and allowing dynamic user control through direct manipulation principles to
traverse large information spaces and facilitate comprehension”. The definition emphasized
a user-centered interactive process. Soon after, Faconti and Massink proposed the idea of
a “continuous interaction” [EMO0] [Spe07, p. 144]. Thus, VA grew from integrating the
user’s reasoning into the data processing stage [WP91l, [WC02] to integrating it within
the complete analysis cycle. VA grew in importance as researchers realized that the
user could engage more in visual analysis—not only through perception but also in
actively reasoning and interacting with the visualization(s) [WGKI0l P. 40]. VA could
also provide solutions to the conundrum of the right amount of data to visualize (too
little vs. too much data) [WGKI10, p. 360].

Conceptualizing VA Eick [Eic00, p. 46] presented an interactive visual analysis
framework, describing it as a “discovery-based analysis [by| presenting information
visually in an environment that encourages the exploration of linked events” aiming for
“deeper insights and more actionable results”. This description frames the process as a
knowledge-discovery tool. It highlights two main connected goals: 1) insight discovery and
2) taking action. It also implicitly emphasizes the importance of linking multiple views
as part of the process. Thomas et al. [TCK™01, p. 527] proposed a formal description of
the visual analysis process as “a two-way, interactive dialogue that enables the system to
respond appropriately, learning from and aiding the human in the discovery process and
allowing the user to develop and tell a story that represents the knowledge and learning
that has been gained”. They frame the process as a dialogue between the user and the
system, highlighting the importance of an adaptive and a mized-initiative system. In
their description, Thomas et al. [TCK™01] focus on the high-level goal of communicating
knowledge rather than making a decision.

Three years later, Wong and Thomas [WT04, p. 20] presented the first formal definition of
VA as “an approach to combine the art of human intuition and the science of mathematical
deduction to directly perceive patterns and derive knowledge and insight from them.” By
defining it as an approach, they frame it as the study of the cognitive process in the
visualization system. Visualization, as the host of VA approaches, is understood as the
visual methods and tools that allow humans to obtain insight and detect interesting
features and patterns in data efficiently and effectively by exploiting the unique capabilities
of the human visual system [vWO05].

Over the past two decades, VA’s definition has gone through several iterations. Keim et



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

2.2. Decision making in VA

al. [KAFT08, p. 157] elaborated on the definition of VA as a process combining “auto-
mated analysis techniques with interactive visualizations for an effective understanding,
reasoning, and decision making on the basis of very large and complex data sets”. In a
later study, Keim et al. [KMT10, p. 7] defined the process as the “enabling and accessible
analytic reasoning interactions supported by the combination of automated and visual
analysis.” Today, VA is understood as an approach of employing “interactive visual-
ization to integrate human judgment into algorithmic data-analysis processes” [Cuil9l
p. 81555]. The definition emphasizes three main components: interactive visualization
(the form/interface), human reasoning (the driver), and algorithms of data analysis (the
engine).

To sum up, VA has emerged as an approach to guide humans in making more informed
decisions [Han21l [ZPF23]. Specifically, Cui |[Cuil9] emphasizes the VA process as an
interactive sense-making loop, highlighting ongoing challenges in the collaboration and
knowledge-sharing process. To overcome these challenges, researchers have proposed
several solutions, for example, mixed-initiative guidance approaches from various streams
that support the user in the VA process [CGM19a]. However, to design effective and
efficient systems, it is essential to examine the decision-making process thoroughly. This
understanding allows us to navigate the challenges of designing a VA system, which is
ultimately framed as a visual decision support system, i.e., a system that guides decision-
making. By reducing cognitive load, VA systems can help users arrive at more accurate
conclusions [NSST24]. Additionally, visual analysis enables users to externalize their
thought processes [McKS80], creating opportunities for adaptive reasoning and deeper
engagement with the system.

2.2 Decision making in VA

The evolution of decision making The classic Hayy Ibn Yaqzan [Ibn09] illustrates
how the first human gradually relied on their experience and observation to make
decisions. Their biases and reasoning on primitive data and information gathered from
their environment allowed them to improve their decision making. We visualized the
processed data and information on the cave walls and tree barks, then on sheets formed
from different materials. Visualizing this information was an artistic and lengthy process.

As societies grew larger, human knowledge expanded, and statistical sciences
evolved, the decision-making process became even more complex. Scientists developed
mathematical models to help them process uncertainties. Although impacted by potential
biases, scientific modeling became the basis for analyzing data in many fields, making the
decision-making process more effective. Decision making involves human reasoning, also
known as sense making. Sense making is impacted by many factors such as experience,
bias, and scientific models. With technological developments, scientists relied on several
computational methods for data analysis to optimize the complex decision-making process
by reducing error-prone sense making, ofloading cognitive tasks, and mitigating human
subjectivity and bias. This offloading has been achieved by automating many of the com-
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ponents of the decision-making process, which reduces the length of human sense making.
However, several ethical challenges arise with the automation of the process. Thus,
researchers actively investigate methods to involve humans in the process [RBMK24].

Moreover, in the industrial age, the data collection methods became more sys-
tematic, yielding more diverse and more extensive data collected from all fields of life.
New inventions, in the computational age in the early 20th century, allowed us to
make the visualization process more efficient. The computational power supported data
processing based on a scientific model [Chi20)].

Humans integrated visuals and graphics to support their decision making long before
the computer age [ETi08]. However, with the advancements in computational processing
powers [Spe07, p. 6], interactive methods were incorporated to involve human reasoning
more than before. New visualization methods became possible, such as patient scans
in the medical field. Thus, visualization started playing a more significant role in the
decision-making process. It also provided an alternative for computationally automated
decisions to allow humans to understand and reason about decisions.

In the information age leading to the 21st century, the data collection abilities grew
more significant with the progress of computational processing powers. This progress
also allowed us to process and analyze more data. Visualizations were streamlined
into the decision-making process by developing interactive methods to make the sense-
making process more effective and to exploit the cognitive power of humans. VA as a
field was born. As we highlighted in |section 2.1, VA emerged as an extension of the
visualization field, extending fields and concepts such as visual data analysis [Mul70],
visual information seeking [AS95], and visual discovery and analysis [Eic00]. Methods
in VA aim to integrate the reasoning power of humans with the computational powers
to achieve a more effective and efficient decision-making process. Today, we witness
tension between methods that aim to automate the decision-making process supported
by the rapid development of AI methods and methods that aim to involve humans in the
decision-making process using various visualization and VA approaches. This tension
was evident in the FuroVis 2025 panel discussion “Visual Analytics at a Crossroads:
Who Are We, and Where Are We Going?” [Lux25|]. Novel approaches in our field are
witnessing a push towards “non-stationary” tools, for example, in the study of virtual
reality (VR) and immersive reality (IR). Challenges linger in defining the optimal balance
between human involvement and computationally automating tasks in decision-making
scenarios with high uncertainty. More recently, as we illustrate in section 2.5, visual
guidance approaches have been proposed to support the user in the decision-making and
VA tasks [DS22]. However, we still face fundamental challenges in designing efficient
and effective VA tools. The human factors involved in the process, such as user trust
and confidence, are not fully understood, exacerbating uncertainties in the sense-making
process [PSBn23].

The sense-making dynamics Although researchers do not fully agree on how decision
making relates to sense making [DS22], we anticipate that sense making in VA is part of
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the decision-making process. The decision-making paradigm, seen in Figure 2.2} illustrates
the two levels of the decision-making process: sense making and actual decisions. The
sense-making process may demand that the person make several secondary decisions
(micro-decisions), for example, choosing the parameters of a scientific model. As seen
in the lower part of the pyramid in [Figure 2.2), several factors drive the sense-making
process, such as reasoning, scientific modeling, cognitive bias, emotional bias, and
attitude [XAJK™T15, INXB™16, [Bol0§]. This stage of the decision-making process can be
supported by computational methods such as an interactive visualization or an artificial
intelligence model. As seen in [Figure 2.2, the computational method can support the
user’s sense making, and the user can also support it in return. For example, a smart
farming VA system can help users make sense of crop data to make a decision on when
to plant the crops. Users rely on their experience, which is a factor that influences their
cognitive bias, which drives them to guide the VA system, for instance, by providing
historic yield parameters to customize the visualization. Moreover, Al can support
the interactive visualization method, and visualization methods can also support Al,
for example, in explainable AI. Al can directly support decisions through automated
approaches that cut out humans from the processes of making a decision to reduce
cognitive load . However, this approach presents several ethical challenges.

Finally, external factors, such as uncertainties, can disrupt the sense-making process and
the decision. In the farming example, some uncertainties regarding the past rotational
crops in certain beds can still affect their analysis. Users will reach a decision after they
analyze the data in the system. They might still not be very confident in their decision
due to some uncertainties, such as the impact of pesticides used in neighboring farms.
They can also rely on integrated Al models to make decisions for them. VA draws on

&
P €

Decision

Attitude

Uncertainties

(Interactive)
Visualization
Reasoning
Scientific modeling </ Artificial
Cognitive bias Emotional bias inailigence

Sense-making

User's Decision-Making Paradigm

Figure 2.2: A decision-making paradigm. The decision-making process starts with sub-
tasks that, within the sense-making process, are driven by several factors that lead to a
decision. It is supported by computational methods such as (interactive) visualization
and artificial intelligence. Uncertainties can also impact decision making.
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expertise in areas such as human perception and cognition. Scholars have recognized
the importance of the interactive human-machine collaboration to leverage the human
cognitive potential in the analysis process, thus enhancing knowledge discovery [MKS83|
Pol83, ITCK™01]. However, high uncertainty poses a challenge to effective and efficient
decision making [MHTD24, [CNdS07]. VA approaches may aid decisions under uncertainty
by making the human decision-making process more effective and efficient.

The anatomy of decision making The literature describes two main decision-making
modes: irrational and rational [NSST24]. In Table 2.1, we list the most prominent
conceptual synonyms used to describe these two types. An irrational decision making
in VA refers to a process driven by tacit knowledge and rules-of-thumb, referred to as
heuristics [NSS™24, ICWK™17]. Also, user experience, emotions, and intuition contribute
to irrational decisions. This decision making is appropriate for high-volume, low-impact
simple tasks [WCR20], for example, routine decisions on daily restocking of medical
inventory in a clinic. On the other hand, rational decision making refers to a process driven
by explicit knowledge, complete awareness, and systematic reasoning [NSS™24]. It is more
appropriate for high-impact, complex tasks where the available data is adequate [WCR20],
for example, diagnosing a tumor of a patient. Svensson and Jacobsson [SJ24] extend it
to a third type of decision-making mode, i.e., action-based mode. They describe it as
“doing in the situation” [SJ24], p. 132].

Within the decision-making process, understanding, or sense making, can be bottom-up
or top-down. In a bottom-up style, users analyze the details first to produce insights,
known as verbatim knowledge [BMMC23]. This sense-making mode is also known as local
analysis [GC02, BMMC23|. For example, smart farming VA users start by analyzing a
heatmap of historic crops’ yield on their farm. On the other hand, in a top-down style,
users start by making general ideas about the data, known as gist knowledge or the bigger
picture [BMMC23]. It is also known as global analysis [GC02, BMMC23|. For example,
farming VA users explore general trends of crop yield and weather patterns in the region.

However, the literature does not agree whether 1) choice (decision) precedes the action;
2) choice produces the action; or 3) choice aligns with action. In the latter case, our
decision could be revealed through interpretation after we take action. Thus, making
choices is seen as central to the decision-making process. Moreover, researchers disagree
whether cognition produces emotions or precedes cognition [BMMC23]. A third view
sees emotional and analytical thinking as complementary modes of thinking. Dhami et
al. [DT12] demonstrate how effective decision making is about the interplay of feelings
(biases) and rational thinking, referred to as quasi-rational as described in the cognitive
continuum theory. Although rational decisions might be more accurate, the user’s
cognitive bias and heuristics, can be helpful in the decision-making process when tasks
are constrained by time, during conditions that change rapidly, or where there is a
limitation in the rational reasoning [BBKI5, I(CWK™17|. Some research suggests that
reliance on bias can improve decisions under uncertainty [GB09]. However, these biases
introduce subjective uncertainties to the process that can impede the decision-making
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Table 2.1: Different terms used to describe the two main types of decision making:
irrational and rational. Irrational decision making refers to a process driven by experience
and intuition, while rational decision making refers to a process driven by analytical
reasoning and explicit knowledge.

Irrational Rational
Emotional Systematic [BMMC23
Type I [Han21] Type II [Han21]
System 1 System 2
Non-programmed [NSS+24] Programmed [NSST24]
Unstructured Structured
Heuristic-based [WCR20] Evidence-based [WCR20)]
Experiential Ostensive-based
Feeling [SJ24] Thinking [SJ24]
Intuition Cognitive
Affective Higher-order reasoning
Holistic [BMMC23] Analytic [BMMC23]

process if the user is unaware of them.

Moreover, in a realistic decision-making process, the human makes several micro-decisions,
such as setting a model’s parameters, before completing the task and making the final
decision [SJ24]. Also, the decision can be adjusted after interpreting an action and its
consequences; thus, decisions are not firm [FMO00]. They are continuous and can be
changed during a single analytical process. In VA, systems may not be able to afford this
circular process. Even when this is the case, researchers evaluate their VA designs based
on an analyze first, decide last paradigm. As such, the results do not reflect many real
case scenarios where the user might use the analysis to confirm a decision or an action, i.e.,
the analysis comes after the decision. The decision praxis is domain-dependent, where
users can rely on different decision praxes. For example, Svensson and Jacobsson
characterized eight different praxes in the medical domain.

The complex interplay of decision-making modes discussed above produces subjective
uncertainties in the process. Heuristics, also seen as decisional shortcuts, can introduce
several cognitive biases throughout the analysis process, such as anchoring bias and
omission bias [BBKI5, [CWK*17, WCR2(]. Decision making can be based on assessing
a single course or comparing multiple competing courses of action. Definitions of decision
making emphasize the comparative nature of the process [CWK™T17, INSST24]. However,
not all decision options are discrete. For example, in a stock market VA tool, a user may
want to decide how much money to invest in a particular portfolio. The decision output is
of a continuous nature, i.e., monetary amount. Thus, in this dissertation, we distinguish
comparative decision making as choosing between two or more discrete alternatives, for
example, therapy plans A or B in clinical application. To simplify the complex uncertainty
decision space, the user follows a multi-criteria decision model (MCDM) by breaking the
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bigger task into smaller decisions, adding to the space of micro-decisions [NSST24|. This
decision-making scenario has been classified recently as a CHOOSEFE decision task by
Brumar et al. [BMA™25].

Moreover, the comparative discourse decision making could be characterized by the capac-
ity of future decision assessment, i.e., the ability to validate the accuracy of the decision.
Thus, user knowledge uncertainty impacts the effectiveness of the decision [GMR™23]|.
VA approaches that assist comparative decision making aim to bridge the user’s knowl-
edge gap. In such cases, the user uses the analytical task to choose between known
options. With the presence of uncertainties, exploring the decision and micro-decision
spaces increases our reliance on cognitive biases to avoid the clutter of perception—a
subjective experience of an overcrowded knowledge space—due to our inherent tendency
to simplicity [McK80]. Thus, we follow a satisficing strategy in our decision making,
where we “opt for a solution that meets minimum requirements under limited time and
information constraints” [NSST24, p. 151]. This strategy can also impact the accuracy
of our decisions.

Cognitive bias Cognitive bias is a crucial factor that can introduce uncertainties
into the sense-making and decision-making processes. Cognitive bias is defined as “a
systematic deviation from norms or rational judgment, a way of creating a subjective-based
reality based on an individual’s perceptions” [Ker22l p. 101]. The literature identifies
numerous types of cognitive bias, which Kerin [Ker22| groups into four major categories:
hastiness, memory, information overload, and lack of knowledge. Dimara et al’s [DFP™20)]
comprehensive taxonomy identifies 154 biases by task in information visualization. Dimara
et al. [DFP™20] highlight how cognitive bias can lead to systematic errors in decision
making. However, cognitive bias should not always be equated with error for two reasons.
First, biases often lead humans to follow norms, not deviate from them [OWMOS]. Second,
the norm in judgments does not necessarily equate with correctness. Although confidence
is present in this taxonomy, including more attitudinal-based biases, such as over-trusting,
can improve our understanding of how cognitive biases impact decision making and
introduce uncertainties.

To sum up, decision making is a continuously evolving process. To better understand
decision making in VA, one must comprehend the nuances of how users make meaning of
the data, visualization, and interactions. This sense making can be influenced by several
factors that introduce uncertainties to the process—among which cognitive bias is an
important factor. However, the field proposes a large number of biases that could affect
the effectiveness and efficiency of decision making in VA. Thus, it is crucial to understand
what uncertainties are introduced by these cognitive biases.
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2.3 Uncertainty in VA

Types of uncertainty Uncertainty has been a field of intensive studies since the
19t" century, when scientists developed mathematical models to reason with it. Uncer-
tainty refers to events beyond definite knowledge that include several unknowns [PGA13].
It is not only a measurement of error—rather, a “doubt about the measurement re-
sult” [RPHLI4, IMSHT23|. Scientists classified uncertainty into objective and subjec-
tive [CNdSQT]; Table 2.2 shows the different synonyms of these two types.

Objective uncertainty refers to the intrinsic randomness of events [CNdSQ7]. It is also
referred to as stochastic uncertainty, a type of uncertainty that cannot be reduced.
However, scientists addressed objective uncertainties by proposing statistical models that
can make them better understood to facilitate their integration into the analysis process.
Although scientific models were successful to a large degree in rationalizing objective
uncertainty, subjective uncertainties remain not entirely understood [Gru24].

Subjective uncertainty is also referred to as epistemic uncertainty and involves uncertain-
ties related to knowledge. These uncertainties can be eliminated or reduced when the
knowledge gap is well-defined [CNdSQO7]. However, in most cases, subjective uncertainties
are difficult to model. The gap in understanding subjective uncertainty is a challenge in
the VA field, as designing effective domain tools can be impacted by high uncertainty
that propagates and accumulates throughout the VA cycle. The uncertainty is not only
present in the data but also in all other stages: the visualization, the modeling, and the
user reasoning, as seen in Figure 2.3. To effectively address uncertainty in VA decision
making, designers should investigate all perceived uncertainties present in the data, design
modes to soundly process these uncertainties, and develop approaches that can efficiently
and effectively integrate the modeling of the uncertainties in VA tools. Several challenges
impede these three tasks.

First, uncertainties are user and domain-context dependent. Thus, it demands a closer
investigation of the target user and their expected attitudes and behavior. It also requires
a comprehensive understanding of the field and its peculiarities. Second, modeling
uncertainties, especially subjective uncertainties, is challenging. In some cases, it is
difficult to model uncertainty mathematically because of its intrinsic subjective nature.
Third, several contexts, such as domain and user contexts, can impact the effectiveness
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Figure 2.3: Uncertainties propagating through the VA cycle as proposed by the taxonomy
of Gillmann et al. [GMRT23], highlighting the four components of the VA cycle: dataset,
, visualization, and
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Table 2.2: Various synonyms that describe objective and subjective uncertain-
ties [CNASOT].

Objective | Subjective

Stochastic | Epistemic

Aleatory Ignorance
Type I Type 11
Type A Type B

Irreducible Reducible

and efficiency of the uncertainty-aware VA design. Thus, we cannot design a one-size-fits-
all tool. VA tools need to be responsive and adapt to diverse contexts. These contexts
could also change within the process. For example, the user’s trust in the tool can
improve or regress during the VA process.

In fields such as the clinical field, accurately communicating accumulating uncertainty is
a challenge [Rail8|. However, the system must accommodate the perceived uncertainties
to boost user confidence in sensitive decision making. A user perceives a fraction of
all uncertainties present [Han21]. It depends on task requirements, domain analytical
conventions, and uncertainty awareness limitations. These uncertainties could be universal
or user-specific. The former refers to uncertainties intrinsic to the data and process, passed
along at any stage of the processing and analysis pipeline. The knowledge gap could also
be user-specific in that only some users might see or consider them, depending on the
user’s experience and background knowledge. A gap may arise from different types of
knowledge, such as domain knowledge or VA tool knowledge [CAA™T20|, amplified by the
perceived uncertainty in the analytical space. These uncertainties can also aggravate the
user’s bounded rationality. This concept refers to the human’s inability to make effective
decisions due to limitations in processing all the available information [Bou08, MVM23].
Thus, guidance emerges as an approach that can assist the user by addressing some of
these uncertainty challenges in VA decision making. It can alleviate some of the cognitive
load and narrow down the large decision and micro-decision spaces. The user typically
relies on subjective judgments to eliminate or select choices, which can introduce more
bias and uncertainty to the process [NSS™24].

The compensatory strategy intrinsic to the MCDM, described in |section 2.2, can be
overwhelming as it “aims to evaluate the alternatives by combining all information and
consider the trade-offs between different factors” [Han2l1, p. 16]. Guidance can support
the MCDM strategy, making it more effective by reducing the reliance on subjective
judgment and thus minimizing inconsistencies.

Sources of uncertainty Uncertainties are almost unavoidable in any field; such as
predictions in weather forecasting [T'TVEI6]. The uncertainties propagated from imperfec-
tions of numerical weather prediction models to complexities in ensemble approaches are
unavoidable [RBS™ 18, WHLST9]. Similarly, in agriculture, several uncertainties, such as
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disease spread and weather uncertainties, impact the prediction of crop yields. These un-
certainties emerge throughout the entire data collection and analysis pipeline. Moreover,
they arise from several sources, such as missing data and its complexity [HKW23].

Bonneau et al. [BHJ14] classify uncertainty sources into sampled data, modeling and
simulation, and uncertainties in data and visualization processes. All these uncertainties,
considered together, contribute to the complexity of the user’s perceived uncertainty
[PGA13]. Gillmann et al. [GMR™23| propose a recent taxonomy of uncertainty events
reflected in the four stages of the VA cycle. They categorize the events into six com-
ponents: dataset, hypothesis, visualization, insight-perception, insight-interaction, and
insight-knowledge. The latter three components are in the user insight stage of the VA
cycle. The components reflect Pohl’s [Poh17] classification of cognitive biases into three
types: memory, thinking, and judgment, respectively. Our work highlights a gap in
classifying the uncertainty components proposed by Gillmann et al. [GMR™23|. First, it
is particularly difficult to distinguish between the three user insight components. Pohl
has also attested that the “distinction between thinking and judgment [cognitive bias| may
be less sharp...[and] memory illusions involve different kinds of thinking and judgment
processes” [Pohl7, p. 3].

The task-based taxonomy of cognitive biases proposed by Dimara [DEP™20] can be used as
the basis to expand the classification of uncertainties in visual analytics. Although a longer
list of uncertainty components can overload the designer, it can provide an opportunity
for more effective and efficient design decisions. Gillmann et al. [GMR™ 23| integrate some
of the cognitive bias categories proposed by Pohl [Poh17] in other components on the
system side; for example, the hypothesis uncertainty component in their taxonomy reflects
the estimation task biases and hypothesis assessment biases in Pohl’s taxonomy [Pohl17].
However, these uncertainties could also be extended to the user’s side. While the recall
task bias is reflected in the insight-perception uncertainty component and the decision
task bias is reflected in the insight-knowledge uncertainty component, Gillmann et al’s
uncertainty taxonomy |[GMR™23] does not consider opinion reporting tasks. The five
biases categorized under other tasks by Pohl [Pohl7] are also worth investigating and
integrating into the VA uncertainty taxonomy.

Finally, externalizing these uncertainties into the analysis process is an open challenge.
Literature in uncertainty visualization proposes several techniques to effectively, efficiently,
and soundly visualize uncertainty as an integral part of the VA. The uncertainties can
be either displayed in a separate view or on top of other views, and they can be either
static or dynamic [Macl5|]. Unlike objective uncertainty, subjective uncertainty is difficult
to quantify and model. Moreover, subjective uncertainties can interfere with other
objective uncertainties. For example, consider a situation where a clinician uses several
mathematical models to predict disease progression. Each model represents an objective
uncertainty, based on statistical data and probabilities. However, the clinician’s decision
on which model to use introduces subjective uncertainty, as it depends on their judgment,
experience, and interpretation of the patient’s condition. Thus, with the presence
of multiple competing models, displaying the objective uncertainty constantly can be
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overwhelming and can clutter the user’s perception. Thus, a more flexible approach can
facilitate the integration of uncertainty into the analytical process, namely, guidance.
Guidance in VA can assist user reasoning under subjective uncertainty, a source of
knowledge gap |[CAAT20)].

To sum up, uncertainties are critical to consider when designing visualization and VA tools.
The two categories of uncertainties, subjective and objective, include numerous classified
uncertainties. Several studies in VA contributed to classifications and taxonomies of
VA-specific uncertainties. However, as the tools evolve, our understanding of uncertainties
and how to include them in VA and decision-making processes keeps evolving. We must
continuously explore methods to externalize and address these uncertainties efficiently
and effectively.

2.4 Approaches for VA under Uncertainty

Addressing uncertainty has long been a central focus in the field of VA, with many works
focusing on uncertainty detection, communication, modeling, and visualization [PWL97,
JEDT20]. Uncertainty visualization is the process of communicating uncertainty, such as
accuracy and error, to support the user’s interpretation of data, models, or results [PKH21],
JED™20]. This interpretation includes comparing potential alternative courses. Typically,
techniques dealing with uncertainties are designed to bridge the user’s knowledge gap and
reduce errors in decision making [KDJT21|, especially in a comparative context [BHJT14].
For example, in weather forecasting, ensemble models account for vast alternative
courses [TTVET6, WHLST9]. Higele et al. [HSBT22] emphasize the need for probabilistic
models to visualize uncertainties effectively.

Visualizing uncertainties Many researchers propose visualizing uncertainty to im-
prove the accuracy of decisions in VA and the transparency of the analysis process [PKH21].
Padilla et al. [PKH21] map out the explicit and implicit visual approaches to communicate
uncertainty through visualization. Focused on biological data, Weiskopf [Wei22] also
presents strategies to visualize uncertainties effectively. These approaches and strategies
are more suitable for addressing stochastic uncertainty using accepted statistical models
in the domains. Furthermore, Padilla et al. [PKH21]’s study highlights several challenges
in communicating uncertainty. Uncertainty visualization can mislead users by unin-
tentionally suggesting non-existent categorical boundaries or deterministic information.
Their study also highlights the user’s tendency to understand frequency framing better
than probabilistic framing.

Padilla et al. [PKH21, p. 11] suggest visualizing uncertainty should obey the metaphorical
norm that “aligns with how users naturally think about data”. However, this theory
may assume a homogeneous user knowledge background. In reality, people decode
semiotics differently based on their cultural knowledge base [Hal80, [Hal97]. Uncertainty
visualization designers cannot guarantee a hegemonic reading. Yet, negotiated or opposed
readings can lead to misinterpretations in VA, and uncertainty visualization approaches
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can be constrained by understudying the target user’s background or the context of
developing a VA for users from diverse backgrounds.

Conventionality Researchers design visualizations to support various VA objectives.
Battle and Heer [BH19| classify the systems based on the exploration goals and structures.
In visualization, understanding the system’s exploration goals and structures converges.

Battle and Heer state that a user could use a system with a priori formulated goals,
or the goals could evolve during the process. They further set apart an open-ended,
bottom-up exploration from a top-down process. Nonetheless, some systems could still
incorporate a hybrid mode of exploration. For instance, a domain expert in fields such as
clinical or farming arrives with set goals and a precise conventional exploration method
shared across the field. Conventions in some domains present a challenge to designing and
introducing new visualization approaches to the workflow. It should be done carefully

while considering uncertainties propagating throughout the pipeline [Rail8, REG™20].

A recent study by Péna-Araya et al. [PEWT18| highlights the malleable nature of
uncertainty. Their work emphasizes the need to promote user agency when designing
uncertainty visualization approaches.

AT for uncertainty Nazemi et al. [NSST24] propose using Al approaches to support
VA under uncertainty. Al approaches aim to address uncertainties by automating
several stages of the decision-making process in VA. However, this approach can lead
to transparency and trust issues. Human involvement in all decision-making stages is
important in critical scenarios such as clinical decision making and scenarios characterized
by traditional generational knowledge, such as farming [WJBC19]. Thus, in such scenarios
in a VA system, user input in a mixed-initiative approach is crucial to optimize decision
making.

Moreover, Al approaches may fail to address uncertainties propagating throughout the
process. As Gillmann et al. [GMR™23] highlight, uncertainties can emerge at each stage
of the VA cycle: dataset, modeling, visualization, and insight. The taxonomy of the
uncertainty events in VA proposed by Gillmann et al. present a complicated picture
that demands human intervention. Although this taxonomy is extensive, it can also
be expanded to comprehensively capture more subjective uncertainties that impact the
analytical process. A further elaboration on the insight uncertainty components is crucial
to encompass different perspectives.

Quantifying uncertainty Maack et al. [MRP™25] propose a workflow to design
uncertainty-aware VA. However, a crucial step in the workflow is detecting and quantifying
the uncertainties. Most visualization approaches that communicate uncertainty are
more suitable for addressing stochastic uncertainties. Stochastic uncertainty refers to

quantifiable measures incomparable to ground truth, i.e., aleatoric uncertainty [GSWS21].

However, subjective uncertainties open up a vast knowledge gap that is difficult to integrate
into the VA design, as it emerges from the rules of the process or disagreements in how a
rule must be applied [RPHLI4]. The challenge of quantifying subjective uncertainties
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complicates the implementation of a guided VA solution. Moreover, we expand our
understanding of subjective uncertainties to include qualitative uncertainties described
by Panagiotidou and Moere [PM22]. Perceiving the subjective qualitative uncertainties
propagated by the data is a challenge that requires a thorough investigation of the data
transformation pipeline by the visualization researcher and domain expert [MSH™23].

To sum up, the absence of ground truth or models to comprehensively quantify some
uncertainties limits the practical application of uncertainty visualizations [JED™20,
HSBT22, [BAOLT2]. It is often challenging to capture all the uncertainties [MSH™23].
Thus, the system must prioritize the crucial uncertainties to address [Wei22]. These
factors also limit the transparency and trustworthiness of automating several stages of
the analysis process. However, we can present visualized uncertainties as guidance cues
in a careful design to avoid a deceptive representation. These guidance are suggestions
that a user can choose to follow or ignore.

Furthermore, in a mixed-initiative system, the user can provide input that improves
the utility and effectiveness of guidance. Communicating uncertainties effectively is
also crucial to improve the user’s confidence and build user trust [Rail8, ISSK™16]. The
mixed-initiative and adaptive nature of guidance can track user confidence and trust
throughout the analytical process to adapt the guidance accordingly.

2.5 Guidance in VA

Guidance is often viewed from multiple confounding perspectives. Visualization and
VA can be seen as guidance systems facilitating and assisting domain decision mak-
ing [RBCRI7]. Also, a user |[GHG™19] or an ad-hoc VA [SSSEA20] may guide an Al
algorithm to optimize a model’s results. However, guidance in VA aims to support
sense making. The early work of Encarnagio et al. [EaFB™94] highlights the need for
system guidance at different visual analysis stages. Guidance can also support analytical
reasoning, a topic that Dimara and Stasko [DS22] identify as a gap in developing VA.
Guidance in VA can be thought of as a subsystem within the VA system because it deals
with “a distinct level of mental representation” [BM99, p. 103].

The roots The Cambridge Dictionary defines guidance as “help and advice about how
to do something or about how to deal with problems” [Cam24]. Since the mid-20" century,
scientists have exploited the available computational power to guide decision making
across various domains. This phenomenon fostered the growth of rich work in decision
support systems (DSS) as interactive computer aids [KHT79).

Guidance in information systems, such as VA systems, can be four-fold: user—user,
user—system, system—user, and system—system guidance, as seen in Figure 2.4, This
dissertation focuses on system—user guidance where the user is a human and receives
guidance from the system, i.e., system guidance. System guidance is an expert system
that can be constructed through explicitly programmed rules and operations or inferences
derived from intelligent approaches such as machine learning [Gov23].
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Figure 2.4: A general representation of the guidance role in the visual analytics process
and its interaction with the main components. The guidance can be user-led or system-
led. It interacts reciprocally with the user and the system. It can also be boosted with
reciprocal Al or sonification approaches. Our work explores works that map to the red
arrows in this illustration.

Initially, the system guidance encompassed five primary roles: storing and retrieving
data, manipulating data, simulation, monitoring and feedback, and visualization [Har74].
With the computational advances in data analysis, visualization emerged as an essential
guidance for human decision making [Mul70} Sil91, Dod08]. The field grew, benefiting
from rich knowledge in several fields, such as human perception and cognition. As
seen in [Figure 2.4, a user can guide a user by feeding into the user’s knowledge. This
accumulation of user knowledge from other humans and the VA system informs domain
decisions. Domain decisions can also be automated.

Despite the advancement in the computer-assisted automation of the decision-making
process, scholars noted the importance of the interactive collaboration between the human
and the machine in the analysis process to enhance knowledge discovery [MKS83,TCK*01].
As VA systems grew in complexity, they demanded more support for the users, and as a
response, Ceneda et al. [CGMT17h] formalized guidance within VA. As seen in Figure 2.4,
several methods such as Al and sonification can guide the user, via guidance, but they
can also support the construction of intelligent guidance or the VA in a system—system
guidance. The guidance tool, in itself, can also be guided by the user with direct
parameterization. The user can also guide the AI model via guidance.

Conceptualizing guidance In 1991, Silver [Sil91] raised the importance of studying
guidance in the information systems supporting human decisions. He defined decisional
guidance as a process by which “a decision support system enlightens or sways its users as
they structure and execute their decision-making processes” p. 107]. This definition
frames guidance within the role of informing or influencing a user’s decision. It gave more
weight to the system’s agency with less emphasis on the collaborative aspect of a guidance
system. In the past decade, researchers invested substantial efforts into providing a
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clear definition of guidance in VA [CGM™17b, ICAST18, ISCW™22, [HS23]. However,
some confusion remains. Collins et al. [CAST18] suggested that guidance can be used
without a knowledge gap, i.e., to boost the user’s confidence. As we explained earlier,
the lack of confidence springs from uncertainty, and uncertainties are one source of the
knowledge gap. Thus, a comprehensive and clear knowledge gap identification is essential
to designing an effective guidance tool [CAA™20]. In highly uncertain decision-making
scenarios, users require guidance to navigate complex models. Incorporating efficient and
effective guidance techniques requires integrating them into conventional processes.

Ceneda et al. [CAAT20] propose a helpful framework to design guidance for clinical
applications. They see guidance as a closed loop between the analyst and the system,
informing each other. They outline six requirements for designing effective guidance.
Nonetheless, the effectiveness requirement is often difficult to evaluate in VA scenarios
where decisions cannot be measured for correctness. In such a context, the goal is to
boost user confidence in their decision. This concept needs to be better defined and
measured in the field. It is connected to the user trust and trustworthiness criteria, as
discussed in section 2.8, Thus, these phenomena of user attitude should be investigated
together when developing guidance to support VA.

The co-adaptive model proposed by Sperrle et al. [SCEA23| ISITBT20, ISTBT21] can boost
users’ trust in the guidance. The human-Al collaboration model proposed by Holter
and El-Assady [HEA24] emphasize the adaptation component. Pérez-Messina et al.
[PMCEA 22| extend the discussion of the co-adaptive model. They argued that system
guidance should adapt to the user’s complex behavior. User input in the co-adaptive
model should be thought of as more than just the direct manipulation of guidance criteria
afforded by the system. The understanding could be expanded to the indirect input
afforded by the analytical provenance. Collecting and processing the provenance in
real-time can improve the co-adaptive guidance model.

Positioning guidance within a larger Human-AI collaboration framework, Holter and
El-Assady [HEA24] propose that the design space of guidance should consider the
distribution of agency, the interaction intent and dynamics, and the adaptation methods.
They view guidance as a co-adaptive mixed-initiative collaborative system. Their work
highlights agency balance and users’ cognitive processes as crucial factors in developing
mixed-initiative systems, such as guidance.

To sum up, guidance remains a disputed concept in the study of VA. As the field grows,
it is necessary to revisit its conceptualization, especially with the introduction of new Al
approaches. Guidance in VA is viewed as a mixed-initiative co-adaptive tool. However,
this dissertation focuses mainly on system—user guidance. We explore how it impacts
and is impacted by properties of user attitude and how it can be employed to address
uncertainties in decision making.
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2.6 Guiding through Uncertainty

Guidance bridges the user’s knowledge gap by communicating uncertainties to the user.
In communicating uncertainties, careful consideration of the field and target user is
critical [SSK*16]. The effectiveness of the communication is improved by merging
techniques and not relying on one technique only [PKH21]|. Guidance techniques can
support users in navigating, exploring, and interpreting uncertainty in data by providing
cues, feedback, or recommendations. It is applicable only in the absence of VA methods
to provide automatic answers using machine learning methods [CGM™17al. Elmqvist
and Klokmose [EK25] emphasize that future research on guided-VA should focus on
domain-customized guidance techniques that adapt to the users without taking away
their agency. A recent survey of visualization tools by Oral et al. [OCW™24] suggests a
gap in developing guidance tools to support users in VA.

Guidance and uncertainty Guidance may be used to address uncertainties throughout
the VA cycle. These uncertainties can impact the user’s attitude throughout the analytical
process. Enhancing uncertainty visualization with guidance can influence users’ confidence
and ability to derive insights. Furthermore, firm adherence to conventions and predefined
workflows, such as in the medical domain, impacts user trust and, subsequently, the
adoption and use of system guidance. This mistrust towards the guidance may result
from using very complex and unfamiliar visual representations or trying to alter domain
experts’ existing workflow heavily, i.e., the guidance may recommend solutions unfamiliar
to the experts. Thus, the problem emerges in VA on how to best integrate guidance into
analytical processes while fostering user trust and confidence.

Guidance research still presents several challenges, with substantial gaps in transferable
knowledge across the divergent streams of VA guidance research. Understanding how
guidance functions and is used is crucial to converge the fundamental conceptualization
of guidance in future work. Studies of guidance in VA are contradictory sometimes,
but they maintain a rich diversity. An effective guidance tool can boost the system’s
trustworthiness [Han21]. In exploring data with high uncertainty, a guidance-enriched
system purposely disrupts the status quo of the expert’s analysis to add more confidence
or minimize the low-level tasks leading to decision making [HS23]. The low-level tasks

include the sense-making process, where knowledge is gained from the visualization.

Sometimes, it can include micro-decisions taken throughout the analytical process before
making a high-level decision.

For example, in the RT scenario in |chapter 1, micro-decisions could relate to which
calculation models should be used. In this scenario, exploration has a defined goal, i.e.,
deciding on the better plan from two options; however, there is no golden truth. The
decision would rather depend on the expert’s reasoning. In such cases, two experts
might arrive at two different plausible decisions. The expert expects the guidance tool to
increase their confidence in their decision, choosing between two plausible courses.

However, evaluating guidance and its impact on user attitudes remains challenging. This

29



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

2.

OVERVIEW AND STATE-OF-THE-ART POSITIONING

30

challenge presents a limitation for the effective design of guidance in VA. A further
challenge that exacerbates the problem is the lack of metrics to assess the effectiveness
of guidance. Our research investigates the problem of integrating guidance into VA to
support decision making under high uncertainty. This problem poses significant chal-
lenges concerning achieving effectiveness without “harming” conventions while increasing
confidence and trust.

Guidance strategies Designers can encode guidance in visual cues such as element
stylization, glyphs, or contours. Furthermore, interactive guidance allows users to
manipulate these cues by filtering plots and manipulating variables. Ceneda et al.
[CGM19al outline guidance techniques and approaches in the field. Most of the work
reviewed provides orienting or directing system guidance [CGM19b]. Moreover, little
work attempts to adapt the guidance based on the user’s indirect inference. The results
point to the need for more dynamic guidance.

Early research in recommendation systems highlighted the value of adapting support to
users’ intent. Gotz and Wen [GW09] proposed a method to infer user intent to improve
visualization recommendations. The system predicts the user’s visual analytic intent
based on detected patterns of analytical behavior. In recent work, Walch et al. [WSL™20)]
present an interesting example of exploiting provenance to provide effective “user-tailored
guidance”. Their study shows promising results for provenance integration. However, the
scalability of the approach poses a challenge. Group decision making (GDM) [HJCM22]
is another interesting approach to designing guidance and uncertainty visualization
techniques. Even if typically individuals make the decisions, aggregating an abstract of a
user group can help design better techniques based on predictive models and collective
knowledge. Ceneda et al. [CAGM22] employ a face detection technique to infer when the
user needs guidance. However, they highlight the limitation of the agency of humans,
who are not always guaranteed to trust the guidance.

Guidance can be generated using intelligent or explicitly programmed algorithms. Al
methods are crucial in generating intelligent support for VA [BBR20|]. Holter and El-
Assady [HEA24] map guidance approaches within the space of a human-AT collaboration.
Their work proposes the importance of investigating agency balance in the VA pro-
cess. Although AI can improve guidance in many scenarios, explicitly programmed
strategies should still be considered. A challenge lingers on how we define an intelligent
agent. Monadjemi et al. [MGG™23| propose an agent-based framework to help analyze
human-AT collaboration scenarios. Their work also highlights a gap in comprehensively
understanding the user’s behavior. They propose that the human agent’s behavior should
be represented as time series data because it changes constantly in VA scenarios.

Ha et al’s [HMO24] study also focuses on AI guidance to VA. Their work investigates
the challenges of Al-guided VA. They highlight transparency and trust issues that could
arise in the process. However, their study does not map the impact of expertise on trust
issues. Their work highlights that AI guidance may reinforce cognitive biases. This issue
is crucial as it can propagate uncertainties in VA.
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Moreover, Ha et al. [HMO24] explore the possible connection between transparency and
trust in guided VA. This finding highlights the importance of considering the explainability
of guidance. Ceneda et al. [CCEAT24] have also emphasized guidance’s explainability
and transparency as an important quality in effective guidance.

VA literature presents many works on strategies to support the user in VA. Recent
work [SCW™22, DWHT22] contrasts onboarding and guidance approaches. However, a
broader perspective of guidance in VA may classify onboarding as a guidance approach.
This topic remains an open debate. However, in VA work, we can identify several
guidance approaches that are not explicitly presented as guidance but as aid or support
approaches. Streamlining these approaches under the common guidance concept can
enrich and support guided VA research.

To sum up, guidance is a subsystem in VA that can support the user in conducting
the visual analysis by addressing uncertainties. This subsystem aims to boost user
confidence in their decisions while maintaining trustworthiness and building user trust.
Thus, measuring and evaluating the interplay of user attitude properties in the process is
crucial to building effective guidance.

2.7 Evaluating Guidance

An adequate evaluation of the guidance tool is crucial to developing effective aiding tools
in VA. However, Dimara and Stasko [DS22] identify a gap in methods to evaluate VA tools
in the context of support decision making. The literature also highlights a gap in tools to
evaluate approaches to address uncertainty in VA [KDJ'21, [PKH21], WHLST19, HSBT22].
Researchers often lean towards using case studies to validate their designs’ and systems’
usability and usefulness [HLS™12, [FNB™22|. The nature of uncertainty visualizations
poses many challenges to a proper evaluation methodology [HQC™19]. Uncertainties
are obstacles in scenarios where high-risk critical decisions are expected, while the
intrusiveness of guidance may generate unwanted additional overhead |[CAA™20]. Hullman
et al. [HQC™19] categorize evaluation approaches in 86 papers that study uncertainty
approaches. Their taxonomy identifies six levels that characterize these evaluation
approaches. The survey highlights gaps in evaluating user attitudes in VA. Moreover,
Hullman et al. highlight the tendency towards a confirmatory evaluation rather than an
explanatory evaluation approach. This practice is particularly significant in evaluating
approaches designed for scenarios where decisions cannot be measured for correctness.

Design studies It is a particular challenge to validate the impact of a proposed
uncertainty visualization or guidance strategy on the decision-making process [QPCRM15].
The complexity of tasks under uncertainty in certain critical domains suggests that a
design study is an appropriate evaluation method if it incorporates approaches, such
as loud thinking, to understand what happens in the user’s head [SIBB11l, SMM12].
The balance between knowledge acquired through available data and domain-expert
knowledge is required to analyze visual results. Sedlmair et al. [SMMI2] propose a nine-
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step workflow for implementing design studies. The qualitative method’s main objective
is transferability. However, the concept of transferability is prone to interpretation.
Should the knowledge produced in the form of the visualization system be transferable to
the domain, or should it be transferable to other domains? The latter demands a higher
level of abstraction than the former, with all the challenges that it entails.

Meyer and Dykes [MD19] build upon the ideas of Sedlmair et al. to propose an approach
for a design study that treats it as a process of knowledge acquisition. In doing so, they
borrow a perspective from the social sciences to emphasize the status of a design study
as research work. They criticize the positivist approach to design studies and promote
an interpretivist approach. As such, they stress the subjective nature of these studies
and propose six criteria for validating a visualization design. They promote a rigorous
design study grounded in a body of feedback knowledge. Their proposal stresses the
importance of a reflective and complex process. Subsequently, they argue that the design
study need not be reproducible, although they emphasize the importance of plausible
evidence-based knowledge claims. The rigorous design study proposed by Meyer and
Dykes [MD19] presents opportunities and challenges in validating guidance designs in
uncertainty visualizations for critical scenarios, such as clinical and farming VA. A design
study in some domains demands a well-rounded knowledge of conventional methods and
visualization idioms familiar to practitioners. Resistance to change characterizes domains,
such as the clinical field, where strict method conventions and the particular sensitivity
of the confidence criteria (given the potential risks to patients’ well-being) in the decision
making pose a challenge to the transferability of knowledge. A design study that is not
reproducible would threaten the trust and confidence criteria of the proposed design.
Instead, a rigorous process involving the practitioners in the reflective tasks of the design
study could help overcome the particular challenges of design studies in the domain.

Challenges and pitfalls A particular challenge we perceive is that the proposed
method needs to indicate how we can distinguish the knowledge produced by validating
the guidance techniques from that produced in validating the visualization system as
a whole. The validation of both guidance techniques and uncertainty visualization
systems is particularly challenging. Ceneda et al.[CGMT17b| address this challenge.
They propose initial questions to direct thinking about decoupling guidance techniques
from the visualization system in the evaluation process. In their paper, Ceneda et al.
ICGM™17b] suggest classifying guidance techniques into three types based on the degree
of assistance. They follow the classification with research that outlines the possibilities
of employing the guidance in visualization. Identifying the knowledge gap is a driving
factor in their decision tree [CGM™18|]. Their work implies that this gap is only intrinsic
to the user’s knowledge. The method does not account for uncertainties arising from the
intrinsic knowledge gap in the data. Nonetheless, the outlined decision tree provides a
helpful tool for thinking about guidance in visualization.

Hullman et al. [HQCT19| present a taxonomy of evaluation methods of uncertainty
visualization. In their survey, they noticed that “subjective uncertainty is not a well
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defined construct in visualization evaluation” [HQCT19, p. 910]. They promote the
inclusion of more subjectivity in participant responses. They also suggest that evaluation
methods could be validated by comparing the decisions produced by evaluated systems
with prior decisions. A challenge arises if the same user who has made a prior decision is
the participant in the evaluation: How could we account for the impact of prior decisions
on post-decisions?

Finally, Lam et al. [LBIT12] propose a helpful framework for customizing an evaluation.
Their proposed approach helps a researcher better orient the evaluation methodology
toward the questions of the research. In their work, they present seven evaluation scenarios
that are linked to a clear line of questions. These were further enhanced by Isenberg
et al. [IICT13] with an additional eighth scenario. These scenarios can potentially be
tailored to address different uncertainty cases, thus, providing a more flexible evaluation
approach that takes into consideration the malleable nature of uncertainties [PEW™18§].

Self-reporting metrics The available evaluation methods maneuver around the chal-
lenges of measuring the visualization impact on the final decision. Besides, the methods
need to assess better the influence of the uncertainty factors on the process and sense
making. Thus, we must evaluate the perception of accuracy and confidence achieved by
guidance techniques. An effective guidance technique must boost the user’s confidence
in sense making and decision making. Therefore, an effective measure of confidence is
needed.

The intrinsic uncertainty in the evaluation methods exacerbates the uncertainty factors of
the visualizations. These uncertainties could stem from a lack of a common understanding
of certain concepts, study-context blind spots, a lack of understanding of individual
knowledge gaps, or not knowing which aspects to measure and how to measure them. For
example, user confidence is an important aspect to measure in studying guidance. Novel
guidance techniques should be assessed for the impact on user confidence—primarily if
the design affects decision making. We need metrics to quantify user confidence. However,
user confidence is often confused with user trust. When clearly identified, researchers
rely on self-reporting surveys to measure user confidence [WAM™19, NWHL20, PFCB23],
PRJ723]. This method emerges from the field of social psychology [SKJT5].

Ceneda et al. [CGM19b] design a user study to investigate the impact of the guidance
degree on user performance. They also measure user feelings. Confidence is one criterion
that they admit is difficult to quantify. Thus, as is conventional, they rely on self-reporting
results. Furthermore, they note the limitation of conducting the study with non-expert

users. It adds difficulties to validating the practical application of the guidance design.

A transferable guidance study requires at least an entire analytical process evaluation
session. In certain specialty domains, conducting a user study with experts is difficult, as
the number of participants will be limited and will not produce statistically significant
results. However, techniques can be abstracted and evaluated on more subtle application
designs in fields with similar abstract decision-making processes. However, the scenario
has to be accessible to a large pool of study participants.
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Stasko [Stal4] proposes a value-driven evaluation that can be implemented in a user
study to assess values, including confidence. Wall et al. [WAM™19, WXK22] extended
Stasko’s [Stald] work to propose a heuristic-driven survey. Nonetheless, two issues linger.
The first issue is the effectiveness of a self-reported response in assessing confidence. The
second issue is using confidence to refer mainly to trust. Self-reporting surveys remain
a limited tool to effectively investigate the guidance’s impact on user confidence. It is
difficult to guarantee a standard perception of confidence among all study participants,
contributing to the evaluation method’s uncertainty. This uncertainty is similar to the
comprehension uncertainty described by Haghighatkhah et al. [HEAFT22]. Quantifying
the confidence value could support an effective evaluation, as it will provide an objective
basis to understand it comprehensively.

Recently, Ceneda et al. [CCEA™24] proposed an eight-criterion heuristic that can be
used to evaluate the effectiveness of guidance. The work outlines a clear protocol for
conducting the evaluation. However, the evaluation also relies on the self-reported
questionnaire. The suggested heuristics can be complemented with an approach to assess
user attitude properties during the analytical process. This approach can present a more
comprehensive picture of the impact of guidance on the analysis process beyond the
direct user perception or recognition.

Analytic provenance Zhou et al. [ZAW™18] complement the self-reporting survey
in their study with performance-based metrics to investigate the impact of uncertainty
on user confidence. However, their approach relies on the decision time metric. More is
needed to draw conclusions, as they point out in their study limitations. Boukhelifa et
al. [BBCT20| noted the limitation of available metrics in evaluating uncertainty visualiza-
tion. They address the issue by exploiting the insight carried by the analytic provenance.
In their work, Boukhelifa et al. [BLB21] set apart trust from confidence. In their case
study, they focus on measuring trust through analytic provenance. Their suggested
metrics and approach could be extended to probe user confidence. Xu et al. [XOW™20)
surveyed the use of analytic provenance in visualization research. Several studies exploit
provenance to study visualizations. Eye-tracking [BKO™17] is one method used to probe
the role of several visual elements in the analytical process. Smith et al. [SLMKIS]
also proposed evaluating user confidence in visual decision making by mapping eye gaze.
Although this approach has considerable potential, eye-tracking [BKR™17, [SLMKIS]
remains largely an expensive and inaccessible method. Few works used provenance in
studying guidance techniques [BLB21]. Furthermore, the approaches surveyed by Xu et
al. [XOW™20] did not propose metrics to probe and measure user confidence through
analytic provenance.

Assessing user attitude Measuring user attitude remains an open question. Several
previous approaches have been proposed over the years. Barki and Hartwick [BH94]
proposed metrics to measure user attitude in information systems in work that pre-dates
the inception of VA. However, as examples demonstrated previously, their metrics are
extracted from self-reported questionnaires. On the other hand, Campos et al. [CNdSQ7]
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proposed an approach to model subjective uncertainty [CNdS07]. Their approach can
help capture uncertainties addressed by guided VA. These metrics can allow a better
evaluation of the effectiveness of guidance approaches. User attitude could be considered
a type or a source of cognitive bias. Thus, to investigate effective methods to measure user
attitude, we can investigate prior work on cognitive biases. Arnott’s [Arn06] taxonomy
of 37 cognitive biases in decision making can be used as the basis to investigate how
to develop a comprehensive metric system that captures the important biases that
impact VA decision making under uncertainty. Cho et al. |[CWKT™17] use network
graphs to externalize the anchoring effect, one of the cognitive biases. This approach of
externalizing biases through interactive logs can be generalized to externalizing other
cognitive biases. Xu et al. [XOW™20| present a helpful survey of methods that analyze
provenance in VA. Two work categories are particularly useful: work that uses provenance
to understand the user and work that aims to evaluate VA systems. Finally, Yanez et
al. [YCON25| highlight the importance of adapting visualization to user needs. Their
proposed taxonomy categorizes user input that can model user cognitive states to provide
guidance as an intervention. Their work presents a helpful map to support design
frameworks for guidance in VA.

To sum up, the VA field overrelies on self-reporting methods. These methods are
insufficient and require complementary objective metrics that allow us to quantify user
attitude properties. To develop effective guidance tools, it is crucial to develop accurate
metrics to quantify user attitude as a source of cognitive bias. Analytic provenance can
provide an input to methods to represent and progressively measure the changes in user
attitude properties throughout the analytical process.

2.8 User Attitude in VA: Trust vs. Confidence

Developing and evaluating VA systems for decision making under uncertainty is challeng-
ing. To design an effective VA, the designer aims to understand the user’s psychological
state, i.e., attitude, that drives their analytical behavior. To validate VA approaches,
the researcher needs to test them on realistic, complete scenarios to capture the realistic
user attitude and behavior [BBK15]. However, while VA design itself influences user
attitudes during typical analytical tasks, there remains a critical gap in understanding
how different VA approaches affect users within specific domain contexts, e.g., in the
medical field [BMMC23|. Designing a responsive VA that can adapt to the user’s attitude
during an analysis session is crucial.

User attitude in social psychology In VA, User attitude is the “psychological state
reflecting the affective or evaluative feelings” towards a VA system [BH94, p. 62]. It refers
to users’ *‘affective evaluation of a system” [BH94, p. 59], or in other words, the user’s
judgment of the quality of a system and its components. Such an attitude, which is a
context-dependent state, may fluctuate several times during an analytical session and
may also be influenced by several cognitive biases. User attitudes can also impact user
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behavior and the effectiveness and efficiency of VA solutions [BBK15]. For instance, this
impact can happen through what is known as bounded rationality, where user context
plays a big role in their decision making. For instance, in economic studies, users can
be split between satisficers and mazimizers [MVM23]. If the user is a researcher, they
might lean towards being maximizers who are more interested in the analytical process.
On the other hand, practitioners lean towards being satisficers who are interested in the
result being “good enough”.

User attitude is more challenging to assess than user behavior because it is more difficult
to observe. User behavior tends to manifest in explicitly observable user actions. On
the other hand, user attitude takes place within the user’s cognitive psychology, making
it challenging to examine. However, in VA, attitude can manifest as a pattern of
analytical behavior that reflects a mental organization [You32] [Bal0ll, pp. 88-89]. This
organization—if known or measurable—allows VA designers to improve design decisions.

User attitude consists of multiple properties that can impact each other. Confidence and
trust are two major properties that have been targets for recent VA research. These two
terms are often used interchangeably in VA. However, the logical semantics of the two
concepts are different. A better understanding of their logical and lexical semantics helps
the development of effective evaluation metrics to measure confidence and trust in VA
systems. The two concepts are a social psychology construct.

Returning to the RT example discussed in |chapter 1, we aim to provide a departure point
to understanding and distinguishing between both concepts. A medical physicist uses a
treatment planning system (TPS) to determine the most appropriate plan for her patient.
She initiates the task with a knowledge base that defines her trust in the system, the
correctness of algorithms used to calculate a certain conversion factor, and the accuracy
of a histogram plot and the dose overlay slice visualization. She also trusts the underlying
scientific methods used for these calculations. Preceding the analysis process, she also
has a certain degree of confidence in finding the most appropriate solution because she
trusts her knowledge and expertise. Her trust in the system, data, and information
presented also impacts the degree of confidence she possesses. As she proceeds with
the data exploration, she makes exploratory decisions/choices with a certain degree of
confidence. Eventually, she chooses the optimal plan based on her assessment. She is
somehow confident about her decision, but with high doubts as the uncertainties are
daunting.

As shown with the example above, the logical semantics of the two concepts—trust and
confidence—are different. Sociology distinguishes both concepts by the relationship to
agency, the presence of risk, and consequence [MWO09]. Contrary to trust, according to
Luhman [Gam88| [Luh05], confidence gives out agency, “a feeling of control over actions
and their consequences” [Mool6]. In the example above, the physicist trusted the integrity
of the visualized data. She does not have strong evidence of the completeness of the
data. Nevertheless, she chose to trust the system. Thus, she retains her agency. Without
evidence and with high uncertainties, she tolerates a high risk. However, when she made
her final decision, it was based on the given evidence by the system. The risk is lower
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Figure 2.5: The semantics of trust and confidence within an analytical process. Confidence
and trust are based on the user’s starting knowledge. The visualization supports users’
confidence in their decisions with all its components. C1, C2, and C3 reference the area
of our contributions as outlined in |section 1.3.

than in the previous case. Thus, the agency, in this case, is given over to the system.
The error in the decision is, then, attributed externally, i.e., an error in data or missing
data. On the other hand, in trust, the blame is internal, i.e., one’s analytical reasoning.
A better understanding of the logical and lexical semantics of trust and confidence helps
the development of effective evaluation metrics to measure confidence and trust and,
subsequently, design more effective guidance techniques. In Figure 2.5, we illustrate the
semantics of trust and confidence within an analytical process.

Confidence is present in the decision-making stage of the analytical process, where the
acquired knowledge points out one option. The error in the decision is, then, attributed
externally, i.e., error in data, missing data, etc. On the other hand, in trust, the blame is
internal, i.e., one’s analytical reasoning. Trust requires a risk situation where uncertainties
are high. The user chooses to trust that the information provided by the system (in
terms of visual encoding in VA systems) is reliable. It could refer to trust in internal
algorithms and calculations embedded under the hood.

In psychology, confidence is seen as the self-perception of one’s decisions. It is usually
assessed by a self-reporting method. Confidence also refers to the “judgments of ac-
curacy...after the completion of a task” [SKJ15, p. 158]. In the field, there are several
tools to measure performance-based confidence. For example, the Proverbs Matching
Test [SKJ15] could be adapted to measure self-perceived confidence in decisions within
the analytical process. Lack of confidence is not the only challenge to effective decision
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making. Overconfidence is a challenge that arises from confidence bias [Arn06].

On the other hand, trust is understood as one’s perception of someone or something
else. Trust in psychology is assessed using similar self-reporting methods. It can be
more accurate than assessing confidence. However, the challenge arises in examining the
reasons for the trust or mistrust. Researchers in psychology disagree whether trust is a
rigid state learned early and remains stable throughout the relationship cycle or malleable
and continuously changing [Sim07]. This dissertation approaches trust as a malleable
state [PG15]. However, it assumes that the early stage of the user-system relationship is
crucial to establishing a trusting relationship. Trust is also understood as a psychological
contract, “an individual’s beliefs about the terms and conditions of a reciprocal exchange
agreement” [Rob96, p. 575]. Thus, trust deteriorates when expectations are not met.
Although over-trusting can affect decision making, it can be overcome by evaluating how
effectively the other party met the expectations, or terms of contract.

Trustworthiness emerges as an important related concept in understanding and evaluating
the trust relationship, especially in ethics studies. Trust is to trustworthiness what reliance
is to reliability. Trustworthiness is viewed as the moral obligation of the trusted party to
act with goodwill in fulfilling expectations under the psychological contract [Jonl2]. For
example, in VA, the user expects the system to provide an accurate and comprehensive
encoding of the data. The importance of trustworthiness in the relationship between two
parties, e.g., the user and the system, is that it holds the trusted party accountable and
responsive in the relationship that is essentially based on high uncertainty and risk, as
we stated above [Jonl12].

Confidence vs Trust in VA Confidence and trust are properties of an attitude
towards the self and the VA process. In VA, this attitude is based on knowledge that
exists and is acquired in the process. Users actively seek information that informs their
attitude toward the self (confidence) and the VA tool (trust). This information represents
the knowledge gap that needs to be bridged by VA tools, i.e., guidance.

User confidence could be understood from two different perspectives. It could refer to
self-efficacy or the belief in one’s accuracy [SKJ15]. Self-efficacy is the starting point of
confidence that guidance must boost throughout the analytical process by supporting
users’ belief in the correctness of data and information interpretation. Moreover, it
should increase the user’s belief in the accuracy of their choices throughout the analytical
process. On the other hand, user trust is the belief in the correctness of an external
party without evidence [Cof07]. In VA, trust exists within the interaction between the
human and the VA system. Guidance designers should consider how their design choice
impacts the user’s trust in the tool and their confidence during the analytical process.

In our work, confidence refers to users’ degree of certainty in the correctness of their
decision based on specific acquired knowledge. While trust is the users’ degree of certainty
in the system’s information/decisions/options. It is a holistic impression of certainty
in the space of uncertainty. When users trust, their actions are interdependent on the
system rather than the self-accuracy of judgment, such as confidence.
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Thus, measuring user trust in a system or data could be more complicated, as it requires
probing several sources of knowledge at a broader scale. This assessment varies between
users based on their backgrounds and expertise. Trust is less likely to be impacted during
one visual analysis process. As discussed above, the early stage of the relationship is
crucial. However, confidence is a measurable concept and highly mutable within an
analysis process. We highlighted in [section 2.2 how properties of user attitude can be a
source of cognitive bias, which can result in subjective uncertainties. The user context
and expertise influence such biases. For example, the Dunning-Krugger effect describes
how “low-ability people overestimate their performance” p. 18]. This effect
is closely related to the properties of users’ attitudes. The Dunning-Krugger effect, a
cognitive bias, can result from overconfidence.

To sum up, in our dissertation, we distinguish two important properties of user attitude:
user confidence and user trust. This distinction allows visualization and VA designers to
tailor their proposed techniques better to address uncertainties more effectively. Under-
standing the interplay between both properties is also important. This comprehensive
understanding allows systems to adapt progressively to the changes in the properties of
the user attitude throughout the analytical process. It also allows the development of
more accurate tools to quantify these properties, allowing a more effective evaluation of
the designed tools. Finally, the distinction between the two properties generalizes across
visualization and VA studies. This chapter exemplifies guidance as the object of trust
and a VA tool to support confidence.
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CHAPTER

Uncertainty Guidance in Proton
Therapy Planning Visualization

This chapter addresses the need for guidance mechanisms to support decision making in a
clinical domain, namely, proton therapy (PT) planning, and is based on the publication:

Maath Musleh, Ludvig Paul Muren, Laura Toussaint, Anne Vestergaard, Ed-
uard Groller, Renata G. Raidou, “Uncertainty guidance in proton therapy plan-
ning visualization”, in Computers & Graphics, Volume 111, 2023, pp. 166-179,
doi:10.1016/j.cag.2023.02.002.

Uncertainties in the PT workflow pose significant challenges for navigating treatment
plan data and selecting the most optimal plan among alternatives. Although guidance
techniques have not yet been applied to PT planning scenarios, they have successfully
supported sense-making and decision-making processes in other contexts. We design a
multidimensional guidance mechanism to support PT decision making under uncertainty.
Our findings indicate that uncertainty guidance in PT planning visualization does not
necessarily impact the perceived confidence of the users in the process. Nonetheless,
our work provides new insights and raises uncertainty awareness during treatment plan
selection. This observation was particularly evident for users with longer experience in
PT planning.

3.1 Introduction

Proton therapy (PT) is a standard radiation modality in cancer treatment. It requires
careful planning to ensure that a tumor will be sufficiently irradiated while adjacent
tissues are avoided as much as possible. The treatment plan is calculated using a dedicated
treatment planning software (TPS), which computes how the therapy system will deliver
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the radiation dose to the patient. This lengthy process is usually limited to generating a
couple of alternatives with additional positional, i.e., translational, variations. Deciding
on an optimal plan is a complex undertaking with several uncertainty factors, which
relate to the physics behind the calculations and the biological effects of the dose on
tissues.

Researchers and practitioners design and select robust PT plans for patients, depending
on the available TPS to calculate the plan(s) and make appropriate therapy decisions.
The TPS includes mainly slice-dose overlay views (Figure 3.1 (a)) and an additional plot,
called dose volume histogram (DVH), that depicts radiation dose administered to volume
percentages of specific structures (Figure 3.1/ (b)). Beyond juxtaposition, the TPS views

Figure 3.1: Conventional views in available TPS: (a) slice-dose overlay views and (b)
DVH, where brown indicates the brain stem (a structure at risk) and magenta indicates
the tumor target. The line band corresponds to the plan’s robustness. Image produced
by Laura Toussaint.
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do not allow the user to simultaneously compare and assess multiple plans. They also
do not support understanding the involved PT uncertainty factors and how these might
affect the treatment outcome. The current workflow leaves a gap for a more efficient
sense-making and decision-making process, exploiting the synergy between the human
expertise of the researchers or practitioners in PT and the computational power of the
TPS.

Guidance techniques [CGM™ 18, [CGM19a] could leverage the synergy between domain
experts and their systems, but they have yet to be explored within the context of
PT or other clinical applications. In clinical applications (and thus also in PT), data
exploration through visual interfaces is often complex. There is still a significant lack
of trust in visual analysis frameworks and confidence in the outcomes |[GSGT21]. Tt
is reflected by the low adoption of visualization solutions in clinical workflows, which
indicates that the suitability of visualization frameworks for clinical decision-making
scenarios is limited [GSG™21]. In PT, uncertainty adds to the sense-making and decision-
making complexity [Rail8]. Developing guidance techniques for uncertainty within a
PT planning visualization system is anticipated to provide researchers and practitioners
with a comprehensive view of the planning robustness. Hence, we aim to provide an
overview of the entire decision space, which includes all involved uncertainties and their
impact on the treatment plan. Our approach is expected to improve the effectiveness
and reproducibility of the sense-making and decision-making processes in PT planning.

The contribution of this work is the design, development, and assessment of a dashboard
as a guided visual interface that enables: (i) the effective comparison of PT plans and
(ii) the analysis of the impact of their respective uncertainties. As part of the interface,
we investigate and develop guidance mechanisms that facilitate navigating through PT
plans and their uncertainties in a multi-level-of-detail manner, where both the degree
of intrusiveness and detail-orientation of the guidance can be tuned and adapted to the
needs of the user. Our proposed two-dimensional guidance mechanism, i.e., intrusiveness
and detail-orientation, has not been addressed before, while guidance has yet to be
investigated extensively in the context of a clinical application. To evaluate guidance in
PT uncertainty visualization, we propose a framework that focuses on the impact of the
guidance on the sense-making and decision-making process.

3.2 Background

3.2.1 Clinical Background

PT requires careful planning to account for several uncertainty factors—from data
acquisition to treatment planning and radiation dose delivery. In the planning stage,
researchers and practitioners use dedicated TPS, such as Eclipse [SLB™18|. They calculate
possible treatment plans by deciding on characteristics of the treatment, such as the
number of beams, their directions, or specific dose constraints to be fulfilled. Given
the computational complexity of the process, only a few, i.e., 2-3, nominal plans are
computed. Within the few nominal plans, practitioners also consider several uncertainty

43



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

3.

UNCERTAINTY GUIDANCE IN PROTON THERAPY PLANNING VISUALIZATION

44

factors in deciding which of the plans is the best solution for a patient. Therefore, each
treatment plan alternative encompasses a large possible combination of uncertainties
[SRM™19|. Currently, some uncertainties are accounted for during treatment planning
through robust optimization.

Despite the significant effort in the visualization community to formalize the definition of
uncertainty [RPHLI14, (GSWS21], our field has yet to adopt a standard definition. For
radiotherapy, Raidou defines uncertainty as “any variation in the dose planning outcome,
which is produced by an ad-hoc choice or a stochastic process at any step of the radiotherapy
pipeline” [Rail8, p. 14]. This definition outlines the challenging and multi-faceted nature
of uncertainty in radiotherapy (and, subsequently, in PT). In common practice, not all
sources of uncertainty are addressed at once. Several sources of uncertainty are prioritized
due to their high impact on deciding the final treatment plan. For example, previous work
focused only on uncertainty due to anatomical variability [FGM™20, FMCM™21]. Here,
we address other types of uncertainty—related to the underlying physics and biological
effects of the dose on tissue and their subsequent side effects.

Set-up uncertainties are often investigated in the domain of radiotherapy. They represent
the possible deviations in patient positioning on the treatment couch compared to the
expected position from which the plan is initially calculated [STS™12]. These deviations,
in practice, reflect positional variations along the three main anatomical axes of the
patient. For example, for each nominal plan, six additional variations along the 4z,
+y, and +2z axes of the patient are considered. Additional uncertainties are related to
the relative biological effectiveness (RBE) [Pagl8], which is an emerging uncertainty
topic in PT that is not yet tackled in TPS. Clinicians use a fixed RBE factor of 1.1
to account for the larger effectiveness of proton- compared to the photon-based RT
IMPG™17, HDC™21|. However, several mathematical models exist that provide a more
accurate factor [RFD™18|. These calculations also encompass another level of uncertainty
with the o/ sensitivity variable per structure, which is essential for the RBE value
[KWT9, lOITT21].

In Figure 3.2, we schematically depict the process resulting in several factors and
alternatives for each nominal plan. These need to be considered by clinical physicists
to make an informed and complete decision about an optimal plan to follow. Currently,
these alternatives are explored and analyzed manually using slice-dose overlay views,
DVH plots, or both (Figure 3.1). This solution does not offer a comprehensive view of
the different PT plan alternatives’ sense-making and decision-making space. It also does
not support clinical physicists in their workflow of investigating PT plan uncertainties to
decide on a robust treatment strategy for a given patient.

This work targets decision making by domain experts of various levels of expertise.
Thus, the impact of guidance on user confidence and the uncertainty introduced by
users’ cognitive biases are different from that expected in the context of domain-agnostic
applications. The designed system builds upon the described state-of-the-art TPS, the
established workflows in the domain of radiotherapy planning, and the sophisticated
scientific models. The target domain experts are familiar with the latter, and thus, they
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Figure 3.2: Schematic depiction of the uncertainties involved in deciding on an optimal
PT plan. For each nominal plan, set-up and RBE-related uncertainties must be accounted
for.

have an existing trust relationship with these models. For instance, although they might
be aware of the uncertainties they produce, they might not yet be aware of their impact
on the simulated therapy plans. This factors into how the users will interact with the
system and guidance.

3.2.2 Important Concepts and Definitions

Here, we clarify essential concepts and terms in the chapter:

Clinical goals are clinical guidelines that provide a list of dose exposure limits for each
structure based on scientific evidence. This list is used as a reference when physicians
inspect dose exposure. Clinical goals help clinicians identify a therapy decision that
avoids unwanted damage to structures.

Guidance is ambiguously discussed in visualization and visual analytics (VA), and
many different definitions (and interpretations thereof) exist. Guidance comes in many
forms: some are prominent, such as text popping up to provide suggestions, and others
are subtle, such as visual cues [CGM19a). In this work, we adopt the definition of Ceneda
et al. ﬂm p. 1] that defines system guidance as “a computer-assisted process
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that aims to actively resolve a knowledge gap encountered by users during an interactive
visual analytics session”. In our case, the computer-assisted process of analyzing PT
plans and their respective uncertainties is facilitated by a two-dimensional mechanism,
i.e., intrusiveness vs. detail-orientation, which can be tuned and adapted to users’ needs.
This mechanism enables the adaptive use of (visual) cues derived from the data and
presented in our interactive visual system to bridge the users’ knowledge gap and inform
their analysis. We employ guidance as a means to unveil the impact of uncertainties on
the decision-making space and to raise awareness about this impact.

Guidance intrusiveness refers to the degree to which guidance interjects a sense-
making and decision-making process. It can be high if the guidance amends or supports
existing visual plots by, for example, line-styling or low when a separate, auxiliary view
presents the guidance.

Guidance detail-orientation refers to the detail level, or data resolution, at which
guidance is applied. In our case, it can be applied per voxel, per structure of interest, or
per slice—depending on the level where the analytical process of the user is occurring.

Knowledge gap indicates the quantifiable difference between the required knowledge
to complete an analysis task and the knowledge so far obtained by the user. A gap may
arise from different types of knowledge, such as domain knowledge or VA tool knowledge
ICAAT20]. In the context of our work, the knowledge gap arises from lacking an overview
on the entire radiotherapy planning decision space, which is hindered by multi-sourced
PT plan uncertainties. Referring to the categorization of Ceneda et al. [CGM™17b],
the type of our knowledge gap relates to an unknown target and pertains to the data
domain, as the workflow revolves around understanding data uncertainties and their
impact on the simulated dose data. Based on discussions with domain experts, this
knowledge gap cannot only be identified in the interaction with the tool and during
the analytical process [CGM™17b]—and even before the start of the analytical process.
By integrating guidance cues in our tool, we preemptively support the users in their
sense-making and decision-making process and provide them with a complete view of the
information required to make an informed decision on the optimal plan.

3.3 Task Analysis and Research Questions

After several rounds of discussions among the co-authors of this paper (visualization
researchers and medical physicists), we jointly agreed that the current PT workflow is
missing two main aspects. First, medical physicists need visualization mechanisms that
support them in comparing and assessing plan alternatives resulting from the process
described in section 3.2/ and depicted in Figure 3.2 (T1). Second, the workflow should
enable the guided exploration of the impact of different uncertainty types (set-up and
RBE) on the final decision about the optimal plan (T2). Making sense of the entire
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decision space is a complex process requiring a complete awareness of many uncertainty
sources. To unveil how the decision space is affected by uncertainties, guidance is required
[CAAT20).

Clinical applications often face the problem of adoptability. They might be using very
complex and unfamiliar visual representations (or interfaces, in general), trying to heavily
alter the existing workflow of the domain experts, or both. To counteract this, we provide
only simple views that are already familiar to the intended users, and we do not enforce
guidance through the analytical workflow.

As our co-designing medical physicists remarked, the workflow should be tunable to
their analytical needs. The users should be able to decide the degree of aid the system
should provide when comparing and assessing plan alternatives and their uncertainties.
Tunability, i.e., control, is an important requirement for clinical users that empowers them
to reach a confident decision on the perceived optimal therapy plan. We use guidance
to unveil the impact of uncertainties on the decision-making space and raise awareness
about this impact. Nevertheless, the final decision has to be made by the domain expert
in a way that is consistent and compatible with the current workflow.

We investigate the following research questions:

RQ1 How can guidance assist PT plan comparison (T1) and reduce the uncertainty
complezity (T2)?

RQ2 Which guidance methods can improve the confidence of users in PT plan sense-
making and decision-making processes?

RQ3 How can we validate guidance techniques designed for uncertainty PT visualization?

To address RQ1 and RQ2, we design a guidance dashboard specific to the scenario of PT
uncertainty visualization. It supports the exploration and analysis of multiple PT plans
(T1) along with their uncertainties and their impact on the decision-making process (T2).
Only simple representations are employed to support adoptability. Specifically for RQ2,
we investigate different levels of intrusiveness and detail in developing and applying our
guidance mechanisms. This approach is necessary to provide the desired level of control.
Finally, the value of our adopted methods is measured through a domain-expert user
evaluation. It builds upon available approaches to account for the guidance impact on
the sense-making and decision-making process RQ3.

3.4 Design and Implementation

Our designed and implemented dashboard supports comparing PT plan alternatives.

The guided navigation of their uncertainties uses a multi-level-of-detail approach with
different degrees of intrusiveness. The dashboard is developed in a flexible and extensible
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PyCharm environment using Python and Dashl. It is the result of an iterative co-design
process with clinical physicists, as further discussed in subsection 3.5.1.

3.4.1 Patient Data and PT Uncertainties

We received anonymized planning Computed Tomography (pCT) data with two sets of
PT plans for pediatric brain tumor patients. The 3D plans were calculated for illustrative
purposes in the context of this work. These included two nominal plans and six different
set-up uncertainty scenarios for each nominal plan. In total, we have 14 plan alternatives
per patient resulting from the set-up uncertainties. The alternatives are all 3D volumes,
where the scalars encode radiation dose in Gray (Gy).

We obtained the respective linear energy transfer (LET) distributions for each plan.
These are also 3D scalar volumes, where a scalar encodes the amount of energy an
ionizing particle transfers to the material through a unit distance traversal in keV /um.
The data represent the energy deposition density along the depth of the beam, which is
an essential variable in estimating damages caused by the radiation dose to the tissues
[WWHCII]. The LET is also an input parameter for the different RBE models proposed
in the literature.

Moreover, the datasets included a delineation of a total of 93 structures located around/close
to the tumor, such as the brain stem or the temporal lobe, and target delineations. We
also received a list of maximum-dose clinical goals (maximum radiation dose) as input to
inform guidance in calculating the DVHs for the different structures.

In addition to the set-up uncertainties, we deal with RBE-related uncertainties, which
must be calculated in real time and integrated into our dashboard. We calculate the
RBE values using the LET distribution and eight known models in the field [RFD™18].
Thus, we obtain eight RBE calculations for each plan, which may differ from each other.
Additionally, we use a default structure sensitivity value a/f of 2.0 Gy, but the interface
enables the user to control these values in real time while comparing PT plans. This
functionality enables the user to unravel the RBE uncertainty further.

3.4.2 Uncertainty Guidance Design

We propose a two-dimensional formulation of uncertainty guidance, which targets complex
scenarios where a multi-level-of-detail —yet controlled— exploration of uncertainties is
required. Table 3.1 shows an overview and categorization of the guidance mechanisms
developed as part of our dashboard and further discussed in [subsection 3.4.3.

The first dimension represents intrusiveness. As discussed in subsection 3.2.2 low-degree
intrusiveness does not “intrude” the user’s analytical visual space; instead, it employs
on-demand, auxiliary solutions. High-degree intrusiveness becomes intrinsic to the user’s
analytical visual space by altering it. Our definition indicates that highly intrusive
guidance is displayed within the user’s direct perceptual focus or is integrated into
conventional views, such as new encodings within the slice-dose overlay or the DVH view.
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Table 3.1: Guidance overview and categorization using two dimensions (intrusiveness and
detail-orientation) and employed in our dashboard to compare the available PT plans

and navigate through their respective uncertainties.

Detail-Orientation

tainty distribution plot
(Figure 3.5)

DVH lines for struc-
tures of interest (Fig-
ure 3.7)

Per Voxel Per Structure Per Slice
% Low | Slice-dose overlay (Fig; | RBE uncertainty vio- | Uncertainty indicator
g ure 3.3) & Explicit | lin plot (Figure 3.6)) (Figure 3.8)
2 comparison view (Fig-
= ure 3.4))
E
= High | On-demand uncer- | Targeted stylization of | Re-adjustment of the

presented dose based
on selected RBE mod-
els

Oppositely, less intrusive guidance comes within separate, supplementary views that can
be added on-demand. This salient encoding is intended to draw the user’s attention
proactively. Intrusiveness relates—but is not entirely equivalent—to the controllability
characteristic of guidance, as discussed by Ceneda et al. [CAA™T20]. The system allows
the user to control the degree of guidance and, subsequently, the degree of intrusiveness
to comply with their analytical process. This feature also resembles the refine stage, as
described by Sperrle et al. [SJBT21]. As a difference, our approach does not include
automated control; instead, it leaves tuning to the user.

The second dimension represents detail-orientation, which relates to the level of detail,
i.e., voxel, structure, or slice level, at which the guidance works. At each level, we
investigate and compare the impact of uncertainties on the patient plan. The structure
level is the most common, as planning often considers entire organs [SRM™19]. The voxel
level provides more granular detail on sub-parts of the organ where significant differences
might occur. The slice level is an aggregation essential for efficiently comparing doses
and identifying issues at very impactful slice ranges, for example, close to tumors or
structures.

In designing our guidance mechanisms, we consider additional points. First, we integrate
uncertainty guidance with anatomical and DVH plots, maintaining conventions in the
PT domain to promote adoptability. Second, we employ the guidance plots as abstract
visual cues. We abstract the plots if low-level details are not meaningful for the analytical
process of the user. For example, if we are interested in a high-level comparison of two or
more dose distributions, we largely omit axis labels and ticks as unnecessary detail. This
way, we accommodate many plans and uncertainty factors in an abstract comparative view
to provide indications of plan differences that guide the user through the decision-making
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process. Finally, our guidance techniques encompass visual organization techniques. Thus,
we do not introduce any new plots. We only rearrange and regroup existing ones. The
following subsection discusses how we implemented the guidance-enriched PT planning
dashboard.

3.4.3 Dashboard Implementation

We followed a detailed—context—overview approach while building our dashboard [LBS™19).
The final dashboard evolved through an iterative co-design process with domain experts
(further described in [section 3.5). It resulted in the inclusion of different views that
enable the users to explore and compare details and summaries of plan-dose overlays
with their uncertainties. The dashboard also provides several control features to enable
dynamic guidance based on user interaction.

As input, the dashboard requires DICOM (Digital Imaging and Communications in
Medicine) data that comprise a patient’s pCT scan slices, information about the structures
of interest (delineations and dose-limitation clinical goals), and the respective dose and
LET distributions. As output, the dashboard displays a comparative view of different
PT plans and their uncertainties (RBE and set-up). Concerning the available knowledge,
the domain experts are knowledgeable and experienced in reading and comprehending
dose/LET plan visualizations overlaid on pCT scans together with structure contours and
DVH plots (Figure 3.1). The domain experts are also knowledgeable about the nature
of uncertainties. However, they could benefit from visualizations that support them in
understanding and comparing uncertainties from different plan alternatives (T1,2). In
this case, conventional plan visualizations and DVH plots are insufficient, as discussed in
section 3.2 This is, thus, the knowledge gap we attempt to bridge.

Slice-Dose Overlay View |Figure 3.3 includes the typical slice-dose overlay view
on the pCT slices along the three main anatomical axes for two plans. This slice-based
view is conventionally used in PT to represent the dose distribution on the patient’s
anatomy at each voxel position [SPBR20]. In the background, the pCT scan is presented
using a grayscale, and the dose- (or LET-) plan is overlaid using a rainbow color map.
Additionally, structure contours are overlaid with distinct colors. The rainbow color map
and the contour colors are retained to follow standard practices and conventions in PT
visualization [SPBR20]. This view supports T1. To optimize space on the interface for
the comparison, we position the three anatomical planes vertically, as opposed to the
configuration in Figure 3.1 (a). Our collaborators did not deem a 3D view necessary.

To compare two plans, the domain experts currently must exchange views by moving
back and forth between plans. Plumlee and Ware [PW06] suggest multiple windows
to compare complex data that the users cannot easily hold in their visual working
memory. In our dashboard, we adopt a juxtaposition approach where the two plans are
depicted side-by-side. This supports plan comparison through a simultaneous and linked
exploration of the slices. It is a low-intrusiveness and per-vozrel guidance mechanism,
which allows a one-by-one comparison of two dose- (or LET-) plans for one patient at a
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voxel level. Superposition is not an adequate choice, as the underlying planning CT scan

has to be retained for anatomical context.
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Figure 3.3: pCT slices overlaid with dose distributions and structure contours from two
plans (in the two columns) on the three main anatomical planes (in the three rows) of
the patient for one slice (Slice 153). The contour colors (colormap to the left) follow the
conventions in the clinical environment.
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Explicit Comparison View For a more explicit comparison of two plans, we use the
view shown in Figure 3.4. Explicit encoding of the computed difference provides better
precision of the image difference [KPBG13|, which supports the comprehensibility demand
of a guidance encoding. The view encodes the difference between the primary (top) plane
views in Figure 3.3. It includes the typical anatomical slice with a semitransparent dose
overlay that results from the absolute difference between the dose or LET values of the
first and the second plan. A calculated value may be positive or negative, based on
which plan receives a higher dose at the specific voxel position. The difference is encoded
in a red-to-blue diverging color scale. Red represents a higher dose value for the first

plan, and blue represents a higher dose value for the second at a given voxel position.

The view can additionally include structure delineations, as used conventionally in the
domain of PT planning. It implements a low-intrusiveness and per-vozel guidance, which
supplements the slice-dose overlay view. The explicit comparison view supports T1.

18.4 Plan A - Nominal

13.8

9.2

46

-8.2

-13.8

I-13.4 Plan B - Nominal

Figure 3.4: The explicit comparison view encodes the differences between the two plans
of [Figure 3.3 using a divergent red-to-blue colormap to indicate different doses between
the two alternatives at each voxel. The contour colors follow the conventions in the
clinical environment.
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Uncertainty Distribution Plot The user can hover over a voxel position in an
ROI that receives a radiation dose, for example, a voxel within the brain stem. In this
case, a plot of the dose distributions of the alternative plans at that specific voxel with
accompanying uncertainties will appear. Several comparison techniques are possible. Due
to the high-intrusiveness nature of this encoding, we use superposition to provide a direct
visualization of the trade-off between the two plans [KPBGI3].

The plot compares at a high level and highlights differences in the distribution of all
possible dose values at a voxel. It is based on all different RBE and set-up uncertainty
factors for each plan and structure (Figure 3.5), and supporting T2. We depict each
plan with a distinct color (red or blue, following the explicit comparison convention).
The rugplot [Tuf0I] under the horizontal axis further enhances this representation by
visualizing the marginal distribution of the data as marks along the axis. Rugplots
are often coupled with distribution plots to enhance the view on the raw data used in
plotting the distribution. This guidance mechanism provides users with a many-to-many
robustness indication in comparing two plans at a vozel level with a high degree of
intrusiveness.

Plan B
— Plan A

Figure 3.5: The distribution plot pops up when hovering over a voxel position within
a delineated structure receiving a radiation dose. It reveals the high-level uncertainty
distributions of the two plans, indicated with the two different colors. The rugplot, i.e.,
the marks on the horizontal axis at the bottom, further enhances the abstract comparative
representation.
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RBE Uncertainty Violin Plot The view in Figure 3.6 provides a guidance of low
degree of intrusiveness to the user on the robustness of plans. Robustness is based on
the uncertainty distribution introduced by the calculated RBE factor of each structure
of interest (T2). We represent the RBE uncertainty distribution for each structure of
interest with a split violin plot, as seen in Figure 3.6. It displays at a high level the
distribution of the possible values based on calculating RBE at each scenario of the plan
with each of the chosen calculation models and other parametrizations for the structures
of interest.

We considered alternatives like common box plots or sparse representations, such as
those proposed by Wentzel et al. [WHL¥19]. Although box plots might be more familiar
to domain experts, violin plots are advantageous for showing the entire data distribu-
tion [HNO8]. They also facilitate the identification of differences across distributions. This
characteristic enables the users to detect marginal trade-offs between the compared plans,
which is crucial in our scenario. The user can zoom into areas of interest. Additional
statistical annotations are provided on-demand to support the comparison of the two
distributions—showing also exact numerical values. Eight models are used to calculate
the RBE factors from each set-up scenario at each voxel position (in total, 56 different
alternatives) for each structure and both plans. In Figure 3.6, a subset thereof is shown.

(Brainstem, max: 2.003712)

(Brainstem, max: 2.007204) ® Plan A
‘ @ PlanB

=
L)
e
7]
]
L
L
m
o

(Brainstem, min: 1069244}

Brainstem Retinalt TemporalLobelt TemporalLobeRt SpinalCord

Figure 3.6: Comparative uncertainty distribution of possible RBE factors for the structures
of interest. The two plans are shown with two distinct colors. The RBE uncertainty
calculations include many factors, such as different RBE models and structure sensitivities
(/B ratio). When hovering, the user is provided with additional annotations to support
the comparison. The calculations have been done for six structures of interest.
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Targeted Stylization of Dose Volume Histogram (DVH) Lines The DVH plot
is a typical depiction in the RT domain that displays the distribution of the dose over
volume percentages of structures (see Figure 3.1(b)). The distribution of dose values
to volume percentages is calculated from the DICOM data files, which contain the
delineations of the structures of interest. In the DVH plot, users can inspect the dose
or LET volume distribution. DVH plots accommodate a many-to-many per-structure
comparison (T1,2). Different plans and uncertainty factors can be computed and plotted
with color coding and different line styles. In [Figure 3.7, we illustrate two plans in
the same DVH plot with several structures of interest. The user selects and deselects
structures for each plan through the active legend. Line stylization supports an intrusive
guiding strategy. A distribution line is drawn with a larger width if the corresponding
structure received a maximum dose that exceeds the clinical goals. In Figure 3.7, this
occurs for the temporal lobes in plans A and B. Adjusting the line width provides a
more expressive visual guidance cue, given the lightness of the conventional colors used
to represent the structures. A less intrusive mechanism may involve uncertainty bands
ZKI1.17], where the per-structure set-up uncertainty is displayed as a band around the
line.
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Figure 3.7: The Dose Volume Histogram (DVH) for the structures involved in two plans
(plan A indicated with dashed lines and plan B with dotted lines). Line stylization
guides the user in identifying structures at risk (encoded by the increased line width, for
example, for the temporal lobes in plans A and B). The colors have been selected based
on TPS conventions.
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Uncertainty Indicator A heatmap plot summarizes the plan robustness per slice,
i.e., which plan has less uncertainty for each slice. This view supports T2. We use a
grayscale heatmap to avoid user confusion, given that the dashboard already employs
other color encodings dictated by field conventions.

We calculate the average dose exposure and standard deviation for each slice, which
resulted from the different RBE calculation models. The standard deviation ¢ indicates
the variability in the uncertainties throughout all possible alternatives. ¢ is encoded in
a grayscale where dark grey indicates a high o, i.e., a slice with high uncertainty. An
example of the uncertainty indicator view is shown in [Figure 3.8, juxtaposed are two
plans and the different slices of the volumes. In this example, slices beyond number 230
have high os, i.e., uncertainty, in plan A and low os in plan B. Brushing and linking allow
the user to select a particular slice by directly clicking on the uncertainty indicator to
investigate the slice further. The view integrates a low-intrusiveness guidance to support
uncertainty plan comparison at a slice level.

Re-adjustment of the Presented Dose based on Selected RBE Models The
user can select which models to include in calculating the average RBE factor per voxel. It
is done through several controls, further described below. Changing the model will trigger
a real-time recalculation and adjustment of the views affected by changes in the RBE
computation. It can be experienced as a high-intrusiveness solution, mainly applicable to
slice-based exploration and analysis. The re-adjustment mechanism supports T1 and T2.

Controls The dashboard is supported through several controls that accompany the
guidance strategies. Some controls are shared between views, and others are restricted to
an individual view. In total, the dashboard includes five controls, one for: manipulating
the slice-based view, the inclusion/exclusion of structures of interest, setting up the
clinical goals and sensitivity value for each structure (Figure 3.9 (a)), exchanging the RBE
models and set-up scenarios (Figure 3.9/ (b)), selecting the level of guidance intrusiveness
that the user prefers (Figure 3.9 (c)).

Plan B Il U.D.SB

A A S S A A S A A - - N T - -
% Y e % % e % % "% o Yo Y T Y T u
Slice #

Figure 3.8: The uncertainty indicator view provides a per-slice indication of the uncer-
tainty for two plans and all slices. A darker gray value indicates a higher o, i.e., higher
uncertainty, in the given slice.
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Figure 3.9: Three of the five controls accompanying the guidance mechanisms of our
dashboard: (a) provides a check-list of the structures of interest and sliders for setting
their clinical goals and sensitivity values, (b) provides a check-list of the included RBE
models, a drop-down menu to choose plans for comparison, and a slider for selecting
set-up uncertainty scenarios, and (c) provides an interface to select the level of guidance
intrusiveness.
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Making a selection through one of the controls has a linked impact on one or more
views of the dashboard. For example, the controls of Figure 3.9 (a) provide an input
mechanism for the user to include or exclude structures and set their sensitivity values
and clinical goals. Modifications directly impact dose calculation, which is then reflected
on the slice—dose overlay view, the explicit comparison view, and, subsequently, on all
the other views of the dashboard. Similarly, the controls of Figure 3.9| (b) concern the
inclusion of different RBE uncertainty sources and set-up uncertainties, affecting all
possible dashboard views.

Finally, the slider in Figure 3.9 (c) controls the degree of guidance intrusiveness in the
dashboard views. The user can decide how intrusive the uncertainty guidance should
be in her sense-making and decision-making process. The control starts from disabled
guidance, where the conventional slice-based views in Figure 3.3/ and the DVH plot in
Figure 3.7 are presented. In the minimal and intermediate degrees of intrusiveness, low-
intrusive guidance is added to the interface. In the former, the explicit comparison view
(Figure 3.4) is included, and in the latter, the RBE uncertainty violin plot (Figure 3.6)
and uncertainty indicator (Figure 3.8) are added. The full guidance mode includes the
intrusive guidance that styles lines in the DVH plot (Figure 3.7) and the uncertainty
distribution plot on slice pixel hovering (Figure 3.3). It also presents the RBE calculation
controls in Figure 3.9| (a) and (b).

3.4.4 Usage Scenario

In this section, we present a usage scenario to showcase the full functionality of our
dashboard. We expect the users to start their navigation with the lowest degree of
guidance, as this coincides with current practices. Initially, the slider under the panels is
used to browse the linked anatomical slices in Figure 3.3. The users scroll through the
data until they reach a slice that displays the region(s) of interest (ROI). For example,
in Figure 3.3, these could be the temporal lobes (indicated in pink and magenta), the
brain stem (indicated in red), and the tumor volume (indicated in green). They can,
subsequently, add more guidance and consult with the explicit comparison view in
Figure 3.4, Here, they can identify a significant difference in dose radiation in specific
ROIs (T1), i.e., the posterior part of the brain receives a higher radiation dose with plan
B (indicated by the blue color). In Figure 3.9 (a), the users can deselect the contours
of the least important regions. Hovering over a structure allows them to explore the
uncertainty in the voxel values, for example, in [Figure 3.5, which shows a shift between
the two plan distributions (T2). To receive a more comprehensive picture, they can
change the displayed data or select a higher dose value range to display. Users inspect
the plot in [Figure 3.8 to identify particular slices where a significant uncertainty variance
occurs. In this example, they can select slice 138, where plan A exhibits a significant
uncertainty variance indicated with a darker color. Slice 138 is also depicted in [Figure 3.4,
where a difference in dose is noticeable.

To complement their findings, the users can opt for the highest degree of guidance and
request to additionally explore the DVH plot in Figure 3.7. In this example, the increased

59



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

3.

UNCERTAINTY GUIDANCE IN PROTON THERAPY PLANNING VISUALIZATION

60

line thickness indicates structures that may be at risk (T1,2). For instance, the right
temporal lobe indicated with the dashed, thick, magenta line might be a structure at risk
in both plans A and B. In contrast to this, the retina (light pink line) is not a structure
at risk in either of the two plans. The users can then customize the clinical goal for an
interesting structure at risk and deselect the rest. They navigate the differences between
the dose distributions in the structure in both plans using the plot shown in [Figure 3.5.
Here, the two distributions differ by a shift, indicating that plan B administers a higher
radiation dose overall. To get a clearer picture of the plan’s robustness at a structure
level, users can further explore the violin plots in [Figure 3.6. The plots may indicate
significant differences between the plans for each of the structures. In this example, the
differences are slight, as the two sides of the violin plot are almost identical. Finally,
users can also customize the sensitivity values and RBE calculation models in [Figure 3.9
(a) and (b), respectively, and include the sensitivity uncertainties in the analysis. Now,
users can make decisions relying on a high or low degree of guidance intrusiveness in our
tool.

3.5 Evaluation and Results

We followed an iterative co-design process with domain experts, where the views and user
interactions discussed in section 3.4 were developed in tight collaboration with domain
experts. This approach has facilitated understanding problems in the PT planning
domain [MCJ22]. The iterative design included three formative sessions to inform our
design decisions (subsection 3.5.1). After the finalization of the design, we conducted a
user evaluation (subsection 3.5.2)). The aim was to evaluate whether the dashboard, with
its guidance mechanisms at different degrees of intrusiveness, influences the perceived
confidence and supports the users in their sense-making and decision-making process.
We included a total of six domain experts (Table 3.2) throughout the formative sessions
and the user evaluation (Table 3.3)).

Table 3.2: Domain experts participating in the evaluation sessions and their experience
(in years) in RT research and practice.

Occupation Research years | Practice years
P1 | Medical Physicist 25 5
P2 | PostDoc Researcher 5 0
P3 | Medical Physicist 19 24
P4 | PhD Student 1 0
P5 | Medical Doctor 6 3
P6 | Medical Physicist 18 30
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3.5. Evaluation and Results

Table 3.3: Participation of domain experts in the different stages of the evaluation
(formative sessions vs. user evaluation).

Evaluation Stage
Formative Sessions User Evaluation
1 2 3
P1 v v v
P2 v v v v
P3 v v
P4 v
P5 v
P6 v

3.5.1 Formative Evaluation

We conducted three formative evaluation sessions to inform our design decisions. As seen
in Table 3.3, P! and P2 were involved in the entire design process. They initiated this
project by providing data, initial information regarding current practices and the clinical
workflow, as well as ideas for improving the current sense-making and decision-making
process.

The first formative session was conducted together with P1, P2, and P8 in a joint session.

We discussed in this session a low-fidelity prototype sketch (Figure 3.10) to elaborate
further on how the users imagine the design of the dashboard. We discussed which
tasks users would like to be able to perform and how their current workflow could be
improved. We also dealt with visual cues and how we could design them better to ensure
compliance with field conventions. P! and P2 highlighted the unresolved visualization of
uncertainties in the process as their current knowledge gap. Presently, the field of PT is
discussing the possibility of selecting one or two RBE calculation models instead of the
1.1 RBE factor, which is the current clinical default value. After this session, we improved
the comparison encoding in the RBE uncertainty violin plot based on discussions with
the expert collaborators. We also condensed the slice views to provide a permanent
display of the three plane views—axial, sagittal, and coronal. Moreover, we included
domain-familiar visualizations, i.e., the DVH plot and slice views. Finally, we added
controls to enable user customization and a heatmap plot to indicate plan robustness. It
resulted in the second design (Figure 3.11).

The second formative session was conducted individually with P! and P2 to discuss
the second design iteration. This session was targeted toward concretizing the design
of the individual views. We started by discussing the views and functionalities of the

dashboard. Then, P1 and P2 obtained remote control and freely explored the dashboard.

We received valuable feedback regarding functionality and visual cues to inform our third
design iteration. After this session, we changed the parallel coordinates plot to a violin
plot to represent more accurately the RBE uncertainty. We rearranged the views based
on feedback about the anticipated analysis process. Furthermore, we made the slice views
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3. UNCERTAINTY GUIDANCE IN PROTON THERAPY PLANNING VISUALIZATION
larger and permanently displayed the three slice views of both plans in a juxtaposed
manner to better support comparisons. Finally, we redesigned the heatmap plot into an
aggregated version. It resulted in the third design (Figure 3.12]).
In the third formative session, we discussed the improved iteration of our dashboard. The
purpose of this session was to receive final feedback from both co-designers before putting
the dashboard out for the main user evaluation with a larger group, which is discussed
The RUP Dashboard
Case Info - o - : '
B B Ty BET O
@ Corsboll POST YL B Gingubum left
& Cingulum right B Corpus callosum & Fomix & GTV
& Hypothalamus 8B PTV1 8 PTVZ 8 Papez-naw
) EZFZi?i;’i‘?:‘;:kﬂ!i?.’:i#ﬁf;ﬁ.e..
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& Min-Max Made! B Wedenberg 8 Wilkens 8 MCDS
l‘ .. BRMF B Tabulated RBE lables
Figure 3.10: Low-fidelity prototype used in the first session.
The RUP Dashboard
Guldance: Plan comparison guidance -
S — T
e N - ™=,
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Figure 3.11: Interactive improved prototype used in the second session.
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3.5. Evaluation and Results

Slic Panais Control:  # Link

Dase Volume Histogram

Figure 3.12: Final dashboard employed in the user evaluation.

in the subsection 3.5.2. As illustrated in [Figure 3.10, [Figure 3.11, and Figure 3.12, the
dashboard evolved through several stages of an iterative process, where together with
domain experts we identified design choices appropriate to fulfill their tasks. Some views
were included in the first two versions of the dashboard, such as different comparative
views or parallel coordinates to show uncertainties, but did not make it to the final
dashboard because they were not considered effective or insightful enough.

3.5.2 User Evaluation

User Evaluation Design In our study, we evaluate the impact of guidance techniques
on the sense-making and decision-making process. We also assess the potential of
the uncertainty visualization approaches in reducing the perceived complexity in the
calculated PT plans. Specifically, we aimed to answer the following questions:

EQ1 How does the user employ the dashboard with regard to the given uncertainty
guidance mechanisms at different levels of intrusiveness (low vs. high)?

EQ2 How does the user employ the dashboard with regard to the given encodings at
different detail-orientations (voxel, structure, and slice)?

To answer the questions, the user evaluation design was informed by the taxonomy of
scenarios presented by Lam et al. [LBIT12]. We evaluate first the visual data analysis
and reasoning (VDAR) scenario. The study participants explored real-patient data
in a controlled environment, while we observed their behavior while employing the
dashboard. Moreover, we wanted to assess how the guidance mechanisms affected user
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Table 3.4: The 7-point Likert scale questionnaire of the ICE4-SUS (inspired by previous
works [WAM™19, Bro96]), completed by the study participants.
Questionnaire

A. What is your recommended radiotherapy plan? How did the visualization system inform your decision?

B. Please mark the box that best reflects your reaction.

Strongly Strongly
Insight Disagree Agree
O O

1. The visualization helps me detect and understand the differences between the two plans

2. The comparison between plans is difficult
3. The visualization provides different level-of-detail information when exploring the data
4.The information provided by the panels in the dashboard is redundant

[mi=]n]

ojgjo] o
ojojo] o
ojgjo] o
ojojo] o
ojojo] o
[mi=in]

Confidence

5. The visualization reduces the complexity of the data

6. The visualization uses meaningful and accurate visual representations
7. The visualization is a misleading representation of the data

8.The knowledge presented on the screen is complicated

ojgigig
oogig
Ooog|ig
gigigig
ojggig
oogig
ojggig

Essence

9. The system does not provide more value than existing tools

10. The visualization helps me make a decision about a plan recommendation

11. The visualization provides an understanding of the uncertainties in the data

12. The visual representation of uncertainty in the data did not impact my decision

O|g|g|o
O|g|g|o
O|g|g|o
O|g|g|o
O|g|g|o
O|o|g|o
O|g|g|o

performance (UP) in exploring the data and making a decision. For this, we used
an evaluation framework, which we called ICE+SUS, as it was inspired by both the
ICE-T questionnaire by Wall et al. and the System Usability Study (SUS)
popularized by John Brooke [Bro96]. In this questionnaire (Table 3.4), six statements
were worded negatively, and the remaining six were positive statements to minimize
acquiescence and extreme response biases. The participants were requested to fill out
this questionnaire after using the dashboard with different guidance levels. Furthermore,
we evaluated user experience (UE) by assessing whether the encodings effectively reduced
perceived uncertainties and increased the users’ confidence. For this, the responses to the
ICE+SUS survey and answers to additional open-ended questions were solicited. The
open-ended questions regard what could be improved, reworked, or seen as useful among
the uncertainty guidance mechanisms of the dashboard.

User Evaluation Course The final dashboard, as resulting from the formative sessions
(Figure 3.12), underwent an online evaluation with five participants (P2-P6). P1 did not
participate due to extensive familiarity with the dashboard. We conducted individual
online and recorded sessions using screen sharing and remote control. We spent the
first few minutes explaining the views of the interface and basic functionalities of the
dashboard until these were clear to each participant. Then, the participant was given
control to freely explore the dashboard without our interference.

The user evaluation was divided into three sub-sessions, where the intrusiveness level of
the guidance mechanisms was increasing. To control for bias, we randomized the order
of the sub-sessions. At the end of each sub-session, the users made a recommendation on
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the plans and filled out the questionnaire (ICE+SUS and the open-ended questions) to
address the UE and UP scenarios. The results of this part are discussed in the remainder
of this section. The VDAR part resulted in use cases; one example is described in
subsection 3.5.3.

User Evaluation Outcomes The results of the study with regard to the intrusiveness
dimension (EQ1) are presented in Table 3.5. They show a constant improvement with
increasing intrusiveness in the guidance mechanisms, in terms of gained insights and
essence, i.e., added value to the current workflow. This improvement was constant

Table 3.5: ICE+SUS feedback results from the three sub-sessions of the user evaluation:
with full guidance (high intrusiveness), with intermediate guidance, and without guidance
(low intrusiveness). Point 1 indicates the strongest disagreement, and 7 denotes the
strongest agreement.

Full-guidance

Insight Confidence Essence Average
Participant 2 5.00 4.75 5.2%
Participant 3 475 | 558 |
Participant 4 4.50 4.75 4.83
Participant 5 4.25 4.50 4.42
Participant 6 3.25 4.25 4.50
95% C.l. 5,60 + 0,89 4,35+ 0,84 | 4,80+0,71] 4,92 0,62
Intermediate Guidance
Insight Confidence Essence Average
Participant 2 .25 4.75 5.25
Participant 3 4.25 4.75 4.92
Participant 4 4.50 4.92
Participant 5 2.75 3.25 3.50
Participant 6 3.75 4.00 4.50
95% C.I. 4,90 £ 0,97 4,20 +1,21 | 475+1,44 | 4,62+ 0,84
No Guidance
Insight Confidence Essence Average
Participant 2 4.25 4.50 3.25 4.00
Participant 3 5.00 4.42
Participant 4 5.50 5.00 4.50 5.00
Participant 5 475 2.75 - 250 | 333
Participant 6 4.25 4.75 3.50 417
95% C.I. 4,20 +1,49 | 4,60 + 1,47 | 3,75+1,24| 418+ 0,75
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across all participants, except for P4, who provided the most positive feedback for low
intrusiveness approaches. A reason might be in P/ being the least experienced among our
study participants (see [Table 3.2). On the other side, participants with the highest RT
research and practice experiences, i.e., P§ and P6, commented that they gained the least
insight with the no-guidance dashboard. Their insights increased when presented with
full guidance. However, we noticed a decrease in reported confidence as more intrusive
guidance was introduced to the interface. The two highly-experienced participants (P3
and P6, Table 3.2)) also expressed less confidence in the uncertainty encoding. The results
may imply that, in the current state, the dashboard does not increase the perceived
confidence of the users. However, it provides them with significantly more insight through
the fully guided interface and adds value to their current workflows. The confidence issue
could also be due to a lack of familiarity with the newly introduced visual representations.
It is worthwhile to investigate this aspect in a longer-term field study.

With regard to detail-orientation (EQZ2), we observed mixed behaviors. The participants
had very different preferences regarding views, encodings, and detail-orientation. The
slice-based views and the DVH plot seem to be the most helpful to the process based on
all participants’ feedback. It is “a matter of habits”, according to P2. P5 made use of the
uncertainty distribution pop-up in the slice-based view, and the styling of the DVH lines
guided her. Moreover, the uncertainty indicator seemed confusing to the participants
as they struggled to “grasp what was actually represented” (P2). P/ thought that the
RBE violin plot was difficult to read, although it could be useful to make decisions at
a structure level. Most participants agreed that seeing the RBE uncertainty range is
useful to their decision-making process. However, P38 believes that using one model at
a time for the calculation is a better approach. On the other hand, P6 was skeptical
about “acceptfing] RBE calculations clinically” overall. P6 was the only participant to
believe that the new views in the dashboard (beyond the conventional ones) would not
be helpful to the decision-making process. The other participants agreed that, given
complete RBE calculation results, the dashboard could provide new insights into the
sense-making and decision-making processes.

Finally, we observed the users’ decision-making processes during the study. Seemingly, the
different views of the system were well integrated as users navigated the data at different
detail levels. As anticipated, for an initial analysis, the participants were over-reliant
on conventional views, shown in Figure 3.3/ and Figure 3.7, Nonetheless, they employed
the intrusive guidance provided in these views, shown in Figure 3.5/ and explained in
Figure 3.7. They regularly inspected the violin plot in Figure 3.6, which provided them
with a comparative view of RBE uncertainty at a structure level, and the slice plot in
Figure 3.4, which highlighted areas of difference at a slice and pixel level. On the other
hand, the uncertainty indicator view (Figure 3.8), which provides quick guidance of
interesting uncertainty deviations in slices, was not used efficiently. The users expressed
confusion over how the plot derives its values, which highlighted the potential need for
guidance explainability.
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3.5.3 Use Case Example

In this section, we present a use case example. It has been conducted by one of our
evaluation participants (P35, medical doctor) as part of the VDAR scenario. Further
cases were conducted with the same patient data, and different participants analyzed
their cases following different analytical processes and using different guidance levels and
detail-orientations. The case below is just an example; no clinical inferences should be
derived from it.

Participant P5 chooses the two plans to compare with the dashboard. The brain stem
is the most important structure to be spared. She hovers over its contour voxels to
explore the dose value it receives. The uncertainty distribution comparison pops up.
The plot provides per-voxel insight into the difference in robustness of the two plans.

Voxel Uncertainty Distribution of Brainstem

~,

A Flan B Dose Volume Histogram

f ! —— PlanA 100

_-'l | "o Plan& Nominal
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N\ o PlanB Nominal
& g - Brainstem

@
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Figure 3.13: Comparison of two plans as conducted in a use case by P35, using the
functionality of our dashboard. The contour colors follow the conventions in the clinical
environment.
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Plan B (Figure 3.13 (a) in blue) shows larger uncertainty. Subsequently, she looks at the
comparison plot and sees an area of interest (per-structure analysis). She zooms into the
brain stem region for a closer look and sets a customized clinical goal for the maximally
accepted dose (54 Gy). She notices, in Figure 3.13 (b), the DVH line thickening, and she
understands that the structure has received a higher dose than it should. She further
inspects the dose distribution for both plans (per-slice analysis). She zooms in to the
highest dose to see which plan is “further out beyond 54 Gy” and explores different set-up
scenarios. She has indications that plan A could be more robust and may incur fewer
risks to the brain stem, as seen in the slice analysis of Figure 3.13| (c). Plan A might be
recommended in this case over plan B. The case example indicates that participant P5
has employed all levels of detail (per voxel, structure, and slice) but not all views (i.e.,
the RBE violin plot and the uncertainty indicator were not used). Higher intrusiveness
guidance was mostly preferred in her sense-making and decision-making process (and
later positively assessed, as seen in Table 3.5).

3.6 Discussion

In this section, we outline the lessons learned from the feedback received in the user
evaluation and during the uncertainty guidance dashboard design. We designed a
visualization dashboard supported with uncertainty guidance mechanisms to improve
the users’ confidence in their sense-making and decision-making process in PT planning,
as expressed in [section 3.3. The dashboard supports two tasks: the comparison and
assessment of multiple PT plans (T1) and the analysis of their respective uncertainties,
along with their impact on the treatment outcomes (T2). It is the first attempt to
integrate different detail levels of guidance and degrees of intrusiveness into a clinical sense-
making and decision-making process. We propose an evaluation framework to successfully
measure confidence in guidance techniques by adapting two evaluation schemes to the
needs of our application (ICE-T and SUS).

This work highlights the literature gap in developing usable visualization tools that
provide guidance to users of PT planning (and other clinical) systems. The design process
indicates that guidance can be a suitable strategy for supporting PT plan comparison.
It may generate more insights and add value to the current workflows (RQ1). It is
particularly the case for more experienced users, such as P8 and P6, who seem to prefer
increased levels of guidance, i.e., highly intrusive guidance. In|Table 3.5/ P3 and P6 report
increasing average points of 1.16 and 0.33, respectively, when using the full-guidance
dashboard in comparison to using it without guidance. Regarding detail-orientated
guidance, the prior analytical preferences of the users seem to matter.

The user evaluation also shows that obtaining more insights does not necessarily mean
increased user confidence (RQ2). Although P3 reports an increase of 4 points in insight
obtained, it corresponded to a reported 1.25 points decrease in confidence. The reduced
confidence could be attributed to familiarity with the conventional decision-making
process. At the same time, all detail-orientation levels seem to be needed, even though
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different users might have different preferences regarding the views they want to use.
Observing the sessions, we noticed that the participants relied more on conventional
tools, such as those shown in Figure 3.3 and |[Figure 3.7, in exploring the therapy plans.

Participants in the user evaluation expressed interest in the comparative violin plots
shown in [Figure 3.6. The view enabled them to compare an essential dimension of
uncertainties in plans, i.e., RBE values at a structure level, which was not visible to them
before our work. This feature seems to be appreciated highly in PT decision making. P3
reported that the tool is “useful to get an overview of how the RBE uncertainties for
critical organs compare” However, guidance explainability could boost users’ trust in
the tool. To increase the value of the technique, an explainable guidance for conveying
the underlying calculations to the users would be a helpful future addition and could
increase confidence in the tool.

The variance in the participants’ experiences, as outlined in [Table 3.2, contributed to the
high variance in the evaluation results. Highly experienced domain experts might be more
skeptical about the underlying uncertainty calculations or about adopting new approaches
in their workflows. We recommend involving participants with varying experience levels
throughout all design phases. From the elaborate feedback at the end of the sessions, we
receive encouraging indications that our approach has value for PT planning. Additional
studies with complete PT plan data are required to develop a more mature approach
that could be adopted in clinical practice. Onboarding techniques could be helpful in this
case, as well as long-term studies (RQ3).

The main limitation in developing and evaluating the dashboard was the restriction to
use a synthetic dataset that cannot accurately account for more uncertainty components.
Additional LET data could provide a more realistic evaluation setup, as the currently
limited LET data affects the RBE uncertainty calculations and the final PT plan
decision. Domain conventions and expectations contributed to a skeptical attitude
toward the introduced dashboard. A further developed prototype or longer training
could contribute to addressing this issue. It could highlight the visualization techniques’
value as complementary to conventional processes rather than being antagonistic. In
addition, some of the representations in our dashboard have been designed to strictly
follow conventions in the domain. However, the design could be improved and evaluated in
the future according to best practices in the visualization domain, for example, colormaps
for the dose overlay or the contours and encodings in the DVH plots. Also, analyzing
multiple datasets, i.e., from different patients or tumor localizations, would be valuable.

In the design study, we relied on a mix of quantitative and qualitative approaches. The
open comments are critical in informing the analysis of the results. In this study, each
participant responded to six open questions and was encouraged to elaborate further
on their responses. Although the open comments were constructive in informing our

analysis, soliciting more dynamic open comments can further strengthen similar studies.

For example, encouraging the participants to externalize their thought process can add
value to the study. However, requesting continuous feedback can also come with a
trade-off, as interrupting the normal analytical process of the participant might impact
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their thinking and behavior. Furthermore, the self-reporting results of SUS might not
present an accurate representation of indicators such as “confidence”. Thus, more complex
evaluation methods are needed, as shown in later chapters of this dissertation.

Moreover, our observation is that guidance approaches fit very well with provenance
approaches [SLSG16], which can provide additional knowledge on the path that leads
to a decision. The proposed two-dimensional guidance concept can be generalized to
other domains. We reckon that the approach applies to three areas in particular: weather
forecasting, financial prediction, and material science. The data in these three domains
embed multi-level uncertainties, which need to be explored at different detail levels,
similar to PT.

Finally, as we clarified in subsection 3.2.1, our target users in this study are domain
experts in PT. They have an existing trust relationship with the state-of-the-art system
and models. They are also aware of the uncertainties introduced by the models. Their
heuristics can introduce specific cognitive biases that impact their behavior. Our proposed
two-dimensional mechanism could be generalized to other domains in contexts where
the users are domain experts who similarly use a familiar state-of-the-art system and
are aware of the uncertainties in the underlying models. This, however, would require
further investigation.

Summary We presented a two-dimensional uncertainty guidance to support comparison
and uncertainty analysis in PT planning visualization. We exemplify uncertainty guidance
on a PT planning dashboard for plan comparison. Moreover, an evaluation measured
confidence and insights from the use of uncertainty guidance. The evaluation yielded
encouraging initial results and provided us with insights for forthcoming directions.

The chapter highlights several research opportunities. There is an opportunity to develop
an evaluation framework to account for the domain-expertise factor. We think that
it would be valuable to continue developing our proposed guidance taxonomy and
mechanisms to reflect better the lessons learned from the current work. Additionally, it
would be helpful to explore the potential of provenance techniques in informing uncertainty
guidance. Another valuable future direction is the impact of explainable guidance
on the user’s trust and confidence—especially in complex uncertainty scenarios. We
anticipate that our approach (with modifications) can be generalized to other uncertainty
visualization applications outside the medical domain, such as weather forecasting,
financial prediction, or material sciences.
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CHAPTER

ConAn: Measuring and Evaluating
User Confidence in Visual Data
Analysis Under Uncertainty

This chapter addresses the need for metrics to objectively assess user confidence in the
visual analysis process, and is based on the publication:

Maath Musleh, Davide Ceneda, Henry Ehlers, Renata G. Raidou, “ConAn: Measuring
and Evaluating User Confidence in Visual Data Analysis Under Uncertainty”, in Computer
Graphics Forum, Volume 44, No.1, 2025, e15272, doi:10.1111 /cgf.15272.

User confidence plays an important role in guided visual data analysis scenarios, especially
when uncertainties impact the analytical process. However, measuring confidence in
practical scenarios remains an open challenge, as previous work relies primarily on self-
reporting methods. In this work, we propose an approach to externalize and measure user
confidence in visual analytics. The results suggest that our metrics improve the evaluation
of user confidence compared to available approaches. In particular, we found a correlation
between self-reported confidence and some of the proposed provenance network metrics.
The quantitative results, though, do not show a statistically significant impact of the
guidance on user confidence. An additional descriptive analysis suggests that guidance
could impact users’ confidence and that the qualitative analysis of the provenance network
topology can provide a comprehensive view of changes in user confidence. Our results
indicate that our proposed metrics and the provenance network graph representation
support the evaluation of user confidence and, subsequently, the effective development of
guidance in VA.
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4.1 Introduction

The assessment of user confidence, i.e. the “(self-)judgement of accuracy |...] after the
completion of a task” [SKJI5, p.158], remains an underinvestigated topic [HQC™T19|,
mostly because quantifying its qualitative traits is complex [Cof07]. Current research
relies predominantly on self-reporting surveys to assess a technique’s impact on user
confidence [DPBn07, HQC™19]. This might be particularly challenging in scenarios
affected by uncertainties, which tend to have an impact on users’ confidence during a
visual analytics (VA) session.

Uncertainties typically worsen knowledge gaps, i.e., the quantifiable difference between
knowledge required to complete an analysis task and knowledge possessed by the
user |[CGM™17b, IMMT™23]. Consequently, perceived knowledge gaps and uncertainties
typically increase users’ doubts about their ability to complete a task successfully. As
a countermeasure, VA researchers propose guidance mechanisms to mend knowledge
gaps and improve users’ confidence during the sense-making and decision-making process.
However, measuring the impact of uncertainty and, conversely, of guidance on users’
confidence remains an open challenge [HQC™19).

In VA, a way to analyze and understand the evolution of the underlying processes is
by looking into provenance information. Past research proposes several metrics using
provenance information to evaluate user trust and, simultaneously, to investigate the
effects of guidance, such as the stability of user exploration [BLB21]. These proposed
metrics remain insufficient to quantify and examine user confidence. Moreover, in previous
work, there is no clear distinction between confidence and trust, and these terms are
usually used interchangeably [SSKT16]. Such ambiguity complicates the assessment of
user confidence in practical scenarios and hinders the development of solutions that help
deal with uncertainty—among which is guidance.

Understanding the interlinking of guidance and user confidence allows us to tackle VA
problems in several fields where multiple data uncertainties complicate the analytical
process. For instance, in clinical decision-making scenarios or weather forecasting,
decisions are impacted by several levels of uncertainty [RBST18, MMT™23|. In such
scenarios, decisions cannot be easily measured for accuracy a priori, i.e., the outcomes
of a decision cannot be easily predicted. In these cases, we anticipate that guidance
mechanisms can reduce perceived uncertainties and boost users’ confidence in their
decisions.

Given that confidence is a property of an attitude, documenting provenance in the
analytical process could provide a comprehensive framework of metrics that quantify user
confidence under uncertainty. Specifically, one should consider a representation of the
interaction provenance. We anticipate that representing provenance with a network graph
allows us to harvest existing metrics for the objective quantification of user confidence
while also constructing a topology that maximizes qualitative insight. In this work, we
investigate the impact of guidance on user confidence within uncertain scenarios. We
contribute:
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e a conceptualisation of user confidence in VA — as opposed to trust;

e a model and metrics for the representation and probing of interaction provenance
to analyze confidence in users’ sense-making and decision-making processes;

¢ a user study to validate the proposed model and metrics and to examine guidance
impact on user confidence.

4.2 Related Work

Here, we review literature related to our work, namely the evaluation of user confidence
and the use of analytic provenance in VA.

User Confidence Evaluation In the last decades, several evaluation methods have
been designed focusing primarily on assessing users’ performance, user experience, such as
usability, and VA algorithms [LBIT12|. Some approaches explicitly consider the impact
of uncertainty and assess its impact on user confidence, mainly using self-assessment
reports |[AZBT15].

Hullman et al’s [HQC™ 19] review of evaluation methods across 86 studies shows that most
works rely on performance and satisfaction-based metrics to make a system’s appraisal,
which is typically not sufficient to provide a detailed assessment of user confidence [SHK16].
Their work reveals an evident gap in value-driven evaluation methods owing to the fact
that only a few approaches explicitly consider users’ confidence, whereas methods that
do aim to study confidence predominantly rely on self-reporting, such as Likert scales or
percentage estimation methods [ZAW™ 18, INWHL20, [PRJ™23|. To fill this gap, Hullman
et al. [HQCT19] recommend gathering information on the user’s reasoning towards a
decision, as this information can be valuable in understanding how and why decisions
taken during the analysis impact user confidence.

Wall et al. [IWAM™19| propose a self-reporting qualitative survey based on Stasko’s [Stal4]
value-driven method. Their multi-level heuristic-based approach called ICE-T provides an
efficient tool to examine the utility of visualization, also considering, among other metrics,
the effects of visualization on user confidence. Nonetheless, the proposed “confidence”
heuristics only reflect user trust in the system. As we have seen, the interchangeability of
trust and confidence is common in the evaluation of uncertainty visualisation [KSD™22,
PVPM22|. A clear separation between the values of user confidence and user trust is
crucial in studying visualizations and VA. Otherwise, study results could be deceptive.

Guo et al. [GDM™19] employ a user study to examine the impact of their novel uncertainty
visualization technique on user confidence. While controlling for visual biases, they use a
baseline to study the impact of confidence in decision making impacted by communicating
uncertainty. Although efficient, their examination of user confidence was inferred rather
than directly measured. Explicit metrics bolster an adequate assessment of the technique’s
impact on user confidence. Moreover, they use partial scenarios for the study. Dimara
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et al. [DBD18] emphasize the importance of real-life tasks and indirect self-reporting to
study the impact on user confidence.

Guidance in visual analytics is defined as “a computer-assisted process that aims to
actively resolve a knowledge gap encountered by users during an interactive visual analytics
session” [CGM™17b]. Knowledge gap is the difference between the expected knowledge
to complete a task and the user’s knowledge base. Considering guidance in VA, Ceneda et
al. [CGM19b] study the impact of the guidance on user confidence using a self-reporting
Likert-scale survey. Similar to Guo et al’s [GDM™19] approach, they use a basic scenario
to conduct their study. In addition, they use analytic provenance to correlate self-reported
confidence to accuracy, as is common in the field. Thus, concerning user confidence, the
effectiveness of the study approach diminishes where accuracy cannot be measured. To
study system performance, they introduced several metrics. When slightly adjusted, their
distance metric could measure user confidence. Studying analytical strategy and action
quality is essential to infer user confidence.

In summary, existing literature largely confuses both concepts user confidence and user
trust by using them interchangeably. Moreover, our review shows a stark lack of objective
metrics to measure and study user confidence. The means used to study confidence are
limited, and researchers elicit measures predominantly through standard survey inputs,
such as self-assessment. In this work, we aim to surpass the traditional self-assessment
methodology to evaluate users’ confidence in VA by repurposing a set of metrics used in
social network analysis. However, as suggested by Hullman et al. [HQC™ 19|, we focus
on the analysis of interaction provenance as it can provide qualitative and quantitative
insights into the user’s decision-making process.

Analytic Provenance Analytic provenance is a historical record of user reasoning with
a VA tool [WAF16]. It is further classified into several categories based on the type of data
recorded [RESCI6]. Hullman et al. [HQC™ 19| distinguish between directly elicited, such
as interaction logs, and derived measures, such as the number of interactions. For either,
decision metrics in uncertainty visualization evaluation are scant. This exposes a gap in
employing analytic provenance to assess uncertainty visualisation [JED™T20, MSH™23].
The network of users’ low-level decisions or actions throughout the analytical process can
potentially measure confidence. This approach can be connected to the use of implicit
measures of interaction logs.

Indirect elicitation of eye-tracking and facial expression data provides valuable insight into
users’ cognitive behavior [BKRT17, BVV ™19, [CAGM?22]. Data on users’ physiological
and emotional states can also be acquired using other biological methods and technologies
such as electroencephalography (EEG) [HHH"11]. Nonetheless, these approaches demand
substantial technological and logistical resources.

Boukhelifa et al. [BLB21] devise a tool that exploits provenance to measure user trust in
guidance. Their approach provides an interesting path for examining user confidence.
Their method records the user exploration path in XML log files to generate the metrics.
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They analyzed the data generated by defined tasks rather than open exploration. This
step adheres to the best practice suggested in the literature [DBDIS8, [HQCT19]. They
observe four indirect metrics to infer conclusions about user trust. At least one of the
metrics is also helpful in measuring user confidence. Namely, observing exploration loops
is closely related to the sense of self-confidence. Boukhelifa et al. [BLB21] needed to
compare their observations to participants’ self-reporting for conformity. However, they
did not have access to such data; thus, they inferred it from other responses.

He et al. also compare the metrics elicited from provenance to self-reported
feedback. In their method, they record user interaction more rigorously, recording the
screen and voice and asking participants to record verbal notes during the analysis.
Nonetheless, this approach could disrupt the analysis process and, subsequently, bias
the study. Thus, Nguyen et al. suggest that collecting provenance should
be non-intrusive. Several works present frameworks to collect and model provenance
data to replicate the analysis process accurately [NWCF21, BFCA23]. To support their
proposed framework, Nobre et al. developed an open-source system to allow
a non-intrusive method for studying users’ analysis strategies. Nevertheless, the system
does not consider the length of the event, which is a crucial factor in studying properties
of user attitude, such as confidence.

Research demonstrates the usefulness of analytic provenance in explaining users’ sense
making [XAJKT15]. Visualizing recorded provenance as a network graph provides insight
into users’ cognitive process [OABT17]. However, most such works rely on sequence
pathways or hierarchical tree graphs [SLSGI16, [AKvM* 18, [CGL20, [GMOB22]. The two
most common provenance networks are concept and history graphs [XOW¥20]. Huynh et
al. m examine provenance data using network metrics. However, they also follow
the trend of dedicating system artifacts as nodes in provenance networks.

Provenance is examined to evaluate systems BGM19, with promises for
developing provenance metrics [SHK16, FPHI19, WNC*22]. Furthermore, research has re-
lied on node-link hierarchical or event sequence graphs to represent provenance [BWDT 19,

DRM19, NTAT19]. The literature lacks work that applies conventional network graph
metrics on provenance to semi-automate the evaluation of user confidence [BH19).

A comprehensive analysis of the impact of guidance on user confidence requires a multi-
modal evaluation process. Both quantitative and qualitative approaches can provide
complementary insights. Also, the analysis of the analytic provenance from a global
and local perspective enables more comprehensive insights into the process. Metrics
are needed to objectively quantify confidence, complementing the typical self-reporting
measures. These metrics could, in turn, be complemented with a graph representation
that allows a qualitative analysis of confidence evolution.
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4.3 User Confidence vs. User Trust

As discussed in section 2.8, confidence and trust are terms often used interchangeably in
visualization and VA. However, the logical semantics of the two concepts are different,
as they entail different psychological and behavioral components. Understanding the
distinction allows the design of VA solutions tailored to address specific needs related to
trust and/or confidence. Moreover, clarifying and providing a better understanding of the
semantics facilitates the formulation of explicit goals when designing and, subsequently,
evaluating corresponding VA systems. Furthermore, the distinction between the two
concepts can aid the VA designer in adequately pinpointing the exact reasons for system
failures or pitfalls. We anticipate that distinguishing confidence from trust may ultimately
support the development of effective evaluation metrics to measure confidence and trust
in VA.

Sociology distinguishes confidence and trust by their relationship to agency, the presence
of risk, and the consequence [MWO09]. Confidence is an act of giving out agency, according
to Luhman [Gam88|, [Luh05]. On the one hand, in confidence, the user attributes the
error in the decision externally, for example, incomplete or missing data. On the other
hand, in trust, the blame is internalized, i.e., it relates to one’s analytical reasoning. For
example, a driver trusts other drivers on the road based on preconceived stereotypes.
The driver accepts the risk as they do not have evidence of each person’s driving skills.
Thus, if the assessment of other drivers proved wrong, the blame is internalized on the
preconceived stereotypes. While driving, however, the driver analyzes traffic signs to
make decisions: the green traffic light means you can drive and continue driving with
confidence. If there is an issue with the traffic light, displaying green instead of red,
causing an accident, the driver will blame the traffic light. Thus, the blame is external.
We summarise the main characteristics that differentiate the two concepts of confidence
and trust based on factors from sociology literature in [Table 4.1l

User confidence is a self-certainty which relates to the subjective judgment of the accuracy
of one’s decision based on specific acquired knowledge and a frame of reference [MKLS13],
SKJI15]. It describes a relationship between oneself and is intolerant to risk. This means
that when the sense of risk increases, confidence decreases. For instance, when a user faces
situations characterized by high risk, for example, high uncertainty caused by incomplete

Table 4.1: Outlining the differences between confidence and trust based on four factors:
risk, agency, evidence, and consequence.

Confidence Trust
Intolerant to uncertainties and risk Tolerates uncertainties and risk
User gives agency to system User retains agency

Requires strong evidence to be boosted | Can be boosted with no or little evidence
User blames consequent error on the | User blames consequent error on mis-
system placed trust/judgement
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or ambiguous information, they may experience a decline in confidence in their ability
to make accurate judgments —especially when considering the potential consequences
of said decisions. Although users seek internal assurance about the accuracy of their
decision, the decision’s accuracy does not necessarily correlate with the self-accuracy of
judgement [SHK16], i.e., one might be over-confident about their judgment.

User trust refers to the property of the user’s attitude towards an external party, i.e., the
visualization system and data, and can be seen as the subjective judgment of the accuracy
of the system’s information, decisions, or options without (or with minimal) evidence,
for example, a calculation method. Contrary to confidence, trust is highly tolerable to
risk. This means that the user may believe in the correctness of a representation without
necessarily seeking evidence. A user’s trust can tolerate certain levels of risk when there
is a perceived benefit or value in trusting the system. For instance, when the system fails
to support the analytical process, the user may rather blame their own judgment of the
system’s competency—they believe their trust has been misplaced.

Within a system, confidence and trust interact and impact each other dynamically,
especially in the presence of risk. In such cases, a lack of confidence in their own decision-
making processes may lead users to rely heavily on trusted systems. Conversely, if
users trust a system but encounter unexpected errors, their confidence may be impacted,
leading to reevaluating their trust in the system. For example, a student is deciding on
their specialization in a university and analyzes several data sources and uncertainties
in the process. They obtain data on best-paying jobs, which they trust to be accurate
without investigating this further. After analyzing the available data, the person decides
on the optimal specialization with a certain degree of confidence. This confidence is
impacted by the amount of data and the person’s ability to analyze the available data
and reduce the perceived uncertainties.

User uncertainty presents another level of uncertainty directly connected to confidence
and trust. Within a guidance-supported VA system, uncertainty in decision making
reflects a lack of confidence (the user is not certain about their actions), while uncertainty
in guidance pertains to a lack of trust (the user is not certain about the system). These
attitudes manifest differently. Distrust in guidance may lead users to disregard the latter,
but a lack of confidence may manifest as indecisiveness or frequent changes in decisions.
Both manifestations can be tracked and documented within an analytical process to
support further understanding of the underlying processes of user confidence with regard
to guidance in an uncertain analytical scenario.

4.4 Hypothesis and Research Questions

We hypothesize that provenance network graphs enable an objective measuring of user
confidence and a better understanding of how confidence is impacted by guidance and
uncertainties. Our work investigates the following research questions:

RQ1 How can we measure user confidence in VA under uncertainty?
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RQ2 How can we exploit analytics provenance to better understand user confidence
throughout the analysis process?

RQ3 How does guidance impact user confidence throughout the analytical process?

In this work, we propose metrics to measure user confidence. We also examine the
impact of guidance on user confidence in VA under uncertainty. We do so by repurposing
social network analysis (SNA) metrics that measure analytics provenance, converging
qualitative and quantitative methodologies. Analytical tasks often involve multiple steps,
iterations, and interactions among various components such as data sources, visualization
tools, algorithms, and user actions. Interaction provenance refers to the history or lineage
of interactions within an analytical process, detailing how users have interacted with
data, tools, and visualizations. A network graph can visually depict these relationships,
providing insights into the flow of information, dependencies between actions, and the
overall structure of the analytical workflow. Thus, representing provenance as a network
involves depicting these interactions as nodes (points) and their relationships as edges
(connections). Each node may represent a specific action or event in the analytical process,
while arcs denote the flow or sequence of interactions. Using a network representation,
one can capture the complexity and interdependencies inherent in the analytical process.
For instance, as users’ confidence in their decision depends on their perception of the
sense-making process [SHK16], a provenance network’s local and global topology can
provide new insights into the user’s underlying thought and analytical processes.

To measure the adequacy of our approach, we designed and developed a user study with
which to explore the effects of guidance to possibly reduce uncertainty and boost user
confidence based on a VA scenario supported by a dashboard. We propose provenance
metrics and probe users to self-report confidence in two surveys to address RQ1. We devise
survey questions to measure subjective confidence distinctly from trust, and we confront
the results obtained with our metrics against the user’s self-assessed confidence. In this
regard, we administer an intermedial survey and an end-of-session survey. Furthermore,
in representing provenance as networks and exploiting metrics from the domain of
SNA, we develop a framework to understand better user confidence. This aims to
answer RQ2. Finally, we show that network graph metrics and representation provide
a better understanding of what factors impact user confidence. Analyzing confidence
values propagated by the provenance network against the self-reporting results helps us
investigate RQ3.

4.5 Dashboard for Farming as a Proof-of-Concept Scenario

To showcase the use of the SNA metrics, we created a dashboard for eco-farming data
analysis. We chose this scenario because eco-farming entails many different sources of
uncertainty, making decisions complex for farmers. In such scenarios, the farmer undergoes
several shifts in trust and confidence based on several unexpected factors, such as weather
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conditions, prices, and so on. Considering uncertainties in the ecological system in farming
decision making resembles the accounting for human biological system uncertainties and
shifts in clinical decision making. There is a full spectrum of information that needs to
be considered, and confidence in navigating this information space is necessary, i.e., one
should be confident of one’s capabilities in making the right decision. This scenario was
chosen due to the presence of multiple uncertainties and its suitability for a potential
study with the general population without requiring expert knowledge of farming. It
allows us to investigate our scenario with a larger audience, enabling us to measure
confidence quantitatively.

Farmers start planning for the season a few weeks in advance. The main goal of farmers
is to decide about which crops to plant and when to plant them. In this sense, many
different factors need to be considered. For instance, seasonal temperatures guide
what crops they will plant. Typically, small eco-farms maintain a direct relationship with
the consumer. Thus, consumers’ preferences influence the decision-making process.
Moreover, farmers must consider the best crop variety. Unlike chemical farming, eco-
farming depends on the season’s high diversity of crops. Planting a single crop (i.e.,
monoculture farming) is not environmentally sustainable. Farmers must consider the
planting cycle within a planting bed to reduce the risk of diseases. Furthermore, farmers
alternate (each year) within a specific bed, i.e., a section of land, between five types of
crops: fruits (including flowers and bulbs), greens (leaves), roots, legumes (including
seeds), and tubers. In small farms, a farmer must make several decisions based on
experience and expert consultation before deciding what crop combination to plant
to reduce disease risk. This information is not readily accessible. Profit is essential for
small farms to remain sustainable. Thus, price fluctuations and market supply play
an important role in deciding when to start planting. An early planting, within the
acceptable window, could result in more profits despite a higher risk.

4.5.1 Available Agricultural and Weather Data

We collected agricultural and weather data from several sources. We use data from the
Palestinian mountain region.

Crops Data: We obtained data including crops’ best and worst companions, planting
periods, and crop information from two farming booklets [Korl2| [Om 18]. The
booklets provide qualitative information on which crops benefit each other and how
crops benefit each other. The planting period includes ranges of maximum and
minimum temperatures (in °C) and ideal high and low temperatures (in °C) to
plant, grow, and cultivate crops. Crop information includes data on the optimal
distance (in cm) between seeds/seedlings and the weeks of cultivation.

Historical Weather Data: We obtained daily weather records from Visual Crossing
[Cor23] for Jerusalem, Palestine. The data span 20 years from January 1, 2003, and
include several weather features. For our scenario, we focus on four main features,
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which are the maximum temperature, minimum temperature, average temperature
(in °C), and precipitation (in mm).

Historical Prices Data: We obtained data on crop prices for each month of the year
from the Palestinian Central Bureau of Statistics (PCBS) [Pal23]. We consulted
local farmers to complete the missing data based on their experiences.

4.5.2 Study Tasks

We anticipate that the upcoming user study participants are students with a general
interest but minimal or no experience in farming. The participants are tasked to decide
on which crops to plant in their hypothetical farm over the course of two sessions (one
guided and one unguided). As seen in Figure 4.1, each session has four equal sub-tasks.
For each sub-task, users make three sub-decisions on the main crop (SD1), the companion
crop (SD2), and the planting week (SD3). To make their decision, they engage with the
interactive dashboard in a sense-making loop.

We outline two task examples for the user evaluation sessions. The tasks are formulated
as questions demanding answers through user analytical and exploratory activity. Both
tasks have similar levels of difficulty, with different expected decisions.

Task 1: You are in year 4, around April. You have land that contains four planting beds,
each 16m? in size. In previous years, you planted the following in the beds: in bed
1, you planted legumes, roots, and greens; In bed 2, you planted roots, greens, and
tubers; in bed 3, you planted fruits, tubers, and legumes; and in bed 4, you are
planting for the first time. You want to plant the season and sell 60% of the crops
in order to maximize profits. What combination of crops will you plant in each
bed? And in which week will you start planting each bed?

Task 2: You are in year 4, around October. You have land that contains four planting
beds, each 10m? in size. In previous years, you planted the following in the beds: in
bed 1, you planted tubers, legumes, and roots; in bed 2, you planted fruits, tubers,

Task Decision
Sub-task Decision
Sub-decision 1 (SD1) |Sub-decision 2 (SD2)|Sub-decision 3 (SD3)

Bed 1 Beet <+ | Beet <~ | Week 3 % v
Bed2  Beet x v - .
Bed 3 e - -
Bed 4 - - .

Figure 4.1: The panel where the user makes decisions in the dashboard outlining three
levels of decision: sub-decisions, sub-task decisions, and task decisions.
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and legumes; in bed 3, you are planting for the first time; and in bed 4, you planted
legumes, roots, and greens. You want to plant the season and sell 60% of the yield
and keep the rest for your household. What combination of crops will you plant in
each bed? And in which week will you start planting each bed?

4.5.3 Eco-Farming Dashboard

A guidance-supported VA system can provide inexperienced local farmers with tools to
make optimal farming decisions for the season and more sustainable farming practices in
the long run. The dashboard provides the task list criteria for the month, area of land,
and previous planting cycles. The user must complete several sub-decisions (SDs) in
four sub-tasks (STs) to fulfill the task, as seen in the decision panel in Figure 4.1.

The dashboard idea is an upgrade of a previous ontology-supported dashboard, Agritology

IGM21]. It is clustered into three views presented in Figure 4.2, Figure 4.3, and Figure 4.4l

The weather analysis view (Figure 4.2) allows probing weather-related data (precipitation
and minimum, maximum, average temperature) for a desired span of years in a timeline
view on a weekly /monthly basis. Users can get a summary of the weather with respect to
past data. The crop information view (Figure 4.3 allows probing at which time of the year

Predipitation
== High Temperature
— Low Temperature
~— Mean Temperature
Magimum
£ Minimum

Week 17

| Precpiaton  44mm

~i| = High Temperature | 26.2°C

= Low Temperature | 13.7 °C
Mean Temperature - 20.1 °C "
Maxmum 38.2°C ¥

|+ mnimum ;6.7 °G

Temperature {"C)

e e

"‘%"fﬂifu‘};’:;j&?&%K%c:i}iwtm‘i?}aj?%%ig%zu -*:;:&:‘-b ;E:f“& i‘n‘i‘w%;jv %w ‘u%&‘:fu giff:k% J““‘u 65{:3.‘ %w’

Monthly
® Weekly Year range: 2008 2018

Figure 4.2: Weather Analysis View of our proof-of-concept dashboard for eco-farming:

visualizes the temperatures and rainfall data for each month/week of the year.
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crops should be planted and harvested, using a heatmap. For each month (column), the
respective crops (rows) are indicated. The view can be filtered to provide more specific
information on suitable temperature ranges for crop planting, growing, and harvesting.

Additionally, a second view presents a horizontal bar plot that allows users to obtain
information on the suitable distance between each seed. The view can be filtered to
obtain information on the expected yield range for each crop and historical crop prices
for each month for each crop. This information allows the user to calculate the expected
profit range of their choices. The crop companion view allows visualizing in
a heatmap which crops (column) benefit which (row) in order to minimize risks. The
heatmap can also be filtered to specific benefits: insect repellent, disease control, or crop
yield. For example, mint benefits onion (green), while green beans are detrimental to
onion (purple).

The aforementioned visual representations (timelines and heatmaps) are chosen for
simplicity and affordability with large audiences. Additionally, we have another panel
(shown in where users can record their decisions. Finally, we track users’
actions by recording each action they take on the dashboard based on a previously
outlined range of afforded actions. This is recorded in a dictionary of actions and
timestamps. These actions are the third level of user activity in VA as described by Gotz

and Zhou [GZ09].

[ ] Farming Calendar Planting Growing Harvest » Planting Distances ! Crops Yield Crops Prices
Minimum spacing between each seed/seedling (cm)
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Figure 4.3: Crop Information View of our proof-of-concept dashboard for eco-farming:
visualizes the farming calendar of planting and cultivation, and the ideal distance between
seeds or seedlings.
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Figure 4.4: Crop companion view of our proof-of-concept dashboard for eco-farming;:
visualizes the suitability of planting crops together.

Tracking user action on a dashboard could be disruptive. There are several techniques
to record the user interaction at different levels of the cognitive process and disruptive-
ness [RESCT6, XOW 20, [dOBD™22|. In our dashboard, we organize views and eliminate
certain elements from plots to drive the user to expose their exploration steps explicitly
to avoid disruptiveness in recording the interaction provenance. For instance, we put
views in clusters based on the sub-task they fulfill. We also remove the y-axis ticks to
track user analysis as they hover over the plot. This way, users must click on a tab to
reach a view cluster or a radio button to explore a specific view. This allows us to know
which cluster and view is being explored.

Regarding guidance, as seen in Figure 4.5, the dashboard prescribes which crops or weeks
the user should explore or analyze. This prescription is illustrated as a list on a side panel
related to the user’s current analytical view. The new suggestion is highlighted when the
guidance list is updated based on the user’s actions. The view tab is also highlighted
when guidance becomes available for the other analytical views. This guidance can be
switched off on demand.
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Figure 4.5: Entire view of our proof-of-concept dashboard for eco-farming: on the bottom-
right box of the panel guidance is exemplified with a highlight reference to the Weather
Analysis tab on the top left.

4.6 Provenance Network Graph

We represent the provenance data as a network graph and repurpose network metrics
to garner insights into user confidence. A network graph is constructed of nodes that
represent entities connected by arcs that represent a relationship between the nodes.
When it is directed, a network edge is commonly known as an arc.

Our provenance network graph (ProvNet) illustrates the transmission of knowledge
(arcs) from one user action (nodes) to another, representing the user’s sense-making
and decision-making process. It is a fully connected network. The ProvNet is a visual,
mathematical representation of a connected system of (analytical) user interactions with
a VA dashboard. An example is shown in [Figure 4.6.

Moreover, we draw the ProvNet in a circular layout as it offers a better understanding
of the inter-cluster flow of knowledge. This layout allows us to detect patterns better
in the analytical process. We set the clusters a priori based on views described in
subsection 4.5.3. Each view supports the user in making one of the sub-decisions outlined
in Figure 4.1 Subsequently, all actions triggered by the user in the analysis of a view
cluster are classified within that cluster. We use a letter indicator for each cluster as
outlined in [Table 4.2 to simplify the labeling of the actions and avoid cluttering the
network graph.

Nodes We use Actions as nodes to create the ProvNet, as outlined in [Table 4.2 These
actions are specific to our dashboard and should not be seen as an exhaustive list of
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Figure 4.6: An illustration of a provenance network graph. The actions taken by the
user are predefined into clusters that correspond to different levels of sense making and
decision making (indicated by the colors). Each cluster of actions includes varied numbers
and types of actions. They are all connected with directed arrows representing the flow
of action and knowledge from one node to another. The opacity in the Decision nodes
represents the percentage of decisions following the guidance provided.

all potential actions a user might take in any VA system. For a different scenario, the
VA designer would need to define all the actions afforded by their system on the same
granularity. In any case, an initial requirement to collect the interaction provenance data

is to pre-define all possible actions and classify them into clusters based on the sub-tasks.

In our study, the actions code mimics the following naming model:

[view cluster] [action type|[action type variation in a cluster]

Each node carries a time variable, representing the sum of time taken before triggering the
following action. The opacity in the decision nodes encodes the percentage of decisions

influenced by the guidance. For example, a user may not accept all guidance provided.

Only 30% of their decisions might match the guidance provided. The percentage is
calculated exponentially to allow enough variance in the opacity for observation. In the
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Table 4.2: Abbreviations used for the actions of the network. The colors indicate a
distinct cluster of each action. The rows are the different types of actions, and the
columns are the different view clusters. The letter abbreviations are combined to create
the abbreviated name of each node. The numbers in (x) denote the distinct variations
of an action type. Each variation is represented with a separate node in the provenance
network graph. Thus, the maximum number of nodes in any network is 24 nodes: five in
cluster A, ten in cluster B, six in C, and three in the decision cluster D.

Clusters (C) Crop
Actions Companions
(V) View Exploration a_v b v cV
(F) Filtering a_f(x3) b_f (x7) c_f(x4)
(N) Note-taking an b n cn
(C) Calculating X b c X
(D) Decision a_d b_d cd

example mentioned, we calculate it as 302*(10%%) which gives us an opacity value of
20%. Although typically 12 sub-decisions are submitted (4 beds x 3 decisions), a user
may make more than 12 sub-decisions before they submit a final decision, for instance,
a decision can be changed. This case is shown in [Figure 4.6, where decision C is more
transparent, i.e., less guidance was accepted during this decision.

Arcs The network’s ties (arcs), in our case, represent the knowledge flow between
each action (node) during the analytical process. In VA, the sequence of actions is
often complex, resembling a network of activities rather than a linear sequence of events.
Moreover, the activity is not initiated arbitrarily but is influenced by the previous activity.
In our context, the arcs represent the flow of the analytical process, implicitly tied to
the knowledge gained by users from specific actions within the VA system. Each action
undertaken in the VA process leads to acquiring new insights, shaping subsequent actions.
This transmission of knowledge guides the user through the analytical process. Thus,
arcs represent a functional linking that describes the network’s knowledge flow.
Moreover, each arc is characterized by the frequency of sequence repetition. We color
arcs to denote inter-cluster (grey) and intra-cluster (cluster color) interactions, as seen in
the arcs in |[Figure 4.6.

From User Log to ProvNNet We process the provenance by reading the logged
dictionary of actions and their timestamps. Fach action is processed as a node. We
deduce the clusters from the logged action name and sum up each unique action’s
time length. For the guided sessions, we calculate the percentage of decisions following
guidance coded in the logged provenance to adjust the opacity of the decision cluster
D nodes. Then, we construct a node table with the timestamp as a unique index. The
table contains data on action node, action type, action cluster, and opacity. Subsequently,
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nodes are paired based on consequential timestamps. In essence, we use the timestamp
and action node columns to construct a pairs table that builds the arcs of the network
graph. We assign the arc weight as the occurrence count for each unique node pair.
Figure 4.6 illustrates an example of such a network graph.

4.7 Quantifying Confidence

Although Social Network Analysis (SNA) emerged in social sciences, scholars in various sci-
ences find its metrics helpful to study and observe different non-social networks [MBBM22].
We use metrics from SNA to observe the user flow of actions in VA under uncertainty to
study and assess the variability of user confidence. We observe the global metrics of the
network to infer user confidence propagated by the analysis process. We also observe the
local metrics of the network to study user confidence at the node level. The latter enables
us to investigate how guidance impacts and influences user confidence. The objective
metrics are drawn from the network graph on three levels: global characteristics, global
topology, and local topology. Below, we explain these metrics in detail.

4.7.1 Global Characteristic Metrics

We aim to measure user’s confidence in their analytical decision-making process under
uncertainty using global network characteristics (RQ1). Specifically, we compute two
metrics, (linear) network diameter and (linear) network size [MBBM22|. A linear network
denotes the network representation when the actions are split into the event instances;
thus, it represents a linear graph of the user interaction. Each node, except for the start
and the end, has one incoming and one outgoing arc.

(Linear) network diameter The typical understanding of diameter in network

analysis is the shortest path between the two most distant nodes in the network [MBBM?22).

With a directed weighted graph, the diameter will thus equal the total time spent from
the start until the end of the analytical process. For this, we calculate the time spent at
each action cluster by summing up the time of each action for each cluster. Longer times
spent making a decision reflect high uncertainty in the decision, as reaction is, in fact,
inversely correlated to confidence [SHK16]. However, this metric should be interpreted
in connection with the number of actions. Moreover, a time threshold should be set a
priori in time-sensitive analytical processes, such as in clinical decision making.

(Linear) network size We count the number of actions taken by the user. We assume
that more actions in an analytical process could indicate that the user is uncertain and
seeking more confidence before making a decision. However, as explained above, the
number of actions should be interpreted with analytical time. A shorter overall time
with more actions performed could indicate more confidence than struggling for longer
with certain actions. On the other hand, a longer overall time with fewer actions could
result from uncertainty in sense making.
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4.7.2 Global Topology Metrics

We consider two graph metrics: centralisation [Fre79] and density, illustrated in Figure 4.7.
Both metrics examine the cohesion and compactness of a network. These two metrics
are the most popular metrics for studying the global properties of a network.

Centralization This metric presents an understanding of equality within the network.
Freeman’s network centralisation [Fre79] helps examine small networks such as the
interactions network in our study, measuring graph centrality and the extent of its
cohesion around a central node. The centralization value is between 0, a complete graph,
and 1, a star, the most centralized network. High network centrality tells us that fewer
actions within the visual analysis are central to the user’s decision making, which could
demonstrate more confidence in the decision-making process as it indicates a cohesive
analytical process.

We assume that the different views (clusters) in an efficient visual analytics system are
equally important to the sense-making process. Thus, in our case, we assume that the
accepted level of centralization to infer the typical sense-making process is around 0.333.
We derive this value by calculating x%, where z denotes the number of sense-making
clusters. A lower value than the selected threshold could indicate a lack of confidence in
the process, and a higher value indicates high confidence.

Graph Density Low network density indicates a free-flow analytical process. If the
network density (INV;) equals %, where n is the number of nodes in the network, then the
analytical process is perfectly linear [EK15]. Thus, % < Ng<1.

Nevertheless, the density metric cannot be interpreted individually. One must also
co-examine the network diameter (time) variable and network centralization. A low
density with a lengthy exploration time indicates that the user needs support, as it could
potentially indicate low confidence at the sub-task level. Conversely, low density with
a short exploration time could indicate high confidence. High density with a lengthy
exploration time may result from a struggle to understand the main task, indicating a
lack of confidence. High density with a short exploration time is the least likely scenario;
however, it could result from extreme familiarity with a process.

The total number of possible connections in a graph is Gy = w; where N is the total

number of nodes. In a wheel graph, a central node is connected to all nodes connected in
a circular structure [EK15]. We deem the wheel structure for each cluster to resemble
a confident analytical process, given that all clusters are connected. Thus, the total
connections in such a structure are G, = (v — 1) + >.%_; 2(N. — 1); where z is the total
number of clusters, and N, is the number of nodes in a given cluster. In our case, with
four clusters containing [5, 10, 6, 3] nodes, we expect the density for a confident analytical

process to be g;“((;;g) = 0.156. We deem the maximum number of acceptable densities

_ T 9 N.—
to be when the clusters are fully connected. Thus, D4, = He 1)+ZGC;1 ( l); where

t denotes the number of sub-tasks, i.e., four in our case study. Thus, in our case, the
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accepted Dy,q, is 0.188. We accept a star structure (one central node connected to all
nodes [EK15]) of each cluster, given that all clusters are connected in each sub-task, as the

t(x—1)+(N—x) ‘

minimum expected density of a confident analytical process. Thus, D, = e
In our case, the accepted D,,;, is 0.116.

4.7.3 Local Topology Metrics

The network can provide valuable insight into the analytical process [HEFT18]. It can
also provide reasons for confidence variability at a local level while indicating which
actions are important to the user or prominent in the analytical process. We use
two centrality measures to extract local topology measures: betweenness and in-degree
centralities [Goll5, Hev18, MBBM22| (see Figure 4.7). Additionally, we analyze the
ProvNet to understand the reasons and structures of the confidence level.

Betweenness Centrality This metric indicates node importance. It is calculated
as the total number of shortest paths that pass through a node divided by the total
number of shortest paths for each pair of nodes in a network. The calculated value is then
normalized on a scale of 0 to 1. If the node has a betweenness closer to 1, it indicates that
the given action boosts the user’s confidence. The node with the highest betweenness
value controls the flow of knowledge in the analysis process [Fre79]. Hence, its removal
could disrupt the analytical process. The metric ultimately points to the actions that are
important to the sense making.

In-degree Centrality This measure indicates a node’s prominence. It is calculated
for each node as the number of connections of incoming arcs. We can examine each

guidance node’s prominence level to determine if it is central to the analytical process.

Nodes with high in-degree centrality may provide confidence to the user when making a

Network Centralisation Graph Density Node Centrality

High ‘_.
Value \

™
®

Indicates high confidence Indicates lack of confide high impo, In-degree: Indicates prominence
(Action that gives user (Action central to the analytical process)
Low A -
Value R N ~
With long expi ion: lack of Indicates low importance In-degree: Indicates a marginal node
Indicates lack of confidence With short exploration: high confidence | | (Action with no impact on user Z (Action ginal in the ytical process)

Figure 4.7: An abstract illustration of the global and local topology metrics that we
propose to use in analyzing the ProvNet.
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decision. However, a node might not be important to the sense-making process and has
less impact on the process if it has a lower betweenness centrality value.

4.8 Evaluation Methodology

We structure the user study into three phases. In the first phase, the participant completes
a tutorial. In the second phase, they use the dashboard to make a task decision and
complete a survey. Finally, we asked participants to complete a second task and a final
survey in the third phase. We collect data on participants’ decisions in each session, their
interaction with the dashboard, with timestamps for each action, and the notes they
might have typed during the session. We conducted a pilot study with three colleagues
to assess the tasks’ difficulty and feasibility.

To measure confidence, we apply a mixed approach: 1) we integrate a classical self-
reporting survey approach and combine it with 2) a provenance analysis to validate our
proposed metrics and study the impact of guidance. Thus, we compare and correlate the
objective to the subjective quantification of user confidence. We measure user confidence,
quality of user experience, to direct our evaluation. Additionally, we aim to understand
the impact of guidance, a technique applied in the analysis under uncertainty. We use
self-reporting measures and both direct and derived implicit measures from the ProvNet
graph. We present the self-reporting measures at the beginning and end of the session.
The following hypotheses are tested in this study:

Hypothesis 1la (H1la): The total time and number of actions correlate negatively with
self-reported confidence.

Hypothesis 1b (H1b): The impact of guidance is reflected in confidence by a significant
effect on network diameter and size.

Hypothesis 2a (H2a): Centralization as a global topology metric can predict the users’
self-reported confidence in decision making.

Hypothesis 2b (H2b): Density as a global topology metric can predict the users’ self-
reported confidence in decision making.

Hypothesis 2¢ (H2c): Guidance significantly impacts the global topology metrics.

4.8.1 Survey Design

The control survey (Survey 0) captures the user’s subjective prediction of future perfor-
mance and decision accuracy. We use it as an initial control point to measure whether the
user’s confidence improved. In contrast, the in-session pop-up questions track the changes
in confidence levels throughout a session. We use the results of the first post-session
survey (Survey 1) and second post-session survey (Survey 2) to keep track of the overall
progress in confidence levels and the impact of the guidance on confidence variability.
We also correlate the subjective metrics of the self-reported surveys to objective metrics
from the network.
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We draw from social psychology literature to construct the survey. In social psychology,
confidence is typically assessed with a self-reported survey or judgment of task completion
accuracy [SKJ15]. Therefore, we collect and analyze two types of data: self-reported
confidence and user decisions. The user completes three primary 5-point Likert-scale
surveys to self-assess their confidence: Survey 0 before the start of the study on self-
efficacy (9 questions), Survey 1 following the first session (9 questions), and Survey 2
following the second session (11 questions). Furthermore, we assess each participant’s
confidence in the decisions periodically during the sessions by completing one 5-point
pop-up question (Intermedial survey) upon making a complete set of decisions for a
bed, i.e., when a participant decides what pair of crops to plant in a bed. The number
of self-assessments is not fixed a priori, and each participant will respond to a different
number of pop-up questions depending on the number of times they change their decisions.

We standardized the language in probing the questions and the response scale for all
three surveys and the in-session pop-up questions (Intermedial survey) based on best
practices [SKJ15]. In the three primary surveys, five questions assess users’ confidence in
domain knowledge and tasks, and four assess their confidence in using the dashboard.
This enables us to locate sources of confidence (or lack thereof) when analyzing the
results. We ask two additional questions in the second post-session survey (Survey 2)
to assess if the participants’ confidence is affected by the guidance tool.

4.8.2 User Study Participants and Protocol

We invited 20 participants to conduct the study, and they were offered twenty euros
for their participation. The participants were recruited by announcing the study in
different master classes in the computer science department. Before the sessions, we
sent a two-page reference on steps and considerations in the decision-making process in
sustainable farming and asked them to get familiar with the domain. During the single
sessions, we asked participants to sign a consent form and illustrated the study purpose
and considerations for making decisions in sustainable farming. We emphasized that the
study is testing participants’ decision-making process rather than the usability of the
dashboard. Afterward, participants followed a short tutorial on using the dashboard. We
curated the tutorial as external onboarding [SCW™22].

We did not interfere in the study to avoid biasing participants’ confidence. However, we
were present in the room to tackle any technical issues that might arise with the use of
the dashboard. We provided the participants with a printout of the reference document
on the decision-making steps. We booked 1.5 hours for each session, but we did not
limit participants to a timeline. Thus, in the case of consecutive sessions, we prepared a
backup plan to conduct a session with similar conditions in case the first session would be
over 1.5 hours. We recorded the screen during the study as a backup to the collected data
and to offer potentially additional sources for a qualitative evaluation. Our participants
were a mix of Bachelor’s and Master’s male and female Computer Science students. We

did not collect the participants’ demographics as these are not necessary for our analysis.

We do so to protect the participants’ anonymity and avoid study bias in accordance
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with best practices [FGDT16] and the directives of the European Union General Data
Protection Regulation and the Austrian Data Protection Authority.

4.9 Results

Each participant (n=20) completed two sessions in a randomized order, one guided and
another unguided. Thus, we have a sample of 40 sessions. We removed one outlier that
positively skewed the results (finally, n=19). Participant (42864671) spent 102.2 minutes
analyzing the first task (unguided), compared to an average of 27.17 minutes in the
other unguided sessions. After spending more than 100 minutes, she was reminded that
she still had one more session to go. She explicitly stated that she misunderstood the
instructions. Subsequently, she wrapped up the first session and started the second. We
determined that an error impacted the results of her first session, and the data values
represented a single construct outlier. Since the data point cannot be corrected, we
eliminated the observation of both sessions from the remaining analysis following best
practices [AGJ13].

The Shapiro-Wilk test did not show evidence of non-normality in the self-reported
confidence for the surveys (W = .97, p = .387) or intermedial Survey (W = .95, p = .082).
With 20 participants conducting the study, we do lack some statistical power. However,
as we are also concerned with inflated Type-I error rates, we adjust the p-values across
separate testing models, following the Bonferroni correction method.

As seen in the upper chart of [Figure 4.8 and upper-left chart of [Figure 4.9, participants
reported slightly higher confidence in the guided sessions than in the unguided sessions,
except for the visualization survey scores. Users reported increased confidence in all cases
compared to the self-competency control survey (solid line). Again, the visualization
response scores are an exception. We see that participants reported less confidence on
average in the guided session survey than in the control survey. The bottom chart shows
that guidance positively impacts users’ confidence when it is received in the first session.

The end-of-session survey results are consistent with results retrieved from the intermedial
surveys. Participants responded to more questions in the guided sessions than in the
unguided sessions, and also more in the first than in the second session. These results
show a higher rate of decision reluctance in the first sessions and the guided sessions.
The increase in confidence from the self-competency survey (Survey 0) is consistent with
the farming survey scores. Participants felt less confident in their ability to make farming
decisions compared to interpreting visualizations. The observations in our dataset are
independent.

4.9.1 Global Characteristics

We will hereby refer to network size as actions and to network diameter as time. The
sample’s average time of all sessions (n=38) is 24.49 minutes, 21.81 minutes for the
guided sessions (n=19), and 27.17 minutes for the unguided (n=19). Participants relied
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Figure 4.8: The upper bar chart outlines the overall average score for guided vs. unguided
sessions in each self-reported category. The gray number above the intermedial survey
scores denotes the average number of pop-up questions. The horizontal lines indicate
the average scores for the control survey (Survey 0). The bottom bar chart outlines the
self-reported scores per guidance and averages for each session. We further split it into
two main question groups: confidence using visualizations (Visualisation) and confidence
taking farming decisions (Farming). The number above the intermedial survey scores
represents the average number of pop questions answered. Finally, labels 1 and 2 on the
x-axis refer to the session number.

heavily on the analysis in cluster B, the crops information cluster. Only in cluster D, the
decision cluster, is the time spent higher in the guided session. This is a result of more
frequent changes in decisions when receiving guidance. Moreover, Figure 4.10 shows that,
on average, participants took approximately 30 more actions in the unguided sessions to
reach a decision, which indicates that the guidance helped accelerate the decision-making
process.

The actions (W = .92, p = .01) and time (W = .92, p = .01) variables are not
normally distributed. Thus, we conduct the Spearman rank correlation test to respond
to hypothesis Hla. We test four hypotheses by dividing the alpha value by 4 following
the Bonferroni correction method. Thus, the adjusted alpha-value is .013. There is a
statistically significant negative correlation between the intermedial survey and each of
actions (r(36) = —.41, p = .01) and time (r(36) = —.41, p = .011). The survey scores
yield no statistically significant result with the global characteristic metrics proposed in
section 4.7. We conducted a one-way ANOVA test to respond to hypothesis Hlb and
examine whether guidance or session impacts the proposed global characteristic metrics.
We adjust the alpha value to .013 following the Bonferroni correction method for the
four comparisons. The guidance does not significantly impact actions (p = .224) or time
(p=.176). A one-way ANOVA demonstrates that the session order statistically affects
the actions performed (F(1,36) = 7.6, p = .009). We also find a statistically significant
main effect on the time (F'(1,36) = 19.38, p = 9.19¢ — 05). Therefore, H1la is accepted,
and H1b is not confirmed.
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Figure 4.9: Distribution of the survey, intermedial survey, visualization survey, and
farming survey scores for the guided vs. unguided sessions.
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Figure 4.10: Distribution of time and action in each of the guided vs. unguided sessions.

4.9.2 Global Topology

The graphs’ centralization (W = .96, p = .191) and density (W = .96, p = .136) variables
did not show evidence of non-normality when we conducted the Shapiro-Wilk test. The
average centralization of the network graphs is 0.334, and the average density is 0.156.
In [Figure 4.11, we can see that the graph’s average centralization slightly increases in the
guided session. Interestingly, [Figure 4.11| shows that the centralization in the unguided
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Figure 4.11: Distribution of the network’s centralization and density metrics for the
guided vs. unguided sessions.

session is negatively skewed. On the other hand, the centralization results are positively
skewed in the guided sessions. This pattern is inverted in the density distribution. We
test two hypotheses; thus, we adjust the alpha-value to .025. We run a multiple regression
to test hypotheses H2a and H2b. We want to examine the prediction significance of the
global topology metrics on the farming survey scores.

We used multiple linear regression to test if centralization and density (global topology
metrics) significantly predicted the farming survey scores. The fitted regression model
was: Farming survey score = 35.48 + 81.66 x (Centralisation) — 73.37 x (Density). The
overall regression was statistically significant (R2 = .18, F'(2,35) = 4.936, p = .013).

Centralisation significantly predicted farming survey scores (8 = 81.66, p = .018).

However, density did not significantly predict the farming survey scores (5 = —73.37,
p = .202). Then, we test hypothesis H2¢ by conducting a two-way ANOVA correlation
test to investigate the impact of the guidance on the global topology metrics. The test
revealed no statistically significant impact of the guidance on the global topology metrics

(F(1,36) = .404, p = .529). Therefore, H2a is accepted. H2b and H2c are not accepted.

4.9.3 Local Topology

The view switch in each cluster is the most prominent and important action in the process.

This is normal and expected since these are actions needed to switch among the three
primary tabs seen in Figure 4.2, Figure 4.3, and |[Figure 4.4. We removed these three
actions from [Figure 4.12| for a better analysis. We notice that the actions in cluster B
(crop information tab) are the most prominent in the analytical process. However, that
is not the case for betweenness centrality, where actions of cluster C (crop companion
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Figure 4.12: Line plots illustrating a comparison between average betweenness and degree
centrality for each action in guided vs. unguided sessions. The gray boxes highlight the
separate clusters. Among several findings, the plots highlight the potential importance
of the Crop Information view (cluster b) to users’ decisions.

tab) compete for importance, particularly in unguided sessions. We can see that guided
sessions negatively impact the participant’s reliance on cluster C, the crop companion
view. This impact is more consistent in the measure of degree centrality. The actions
performed in cluster C seem less prominent in the guided sessions. In the guided sessions,
we can see an increase in users’ reliance on b__f3 (filtering to the growing view) and,
to a lesser extent, on b__fl (filtering to the farming calendar in the crop information
tab). Actions b__f5, b__f6, and b__f7, distances, yields, and prices plots, respectively,
become noticeably less prominent in the analytical process of the guided sessions. Also,
as denoted by b_ nl, taking notes in cluster B is less important and prominent to
the participant’s analytical process in the guided sessions. The actions in the clusters
are generally the least important and prominent to the participants sense making and
decision making. They slightly increase in importance with the guided session.

4.10 Discussion

Our results, outlined in [Figure 4.13] show that a network graph representation and
metrics of analytic provenance support a better measurement of user confidence. We
outline lessons learned and limitations of our study.
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Figure 4.13: A visual summary of the aspects tackled through our research questions,
take-home messages describing the current status, and future prospects.

4.10.1 Self-reported Confidence in Relation to Global Metrics

Our proposed hypotheses investigate the significance of the proposed metrics. The results
demonstrate that self-reported confidence is only reliable with rigorous study design
considerations. For example, we see in [Figure 4.8 a discrepancy in sessions’ self-reported
confidence between the intermedial survey and the end-of-session survey. One must
account for several factors when collecting self-reported confidence. The three main
factors are the self-perception of confidence, the stage upon which the questions are
asked, and the wording of the questions. The intermedial survey responses might be
more accurate than the end-of-session surveys on a participant’s level, as they quiz
the participant immediately after making the decision. Interestingly, the intermedial
survey scores reported in the first session more accurately reflect the farming decisions’
self-reported confidence in the same session.

Furthermore, the intermedial survey is specific to a single task. Thus, the participants
can provide a more accurate assessment of their self-confidence in the intermedial survey.
Given that assertion, we lean to accept H1la as results show a moderate correlation be-
tween the global characteristic metrics and the self-reported confidence in the intermedial
survey. While the correlation does not show with the survey results, we see that it may
possibly support our claim that self-reported confidence is insufficient. This assumption
is also based on the analysis of discrepancies seen in Figure 4.9| in the self-reported
confidence between the intermedial and end-of-session surveys, Figure 4.9 (top chart).

Although our results show that the session impacts the participant’s performance, we
could not prove the effect of guidance on confidence. Reviewing the descriptive results
of Figure 4.8, we conclude that guidance could potentially impact self-confidence. We
can see that the confidence in self-reported surveys decreased in the second session when
they received the guidance. This negative impact is interesting to explore. However, the
sample size and study design must be increased to test the significance of the impact
of guidance on the metrics. We also believe that a qualitative study of the results can
complement the findings and shed light on the quantitative results. In our study, we
monitored participants’ analytical behavior and had a short discussion with them at the
end of the sessions. One explanation for the results regarding the impact of guidance on
the analytical process is that users who received guidance in the second session arrived
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with a particular cognitive model of sense making and decision making. The guidance
in the second session challenged their interpretation of the data, leading to a lack of
confidence. The average number of intermedial survey questions answered in [Figure 4.8
shows that participants change their decisions more often with the guided session.

DeMarree et al. [DPBn07] could provide a possible explanation of the aforementioned
results for guidance. They affirm in their study that the inconsistency of information
negatively impacts self-confidence. They also attribute a lack of confidence to unorganized
knowledge. In our study, guidance provided in the second session may have contributed to
inconsistent information, and it was not provided in an organized manner. Furthermore,
the guided sessions presented repetitive guidance. According to DeMarree et al. [DPBn07],
ruminative thoughts may undermine self-confidence. Finally, users tend to exaggerate
their self-confidence when they do not have a basis for comparison. Once presented with
guidance that contradicts their analysis, their self-confidence decreases.

4.10.2 Lessons Learnt

The guidance received in the first session might have influenced the analytical behavior
of users in the second session. This result could highlight the importance of providing
explanations in combination with guidance. It is supported by previous research find-
ings, which assert that guidance explanation supports the effectiveness of the guidance
tool [PMCEA™22]. Furthermore, adding the combination of participants receiving guid-
ance in both sessions and not receiving guidance in either session may be helpful to the
results.

4.10.3 Confidence Reflected in the Network Graph Topology

As for the global topology metrics, we accept H2a, but we reject H2b. We specified
the farming survey scores in H2a because we are interested in how well these metrics
can predict the domain decision-making self-confidence. Centralization and density value
could shed light on the users’ behavior and self-confidence.

A further qualitative study of the network graphs illustrates the user’s confidence level
and highlights areas that contribute to possible low confidence. Two ProvNets are
shown in Figure 4.14. We see a more structured and less dense analytical process in
Figure 4.14 (a) compared to Figure 4.14 (b). P2 constantly jumps from one action
to another, demonstrating confusion and low confidence. We see a heavy density of
intra-cluster connections, particularly in cluster B (blue). With the more confident P1,
the intra-cluster arcs are not dense. We notice a more organized and consistent analysis
process within clusters. The analysis session of P1 is provided in the supplementary
material for reference [Mus24a).
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Figure 4.14: (a) A ProvNet of a guided first session (participant P1-55314466) that
resembles the analysis of a participant who displayed high confidence across our metrics
and the self-reported surveys. The opacity of the Cluster D nodes illustrates the percentage
of decisions that followed the guidance. (b) A ProvNet of an unguided first session
(participant P2-41277257) that resembles the analysis of a participant who displayed
low confidence across our metrics and the self-reported surveys. The node labels in both
networks are related to actions outlined in (Table 4.2.
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P2 occasionally decides on the companion crop after analyzing crop information in cluster
B. A natural pattern should be making that decision after analyzing the companion data
in cluster C. Nevertheless, they tend to follow their companion decision by analyzing
the crop companion data for confirmation. We can see in [Figure 4.14 (a) that the
more confident participant P1 makes their decision following c¢_ 2, an analysis of crop
companion benefit from repelling insects. Although in both ProvNets we see that the
most frequent tie is from cluster B to cluster A, the weather analysis in cluster A does not
provide enough confidence to decide on the planting week. P2 rarely filters the weather
view, where a__f2 and a_ f3 are not connected to the analytical process.

In our study, we learned that our proposed network representation can be suitable for
examining user confidence during sense making. This phenomenon is difficult to capture
with self-reporting surveys. Although the survey typically poses questions about the
sense-making process, the participants’ responses are influenced by the stage at which
they respond. Posing questions to participants immediately after each sense-making
action is not feasible, as it disrupts the process. The objectively quantifiable metrics can
potentially complement self-reporting surveys in providing insight into users’ confidence.

Furthermore, our findings indicate that self-reported confidence might be unreliable as a
sole metric. We experienced that, instead, a combination of qualitative assessment with
quantifiable centrality metrics can be more dependable indicators of confidence. The
former offers insights into the sources of confidence variance, while the latter demonstrates
how guidance influences user confidence in analytical processes. Although our results
show that guidance indeed impacts user confidence (responding to RQ1 and RQ2),
further studies are required to answer RQ3 comprehensively.

4.10.4 Externalizing and Validating Confidence Metrics

Future studies may explore the interplay between confidence, examined in our study, and
trust as two interconnected properties of the user attitude. In our study, we did not need
to filter out trust from the network graph because trust cannot be externalized with a
network graph. Network graphs are suitable for externalizing confidence. In contrast, as
explained in [section 4.3), trust is the property of a user’s attitude towards the system at
a given time of an interactive session. Thus, to externalize trust, one needs to maintain
the order of events and examine nodes at a lower level, i.e., the event level. Sequential or
hierarchical tree graphs, for example, Stitz et al’s [SLSG16] provenance graph, can be
more suitable for the examination of trust. Measuring user self-confidence throughout the
session and at each event requires a more rigorous approach, which we leave for future
research.

In section 4.7, we rely on the literature to reason about the potential interpretations of
the possible metric observation results. We incorporate a social psychology perspective
in our analysis to examine the properties of a human attitude. In designing our study,
we deployed a real-life task-based study, maintaining an uninterrupted and complete
analytical process, and designing a dashboard in a domain usable by the general public.
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We set concise hypotheses to analyze the results before the evaluation sessions, and we
plan to examine further hypotheses in future studies. In our analysis, we compared
the metrics to the self-reported surveys, which are a commonly used tool to measure
user confidence. We accurately report the statistical significance of our correlation and
prediction tests with promising results. However, the validation of the confidence metrics
can be strengthened by further studies with a larger sample and qualitative analysis, a
more accurate metric modeling, and a more complex recording of provenance. Finally, our
work thoroughly reports the study procedure and archives the raw results and analysis
code in our supplementary material [Mus24a].

4.10.5 Limitations and Bias

Without a readily available solution, building a new dashboard for the study required
certain compromises. Our dashboard simplifies the interactions to limit potential bias
from the user being unable to fully control the dashboard. The tracking technology
limitation contributed to our design decisions, outlined in subsection 4.5.3. Allowing the
user to interact freely with all dashboard components at all times could have provided
more comprehensive provenance data.

Moreover, the size of our networks might have hindered a comprehensive examination of
the metrics. The ideal network size for a topological analysis requires further studies.
However, small networks can impede the topological analysis of a network [Xull]. Thus,
we were limited to a handful of metrics that could be helpful. Considering typical metrics
in SNA, such as cliques, clustering coefficient, and modularity, could be valuable in
future studies. We note several recommendations for expanding the metrics used to
measure user confidence. The ascendancy metric [Ula00] to study expansion in ecosystems
could be helpful in reverse to study the effectiveness of guidance on users’ sense making
and decision making. Moreover, residual freedom [Ula00] can also indicate an effective
visualization that allows the user to uncover more insights than determined by the
developer, who is often not a domain expert. A mature method to quantify the knowledge
flow in the interactivity network could also support using the Average Mutual Information
metric [Gonl9] to quantify the inferred confidence.

Finally, in our approach, we pre-define actions that are possible for the users. However,
this may have introduced bias in the study results. A more complex approach to recording
user analytical actions, such as eye-tracking, could significantly improve the reliability
of the proposed metrics. A more comprehensive qualitative examination of network

graph structures and their relation to confidence is an interesting path for future studies.

Subsequently, it is important to investigate the impact of users’ expertise on their
confidence in the context of a guidance-supported VA.

Summary We conceptualized user confidence and distinguished it from user trust.

We then proposed SNA metrics to evaluate user confidence in VA under uncertainty
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and conducted a study to examine the value of the proposed metrics. The global
characteristics, global topology, and local topology metrics offer the potential for an
insightful analysis of user confidence in VA. They can complement the commonly used
self-reporting surveys. An interesting direction for future work would be to explore the
distinctions between confidence and trust—quantitatively and qualitatively—within the
specific visual data analysis context to further understand their respective impacts on
user interactions and decision-making processes. We also see potential in investigating
explainable guidance to study the impact of explainability on user trust, which further
influences their confidence in sense making and decision making. With better modeling
and tuning, we anticipate that our proposed metrics could improve the assessment of
user confidence and, consequently, support a better evaluation and development of VA
tools, including guidance.
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CHAPTER

TrustME: A Context-aware
Explainability Model to Promote
User Trust in Guidance

This chapter addresses the need for an explainability approach to support guidance
designers in addressing the issue of user trust in a guidance-supported VA system, and is
based on the publication:

Maath Musleh, Renata G. Raidou, Davide Ceneda, “TrustME: A Context-Aware
Explainability Model to Promote User Trust in Guidance”, in IEEE Transactions on
Visualization and Computer Graphics, Volume 31, No.10, 2025, pp. 8040-8056, doi:
10.1109/TVCG.2025.3562929.

Guidance-enhanced approaches are used to support users in making sense of their data
and overcoming challenging analytical scenarios. While recent literature underscores
the value of guidance, a lack of clear explanations to motivate system interventions may
still negatively impact guidance effectiveness. Hence, guidance-enhanced VA approaches
require meticulous design, demanding contextual adjustments for developing appropriate
explanations. In this chapter, we discuss the concept of explainable guidance (XG) and
its impact on the trust relationship between the user and the system in VA. We, then,
propose an XG model to design an effective explainability strategy to boost user trust in
guidance. We demonstrate the usability of this framework through use cases. We also
evaluate it in a design walk-through with a guidance expert to showcase how our model
supports designers in clarifying the rationale behind system interventions and designing
explainable guidance.
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5.1 Introduction

Explanations in Visual Analytics (VA) can shed light on human- and system-made
decisions and interventions throughout the analytical process. In particular, support
from the system, namely, guidance [CGMT17b], requires appropriate motivations and
explanations to enable understanding of complex data interactions and ensure clarity
within the analytical process while also enhancing user trust. Even if the afforded
guidance is technically sound, its adoption in several domains might still be limited if
users fail to understand it [MMT™23], mainly due to a lack of guidance explainability.
While explainability is not a new concept, for example, it has been investigated in artificial
intelligence (AI), explainable guidance (XG) is a concept that has yet to receive sufficient
attention.

Guidance in VA can support sense-making and decision-making processes by addressing
challenging situations in which the user struggles to complete the analysis independently.
In contrast to onboarding [SCW 22|, which targets the initial process of integrating and
acclimating new users to a system, guidance provides continuous task-specific support
throughout the entire analytical process in several forms [CGMI19b]. For example, if the
user reaches an impasse during the analysis, the system can provide a recommendation list
of the next possible steps that can produce useful insights. The ultimate goal is to address
the knowledge gap effectively by orienting the user’s perception, directing the exploration
process, or prescribing specifications to support the visual analysis [CGM™17b]. Thus,
guidance supports several VA goals, such as enhancing user understanding, facilitating
effective exploration, promoting insight discovery, and improving decision making—all
while boosting user confidence throughout decision making [HS23].

The effectiveness of guidance is highly context-dependent [CAA™20, SEAAC24]. Factors
such as user and analysis context or domain complexity [HS23, [SCEA23] MAK™23]
impact the effectiveness of guidance. This is especially true in critical domains like
healthcare [MMT™23|, where clinicians predominantly rely on predefined, clinically-
approved models and workflows to minimize undesirable outcomes for the patient. In
such critical scenarios, introducing guidance requires accounting for resistance from
domain experts accustomed to conventional sense-making processes [SRM ™19, [OLAT9] or
considering a potential preference for guidance that provides less uncertainty [MMT™23].
This is particularly important when users make complex decisions between plausible
alternatives with marginal trade-offs [DIP.J22]. In these situations, users base their trust
on several factors, such as past experiences, conventions, or communication transparency,
underlining the user’s necessity to develop trust in the presented guidance. Thus, when
designing guidance for such scenarios, the designer should actively mitigate the impact of
the user and domain contexts on guidance while fostering credibility and understanding.

Sacha et al. [SSKT16, p. 243] describe trust as “a process of passing and accepting
knowledge between human and machine”. In attitude theory, trust is a property of
attitude and is considered an evaluation of an object [DPBn07]. In our context, the
object of this attitude is guidance, manifested as visualized cues, specifications, or options.
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Explanations applied to guidance can positively affect the sense-making and decision-
making process while ensuring the stability of the VA process and the reliability of
its outcome [DPBn07, PSBn23]—ideally boosting user trust. It is important to note
that trust is built over time as it is subject to changes through use [Mui87], while
“sustained distrust can only lead to further distrust” [Gam88| p. 234]. Ceneda et al’s
recent study [CCEAT24| found that trustworthiness depends on the explainability of VA
guidance, affirming that it can also avoid confusion. Their study also highlights that XG
can improve user acceptance of guidance because it mitigates the gap between the user’s
expectations and the system’s guidance. Thus, it can address resistance among experts
using VA tools. Other studies found that customized explanatory approaches can relieve
cognitive overload [BKD™23|, improve mental representations [SGRn09], and promote
efficient sense making [YZET24]. Hoque et al. [HSE24] illustrate how explanations
can shed light on Al-produced guidance and improve issues such as understanding,
transparency, and accountability. Moreover, a recent study on user confidence under
uncertainty by Musleh et al. [MCER25| suggests that XG can improve the user’s analytical
behavior.

For these reasons, we propose a design model for building and presenting explainable
guidance as an essential factor for supporting the user in interpreting and understanding
guidance and, consequently, for establishing and sustaining the user’s trust toward
suggestions presented by the VA system. We contribute: 1. a discussion of the concept
of XG and the impact of explanations on the user—system trust relationship; 2. a
novel model for designing context-aware explainability strategies for guidance in VA
systems, considering all aspects that designers need to address when designing effective
explanations; 3. use cases and a walk-through with an independent expert in guidance
design to demonstrate how to use the proposed model for an effective explanation of
guidance in VA.

5.2 Related Work

This section discusses challenges and opportunities in applying explanations to guidance-
enhanced VA. It also surveys explainability in VA and the impact of explanations on
trust.

5.2.1 Explainability in VA

Explainable artificial intelligence (XAI) Explainability is a very active topic in
AT and VA that refers to methods to inform the user about the inner workings of Al
algorithms to improve the user’s trust and acceptance [LRBBT23, [AR23]. XAI serves
three goals: helping users understand a process, boosting users’ trust, and supporting a
system’s usability |[GSCT19|. Mohseni et al. [MZR21] present an end-to-end framework
mapping XAl methods to design goals and propose appropriate evaluation metrics based
on three user categories: novices, domain experts, and Al experts.
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Approaches to explain the results of AI models comprise both model-agnostic and model-
specific solutions [HZW21]. These methods also depend on knowing why, how, and
what explanations are needed [Well9]. Although XAT designers use machine learning to
generate post-hoc explanations [DAB™23, [HMKB23]|, progressive implementations are
also proposed to partially analyze deep learning models in an interactive way [CLIS].

As features of a good explanation, Confalonieri et al. [CCWB21] identify the adaptability
to the user and the context of the analytical process. Vilone and Longo [VL21] identify
four pillars guiding explanation generation in XAl: end-user, goals, content, and language.
They emphasize the recipient, questions to be answered, content, and terminology.
Preventing miscommunication between the user and the system has also been stressed in
literature as an essential aspect of generating effective explanations [EAM22]. Samek and
Miiller [SM19] view the interpretation step after the explanation to be a complicating
factor in achieving adequate explanations. Hence, they underscore that designers should
prioritize interpretability when evaluating explainable systems. More generally, Mohseni
et al. [MZR21] suggest that interpretability is connected to the reasoning side, such as of
the algorithm, while explainability reflects the property of the interface side.

Explainable guidance (XG) The features of a good explanation, as proposed in the
XAI literature, are potentially transferable to XG. Explanations of guidance do not aim
to explain an underlying Al algorithm. Instead, they aim to explain the guidance output
in relation to the resolution of analysis tasks. Hence, while an overlap may exist between
explainable guidance and XAI methods, the role, position, and aim of guidance within
the VA system must drive the explanation.

Unlike AT systems, the user is a central aspect of the decision-making process in guidance-
enhanced VA. In addition, while AT refers to intelligent algorithms behind the screen,
such as influencing how a visualization on the front end functions and appears, guidance
manifests as a separate intrusive or non-intrusive visual encoding, indicating that the
visual environment’s context impacts explanations. Finally, in XG, the explanation
generates a third visual layer, in addition to the main visualization and the supporting
(visual) guidance. On the other hand, in XAI, explanations appear as a second visual
layer where the Al model is an integral component of the primary visualization, and the
explanation supports it.

In general, research in explainable guidance is scarce. Several scholars emphasize the
importance of adding explanations to guidance-enhanced VA systems [MMT™23, [CDT9]
CCEA™24]. Ye and Johnson [Y.J95] studied the impact of explanations on the user
attitude and the effectiveness of guidance. They found that an explanation can improve
the user’s attitude towards the system and the acceptance of guidance. Arnold et
al. [ACC™T06] conclude that the user’s knowledge level influences the appropriate type
and form of explanation.

Guidance and onboarding techniques are often confused and used interchangeably. How-
ever, the two concepts differ in their goals and methods. Specifically, Stoiber et
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al. [SWGT21, SCWT22| present a helpful perspective on distinguishing onboarding
from guidance techniques in visualization. According to them, onboarding techniques
typically address a usability knowledge gap, for example, how to use specific functions,
while guidance tackles knowledge gaps in VA reasoning, i.e., how to solve a task and
get insights. Focusing on explainability, an XG approach aims to reduce misinterpreta-
tions or ambiguities of guidance suggestions by designing and introducing appropriate
explanations. We refer to this as the interpretability knowledge gap.

Although guidance and onboarding approaches differ in goals and methods (as high-
lighted), the literature on onboarding techniques can offer a bridge to improve guidance
explainability. In particular, Dhanoa et al. [DWHT 22|, building on Stoiber et al. [SPA23]’s
work, propose a refined process model for onboarding, describing concrete guidelines
for designing system onboarding that we can roughly transfer and adapt to designing
explanations for guidance.

5.2.2 Trust-Aware Guidance Design

Sacha et al. [SSK™16| investigated trust building during knowledge generation in VA.
They highlight the importance of the trustworthiness of decision aids to the user. In
their proposed framework, Ceneda et al. [CAAT20] emphasized trustworthiness as a
requirement for designing effective guidance. Sperrle et al. [SJB™21] proposed a guided-
VA system that explains the suggestions to boost user trust. The literature highlights
explainability’s role in building user trust in guided-VA [CAST18, [HS23]—vyet, building
trust in the VA process remains an open investigation.

Goals of effective explanations Muir’s [Mui87] early work discusses the criticality
of trust in developing guidance tools within mixed-initiative systems. Muir states that
building trust is a precursor to providing effective guidance, suggesting that guidance
requires three conditions to be trusted by the user: predictability, dependability, and
consistency. More recently, Shneiderman [Shn22] states that to make sure that humans
can rely on and use them effectively, we need to ensure that the system’s decisions,
i.e., recommendations or predictions, are reliable, safe, and trustworthy, meaning that
they can be correctly interpreted and understood (and consequently trusted), and used
by their human counterparts. Ceneda et al. [CCEA™24] also mention, among others,
explanations as one of the criteria that make guidance effective.

User background Ceneda et al. [CGMI9D] and Sacha et al. [SSK*16] propose that

designers unlock the guidance algorithm’s black box, showing how guidance is produced.

Explanations could increase users’ trust in the information provided by the guidance
cues, boosting user confidence in their decisions. Muir [Mui87] suggests that vague

explanations, or lack thereof, negatively impact users’ interpretation of guidance cues.

Guidance-enhanced VA caters to users with varying expertise and backgrounds. Therefore,
understanding how users interpret guidance cues is essential in building an effective
explanation, but adapting it to diverse users is challenging.
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Guidance characteristics The context in which guidance is provided is also crucial for
designing good explanations. The literature classifies guidance approaches by defining the
degree, direction, inference, and analysis objective [CGMI9b]. Sperrle et al. [SCEA23]
elaborate on these classifications, proposing a framework for guidance strategies. Other
guidance approaches consider the accepted intrusiveness and required detail-orientation
of the guidance [MMT™23]. Collins et al. [CAST18| extend on guidance approaches to
define the type of knowledge needed to provide guidance: prior knowledge, session-specific
knowledge, or situation knowledge. In thinking of suitable explainability, it is essential
to consider the type of knowledge gap that triggers the guidance.

Level of detail Chuang et al. [CRMH12] suggest that considering the level of added
details is crucial to support user interpretation. Thus, the system should carefully
consider the level of explanation detail provided to improve its interpretability. As a
model-driven visualization, explainable guidance should incorporate a progressive detail
disclosure from a high-level abstraction to a low-level detail on demand. The progressive
disclosure can improve users’ trust in the tool [CRMHI12]. De Visser et al. [{VCEFP14]
proposed a methodology to construct system trust cues that could be integrated into the
explanation construction model to improve its adaptation to the analysis process stages.

Timing Presenting guidance at the right moment is also crucial [CAAT20]: untimely
guidance could negatively affect users’ trust. Effective guidance responds to a specific
knowledge gap, and so should its explanation. As the user might not be aware of the
knowledge gap, the system should account for the issue of unconscious knowledge gaps
in constructing the explanations to boost trust in the guidance [CAAT20]. Han and
Schulz [HS23| propose that the system should communicate the trustworthiness of the
guidance to the user. The communication is improved when the system can accurately
identify the user’s state of trust. Recently, van Elzen et al. [EAAT23] proposed a
framework to help the user communicate the trust level to the system. This framework
characterizes trust dynamics within a machine learning pipeline and can be simplified
and calibrated to be usable in a guidance workflow.

5.3 Explainable Guidance and User Trust

In this section, we clarify terms and concepts that we use to build our XG model.

Interpretability vs. explainability The literature shows that providing effective
explanations in VA is a task that remains challenging [WDC™23] and that drawing from
Al research, explainability—and the distinct yet interconnected concept of interpretability—
are prominent research directions. However, there has yet to be a consensus on the
definition of both concepts [HKPC19|, which are at times used interchangeably to refer
to understandability [CPC19]. In other literature, interpretability is seen as a property
of the user’s action towards the information presented, while explainability describes
the characteristic of the information presented to the user [MZR21] [Jau22]. The lack
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of consensus is attributed to the concepts’ roots in several fields outside computer
science [JS22].

To interpret a visual output means “to make sense of it for oneself [the user] and to
learn what it means to others [the system]” [Bar(06, p.803]. This definition indicates
that an interpretable object assumes at least one understanding, although many are
possible. Interpretability refers, thus, to the attribute of a system’s visual output that
can be ascribed a plausible meaning. Conversely, explainability entails the comprehensive,
rational, and practical explanation of a system’s visual output from a source to a target.
For example, imagine a dataset of patients’ health records. A simple tabular representation
would not suffice to explain how these patients are clustered. A practical alternative
is to perform dimensionality reduction and clustering, and show the result on a scatter
plot. The scatter plot is still not necessarily interpretable by non-expert readers. The
explainability of the scatter plot can be improved by encoding the resulting, for example,
two clusters with distinct colors, for example, red and blue. This explanation makes the
plot interpretable for most readers. However, it can also carry multiple interpretations.
One explanation can match the intended meaning of two distinct patient clusters, while
another can (mis)interpret the color coding, for example, interpreting blue as representing
surviving patients and red as deceased. While this interpretation is plausible, it does not
align with the intended meaning.

Significance of interpretability to explainability Explainability and interpretabil-
ity are interconnected within the VA workflow and in the context of guidance. Looking
at linguistics and semiotics literature, during the interpretation of an object, the user
constructs the underlying meaning by contemplating the form, motive, model, inputs,
and context of this object [Bar06]. After building an interpretation, the user shares it
implicitly through their analytical actions, for example, by informing the remainder of
the decision-making process and shaping the direction of their subsequent inquiries. Thus,
understanding how users interpret the system’s visual output is crucial for evaluating
the effectiveness of explanations. Most importantly, the interpretation of guidance must
be accurate and precise to support the user’s analytical process. While visualizations
are typically polysomic |[GTKI11], i.e., they are open to more than one interpretation,
a guidance-enhanced VA should allow only one interpretation of the guidance, i.e., its
unique intended meaning. This quality is required to ensure the explanation is interpreted
correctly, i.e., unambiguously, clearly, and reliably. In this way, the user and the system
can effectively “understand” each other, enhancing the user’s analytical process with
trustworthy insights [Mil19, WHLS19].

Explainable guidance and user trust Informally, we refer to explainable guidance
as guidance that can practically provide a precise human-understandable meaning to
the guidance output. This concept includes providing visual cues and describing the
specifications or options that align the meaning with the user’s understanding. As a
result, the system boosts the user’s trust in the provided guidance by presenting adequate
explanations. In other words, explanations mediate knowledge-sharing between the
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system and the user to enhance user trust [Cas04]. In this work, user trust refers to
the user’s degree of certainty in the guidance provided by the system, which can be
externalized by several means, such as the user’s willingness to follow the provided
guidance [EAAT23].

5.4 Research Questions

Our literature analysis indicates that explainability is critical to support user inter-
pretability and boost user trust in the system. Despite similarities to XA, the challenges
in XG are unique as a result of distinct mandates in the approaches and questions
investigated. Thus, designing effective explainability strategies for guidance requires
unique solutions. For these reasons, we developed a five-component model for designing
guidance explainability, inspired by XAl and borrowing from VA onboarding. This model
addresses the challenges of guidance-enhanced VA to improve the effectiveness of guidance
through better explanations. We investigate the following research questions:

RQ1 What are the characteristics of effective guidance explanations?

RQ2 How can context-aware explainability enhance users’ attitude in guided-VA?

In the upcoming sections, we propose that an effective guidance explanation should be
interpretable, reliable, timely, and cognitively non-overloading (RQ1). Furthermore, an
effective explanation design requires a model that responds to several interconnected
questions that consider contextual information about the user, domain, and VA session.
We support this design model by practically demonstrating XG within various analytical
scenarios and a design walk-through with a guidance expert (RQ2). In these use cases,
we demonstrate the usability and benefits of our proposed model and outline step-by-step
guidelines for using our proposed model to design explainability strategies for guidance
tools in VA. Specifically, in the design walk-through with the independent guidance
expert, we employ these guidelines to support the expert in designing XG strategies for a
guided-VA solution.

5.5 Methodology: A Model for Explainable Guidance

We followed a three-step method (depicted in Figure 5.1) to construct our proposed
model for XG. Initially, we surveyed the literature for explanation models in VA and
their characteristics to construct a model draft using a bottom-up approach (Step 1).
We subsequently refine our model using a top-down approach, condensing terms and
iteratively validating the model (Step 2). Finally, we ensure the applicability of our
model by applying it to practical use-case scenarios (Step 3).

Step 1. Bottom-Up Approach—Deriving the Model from the Literature We conducted a
thorough literature review to gather relevant work and build our model. We performed
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Step 2: Top-Down

Step 1: Bottom-Up Approach Step 3: Applicability

Approach
Keyword search Condense concepts N
: Demonsirate usability on
Analyze and extract keywords Formative model sketch use case scenarios and
terative model validation with an expert design
Components/Context/ Formative concepts walk-through
Characteristics/Structure/Setting definition

Figure 5.1: Three-step method to design the guidance explainability model.

query searches in Google Scholar using a combination of two sets of keywords. The first
set includes variations of the term explain: explainability, explanation, and explainable.
We combined these terms with a second set of keywords, including model and its scholarly
interchangeable variations such as framework and design. We also included terms such as
characteristics and its literary synonyms: qualities, features, and notions. For example,
we queried allintitle: explainability model, allintitle: explanation model, and
allintitle: explanation features. We did not constrain the search to a specific time
frame. By combining these terms and through the related queries, we generated a broad
initial pool of papers spanning different fields, which we later scrutinized to evaluate
their relevance.

We performed 21 different queries, and for each of them, we initially gathered and
considered the first ten resulting papers. We further considered including more or fewer
papers than the initial ten papers based on the query outcome and paper references.
This process yielded an initial pool of 165 papers. We then reviewed the abstracts to
discard any irrelevant works, including papers that studied the notion and design of
explanations in the general computational field. For example, we excluded papers that
discussed the topic of explanation to adolescents in schools. We considered all those
papers that included a visualization and/or an analytical component relevant to our focus
on VA. Then, the author of this dissertation reviewed the abstract and introduction of
each section to select papers that discuss the design or characteristics of an explanation.
We excluded non-peer-reviewed papers, duplicates, and workshop papers. Although
workshop papers are valuable, we only selected journal papers, conference papers, and
book chapters because we sought mature (and possibly validated) models. The clean-up
resulted in 83 papers, including nine surveys.

The papers went through a subsequent in-depth analysis phase, which was initially
pursued by the author of this dissertation, who manually extracted information on
the proposed and inferred explainability components, as well as their most prominent
characterizing concepts. First, these concepts were taken from survey papers. Then,
proposed characteristics and components of explanation design that can directly or

indirectly inform the XG model were progressively added from the remaining papers.

To extract the concepts, the author of this dissertation reviewed all papers and added
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the concepts, i.e., candidates for explanation characteristics, to an Excel sheet, coding
its source paper and potential direct/indirect contribution to XG. Then, the author of
this dissertation performed an initial revision of the gathered concepts and proposed
their initial separation and grouping into separate sheets based on their potential role
in the model. This activity was performed manually. Concepts and characteristics
were then coded and grouped based on similarity to avoid conceptual redundancy, as
illustrated in Step 2 below, through multiple iterations by multiple coders. This step
yielded 406 concepts that directly or indirectly informed the explainability components,
contexts, characteristics, and structure/setting. These are included in our supplementary
material [Mus24b].

Step 2. Top-Down Approach—Refining the Model In the second phase, multiple coders
used an inductive thematic analysis to construct a comprehensive model using the
extracted concepts following a formative sketching approach. The author of this dis-
sertation proposed an initial grouping of concepts based on the extracted components.
Inspired by relevant literature, all authors of the published manuscript [MRC25] organized
the concepts according to seven questions: who, which, why, what, how, when, and
where [SCW ™22, [CLSdV22], which were then grouped into three main components (see
Context, Structure and Setting in Figure 5.3). At this stage, we also considered and
added to our model four factors that influence the structure of Al explanations: end-users,
goals, contents, and language [VL21]. In an iterative process, all authors finalized the
concepts and components relevant to our proposed model. We confronted the concepts
against our experience in the field, developing and researching guidance for VA. To bridge,
compare, and merge the concepts, we also comparatively analyzed the guidance features
and evaluation proposed in the work of Ceneda et al. [CGMI19b, [CAA™20, I(CCEA™24].

To formalize user expectations towards guidance, we build our model upon existing
literature on trust psychology and reflect on concepts from Muir’s framework [Mui87] on
trust dynamics. In doing so, we account for diverse users and analysis contexts while
ensuring that our model aligns with recent studies, suggesting that user trust is primarily
affected by user expectations linked to the system’s past performance [OV21]. As part of
our model’s epistemic foundation, we condensed the extracted concepts by identifying
the most relevant characteristics for effective guidance |[CCEAT24].

We employed several proposed approaches to evaluate and refine our model [KK17]. We
tested the model against our experience and knowledge of the topic and applied it to well-
known approaches and scenarios for further validation [MMT"23, (CGM™18]. Eventually,
we ended with an agile condensed model that can be employed in various scenarios (see
section 5.6). In addition to the model, we also propose and provide definitions from
the literature for the concepts used in the model to facilitate its understanding. We
rigorously revised and polished these definitions to finalize a list of concise definitions of
concepts, see [Table 5.1.

Step 3. Ensure Applicability In the final step of the design, we demonstrate the usability
of the model on various use-case scenarios taken from the literature and in a walk-through
design scenario with a guidance designer. The demonstrations account for previous
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user studies and participants’ comments to infer issues that need to be addressed with
appropriate explanations. In [section 5.7, we demonstrate a designer’s typical steps to
use the proposed model effectively. We then present step-by-step guidelines to walk a
guidance expert through designing explainability strategies for his guided-VA solution.
During the walk-through, the expert reflects on the design process and XG strategy that
he would follow, providing insights on the use of our proposed model.

5.6 Refining the Model: Guidance Explainability

We propose a model for designing guidance explanations, which requires designers to
initially prioritize specific guidance characteristics while considering the dynamics of user

Dynamics of User Trust| | characteristics

Stages of trust relationship . -
User expectations of Explainability

Context
Who is the user interpreting the explanation?
Which guidance requires explanations?
Why does the user need an explanation?

v
Structure

What explanation does the user need?
How does the system present the explanation?

Setting

When does the system present an explanation?

Where does the system present the explanation?
Explanation

Figure 5.2: A model for designing explainable guidance. The dynamics of user trust
(top-left gray box) inform the characteristics of the explanation (top-right gray box).

Based on these two, information drives the design of explanations by answering
the questions “Who?”, “Which?” and “Why?” (green box). This information impacts
the designer’s decisions on the explanation’s (red box) and (blue box).

The questions are grouped by function, i.e., questions to design the structure (“What?”
and “How?”) and questions to identify the setting (“When?” and “Where?”), forming
together the explanation.
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trust. The model also enables designers to focus on the specific of guidance, in
order to construct an adequate explanation and (see Figure 5.2).

5.6.1 Model Overview

Our model, depicted in Figure 5.2, is composed of multiple components that correspond
to design choices, which affect each other and contribute to the overall efficacy of the
explanations. The dynamics of user trust (top-left gray box of Figure 5.2) support the
identification of the explanation’s characteristics by taking into account the dynamic user—
system relationship. Moreover, it accounts for developing the user’s trust in the system and
the guidance suggestions. In this regard, we consider the stages of the trust relationship
and the user expectations towards the system. The dynamics of user trust inform the
designer’s decisions in prioritizing specific explainability characteristics (top-right gray
box of Figure 5.2) according to the different analysis phases, in which explanations are
potentially needed. We derived a set of characteristics for the explanations in step two of
our methodology, discussed in section 5.5.

When choosing appropriate explanation characteristics, the designer should provide an
answer to three questions (green box of Figure 5.2: “Who?”, “Which?”, and “Why?”) to
collect knowledge about the in which explanations will be possibly needed and
provided. The context informs the design of an explanation, taking into consideration
two aspects: the selection of an appropriate for the explanation (red box of
Figure 5.2) and the of the explanation (blue box of [Figure 5.2). The former
enables the designer to respond to “What?” and “How?” questions, and the latter
answers the “When?” and “Where?” questions. The whole framework displayed in
Figure 5.2 is an iterative process, as the setting of the explanation can impact structure
decisions, and vice versa. An expanded version of the model, with the complete details
of the different components, is shown in [Figure 5.3, The upcoming sections discuss these
components in detail.

5.6.2 M Explainability Characteristics

The literature describes numerous explanation characteristics [VL.21]. However, depending
on the application requirements, some characteristics are more critical than others to
achieve specific results, for example, to improve guidance effectiveness. Prioritizing and
choosing the most appropriate characteristics for the explanations can be challenging,
as it often demands trade-offs [SE20] and the appropriate consideration of contextual
information, which might not be entirely clear during the design phase. For instance, if
designers aim to produce “simple” explanations, they might choose to compromise the
completeness of the information conveyed in the explanation.

The matrix of trust dynamics in Figure 5.3| (top-left gray box) aims to direct this balance
and help the designer decide which characteristics to prioritize. We discuss in detail trust
dynamics in the next section. Given Muir’s [Mui87] trust dynamic framework and our
study of guidance and its unique context, we conclude that an effective explainability
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approach should consider four main requirements: 1) it should not overload the user’s
cognitive process; 2) its annotation should be clearly distinguished from the guidance
cues; 3) the explainability cues should integrate into the process when needed; and 4) it
should not add more uncertainty to the sense-making process.

These four requirements inform the identification and the categorization of the charac-
teristics displayed in the top-right gray box in Figure 5.3. Among these, we identify
four primary characteristics, which we schematically organize as matrix elements. In
particular, explanations should provide cognitive relief, be presented with clarity, be
timely, and be interpretable. Based on the design requirements above, the designer may

Dynamics of Stages of Trust Relationship Characteristics
User Trust Early Stage  Mid Stage Late Stage — - - - —
" Cognitive Relief Clarity Timeliness  Intepretability
g Competency Ilnterpretabilityl | Clarity ‘ ‘Cognitive Reliefl
L ) Efficiency Accuracy Efficiency | Anthropomorphism
w | Consistency I X I |Time|iness‘ ‘Cognitive Reliefl Selectivity Simplicity || Predictability] Completeness
2 g . — - —— Persuasiveness | Transparency| Selectivity Efficacy
X Usability Ilnterpretabllltyl | Clarity ‘ ‘ Timeliness |
Context
Who? Which? Why?
. Data Manipulation ,
Novice User Data Visualisation Enhance User Understanding
N Guidance Data Exploration i -
Knowledgeable Practitioner Goals Data Modelling Promote Insight Discovery
Hypothesis Verification\
Knowledgeable Researcher Knowledge Generation Facilitate User Analysis
. Orienting
Expert Practitioner Ggmance Prescribing Improve Decision-making
egree Directing
Expert Researcher Guidance Exploratory Boost User Confidence
Task Type Domain
Structure
What? How?
Explanandum Input Static
Type Output Mode Dynamic
Agi_ro_nt.?m Interactive Dialogue]
aci ——
[~ || Explanation Clarification Vgrbal.lsat‘ion l—
Degree Explanation Medium || —isualisation
Explication Numerical
Empirically Adequate Hybrid
e Empirically Justified
Justification Conventional Compatibility
Unification
Setting
When? Where?
Preemptive : Guidance -
L Intrusive : T
On-demand Vas;l::;s:son
Gap Identified Non-intrusive Separate Box
Explanation

Figure 5.3: A detailed version of our proposed context-aware model to design explainability
strategies for guidance. This schematic depiction is a detailed version of Figure 5.2,
elaborating on all model sub-components.
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need to prioritize a specific high-level characteristic, for example, clarity. These high-level
characteristics are then fostered by secondary-level characteristics of explainability as
outlined in Figure 5.3/ (top-right gray box, see nested elements), for example, simplicity
or transparency. In the subsequent paragraphs, we describe the four main high-level
explanation characteristics and the secondary ones. For a complete description of these
characteristics, we refer the reader to Table 5.1.

Cognitive relief refers to the decrease in the degree of dissonance between the ex-
planandum and the user [VL2I]. An explanation should reduce this dissonance and
help align the system’s behavior with the user’s beliefs [CH97]. Cognitive relief can be
achieved by prioritizing several secondary-level characteristics of explanations (shown in
the top-right box in Figure 5.3) at design time, as follows: Trout et al. [Tro02] suggest
that an explanation must be efficient to reduce the cognitive dissonance. Moreover, Yang
et al. state that persuasive explanations help align the guidance behavior with
the user’s beliefs. Selectivity further supports the persuasiveness, as demonstrated in
previous studies [LE13]: the system should select and present only essential features of
the guidance explanation.

Clarity refers to the quality of easily understood explanations, mostly related to the
presentation of an explanation [BBV22]. Among the secondary-level characteristics
that foster clarity, we mention: Simplicity is important to maximize clarity because
simple explanations facilitate the user understanding [BBV22| [SC20]. Barcellos et
al. also suggest that accuracy reduces the ambiguity in information, facilitating
understanding. Schoenherr et al. ﬂm propose that transparency makes a model
visible and improves its clarity.

Timeliness refers to the quality of providing explanations when the user needs and
expects them |[CAGM22]. This characteristic is crucial to maintaining and boosting
user trust ﬂm, [AKS21]. Timeliness is achieved by prioritizing specific explanation
features. Mueller et al. and Arnold et al. [AKS21] connect the necessity
of presenting only relevant explanations to the user in an efficient manner with the
timeliness of the explanation, demonstrating selectivity and efficiency AKS21].
Finally, the explanation should remain predictable ﬂm In other words, users
should receive an explanation when they anticipate it.

Interpretability refers to the ability of the user to develop meaning from the expla-
nation [Bar06]. While clarity measures the easiness of understanding, interpretability
measures the efficacy of understanding [Bar06, BBV22]. This characteristic refers to the
property of an explanation to produce the desired and intended results, for example,
enabling the user to understand the intended meaning of the guidance. The designer
should ensure that the system provides a complete explanation that the user could

generalize to other cases [BDRD¥20, [SV23]. According to previous studies [Mil19, LS15],
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explanations should be anthropomorphic to reproduce human characteristics, such as
social behavior, and be more relatable.

5.6.3 M Dynamics of User Trust

Muir’s [Mui87] trust framework is a matrix that classifies the user—system relationship
based on the user’s expectations vs. three different levels of experience. In our model,
we consider a similar configuration and classify the user—system trust dynamics based on
the user’s expectations vs three stages of trust relationship, as seen in Figure 5.3|, top-left
gray box. As the analysis progresses through its different stages, the user’s trust in the
guidance evolves and changes, i.e., it might increase or decrease depending on several
factors. The same happens to the user’s expectations from the guidance. Therefore, our
matrix accounts for the evolution of trust and expectations in different stages of the
analysis and proposes, accordingly, characteristics of the necessary explanations. In our
matrix, we use the terms early, mid, and late stage to denote the three stages of the trust
relationship. We also revise Muir’s three expectation levels that sufficiently describe the
user’s expectations from the guidance: competency, consistency, and usability. These
relate to explainability characteristics that the designer should prioritize in designing
guidance.

User expectations The designer aims to meet the user’s expectations in maintaining
and building trust in the guidance tool. Expecting competency refers to the user
expectation that guidance demonstrates expert knowledge and technical facility [Mui87].
Consistency refers to guidance demonstrating repetitive behavior in its construction and
presentation [Mui87]. Finally, usability refers to the guidance ability to help the user
effectively perform a task [CCEAT24].

Stages of trust relationship Similarly to the user’s expectations, user trust develops
differently according to the analysis stage [Mui87]. User expectations from system
guidance appear in three stages of the analytical process: the early stage—also known
as swift or default, the mid-stage, and the late stage [MZR21]. Distinguishing the three
stages is a context-dependent problem. In other words, the designer must characterize
the analysis regarding task workflow and possibly identify different analysis stages at
design time. A common way to identify the analysis workflow and stages is by considering
domain and analysis information, such as task descriptions [BM13]. For instance, an
application that supports decision making in farming, for example, what and when to
plant crops, might encompass three sub-decisions: choosing the main crop to plant,
selecting companion crops, and deciding on the planting dates [MCER25|. In this case,

the early stage of the trust relationship could be up until the user chooses the main crop.

The mid stage could be up until the user selects a companion crop. Finally, the late
stage lasts until the user decides on the planting date. Depending on the user context,
the designer may also adjust the definition of stages. For instance, if users incrementally
choose which crops to plant in sub-regions of their land, the stages can be defined based
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on the percentage of decisions taken. Thus, rather than defining the stage by the type of
decision, we define it by the percentage of the analytical process completed.

Employing the dynamics of trust in guidance design To use the matrix, the
designer should derive the primary user expectation towards the guidance when outlining
the requirements at the beginning of the design process. In the early stage of the analysis,
the user assesses the trustworthiness of guidance suggestions with little (or no) prior
experience. In this phase, the user does not expect the guidance to be consistent because
it is the initial encounter with the guidance, i.e., there is no basis for comparison. Instead,
the user may expect a competent or a usable guidance. Thus, it makes sense for the
designer to prioritize the interpretable quality of the explanations to avoid mistrust or
alienating users at this stage.

In the mid stage, the user evaluates the guidance trustworthiness based on evidence
from previous encounters. Clarity is most notably prioritized as a certain degree of trust
has already been built between the user and the system. The shift from the focus on
interpretability in the early stage to clarity in the mid stage happens because the user
has already analytical experience that facilitates the interpretation of the explanation
in the mid stage. When a user expects consistency from the guidance—for instance,
when providing suggestions under similar circumstances—the designer should prioritize
timeliness instead of clarity. This design decision aims to prevent delays that could cause
confusion or mistrust. Ensuring consistency across similar situations takes precedence
over providing the clearest possible guidance if it means sacrificing timeliness.

Finally, the user-guidance trust relationship matures at the late stage. If explanations
have been correctly designed in previous analysis phases, the user has developed trust
in the guidance’s suggestions. In this late stage, efforts should be made to maintain
and strengthen trust by cognitively relieving the user. In this sense, a system failure
can damage the user’s faith in its trustworthiness [Mui87]. Suppose the user primarily
expects a usable guidance, for example, when the user needs the guidance to process data
uncertainty. In that case, the designer should prioritize presenting a timely explanation
when needed to avoid breaking the trust relationship.

5.6.4 Context-Awareness, Structure, and Setting

While the previous components focused on defining explanation features based on the
trust relationship stages and user expectations, it is also essential to consider the context,
structure, and setting in which explanations will be provided (Figure 5.3: green, red,
blue boxes respectively). In our proposed model, we further elaborate on the explanation
design by using seven questions inspired by the work of Stoiber at al. [SPA23] and Ceneda
at al. [CGM19b] to consider context, structure, and setting in the design of explainable
guidance.
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Context

Explainable guidance needs to support sense-making and decision-making processes by
addressing problematic situations and tackling the knowledge gap by orienting the user’s
perception, directing the exploration, and prescribing specifications [CGM™17b|. To
ensure that the guidance is accepted and used, the design of its explanation must consider
several facets of the context (green box in Figure 5.2) in which explanations are provided:
user experience and preferences, domain conventions and resistance, analysis session, and
visual environment |SSK™16, [SC20, BDRD™20]. Designing a customizable system that
considers users’ preferences enables a more efficient and effective process, as variability in
users’ experience has been documented to impact how users interpret explanations [LW90].
Furthermore, an explanation informed by the domain conterzt, i.e., conventions and funda-
mental knowledge shared within a domain, is also anticipated to facilitate the acceptance
of an explanation and overcome pitfalls for common domain-specific resistance |[SSK™16].
Moreover, since users’ analysis strategies may differ, contextual information about the
analysis session could be crucial to the explanation, while the visual environment is also
set to influence an explanation’s visual appearance [SC20, BDRD™'20]. For instance,
explanations should be clearly visible within the interface and should not clash with the
encoding of the rest of the environment. Understanding these four interrelated contexts
informs the explanation design and how characteristics described in subsection 5.6.2
could be prioritized. For instance, based on the dynamics of the user trust matrix, if
the designer aims to prioritize the cognitive relief characteristic, the system should not
provide a beginner user with an elaborate explanation, as the user typically asks basic
questions [LW90]. We summarize the three main questions about the context’s impact
on the explanation’s design:

is the user interpreting the explanation?
guidance requires explanations?

does the user need an explanation?

Who? Identifying the users’ context is crucial because they are the recipients of the
explanations and need to interpret them. For instance, the user’s knowledge is crucial
in a hypothesis verification process [SSK™16|. Most importantly, different users may
require different kinds of explanations. We draw upon the XAI literature to further
understand the intended users of an explanation. Barredo Arrieta et al. [BDRD™20)
and Mohseini et al. [MZR21] classify XAI users by their intentions, i.e., developers or
domain users. However, in typical VA sessions, guidance is usually provided to domain
users who can be classified according to their knowledge gap and domain position,
i.e., practitioners or researchers [MLC20]. A practitioner is primarily concerned with
completing a task and making a decision. On the other hand, a researcher might be
interested in acquiring more profound knowledge. Moreover, we can distinguish users

according to their expertise, i.e., if they are novice, knowledgeable, or expert users [LW90].

As a consequence, our combined classification considers five distinct user categories: novice
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users, knowledgeable practitioners, knowledgeable researchers, expert practitioners, and
expert researchers. Novice users would have similar requirements and expectations; thus,
we do not distinguish them further.

Which? To develop adequate explanations, the designer must also understand the
features of the guidance. In VA, guidance is designated by its goals, degree, and task type.
System guidance can support several goals, including data manipulation, visualization,
modeling, exploration, hypothesis verification, and knowledge generation [CGMI9b].
These goals are anticipated to impact the structure of the explanation. For example,
suppose the guidance goal in a VA system is to support hypothesis verification. The
system should strengthen the user’s knowledge with a complete and accurate explanation
of the guidance to allow the user to discover more insights.

Furthermore, guidance comprises three degrees—orienting, prescribing, and direct-
ing [CGMT™17b|. An orienting guidance aims to steer the users’ analysis, especially
when confused, lost, or lacking confidence. Directing guidance presents the user with
several possible paths that facilitate an analytical process at an impasse. Finally, pre-
scribing guidance suggests a specific direction for the user’s analysis. The guidance degree
is expected to impact the designer’s decision on the appropriate explanation form. For
instance, visual referencing might be more suitable to explain prescribing guidance than
directing guidance because the latter is connected to several components in the visualiza-
tion. Also, using highlights to map the explanation to the appropriate explanandum, i.e.,
the object of the explanation, might be a better solution than overloading the dashboard
with different color encodings [RLNO7].

Finally, guidance is designed to support either domain or exploratory tasks [CGMI19b].
This design decision interwinds with understanding the user and domain contexts. For
example, guidance that supports a practitioner in a clinical domain task requires an
adequately correct explanation of the algorithms because the practitioner needs a “true’
explanation to be confident in their decision.

)

Why? This question addresses the objective of the explanation and refers to the
particular analysis and domain context that requires an explanation. This context
is a crucial aspect of the explanation design, as the designer needs to reason about
and, possibly, anticipate particular bottlenecks in the analytical process that could
require explanations. When unexpected issues arise during a session, the system should
explain the guidance to alleviate the issue. Explicitly identifying the objective of the
explanation also informs a comprehensive context that enables the most appropriate
decision on an explanation’s structure. Furthermore, identifying the objective of the
explanation is important when evaluating the effectiveness during the evaluation phase
of the system [MZR21]. We derive a set of low-level guidance explainability objectives
from the literature of XAI [VL.2T, BDRD™"20| and guidance |[CAA™20]. These include
enhancing user understanding, promoting insight discovery, facilitating user analysis,
improving decision making, or boosting user confidence, as seen in the green box in
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Figure 5.3l For example, if users require an explanation in the late stage of an analysis,
they prioritize cognitive relief as they expect the guidance to be consistent. In that case,
the explanation aims to boost the user’s confidence in their analysis or decision.

Structure

The context questions and the primary characteristics described so far inform the design
of the form and content of the explanations. Next, we suggest thinking about how to
structure the explanation. While context and characteristics define the high-level features
of an explanation, the structure deals with organizing this information into a “physical”
form. The structure of an explanation is, thus, related to the following questions:

explanation does the user need?

does the system present the explanation?

What? When designing explanations, designers should consider what content to include
or exclude from the explanation. As shown in [Figure 5.3, these choices depend on the
demands of the context. Here, we need to look into three aspects: the explanandum type,
the explanation degree, and the justification of the explanation.

The explanandum type considers the content of the explanation. We identify three types
of explananda: the output, the input, or the algorithm of the guidance. An explanation
may present the cause for the guidance by referencing its input(s). For instance, an
explanation can refer to the input to show how it influenced or led to providing specific
guidance cues. Alternatively, an explanation can reference the output(s) to explain
the meaning of the guidance. For instance, a knowledgeable researcher may need to
understand how each option will impact the analysis process. Finally, the context may
require explaining the process or the algorithm that resulted in the guidance. For instance,
an explanation of a guidance tool in a stock market VA system may need to explain the
financial calculations to an expert but not to a novice user.

The explanation degree refers to the extent of the explanation. In some cases, users may
understand the guidance without an explanation [Khal3], and designers should consider

if explanations are indeed needed to support the goal of providing trustworthy guidance.

As VA designers seek to make the visual environment and its guidance self-explanatory,
a tacit [Khal3] approach refers to the intrinsic explainability property of the guidance
object without adding any explanation layer, such as a textual note accompanying the
guidance. The absence of an explicit explanation should not harm the effectiveness of the
guidance tool. In all the other cases where an explicit explanation is required, the system
can provide one of three degrees of explanation: a clarification, an explanation, or an
explication [Weab64l Baul9)]. Clarifications refer to explanations that make certain aspects
of the guidance to the user without necessarily delving into a complete explanation of
how or why the guidance was created. For example, the explanation can clarify to the
user that a highlight on a slider refers to a precise area of interest. On the other hand, an
explanation describes the complete rationale of how and why. These types of explanations
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provide a complete justification of the guidance based on the explanandum type. An
explication instead illustrates the importance of guidance to the analytical process and
its outputs. For instance, with an explication, the explanation can explain to the user
how the guidance direction to analyze the vegetable prices at various points in time
can impact their decision. The degree of explanation the user requires is expected to
depend on designing a context-aware explainability approach. For example, guidance can
demand a more profound explanation than guidance supporting an exploratory task.

The justification of the explanation refers to its level of being warranted. A designer could
decide to provide a potential or rationally acceptable explanation for such suggestions
without entirely verifying the truthfulness of guidance [Cup80]. When looking at the
guidance literature, verifiability has not been documented as a typical requirement for
effective guidance [CGM19b|. Based on Cupples’s discussion of explanations [Cup80|, the
designer should consider four possible justification levels. The highest level of justification
is when the system presents an empirically adequate, i.e., true and accurate explanation.
If this is not possible or necessary, the system may only present an empirically justified
explanation based on accepted scientific knowledge without proving its truthfulness. The
system may alternatively present conventionally compatible explanations, i.e., explanations
that rely not on empirical evidence or justifications but on accepted conventions. Finally,
in the absence of evidence or conventions, the fourth level of justification is a unifying
explanation that shows how a case requiring guidance is similar to another case [Khal3].
This explanation could use an analogy or a direct comparison/contrast to justify the
guidance.

To explain the differences between the justification levels, suppose that the guidance of a
farming system suggests planting beans with corn [MCER25|. In that case, an empirically
adequate explanation will elaborate scientifically on the fact that bean releases nitrogen
into the soil and the positive impact of nitrogen on corn’s yield. An empirically justified
explanation will refer to the accepted knowledge that legume companion crop improves
corn’s yield. A conventionally compatible explanation will refer to the conventional
knowledge of how these sister plants benefit each other without elaborating on scientific
facts. Finally, a unifying explanation will devise an analogy that helps the user understand
the positive impact of beans on corn crops.

How? At this point, the designer must decide the visual presentation of the explanation
within the dashboard. As discussed above, the designer must consider the encoding
employed within the visual environment to ensure that explanations are visible—without
contrasting with or occluding the rest of the elements [RLNO7]. For example, the designer
could avoid using color as a visual channel if the rest of the visual environment is
color-dense to avoid overwhelming the system’s users and undermining their trust in
the guidance [DPBn07]. Drawing upon prior work [Mill9], we see that the two most
important aspects of the visual presentation of the explanation are its mode and medium.

The explanation mode (shown in the red box in Figure 5.3) can be static, dynamic, or an
interactive dialogue [Mil19]. Interactivity makes explanations more anthropomorphic,
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as human explanations are inherently social [Mil19]. Imagine, for example, a dialogue
between the system and the user where the former engages the latter by allowing them
to request more information to form an explanation. Such setups are possible, for
instance, with a natural language processing explanation model. On the other hand,
a dynamic explanation adapts or changes based on the user’s interaction, but without
direct conversation between the user and the system. For instance, a weather app
adjusts forecast explanations based on user location changes. Finally, a static explanation
could be more suitable for complex cases where the analytical process should not be
interrupted—for example, a physician deciding on a therapy plan while contemplating
several uncertainties.

The explanation medium (shown in the red box in |Figure 5.3) is the channel through which
an explanation is delivered. For example, in a stock market analysis visualization, the
system may offer guidance to suggest what portion of the data the user should explore next.
Drawing upon previous literature [EAJK™19, [VL21], we see that explanation could take
different forms; it could be: 1) encoded as a color reference that indicates the input that
caused the guidance (visual explanation), 2) taking the form of a verbal explanation of the
guidance rationale (verbalization), 3) a numerical formula that demonstrates calculations
at the base of the guidance (numerical explanation), or 4) a hybrid explanation delivery
mediums.

Setting

Finally, the designer decides where and when to provide an explanation, i.e., the setting
of an explanation (blue box in Figure 5.3). The explanation’s context and structure
impact the setting of time and space. In return, the setting influences the structure of
the explanation, as indicated by the arrows between the red and blue boxes in [Figure 5.3.
For instance, the position of the explanation impacts the designer’s decision on a possibly
suitable degree of explanation.

does the system present an explanation?

does the system present an explanation?

When? The explainability approach can develop a preemptively transparent XG
model [GMYA18], explaining to the user before an explanation is demanded or the system
detects an actual trust issue. The designer identifies the need for such an explainability
approach during the system requirement analysis in the early stages of the system
development. At this point, the designer should identify possible bottlenecks that demand
the incorporation of an explainability layer at certain stages of the analysis or for certain
users. A preemptive explainability approach should be, at most, a clarification. Otherwise,
it may disrupt the user’s trust in the guidance. Externalizing and communicating the user’s
trust in the system is crucial for effectively designing guidance explanations [EAA ™23, as

an explanation can be offered instead when a specific knowledge or trust gap is identified.

Detecting an analytical impasse, lack of confidence, or decrease in trust during the
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analysis process could trigger an explanation. For example, the system could provide
explanations to boost users’ trust in the guidance if a user ignores the guidance often.
An explanation can be alternatively offered on-demand ﬂm It is provided upon
the user’s request if they are unsure how to interpret the guidance, and it should be
explained with completeness.

Where? Similar to guidance [MMTT23], explanations can be either intrusive or non-
intrusive. In an intrusive explanation, the system interferes with the user’s visual space
by delivering the explanation or part of it, either on the visualization or the guidance
itself, for example, by using color referencing on a visualization. An intrusive explanation
should not construct an explication to avoid overloading the user and the visual space,
which can be challenging. On the other hand, a non-intrusive explanation could be
presented either in a pop-up or a dedicated field, usually in the margin of the visual
environment. Complex explanations should be provided in a separate space (rather than
intrusively) to avoid overloading.

Table 5.1: List of definitions of the concepts employed within our setting and context-
aware model for guidance explanations. The colors link back to the components of our
model, namely the dynamics of user trust and characteristics (grey), the context (green),
the structure (red), and the setting (blue) of an explanation.

Basic concepts, appearing | Description
in section 5.3

Explanation A medium that mediates knowledge-sharing between the
system and the user [Cas04].

Explainable guidance (XG) A form of guidance that provides a precise, human-
understandable meaning to the guidance output.
Explainability The comprehensive, rational, and practical explanation
of a system’s visual output (or user’s input, if seen from
the user perspective) from a source to a target.
Interpretability The attribute of a system’s visual output (or user’s input,
if seen from the user perspective) that can be interpreted
and given a plausible meaning.

User trust The user’s degree of certainty in the guidance provided
by the system.

M Dynamics of user trust

Competency The quality of guidance demonstrates expert knowledge
and technical facility [Mui87].
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Consistency

Usability

Early stage

Mid stage

Late stage

The quality of guidance that demonstrates repetitive
behavior in its construction and presentation [Mui87].
The guidance ability to help the user effectively perform
a task [CCEAT24].

The trust stage in the analysis process when a user as-
sesses the trustworthiness of guidance suggestions with
little (or no) prior experience—also known as swift or
default stage [Mui&7].

The trust stage in the analysis process when the user
assesses the guidance trustworthiness based on evidence
from previous encounters [Mui87].

The trust stage in the analysis process when the user—
system trust relationship matures with a user’s faith in
the trustworthiness of the guidance [Mui87].

M Explanation characteris-
tics

Cognitive relief
Efficiency
Selectivity
Persuasiveness
Predictability
Clarity
Accuracy
Simplicity
Transparency
Timeliness
Interpretability

Anthropomorphism

The degree of dissonance between the explanandum and
the user [VL21].

The quality of the explanation to support the user reach
a decision faster [VL21].

The quality of selecting and presenting only essential
features of the guidance explanation [LE13].

The explanation’s ability to persuade the user to believe

something [YDH19].

The quality of user anticipation of when the system
presents an explanation. [VL21, [AGNT20)].

The quality of easily understood explanations. It mostly
relates to the presentation of an explanation [BBV22].
The capacity of an explanation to deliver true conclu-

sion [BBV22].

The quality of an explanation to be constructed with
simple elements [SC20].

The quality of an explanation to allow users to inspect
the elements that construct the guidance [SAM™2

The quality of providing explanations when the user needs
and expects them|[CAGM22].

The ability of the user to develop meaning from the
explanation [Bar06].

The quality to reproduce human characteristics, such as
social behavior, and be more relatable [Mil19].
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Completeness The extent to which the explanandum is ex-
plained [VL21].

Efficacy The ability of explanations, under a controlled environ-
ment, to support users to make good decisions [VL21].

Context

Novice user A beginner user who lacks experience in the domain.

Knowledgeable practitioner A user with accrued practicing knowledge in the domain.

Knowledgeable researcher A user with accrued research knowledge in the domain.

Expert practitioner A user with high-level of expertise who is a leader as a
practitioner in the domain.

Expert researcher A user with high-level of expertise who is a leader as a
researcher in the domain.

Guidance goals The reason why the system provides guidance to the
user [CGM19D)].

Guidance degree The level of guidance provided to the user: orienting,
directing, or prescribing [CGM19b)].

Guidance task type The type of knowledge gap tackled by the guidance: do-
main task or exploratory task [CGM19b].

Structure

Explanandum type The guidance component being explained: input, output,
or algorithm.

Explanation degree The level of explanation provided to the user: tacit,
clarification, explanation, or explication.

Justification The degree of truth validation presented by the explana-
tion: empirically adequate, empirically justified, conven-
tional compatibility, or unification.

Explanation mode The constancy of the explanation form: static, dynamic,
or interactive dialogue.

Explanation medium The form through which an explanation is communicated:
verbal, visual, numerical, or hybrid.

Setting

Preemptive An explanation provided to users to forestall a possible

mistrust issue.
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On-demand An explanation provided to users when they demand it
directly.

Gap-identified An explanation provided to users when system algorithm
identifies possible issue.

Intrusive An explanation that interjects the user’s sense-making
process by presenting it: on guidance, on visualization

Non-intrusive An explanation that is presented as a separate, auxiliary
view: pop-up or separate box.

5.7 Ensure Applicability: Designing Explanations

We demonstrate the practical use of our design framework by applying it to two analytical
scenarios. The scenarios come from works discussing guidance-supported VA approaches,
whose evaluation highlighted weak points in the respective guidance designs that could
be addressed through appropriate explanations. Using our model, we describe how
appropriate explanations could have been designed and structured to support guidance
more effectively.

Finally, to validate the applicability of our design, we present step-by-step guidelines
for applying the explainability model. We use these guidelines in a design walk-through
with an expert in guided VA who has not been involved in this work. The session
was 1 hour long and started with an introduction to our model. Then, we walked
him through the steps of designing explainability strategies for the guidance tools in
his previously developed VA solution for image selection in time and space [PMCM24].
In jsubsection 5.7.3, we describe how the designer follows the guidelines and assesses
alternatives to design an explanation that can be integrated into his guidance.

5.7.1 Use-Case Scenario 1: Guidance in Eco-Farming

The first case is based on a guidance-enhanced eco-farming VA system in lchapter 4. The
work evaluates the impact of the guidance on user confidence in farming decision making
(see Figure 5.5). The I prescribing guidance offers support to make an ecological farming
decision making. The resulting guidance appears in a separate box at the bottom right
of the dashboard (pointed in red). As concluded from a user study conducted with 20
participants, users need to receive additional support to understand how the system
infers the recommendations. Taking the role of designers, we show how we would have
designed the explanation a posteriori, which, in this case, was derived from the user
study.

We adopt our context-aware model from Figure 5.3. |[Figure 5.4 depicts the resulting
explanation design. The designer starts their work by identifying the stage of the
user’s trust based on the domain and application. In this case, we define the stages
by completing each sub-decision: choosing the main crop to plant, selecting companion
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Dynamics of User Trust Characteristics
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Figure 5.4: Reasoning flow of a designer for the first use case. The designer designs
explanations for guidance in farming VA following our context-aware model (Figure 5.3).
Decisions might be interlinked, as indicated by the arrows.

crops, and deciding the planting dates. Subsequently, the system tracks user confidence
and trust in real-time. In this scenario, the user is in their Bl mid stage of the analysis.
The user has already chosen the main crops. During this stage, the user might have
several B expectations (see [Figure 5.3); among which the designer prioritizes competency
(Figure 5.4, Dynamics of User Trust). Although this expectation might change in later
stages of the analysis, for example, the user may rather expect consistency later, and the
explanation algorithm should be able to adapt to this change of expectations, we do not
consider this case further within this use-case scenario for the sake of simplicity. Based
on Figure 5.3, when prioritizing competency in the mid stage of the analysis, the designer
should strive for M clarity. It means that the system should deliver an explanation
characterized by accuracy, simplicity, and transparency (Figure 5.4, Characteristics). We
explain how the designer can pursue these characteristics below.

The system moves to identify the I context in which explanations will be provided. In
this scenario, the user study participant is a I novice user with minimal background
in farming or gardening (Figure 5.4, Who). Furthermore, during the study, the system
detected hesitation from the user to follow the guidance, indicating a lack of trust and
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Figure 5.5: The resulting guidance explanation for the first scenario.

confidence. Thus, the ! purpose of the explanation could be to either improve decision
making or boost user confidence (Figure 5.4, Why). Nevertheless, the provenance data
indicate that although the user’s decisions might not be wrong, the user’s confidence
seems low. Thus, boosting user confidence is more appropriate, as the user may still hold
on to their current plausible decisions. Finally, the designer identifies Il the guidance
goal as the knowledge generation, for example, by prescribing optimal decisions to the
user. Moreover, the [ guidance degree and [l task type are identified as prescribing
guidance within a domain task [CGMT18], respectively (Figure 5.4, Which). In the

case of competing context responses, for example, for the goal of the explanation, the

designer or system must select one response based on the best judgment of trade-offs.

The discussion below elaborates on how this context further impacts the design.

The designer uses the framework to construct the I structure, according to the model in
Figure 5.3, At first, the designer reasons about the structure of the explanation in terms
of its content and visual appearance (red box in Figure 5.3). Since the guidance supports
a domain task, an empirically adequate or justified explanation is required, i.e., the

justification (Figure 5.4, What). This design decision can also boost users’ confidence
in their decision, i.e., the explanation purpose (Figure 5.4 Why). Given the nature of
empirical knowledge in the eco-farming domain, an empirically justified explanation is
more applicable. The designer characterizes the I explanandum type as the input of the
guidance to support better the accuracy of the explanation. Moreover, an [ explication
that illustrates the impact that I an input of one sub-decision has on other subsequent
sub-decisions is essential to support the transparency of the explanation, allowing the
user to understand how their input affects guidance and impacts their future decisions.

A higher degree of explanation is essential to give users confidence in their decisions and
support them in their upcoming decisions. The dashboard provenance is continuously
recorded and analyzed to identify a fall in trust when it happens. The system presents

129



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

S5.

TRUSTME: A CONTEXT-AWARE EXPLAINABILITY MODEL TO PROMOTE USER TRUST IN

GUIDANCE

130

the explanation when a trust ' gap is identified through the provenance data during
the analysis (Figure 5.4, When). This helps users ground their decisions in accepted
knowledge of eco-farming and boosts their confidence. Also, given that the user is a
novice user, an explanation of the algorithm might confuse them and lead to a further lack
of confidence. It might also complicate the explanation by diverting from the required
stmplicity.

To balance simplicity with accuracy and transparency in the explication, the designer
decides to implement [ an interactive dialogue mode that can allow the user to navigate
the elaborate justification within their capacity without overwhelming the user. The
explication utilizes the verbal ! medium without employing the visual channels to avoid
cluttering a visually dense dashboard. This maintains the simplicity of the explanation
(Figure 5.4, How). Moreover, since the system explains the input, rather than the
algorithm, explanations do not need to be numerical. A I verbal explanation is more
practical, especially in an interactive dialogue.

In the last step, the designer must decide the [ setting of the explanation (Figure 5.3)—
specifically, where to present the explanation (Figure 5.4, Where). Since the explanation
will be presented as a verbal interactive dialogue with the user (Figure 5.4, How), the
designer decides that it is appropriate to present the explanation as a " pop-up. A
separate box is a possibility. However, to balance the high degree of explanation with its
sitmplicity, the non-intrusive pop-up would allow the user to move the explanation box
freely as needed while gradually seeking an explanation and building a clear understanding
of the guidance provided (see pop-up at the bottom of the dashboard, [Figure 5.5).

5.7.2 Use-Case Scenario 2: Guidance in Therapy Planning

The second case is based on the evaluation of a guidance-enhanced proton therapy
planning system in [chapter 3. The VA system enables users to decide between several
alternative plans for treating cancer patients. The evaluation highlighted the need to add
explanations that maintain and boost the users’ trust in the system’s suggestions, such
as when the system proposes a slice of interest to explore. The system presents guidance
on the slice level as a grey-scale heatmap (see Figure 5.7). This ™ guidance orients the
user towards the interesting 2D slices to compare within the patient’s 3D volumetric
data. During an evaluation interview, one user—a I knowledgeable researcher—did not
find this guidance helpful. Ideally, the designer should have added an icon to allow an
explanation of the guidance " on demand. Taking the role of designers, we demonstrate
how we would have designed adequate guidance explanations based on our model.

The designer starts by identifying the B dynamics of user trust (Figure 5.6). The guidance
is provided in the M early stage of the analysis, as the user has not seen the VA system
or guidance before. At this point, the user mainly expects the guidance to be M usable,
i.e., the guidance will allow the rapid detection of slices of interest for the analysis. Thus,
the designer decides to prioritize the B interpretable characteristic of the explanation
(Figure 5.6, Characteristics). To this end, explanations have to be anthropomorphic,



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

5.7. Ensure Applicability: Designing Explanations

Dynamics of User Trust Characteristics
Intepretability
Early stage relationship > Anthropomorphism
User expects usability Corz%z;i';ess
Context

Who? Knowledgeable Researcher

Why? Enhance User Understanding

Goals Data Exploration
Which? Guidance | Degree Orienting n
Task Type Exploratory
Structure
What? Explanandum Type Algorithm |«
| Explanation Degree Explanation [=
| Justification | Conventional Compatibility [
How? Mode Static é
»| Medium Hybrid
Setting
When? On-demand

» Where? | Intrusive | Guidance ',<

Explanation

Figure 5.6: The flow of reasoning of a designer for the second use-case scenario: guidance
in a therapy plan VA system [MMTT 23] following our model.
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# slices then click on the cell to visit the respective slice.

Figure 5.7: The resulting guidance explanation for the second scenario ﬂm

complete, and yield efficacy (see also Figure 5.3). Then, the designer characterizes the
context of the explanation. As mentioned above, the user is a Il knowledgeable researcher
(Figure 5.6, Who) who needs to understand a guidance of I an orienting degree that
supports the goal of data exploration while performing an exploratory task (Figure 5.6,
Which). The explanation aims to I enhance understanding, as the user declared that
they could not understand the guidance (Figure 5.6, Why).

Next, the designer determines the H structure, i.e., what explanation is needed and how
it should be presented (red box in Figure 5.6), along with the = setting, i.e., the when
and where aspects of an explanation (blue box in [Figure 5.6). The orienting guidance
aims to support the exploration of the alternative treatment plans. Specifically, the user
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needs to understand the algorithm used to compute guidance (I explanandum type).
This choice will enable the user to understand the guidance encoding as intended, i.e.,
contributing to its efficacy. Since the user is knowledgeable researcher, the designer
decides that the explanation has to be compatible with the conventions in the medical
domain (M justification in Figure 5.6) to enhance its efficacy. Given the data and model’s
uncertainty, a higher level of justification is not possible. The system should provide
either I an explanation or an explication to ensure the completeness of the explanation
in light of the user demand for it. In this scenario, an explanation is sufficient, given
that 1) the guidance aims to enhance a user understanding—mnot to promote insight
discovery—and 2) the guidance supports an exploratory task—mnot a domain task. Given
the specific problem, the designer determines that an explanation should be presented
when requested. Thus, the system could provide an ' intrusive explanation as a tooltip
where it was demanded (Figure 5.6, When and Where).

The delivery manner of the explanation should also be determined (Figure 5.6, How). The
guidance described in this scenario comprises a heatmap of an uncertainty indicator for
each slice [MMT™23|. Thus, a ® hybrid of verbal and numerical medium of explanation
is needed. The numerical component can be used to explain the formula of the uncer-
tainty indicator encoded in the heatmap cells, and the verbal components support an
understanding of how the guidance is read and used. For the [ mode of the explanation,
the designer concludes that an appropriate mode to present the explanation is static. A
dynamic or interactive dialogue mode would have been more appropriate if the guidance
supported a domain task or if an explication was required to accommodate longer (or more
complex) explanations. However, a dilemma arises here: earlier, the designer determined
that the explanation would be more effective as anthropomorphic. The designer settles the
dilemma by deciding on a static explanation since the latter is more appropriate for the
given explanation degree and guidance task type. Still, the anthropomorphic quality can
be pertained by delivering the verbal and numerical explanation using a second-person
point of view and personification [QZC22]. Based on the structure above, the explanation
is best delivered as a tooltip ' on the guidance (Figure 5.6, Where) when the explanation
is demanded (Figure 5.6, When). The explanation would appear as shown in [Figure 5.7.

Use-Case Scenario 3: Guidance in Time-Series

The third case is based on a guidance-enhanced approach by Ceneda et al. [CGM™18].
The work evaluates a guidance approach to support pattern detection within a spiral
plot (see Figure 5.9). The guidance offers I orienting support to detect cyclical patterns
in time-series data. The resulting guidance appears on the control slider as a delineation
of areas of interest, as well as precise indications of cycles that the user could investigate.
The evaluation in the paper highlighted that users need to receive additional support to
understand how the guidance was calculated. Taking the role of designers, we show how
we would have designed the explanation a posteriori.

We adopt our context-aware model from Figure 5.3. [Figure 5.8 depicts the resulting
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Figure 5.8: The reasoning flow of a designer for the first use-case scenario. The designer
designs explanations for guidance in time-series representations [CGMT18] following our
context-aware model (Figure 5.3). Decisions might be interlinked, as indicated by the
arrows.

explanation design. The designer starts the work by identifying the stage of the user’s
trust based on the domain and application. In this case, the stages can be set based on the
insights retrieved or the temporal length of the analysis if the former cannot be measured
or externalized. Subsequently, the designer has to identify possible issues concerning
the explainability of guidance in different analysis stages. Let us assume the user is in
their M early stage of the analysis. During the early stage, the user might have several
expectations (see Figure 5.3); among which the designer prioritizes usability (Figure 5.8,
Dynamics of User Trust). Although this expectation might change in later stages of
the analysis, for example, later, the user may rather expect consistency later, and the
explanation algorithm should be able to adapt to this change of expectations, we do not
consider this case further within this use-case scenario for the sake of simplicity. Based
on [Figure 5.3, when prioritizing usability at an early stage of the analysis, the designer of
the XG should strive for M interpretability. It means that the system should deliver an
explanation that should be characterized by efficacy, completeness, and anthropomorphism
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(Figure 5.8, Characteristics). We explain how the designer can pursue these characteristics
below.

The designer moves to identify the Il context in which explanations will be provided. As
mentioned in the paper of Ceneda et al. [CGM™18]|, the users of the guided system are
PhD students familiar with the spiral plot, but they are not domain experts. Thus, the
designer frames them as [ knowledgeable researchers (Figure 5.8, Who). Furthermore,
the evaluation participants reported an issue with understanding the motivation for
the guidance. Thus, the I purpose of the explanation could be to either facilitate user
analysis or enhance user understanding (Figure 5.8, Why). However, being in the early
stage of the analysis, enhancing user understanding is more appropriate, as facilitating
user analysis requires some familiarization. Finally, the designer identifies the I guidance
goal as the facilitation of data exploration, for example, by pointing the users to areas
of interest, and the I guidance degree and I task type as orienting guidance within an
exploratory task [CGM™18], respectively (Figure 5.8, Which). In the case of competing
context responses, for example, for the goal of the explanation, the designer or system
must select one response based on the best judgment of trade-offs. In the discussion
below, we elaborate on how this context further impacts the design.

Subsequently, the designer uses the framework to construct the & structure, according
to the model in [Figure 5.3 At first, the designer reasons about the structure of the
explanation in terms of its content and visual appearance (red box in Figure 5.3). The
designer characterizes the M explanandum type as the output of the guidance (since
users have problems understanding it) by using a conventionally compatible clarification,
i.e., the M justification and M explanation degree, respectively (Figure 5.8, What). A
higher degree of explanation might overwhelm the user engaging with the guidance
for the first time. In addition, as understanding the guidance has been reported by
the users to be a common issue, the designer decides for a [ preemptive explanation
(blue box in Figure 5.3) that is provided to the user as soon as they first encounter the
guidance (Figure 5.8, When). Since completeness was identified above as one of the
necessary explanation characteristics, a clarification is chosen as the best course of action
instead of a tacit explanation. Also, given that the user is a knowledgeable researcher,
an explanation of the algorithm is unnecessary. The efficacy of the explanation can be
achieved by explaining the output of the guidance. Finally, a conventional compatibility is
enough since the guidance supports an ezxploratory task, not a domain task. Furthermore,
the designer decides to present the clarification in a dynamic Bl mode and verbal
medium without employing visual channels (Figure 5.8, How). Again, several aspects
of the model are interlinked (arrows in Figure 5.8). For instance, referencing has been
chosen to make the explanation complete by showing which component is related to the
explanation. An interactive dialogue contributes to its anthropomorphism and, thus, to
emphasizing its interpretability. Moreover, since the system explains the output, rather
than the algorithm, a verbal clarification is more practical than a numerical explanation.
A visual explanation should be rather avoided to avoid clutter.

Finally, the designer must decide the ' setting of the explanation (Figure 5.3)—specifically,
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Figure 5.9: The resulting guidance explanation for the third scenario ﬂm

where to present the explanation (Figure 5.8, Where). Since the designer already decided
that a preemptive explanation will be needed to help the user interpret the guidance
as soon as it is provided to the user (Figure 5.8, When), the designer decides that it is
appropriate to present the explanation on the guidance itself. A tooltip might not be
sufficient, as an issue might arise before the user hovers over the guidance component.
An appropriately preemptive encoding might be to position the explanation next to
each guidance suggestion as soon as it appears. For example, above the guidance, an
explanation could report: “This points to a potential area of interest” (Figure 5.9, blue
box).

5.7.3 Design Walk-Through: Guided VA for Image Selection

To further demonstrate the applicability and usefulness of our model, we show how it can
be applied in practice in a design walk-through. In this walk-through, an independent
guidance designer assesses and redesigns his previously developed guidance-enhanced
VA approach to include explanations. The expert has over 12 years of scientific, artistic,
and professional research experience in visualization and VA, of which four years are in
guidance. During this process, we acted as companions of the domain expert, presenting
questions and alternative design choices. The actual end decisions on the design and the
rationale behind them were always made by the expert. In the following, we describe the
entire design process, reporting our step-by-step guidelines in the form of instructions,
i.e., the step-by-step objectives that we presented to the designer, followed by their
corresponding actions or reflections.

The considered VA system allows the user to detect unexploded ordnance (UXO) by
selecting a set of images on the map, which are used to reconstruct (in subsequent
steps) a specific area of interest [PMCM24]. In this endeavor, the user is supported with
two guidance mechanisms, namely 1) one that orients the user by presenting interesting
images for user consideration, and 2) one that prescribes a given image set to the user, i.e.,

a full solution, to enhance the selection and ease the analytical process; see [Figure 5.10.

The designer already evaluated the original guidance with six practitioners with varying
expertise levels, as shown in the paper p. 72]. The evaluation highlighted that
participants with more expertise showed “agonistic behavior” towards the prescribing

135



Die approbierte gedruckte Originalversion dieser Dissertation ist an der TU Wien Bibliothek verfligbar.

The approved original version of this doctoral thesis is available in print at TU Wien Bibliothek.

m 3ibliothek,
Your knowledge hub

S5.

TRUSTME: A CONTEXT-AWARE EXPLAINABILITY MODEL TO PROMOTE USER TRUST IN

GUIDANCE

136

= = . . ] - L} -
O - . . — .

1 ’(E:'I n [ I B I ] ] mm | aE i " EEE I mE

(@
20 1'% e
(Jip o@

Consider exploring these highlighted . image
subsets. You will find them insightful for your
analysis because they correspond to a set of aerials
with the following score in these criteria.

Criteria | Score

X 0.9 Lorem ipsum dolor sit amet
Y 0.8 elit, sed do eiusmod tempor
z 07 tempor incididunt ut labore et

i (5 . o "y g ; [ | € ‘K
8 AT e e 1.0 W 2

. i

Figure 5.10: UXO guided-VA interface: the oriented guidance is encoded in the blue
dots and the prescribing guidance in the orange dots [PMCM24]. The explainability in
the orange box with the connecting orange lines is the product of the design session
conducted a posteriori with the expert designer.

guidance and a need to redesign the system to include appropriate explanations to
accompany the guidance.

[ STEP 1: Context examination.

Objective: “Outline the main goal of guidance, guidance degree, and task
type supported by the guidance (Which?). From the evaluation, describe the
target user(s) based on the five user categories in the green box z'n
(Who?). Also, describe why the explanation is needed for each user type
(Why?). This step is important to define the context. If an explanation is
needed for different users, connect the reason for the explanation explicitly to
the respective user type.”

The guidance with explainability issue is the prescribing guidance. It manifests as orange
dots in the interface to recommend an image subset to the user. This aims to promote
knowledge generation and discovery in a domain task, as seen in Figure 5.10. As stated by
the designer, the issue occurs during the expert practitioners’ evaluation. The explanation
is needed to enhance the user’s understanding of the guidance.
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B STEP 2: Characteristics selection.

Objective: “Define the three stages that describe the trust relationship phases
between the user and the system (early, mid, and late stages). Based on the
evaluation and context examined in Step 1, describe the users’ expectations
from the guidance tool and at what stage of the trust relations these appear.
Use the top-left matrix in |Figure 5.5 to select the primary characteristic of
guidance. From the tables in the bottom left box, retrieve the secondary-level
characteristics. These characteristics guide the design decisions. Refine the
reason the explanation is needed (Why?).”

The designer is interested in improving the explainability of the guidance in the early stage
of the trust relationship since it is difficult to regain an expert’s trust if it is lost. An expert
practitioner expects competency from the guidance, and as such, the primary explanation
characteristic that he will focus on is interpretability. This characteristic is boosted by
improving three secondary characteristics: anthropomorphism, completeness, and efficacy.

STEP 3: Structure description.

Objective: “Implement the analysis comprehensively, reasoning about the
appropriate explanation content (What?) and form (How?), as indicated in
the red box in |Figure 5.5. This should account for the context anatomy from
Step 1. Generally, design the first draft of the explanation strategy based on
the context information. Use the information from the explanation’s content
(What?) to define the form (How?) while considering the anatomy of the
guidance (Which?).”

The designer decides that explaining the output is more important to the expert user.

Given that the explanation should enhance the understanding, he thinks providing

an explanation is better. Given the guidance context, an explication is not necessary.

Moreover, an empirically adequate explanation is not possible; thus, he decides on the
second most evident justification, empirically justified. With an empirically justified

explanation, he believes that a hybrid explanation, verbal and numerical, is important.

The explanation is better shown in a static form.

STEP J: Setting definition.

Objective: “Describe when and where the explanation will be presented to the
user (bottom box in Figure 5.5). The temporal setting is influenced generally
by the stage of trust defined in Step 2 and the reason the explanation is
provided (Why?). Define the spatial setting of the explanation based on the
temporal setting and structure described in Step 3.”
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The designer does not want to lose the expert’s trust early if they judge the system
prematurely. Thus, he wants to explain preemptively as soon as the guidance is presented.
With this purpose in mind, the explanation is more effective when provided intrusively
on the guidance visual space.

STEP 5: Structure refinement.

Objective: “Revise the content of the explanation considering the temporal
setting defined in Step 4 and trust dynamics defined in Step 2. Then, re-
fine content and form design to exemplify each of the three secondary-level
characteristics.”

Since the trust issue occurs in an early stage, a preemptive explanation is important.
Thus, the designer also concurs that the explanation is better presented as a hybrid,
adding a visual referencing that can help the user understand the explanation’s reference.
This approach can support the efficacy of the explanation. The verbal justification
is re-drafted using a second-person point of view, addressing the user, to improve its
anthropomorphism characteristic. Initially conflicted between providing an empirically
justified or conventionally compatible explanation, the designer is now convinced that an
empirically justified explanation is needed to support the completeness of the explanation.
The designer sketches the possible explanation, as illustrated in [Figure 5.10.

5.8 Discussion

Differences between XG and XAI  When building the framework, we often reasoned
about the commonalities between XAI and explainable guidance (or even drew upon
literature from the former for the latter). Although explainable guidance interwinds with
XALI in several notions and sometimes in their application, designing explanations for
guidance mandates distinct approaches and investigates questions different from XAI.
Thus, we should consider unique aspects, such as user need for guidance, in constructing
explanations—especially when the final goal is to boost trust in guidance. For example,
although a guidance-enhanced VA system may use AI to generate guidance, this is only
occasionally the case [CGM19b]. Considering this factor and the differences discussed
previously, the gap between XAl and XG can be bridged by systematically questioning
the context and goals of the explanation.

Mixed-initiative explainability Another difference between XG and XAI is that
guidance is a mixed-initiative process. In such a case, the system should consider both
interpretability and explainability—from the user’s and system’s perspectives. Guidance
alternates in a loop between the user and the system to complete the analysis, and
both interpretability and explainability notions are required [HR19]. As we clarified
in section 5.3, explainable systems aim to convey a precise interpretation of the visual
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output, while interpretable systems focus on conveying one (or more) plausible meaning(s).
Although the notion of interpretable guidance contradicts the accuracy and precision
requirements for effective guidance, the notion of multiple plausible interpretations of
guidance can be an exciting topic. Studying whether guidance can fulfill multiple aims
can forge paths for more agile and efficient methods to address design issues for various
user contexts in guidance.

Reproducibility The expert design walk-through highlighted an expectation of repro-
ducibility. Reflecting on the process described in [subsection 5.7.3, the expert believed
that the design process was useful for pinpointing the issue and understanding the
target of the explanation. However, he also suggested that the framework should be
accompanied by term definitions to make it effective. During the session, the designer
was stressed about correctly answering the questions in each step. However, the model
maintains a space for the designer’s creativity. There is more than one alternative when
designing XG. Ideally, designers should reason while making design decisions. Then, the
designed explainability, or several, should be evaluated for efficacy and efficiency. The
literature proposes approaches to evaluate guidance [CCEA™24|, which can be extended
for evaluating explanations with calibrated metrics and targets. Yet, a challenge could
be the lack of approaches to accurately and objectively measure subjective metrics, such
as user confidence [MCER25].

The evaluation of guidance also highlights issues with regard to users’ expertise level,
as experienced in the design walk-through in subsection 5.7.3. We argue that designing
an explanation should account for diverse users. This is not different from user-specific
considerations in designing VA or the respective guidance. In this paper, we highlight the
importance of designing context-aware explainability strategies. This approach demands
that the designers make trade-off decisions between several aspects of the explainability
strategy. The distinction of characteristics introduced in the model aims to facilitate
those decisions. For example, the conflict between mitigating the cognitive load and
completeness of the explanation is resolved when the matrix helps the designer decide on
the critical characteristics for the design context (Figure 5.3, top grey boxes). Finally, XG
strategies are not only about designing an explanation but also about deciding whether
you need the explanation. If the extra information does not add to the efficiency or
effectiveness of the tool, then it should not be included to avoid cognitive overload. Thus,
the designer should evaluate the guidance with target users to learn issues in trusting or
using the guidance.

Moreover, our proposed XG model is designed to address the practical questions of
guided-VA designers and the acceptance issues among users. To address the former, we
need to balance between providing a detailed model to improve the practicality of the

model and reducing unnecessary details to preserve a creative space for the designer.
We also reduce unnecessary details to avoid prejudices about users’ needs and behavior.

The model addresses the effectiveness of user analytical behavior by pivoting the line
of design decisions to user expectations. Thus, the model addresses the gap between
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user expectations and system behavior, forging a more coherent guided-VA user—system
ecosystem.

Limitations Although explanations are seen as an improvement to the analytical
visualization, the literature points to several possible biases and pitfalls [EAM22]. Some
of the common biases are knowledge bias, i.e., the presupposition of false assumptions
on user’s knowledge background; attribution bias, as in defining user groups wrongly;
availability bias, which concerns the availability of explanation; confirmation bias by the
user who looks for explanations that agree with their views; explainability of explanation,
which refers to unclear explanations that cannot be adequately interpreted; and inaccurate
explanation that could mislead the user in the analytical process, illustrated in [Figure 5.11.
Additionally, we recognize that providing a layer of explanation to the guidance could
result in a heavy reliance on the explanation. This reliance may strip the user of the
agency in the analytical process or defy the aim of the guidance, which is to support
and facilitate the user’s analytical process, not replace it [CGM™17b|. Finally, the
characteristics and aims we propose in our model are a starting point. The literature on
explainability presents several characteristics and aims, which could expand our model.
This model should also be calibrated through accompanying rigorous studies. Future
work should evaluate how implementing this model impacts user trust while enhancing
the overall experience in comprehensive guided VA scenarios.

Accountability and transparency are two ethical challenges posed in the process of
achieving explainability and interpretability. In high-risk VA applications, users might be
more open to receiving elaborate explanations to mitigate potential safety risks, such as
in medical applications and autonomous driving [Div24]. Explainable models are more
relevant in these contexts; however, the high-risk context also poses more restrictions
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Figure 5.11: A workflow of explainable guidance in VA illustrating the interplay of
explanations within the analytical process. This workflow illustrates the different contexts
and how this information influences the structure of explanations. The data is filtered,
processed, and analysed in the back end. Guidance and its explanation are generated
during the interactive VA process—when needed—and are visualized on the screen. The
user may influence the guidance and explanations using interaction. Explanations affect
the user’s trust, which, in turn, impacts the user’s perception and knowledge. Eventually,
the user fulfills the main task of the process, which is to produce new knowledge and
data that feed into the system in the next VA task.
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5.8. Discussion

on the design of explainability models. For example, the use of generative Al in certain
scenarios might pose a liability issue.

The proposed model attempts to serve as a comprehensive explainability model. This
pursuit comes with trade-offs. A complete model might overwhelm the designer. It can
also be challenging to comprehend. However, to mitigate the potential drawbacks of the
model completeness, we explain all concepts presented in the model, as seen in [Table 5.1.
The exemplified use case scenarios also attempt to provide an onboarding tool to guide
designers. It might not be possible to address all trade-offs of a comprehensive model
fully. The model is presented in several color-codified parts to allow future researchers to
adapt and further refine this model. However, this remains a limitation of the model that
should be addressed in future studies. Further evaluations could show whether, why, or
how such a model could be simplified to specific domain contexts. Potentially, designers
can adopt different subsets of this model. Conducting a future study targeting guidance
designers can shed more light on the usability of the model and how it can be improved.
As this is the first attempt at an XG model, we expect an active refining process by
experts in the field.

Summary This chapter proposes a framework for explainable guidance and discusses
the factors that contribute to its design. Future research should look into methods to
evaluate XG, accounting for specific purposes and contexts. To this end, methods to
externalize user trust in real time are essential. Moreover, a helpful prospect is con-
structing a model that can integrate explainability models for both XAI and XG. Finally,
considering mixed-initiative systems, integrating interpretability into the explainability
model could refine the explanations further.
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CHAPTER

Conclusion

This work aims to enable VA researchers to address uncertainties in VA decision making,
namely subjective uncertainties, by applying effective guidance approaches in a way that
benefits their trust and confidence in the analytical process. Subjective uncertainties
crucially impact how users make their decisions. In a data-driven world, VA is taking
an increasingly bigger role in decision making in multiple domains by combining the
computational power offered by modern computers, algorithms, and the reasoning of
humans through interactive visual approaches. Thus, VA designers face the challenges
of designing effective tools to address uncertainties in VA decision making and allow
users to make optimal decisions. We explore guidance as an effective approach to address
uncertainties in VA decision-making scenarios where decisions cannot be measured for
correctness. We also analyze and address the critical interplay of user trust and confidence
and their effect on those decisions.

6.1 Reflection

Here, we reflect on the research we conducted through our work to respond to the
research questions outlined in section 1.2 We presented a two-dimensional uncertainty
guidance to support the comparison and uncertainty analysis in PT planning visualization.
We exemplify uncertainty guidance on a PT planning dashboard for plan comparison.
Moreover, an evaluation measured confidence and insights from the use of uncertainty
guidance. In our work, we conceptualize user confidence and distinguish it from wuser
trust. We then proposed SNA metrics to evaluate user confidence in VA under uncertainty
and conducted a study to examine the value of the proposed metrics. Finally, we propose
a framework for XG and discuss the factors contributing to its design, such as user and
domain contexts.
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RQ1 How can we design effective guidance to boost experts’ confidence in their decision
making under the presence of uncertainty?

The evaluation of our proposed PT application in |chapter 3| yielded encouraging initial
results and provided insights for forthcoming directions. We detected a gap in evaluating
guidance approaches in VA under uncertainty in the clinical domain, where conventions
are firm and analytical processes well-established (and often inflexible). The effectiveness
of guidance in such a scenario relies on boosting the expert’s trust in the system.
Moreover, to properly evaluate the effectiveness, we must be able to measure the levels
of user confidence in their decision (and throughout the analytical process). Thus, we
subsequently explored the evaluation of user confidence in chapter 4| to account for the
domain-expertise factor. We also aim to continue developing our guidance mechanisms to
reflect better the lessons learned from the current work. Our work constructs a guidance
mechanism by understanding the user’s needs and the detailed levels of the data explored.
It attempts to guide the user through the uncertainties on multiple data resolutions as
needed.

RQ2 How can we effectively evaluate the impact of guidance techniques on user
confidence?

Chapter 4| explored the potential of provenance techniques in informing the evaluation
of uncertainty guidance. We envision that our approach (with modifications) can be
generalized to different uncertainty visualization applications, such as the medical domain,
weather forecasting, financial prediction, or material sciences. The global characteristics,
global topology, and local topology metrics we proposed in [chapter 4] offer the potential
for an insightful analysis of user confidence in VA. They can complement the commonly
used self-reporting surveys. With further modeling and tuning, our proposed metrics
could improve the assessment of user confidence and, consequently, support a better
evaluation and development of VA tools, including guidance.

Knowledge-assisted visual analytics (KAVA) literature did not establish a clear distinc-
tion between the nuances of user confidence and user trust. Our work contributes to
setting more precise boundaries to assist a better study of the interplay of trust and
confidence in VA decision making. We promote the use of quantitative metrics to measure
user confidence and overcome the limitation of subjective bias in self-reported results.
However, our work also emphasizes incorporating qualitative evaluation to complement
the quantitative approach. Although KAVA research relies increasingly on analyzing
provenance, we argue for the value of network representation and SNA metrics. We view
actions and components of VA as entities that engage in an exchange of knowledge that
resembles a social exchange via user interactions.

RQ3 How can we improve users’ trust in the guidance techniques?

We developed a framework for explainable guidance to study the impact of explainability
on user trust, which impacts their confidence in sense making and decision making. The
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6.2. Outlook

framework was built with extensive research on explainability in different subfields of
VA and Al It adapts the requirements of explainability to research findings on guidance
in the VA. The framework proposes a structured guidance that prioritizes cognitive
relief, clarity, timeliness, and interpretability. We demonstrate its potential to support
the trustworthiness of guidance in three literature scenarios and a design walk-through
with a guidance design expert. While validated with use case scenarios and expert
design walk-through, the practical applicability of the framework requires further studies.
Namely, a guided-VA application designed using the framework should be evaluated for
effectiveness by focusing on the user trust component.

While prior literature on KAVA focuses on building trust through transparency and
constant feedback, our work prioritizes understanding the user and the dynamics of
user trust in decision making. Our work proposes structured explanations that do not
always need to be interactive, as prioritized in the field of VA explainability. Nonetheless,
we incorporate the value of user feedback into an adaptive explainability model. This
adaptive feature can be further strengthened by incorporating methods to externalize
user trust.

6.2 Outlook

Uncertainties in VA The topic of guidance in VA has gained considerable attention
in recent years. VA approaches are fast becoming crucial tools to enable human-Al
collaboration, address subjective uncertainties, and optimize decision making in multiple
domains. As our understanding of the VA decision-making process evolves, we should
consider mapping the VA cycle to more than the traditional four stages: data, hypothesis,
visualization, and insight [GMR23]. It is also worth considering the different scenarios
of decision making. For example, consider a scenario where the user of a VA system does
not make the final decision; instead, they have to communicate insights to a third party

and engage in a back-and-forth VA process to reach a decision in a collaborative effort.

The direct user of the system also becomes a prory user who brings input from another
person to the analysis process, with all its attached biases. This hidden layer of VA usage
can have a crucial impact on the VA decision-making process, the layers of uncertainty,
and the type of guidance the direct user needs. Thus, revising the traditional VA cycle
to include new stages can help rethink VA guidance.

Moreover, our understanding of subjective uncertainties grows as we understand the
user better. Currently, the uncertainty taxonomies in the literature fail to provide a
comprehensive picture of how uncertainties impact decision making in VA. Future research

should focus on re-mapping uncertainty events and their impact on decision making.
This research allows designers to understand better how to address these uncertainties.

Specifically, a comprehensive study of the properties of the user attitude (also beyond
trust and confidence) and their interplay in the VA decision making allows designers to
propose more effective context-aware and uncertainty-aware guided-VA systems.
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User attitude in VA An interesting direction for future work in evaluating guidance
would be to explore the distinctions between confidence and trust—quantitatively and
qualitatively—within the specific visual data analysis context to further understand
their respective impacts on user interactions and decision-making processes. Studying
the impact of XG on the user’s trust and confidence, especially in complex uncertainty
scenarios, can be valuable. Moreover, future research should look into methods to evaluate
XG, accounting for specific purposes and contexts. To this end, developing methods to
externalize user trust in real time is essential. An accurate quantification of user attitude
properties can allow us to explore whether and which levels of trust can promote an
efficient and effective analytical process. Related to that, it allows us to investigate the
appropriate trade-offs between effectiveness (making the user confident enough) and
efficiency (allowing the user to complete the tasks in a timely manner). Moreover, an
interesting path for investigation lies in understanding how changes in user attitude
properties, namely trust and confidence, introduce uncertainties to the VA process and
to map out these uncertainties. Also, it would be helpful to understand how these
uncertainties impact and change the properties of user attitude in the VA cycle.

Furthermore, a helpful prospect is constructing a model that can integrate explainability
models for both XAI and XG. Considering mixed-initiative systems, integrating methods
to uphold interpretability into explainability models could further refine explanations’
effectiveness. The user’s understanding of guidance cues profoundly impacts user trust.
Thus, the mechanism of user interpretation should be studied in connection with the
research on user attitudes. VA research should involve more social psychology studies
in a more integrated research ecosystem. It is not about bringing in lessons from the
social psychology field; rather, it is about re-imagining the social psychology of today’s
humans, who use visual systems to make data-driven decisions daily.

Agency in VA Moreover, in the age of rapid Al development, studies should carefully
consider the optimal balance between human and machine agencies. Guiding the user
through uncertainties in decision making should not strip the user of their agency.
Furthermore, VA designers should not assume static interpretations of uncertainties in
the VA process. Subjective uncertainties are dynamic and ever-changing [PFW™18|; thus,
the guided VA should adapt to these changes while prioritizing the agent’s perspectives
that carry the responsibility for the decision.

Understanding biases This dissertation discusses how user attitude impacts cognitive
biases. However, it shies away from explicitly describing the mechanism by which these
attitudes impact users’ cognitive bias, as it requires a more dedicated line of questioning.
The dissertation distinguishes between two crucial properties of users’ attitudes in the
study of visualization and VA: user confidence and user trust. This distinction sets
the foundation for better describing how these properties of the user attitude impact
cognitive biases. It is also worth exploring and describing what other attitudes impact
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6.2. Outlook

decision making in VA under uncertainty. Moreover, given that an attitude’s properties
can fall between cognitive and emotional biases, future work that clearly describes that
interplay and intersection can provide a solid foundation to implement techniques that
address users’ attitudes.

From theory to practice Recently, the rise of Generative Al and large language
models (LLMs) has opened the path for smart domain-agnostic guidance models that

can generate context-aware guidance. However, this approach is still under-explored.

Practical and ethical challenges remain to be addressed. On the practical side, we need to

develop methods that can verify the trustworthiness of the output of these LLM models.

Moreover, the effectiveness and efficiency of these models depend on high processing
powers. Although such a problem can be addressed by cloud computing approaches, it
still poses a challenge to VA decision-making systems in offline contexts. On the ethical
side, one needs to consider the energy consumption and negative impact on the climate
through the use of these models. Also, in fields such as the medical field, the input
of patient data into third-party LLM models poses a privacy challenge. Thus, several
questions remain to be addressed before generative Al can be widely used to generate
guidance for VA decision-making.

Perspectives in VA One of the most significant limitations of the study of VA methods
is that they are primarily centered in the global north. The perspectives of the global
south are marginalized. Thus, future research in guided VA needs to incorporate more
diverse perspectives to consider the nuances of user cultural and social contexts. This
direction can create a more inclusive research environment, but most importantly, it
can introduce new perspectives that can direct the research into exciting paths. For
example, as we worked on our explainability model in chapter 5, knowledge produced
in the global north led our investigation, methodology, and evaluation. An effective
explanation’s characteristics, context, and structure may differ from the perspective of the
global south. On a higher level, in this dissertation, we relied heavily on work produced
by researchers from the global north or who conduct their research in an institute in
the global north. Almost all the papers included as references in this dissertation were
published in platforms in the global north. The average number of authors per paper is
3.6. More than 70% of the first authors are from Europe or North America, and around
90% are from the global north. Around 89% of the first authors conduct their research
in institutes in Europe or North America. More than 58% of the first authors work in

institutes in one of three countries: USA (35.9%), Germany (11.7%), and Austria (11%).

Around 70% of the first authors are men.

On the brighter side, we reference works of 275 unique first authors and 851 unique
authors in total. The first authors spread across the six continents, conducting their
research in 200 unique institutions located in 37 countries. In this dissertation, although
40% of the references were published in the past five years, we reference work that spans
across the 20" and 215 centuries, dating back to 1901. More than 10% of the references
were published before 2000. The work referenced is published in 102 different journals
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and 48 different conferences. The Python code and worksheets used to generate these
statistics are available in an OSF repository [Mus25]. These statistics of the 326 references
in this dissertation highlight the importance of being conscious about our research’s
epistemological foundation despite time pressure. Researchers must also consider more
diverse perspectives when evaluating their work, where possible.

Finally, this dissertation breaks out of the strict disciplinary boundaries and consciously
incorporates diverse social and cultural perspectives from different research environments.
The dissertation offers a broader understanding of guidance in VA. It positions guidance
as a promising approach to address uncertainties, especially subjective uncertainties.
Moreover, it establishes foundations to integrate the study of user attitude in VA processes
and its impact on guidance, particularly the interplay of user confidence and user trust.
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