©Copyright 2025
Yasaman Sadat Sefidgar



Goal-Centered Personal Informatics Tools

Yasaman Sadat Sefidgar

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2025

Reading Committee:
James Fogarty, Chair
Sean Munson

Jeffrey Heer

Program Authorized to Offer Degree:

Computer Science & Engineering



University of Washington

Abstract

Goal-Centered Personal Informatics Tools

Yasaman Sadat Sefidgar

Chair of the Supervisory Committee:
James Fogarty
Department of Computer Science & Engineering

Personal data holds considerable potential for improving health and well-being: it can enable
health understanding, management, and behavior change. However and despite the increasing
abundance of personal data, a myriad of challenges come in the way of realizing this potential.
Available systems often force recording data that is poorly connected to care needs and offer no
or limited means of adjusting recording and aligning the data to the needs. End-users are on
their own in working with the data, even though they frequently lack time or skills to implement
their own data collection and analysis workflows. Difficulties linking data to effective actions
further limit care opportunities. My dissertation demonstrates that health informatics tools with
explicit representation of an individual’s goals can help overcome these challenges in collecting,
analyzing, interpreting, and acting on personal data. It does so through three systems: In
MigraineTracker, I show tools which elicit an individual’s goals can support highly personalized
tracking (e.g., what, when, and how to track) and sense-making (e.g., what data to present and
how). In Analyticons, I introduce constraint-embedded goal-aligned visual objects that scaffold
end-user analysis of heterogeneous personal data. In WoNoB, I leverage goal pursuit techniques
to enable reflection on personal data toward effective actions, despite changing contexts and
competing needs. Together, my work establishes goal-directed design as a principled approach
to giving individuals the agency to control systems and align them to their needs, while

complementing their efforts with relevant computational and theoretical scaffolding.
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Chapter 1
INTRODUCTION

Over half of adults in the United States suffer from at least one chronic condition and about
one third are affected by two or more [18], a rate similar to that of worldwide prevalence [84].
Given the globally aging population, these numbers are expected to grow, along with the social
and economic costs [83]. These trends underscore the need for prevention, monitoring,
and management of chronic conditions. The longitudinal measurements of symptoms,
treatments, contributors, and well-being behaviors are critical to these needs [71]. However, the
measurements can rarely happen in clinical settings due to the nature of the underlying
factors. For example, symptoms can be intermittent and absent at the time of clinical testing.
Behaviors and other factors unfold in daily life and cannot be observed in the confines of a
controlled time and space.

Personal health and well-being data is a promising and complementary alternative
to limited and often unavailable clinical data for long-term and chronic condition care. It can
capture behaviors, symptoms, and other influencing factors as they develop over time and does
so with increasing ease. People commonly carry smart phones and wearables and can record a
multitude of information at the palm of their hands, both actively-reported and passively-sensed.
Encouragingly, there is evidence for the benefits of the collection and use of personal data in
health contexts. It can improve awareness and understanding of health [61], motivate and support
behavior change [1], enhance health management and communication [123, 36], and increase
engagement and agency across aspects of care, including diagnosis and planning [35, 160].

However, the distinct potential of personal data is yet to be fully realized. On one
hand, personal data-related activities are challenging. It is non-trivial to decide what data to

collect, when and how or in what ways to make adjustments over time. As a result, individuals



commonly are over-burdened by data collection that is largely irrelevant to their needs [32].
Analyzing and interpreting data in connection to one’s care is also demanding. These activities
require varied expertise, including data analytics and medicine, and overwhelm both patients and
their clinicians [36, 160]. On the other hand, we lack effective tools to perform these activities.
Incorporating personal data in complex and multi-faceted settings of health and well-being is
often limited by rigid systems that frequently force recording data that is poorly connected to
care needs and offer no or inadequate means of adjusting recording and aligning the data to
the needs [76]. End-users are largely on their own in working with the data, even though they
frequently lack time or skills to implement their own data collection and analysis workflows [31,
44]. Similar difficulties exist in linking data to effective actions in the absence of need-aligned
support [29]. The recurring theme in these systems is that designers and developers assume
certain needs and embed them in designs that inevitably fail to meet the diversity of needs people
bring to the use of the systems. Hence and despite recent advancements that make it easier for
people to get more data in kind and quantity, personal data technologies are yet to be truely
human-centered.

In a shift from data-centered design, Schroeder et al. [173] proposed goal-directed design
for personal data technologies: designs should elicit and incorporate expressions of an
individual’s goals to then scaffold the process of defining what, when, and how to obtain
and use personal data for those goals. In their work, Schroeder et al. [173] also offered evidence
for the benefits of this approach in addressing some of the difficulties of the planning stage of
health tracking. Whether and how effective this approach is for other personal data activities,
including collection, analysis, interpretation, and action, remain underexplored. Moreover, little
is known about considerations and requirements for applying it across these activities.

My thesis addresses this gap through the design and deployment of systems,
architectures, and techniques for leveraging goals. Through longitudinal deployment
of MigraineTracker in the wild, I show systems designed around explicit goal expressions
support diverse and evolving needs. I also identify key functionality to have when applying

goal-directed design: alignment, evolution, and reflection [174]. I present WoNoB (‘wanna be’,



an acronym for work-nonwork balance) and Analyticons (‘analytic’ + ‘icon’) as illustrations of
different approaches to building such functionality. WoNoB leverages self-regulation techniques
of goal-pursuit for data review and reflection to help individuals identify opportunities for
action and carry them out despite changing and competing needs [175], whereas Analyticons
demonstrates an architecture for integration and analysis of heterogeneous personal data
aligned with an individual’s varied and evolving needs [176]. Taken together, my work

demonstrates the following thesis statement:

Personal health informatics systems with explicit representations of an individual’s goals can scaffold

planning, collecting, analyzing, interpreting, and acting upon personal data.
1.1 Thesis Overview

I substantiate the claim of this thesis statement in three chapters. These follow Chapter 2, where I
position the work in the literature on health and human-computer interactions (HCI), and present
background knowledge on health conditions and psychology theories relevant to the work.

In Chapter 3, I present the deployment of MigraineTracker, the first major realization of
the goal-directed design of personal informatics systems. My work on MigraineTracker built
on Schroederet al. ’s formative work and earlier app development. Briefly, MigraineTracker
elicits goals (e.g., ‘improving symptoms’, and ‘learning migraine frequency’), then uses them to
guide end-to-end support for data collection (e.g., by recommending what to collect and how),
presentation (e.g., via goal-aligned summaries and visualizations), and review (e.g., through
goal-directed reflection). I deployed MigraineTracker in a 12+ month study with migraine
patients and their clinicians, collecting data and insights in over 100 interviews. With this study,
I showed personal data tools that elicit an individual’s goals can support highly personalized
tracking (in terms of what, when, and how to track) and sense-making (in terms of what data to
present and how). Using the MigraineTracker, individuals tracked data for multiple and evolving
goals, made adjustments when needed, and eventually better understood and managed their

condition. I additionally contributed to the theoretical models of personal tracking (e.g., the



importance of accounting for multiple goals and their inter-relations in personal models)
and highlighted key requirements for goal-directed system design. These include providing
mechanisms for alignment and realignment of inter-related goals that evolve in relation to a
reflective process where people form hypotheses, examine them, and refine different aspects of
tracking. This work was originally published in the ACM’s CHI Conference on Human Factors in
Computing Systems 2024 and won a Best Paper Award [174].

In Chapter 4, I explore a different approach to supporting goal-based designs with a
focus on reflection in WoNoB. This system uses Implementation Intention [74] and Mental
Contrasting [139], self-regulation techniques of goal-pursuit, to scaffold reflection process.
Implementation intentions (IIs) are if-then plans that help individuals decide what to do to
achieve their goals, where, and how and then act upon it. For example, ‘whenever I use the
restroom, I'll drink water’ is an II plan for staying hydrated. Mental contrasting (MC) asks
people to think about a desired state against their current reality and identify obstacles in
reaching the desired state. When combined, MC provides a direction for action (overcoming
obstacles) and IIs are formed to take actions. WoNoB walks individuals through a set of steps in
examining data to find obstacles and opportunities for addressing them. I evaluated WoNoB
in a three-week between-participant study with 43 information workers who used the system
for improving work-nonwork balance in their day to day life. I showed implementation
intention and mental contrasting (IIMC) can structure reflection on personal data, increase
individuals’ awareness, and allow them to more effectively find opportunities to act toward
their goals despite disruptions and changing circumstances. Interacting with data without IIMC
undermined behavior change. These findings highlight the importance of explicit scaffolding
techniques for goal-oriented reflection.

In Chapter 5, I introduce Analyticons, an architecture that poses data analytics as
assumption satisfaction and adjustments over concepts to handle the complexity of personal
data, which is often heterogeneous with large variations between and within individuals. The
heterogeneity is particularly pronounced in goal-directed data collection, where each individual

may record different information, record the same information differently, or change their



recording over time. Analyticons architecture is based on constraint-embedded visual objects
that are recommended given an individual’s goal (e.g., a histogram of reported length of
migraines is recommended for the goal of learning ‘how long do migraines last?’). Selection
of each object poses a set of assumptions over the concepts underlying the goal. The system
then guides the individual in leveraging their unique knowledge of the data and its semantics to
meet the assumptions. In the example above, the histogram requires ordinal values of duration
concept. This assumption is used to scaffold a set of steps that allows individuals to identify
relevant data and intuitively express how they want it transformed to ordinal levels. I showed
core needs in managing chronic conditions such as migraines or irritable bowel syndrome can
be expressed with Analyticons and illustrated different between and within variations that the
system successfully handles. This work is an instance of new models of interaction to better
support alignment and evolution in the integration and analysis of personal data around goals.
Following these chapters and in Chapter 6, I reflect on goal-centered design of personal
informatics tools, where control over system functionality shifts from designers to users via
different alignment mechanisms and as a result improves planning, collecting, analyzing,
interpreting, and acting on personal data. I also point to the connection of goal-directed design
to malleable interfaces and conclude by summarizing the contributions of my work to the

design of personal informatics tools.



Chapter 2
BACKGROUND

In this chapter I review related work to highlight the importance of the problem considered in
this thesis, and to position the arguments and proposed solutions. I first review work that shows
the promise of personal data in the health context as well as the challenges impeding this promise,
with a focus on chronic condition management (Section 2.1). I also introduce models of personal
informatics as the theoretical grounding that guides my approach to where in the design space
to explore and how to understand the experiences of self-tracking (Section 2.2). I then review
related work on two specific subspaces I explored: reflection on personal data (Section 2.3) and
personal data analysis (Section 2.4). I finally present relevant background on specific contexts
I studied and why (i.e., migraine and work-nonwork balance in Sections 2.5 and 2.6) as well as
the techniques I leveraged in creating some of the solutions (i.e., implementation intention and

mental contrasting, Section 2.7).
2.1 Self-Tracking for Chronic Conditions

Self-tracking has long been considered a strategy to improve care and self-management
of chronic health conditions [71, 122, 44]. Research has examined self-tracking for
conditions with relatively well-understood symptom-contributor relations (e.g., asthma [90],
diabetes [64, 123, 38, 122, 98, 159], hypertension [25, 70, 79]), conditions with enigmatic and
intermittent symptoms (e.g., irritable bowel syndrome [171, 95], migraine [170, 173], multiple
sclerosis [10, 198], polycystic ovary syndrome [33]), or progressive conditions (e.g., Parkinson’s
disease[131]). Such research has shown self-tracking can improve care and self-management
through identifying factors which contribute to symptoms [96, 95, 171], control of

symptoms [10, 198], and more effective collaboration with clinicians [36, 127].



Prior research suggests key features for self-tracking tools to support, including
goal expression [137, 29, 37, 173, 62], guided and collaborative reflection [29, 44],
customization [145, 29, 44, 76], and continuous learning [137, 44]. Research has also established
that inappropriate designs of self-tracking tools may nudge people toward unwanted
behaviors (e.g., an emphasis on calorie tracking promoting unhealthy eating [42]) and restrict
data exploration and reflection [31, 29]. Tools may also promote unsustainably burdensome
tracking routines [134] and undirected data representations that overwhelm people without
answering their questions [103]. A struggle to find value in self-tracking [32] can in turn lead to
abandonment [39, 61, 108].

Despite calls for supporting goal expression, particularly for qualitative and subjective
goals [61, 137], it remains uncommon in current tools [29]. A notable exception is
Schroeder et al. [173]’s goal-directed self-tracking framework, which proposes designs where
explicit goal expressions drive what, when, and how an individual tracks. The framework
aims to enable custom data collection and a need for goal evolution, which is integral to
long-term tracking [137]. Although prior research has focused on increasing the amount or
diversity of data people can collect (e.g., [105]), flexible tracking is not by itself sufficient when
people are unable to connect data to their core needs [137, 103]. Goal-directed self-tracking
therefore combines flexible tracking with a principle of reduction and focus [134] to emphasize
tracking exactly and only data supporting an individual’s goals. My work studies this
framework, highlights its benefits, and identifies the key requirements for realizing these
benefits (MigraineTracker, Chapter 3). It also contributes solutions for addressing those

requirements (WoNoB and Analyticons, Chapters 4-5).
2.2 Models of Personal Informatics

Personal informatics models provide a lens for designing self-tracking tools and for
understanding people’s experiences. I have leveraged both Li et al. [111]’s stage-based model
and Epstein et al. [63]’s lived informatics model in design (e.g., MigraineTracker) and in deciding

where in the design space to explore. Li et al. [111]’s model characterizes distinct stages of



preparation, collection, integration (including data preparation and analysis), reflection, and
action, highlighting how later stages depend on earlier stages. Epstein et al. [63]’s model
additionally highlights lapsing and resumption in everyday experiences with tracking [165],
which is particularly important in long-term tracking as with chronic conditions. I also
considered recommendations stipulated by Niess et al. [137]’s Tracker Goal Evolution
Model, which contextualizes goals within the lived informatics model. It highlights that
needs (e.g., ‘feeling well’) manifest in qualitative goals (e.g., losing weight’) which are translated
into quantitative goals (e.g., ‘taking 12K steps’). These quantitative goals can be linked to data in
self-tracking tools (e.g., ‘step counts’). The model thus highlights the importance of considering
qualitative goals and supporting their translation into quantitative goals as part of meaningful

long-term engagement with tracking.
2.3 Reflection on Personal Data

Reflection on personal data is key to using it in supporting health and well-being. It
is recognized as a major activity around personal data [111, 63]. Benefits of reflection
have been demonstrated in supporting well-being in general (e.g., encouraging physical
activity [109] and healthy eating [179], managing stress [87]) and in the management of chronic
conditions (e.g., diabetes [121], irritable bowel syndrome [37, 171]). Reflection is a multi-layered
meaning-making process where individuals describe their experiences (or representations of the
experiences), explain the patterns, and examine relations among the patterns, potentially in
relation to the broader context of the experience [67]. The key aspects of a reflective process
include engagement with breakdowns in one’s “current meaning perspectives” through an
inquiry process and in a dialogue with one’s data. This process then transforms one’s initial
state of understanding [11].

Given the central role and benefits of reflection in personal informatics, personal data
tools often include features to support reflection [60]. This is often happening in the form of
visual representation of data [7, 14, 30, 31, 88, 91]. Despite the attention, reflection remains

challenging [161, 29]. It is often assumed that including features that can support reflection,



means reflection happens and produces health benefits (e.g., by informing health-related
actions). Neither of these assumptions holds [189, 134], underscoring the importance of
designing different forms of scaffolding to guide individuals in reviewing their data, and doing
so directed at supporting health goals. Adding to the growing body of work to address this
gap (e.g., [121, 159, 197]), my work in Chapter 4 presents an approach to scaffolding reflection in

support of taking goal-aligned actions.
2.4 End-User Analytics for Personal Data

Data analytics is among critical personal data activities in models of personal
informatics [111, 63]. As the process of preparing data (e.g., cleaning and combining sources) and
transforming it (e.g., as metrics or visual representations), it is a prerequisite to sense-making
and acting. Given it is closely linked to reflection, most available systems often offer it as
a standard pre-defined pipeline supporting summary or visual information [60]. However,
the generic processing features usually fall short in supporting individuals to answer specific
questions [172]. Along with growing calls for goal-centered personal informatics [29, 44, 173],
support for customized data analytics consistent with people’s diverse health and well-being
needs is important.

Developing tools for end-user data analytics is an active area of research with solutions
to empower individuals in data cleaning [158], transformation [93], reshaping [192],
exploration [178, 191], and visualization [146, 183]. With recent advances in natural language
processing, producing data summaries and visualizations with text input is on the rise, although
the focus is often on iterative exploration rather than data wrangling [26]. However, existing
solutions make certain assumptions that limit their use for personal data analytics. Some
assume standard semantics (e.g., no outliers) and layout (e.g., tidy) for data [146, 183]. With
unmet assumptions, these solutions are either unusable or unreliable. The latter is concerning
if processing details are hidden from users or are beyond their expertise to examine and
verify (e.g., in case of off-the-shelf interfaces, such as ChatGPT). When enabling operations for

non-standard data, existing solutions frequently assume individuals know what operations are
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relevant and thus only support them in taking them (e.g., [93, 192]). My work in Chapter 5

explores analytics solutions that assume neither standard data nor analysis expertise.
2.5 Migraine as a Context for Examining Goal-Directed Self-Tracking

Migraine is a debilitating chronic condition that can result in reduced quality of life [181],
occupational impairment [124], constrained social and family functioning [180], economic
burden [65], and diminished emotional health [47]. There is high idiosyncrasy in migraine
symptoms [147], which are often simultaneously affected by multiple and accumulating
factors [104]. Managing migraine relies on medication and behavior changes to limit
contributing factors and to encourage preventive and abortive measures [53]. However, there is
high variability in response to medication [125] or behavior change [4]. These characteristics
make self-tracking particularly useful for managing migraines [170].

Despite the potential, self-tracking in migraine is challenging as current tools are generally
not well-aligned with an individual’s evolving needs. Tools commonly force individuals to
record irrelevant information (e.g., recording irrelevant contributing factors) or fail to support
recording needed information. Individuals therefore struggle in preparing or in adjusting what
they track and often fail to obtain useful information [170]. Addressing these challenges,
Schroeder et al. [173] proposed goal-directed self-tracking, a design framework wherein explicit
scaffolding for goal expression guides individuals to (1) track exactly and only the data they
need and to (2) review data in the context of goals. Examining this approach with a paper
prototype, they found improved tracking preparation and anticipated benefits for all stages of
self-tracking. I expand this work with a functional prototype (MigraineTracker, Chapter 3) to
examine whether and how goal expressions facilitate data collection, reflection, and action. I
also consider the specifics of data in self-tracking of migraine and offer solutions to enable

end-user analysis of this kind of data (Analyticons, Chapter 5).
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2.6 Work-Nonwork Balance as a Context for Leveraging Personal Data

Well-being in the workplace is important for work engagement, productivity, and job
satisfaction [163, 182]. A positive organizational culture that promotes employee well-being is
associated with positive interpersonal relationships [6, 52], reduced absenteeism, and reductions
in related costs [119, 41]. One of the key facets of well-being in the workplace is work-nonwork
balance [194, 54, 168]. Delecta [48] defines work-nonwork balance as an individual’s ability
to meet their work and personal commitments, as well as other non-work responsibilities
and activities [48]. The inability to strike the right balance between work and nonwork roles
or demands can lead to over-commitment to fulfill the responsibilities of both [50], with
detrimental effects on the overall well-being of workers [120, 196] due to the spillover of stress
between work and life outside of work [80].

Work-nonwork balance sits along a continuum between integration (i.e., blurred boundaries)
and segmentation (i.e., strong boundaries), based on the degree that work is kept separate
from nonwork [5, 8, 23]. Although work-nonwork balance has been conceptualized as an
individual preference, scholars argue that work-nonwork balance should not be portrayed
as only a matter of individual choice. It is a socio-cultural phenomena that should rather be
jointly considered with organizational policies, norms, and expectations [142, 69, 19]. For
example, organizational policies such as flexible work arrangements have been shown to be
effective in improving work-nonwork balance [17] and organizational culture has been shown
to influence the utilization of work-nonwork balance programs [22]. Therefore, work-nonwork
balance goals, while personal and idiosyncratic in nature, are affected by the surrounding work
environments, such as work demands, culture, social dynamics, or flexibility.

In recent decades, the proliferation of information and communication technologies (ICTs)
that enable virtual work, the use of personal technologies at work and vice-a-versa, and the
always-on work culture have all contributed to an increased blurring of work-nonwork
boundaries [126, 49]. Such blurring of boundaries has been further exacerbated by the mass

transition to remote work during the pandemic [28, 153]. Unfortunately, the flexibility that is
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afforded by ICTs has also made it more difficult to achieve work-nonwork balance [157, 40, 166].
Multiple surveys across sectors report that over half of Americans experience poor
work-nonwork balance [187, 77]. Therefore, supporting work-nonwork balance in the digitized
world has become a pressing need. It requires work on multiple fronts, from empowering
individuals to take actions that better their work-nonwork balance, to getting at the social
and cultural factors that lead to worsening work-nonwork balance. This motivates my focus
on enabling individuals’ actions to improve their work-nonwork balance within the bounds of
external factors.

Workers are genuinely interested in improving their work-nonwork balance, but struggle to
do so [78]. Realizing well-being goals is generally challenging [75], and is even more so in the
context of work-nonwork balance because high demands and external pressure lead to competing
goals and because people are particularly vulnerable to giving in to more pressing needs [141].

Literature in human-computer interaction (HCI), computer-supported cooperative
work (CSCW), and ubiquitous computing (UbiComp) has shown extensive interest in
understanding and supporting worker well-being [43, 2, 99, 164, 101]. For example, Das
Swain et al. [46] studied how the routine-fit of employees with their workplace associated with
employee functioning and well-being [46]. Rudnicka et al. [166] proposed a tool for promoting
flexible social norms of break-taking at work for remote workers [166]. Cambo et al. [24]
developed a mobile application, BreakSense, to promote mobility during work breaks, and
examined how that impacted people’s sense of completion and readiness to work [24].
Epsteinet al. [59] studied the relationship between work breaks and productivity through a
self-reflection tool of summarizing breaks [59].

Adding to this research, I use personal data to support work-nonwork balance. In particular, I
draw on self-regulation techniques (implementation intention and mental contrasting) to enable

the effective use of personal data in improving work-nonwork balance (WoNoB, Chapter 4).
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2.7 Implementation Intention and Mental Contrasting

Goal setting and realization are the primary predictors of health behavior change, with the latter
explaining much of the variations in goal achievement [75]. However, goal realization poses
challenges for many people; about half the people with intentions to engage in health behavior fail
to do so as they cannot successfully translate their intentions to actions [144, 177]. There are three
processes underlying this intention-action gap: viability, activation, and elaboration of intentions.
Intention viability describes how abilities, resources, and opportunities available to a person
influence whether they have control over certain behaviors. Intention activation is the process by
which situational demands impact cognitive and motivational resources and thereby the salience
and intensity of intentions. There are often conflicting goals and people are particularly inclined
toward more enjoyable or pressing alternatives. They either deprioritize goals initially set in favor
of those alternatives or forget about the initial goals altogether. Intention elaboration refers to
the role that the clarity around actions and contextual factors plays in making goals feasible.
Behavior change for health and well-being is often a complex sequence of actions. Failure in
identifying these actions and the means to perform them undermines goal attainment [154].
Implementation intention (II) and mental contrasting (MC) are self-regulation techniques that
support goal realization by mitigating the processes that underlie the intention-action gap [138].
While goals are specifications of a want (“I want to do/achieve X”), Ils are if-then statements that
specify the when, where, and how of achieving a goal. They take the form “if situation Y happens,
I will do [goal-directed] action Z” and connect situational cues to specific actions. For example,
“If it is break time, I'll walk down to lobby” for the goal of “being physically active”. The act of
creating IIs mitigates the elaboration challenge as the deliberation on the relevant actions and
their means is a part of the II plan creation process. By connecting specific situations to actions,
the planning process becomes more focused on available resources, which helps mitigate viability
challenges to the extent possible (e.g., by taking into account the constraints imposed by social
and cultural factors). Forming this connection additionally supports maintaining goal activation

levels as control of the response is delegated to the presence of the situation [154].
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MC involves thinking about a desired future (e.g., “excelling in an exam”) and juxtaposing it
with the current reality that impedes achieving that future (e.g., “disorganized notes”) [138].
Doing so increases motivation for action if there is a high expectation of achieving the desired
future [138]. Heightened motivation subsequently supports goal pursuit [117]. The association
between future and reality additionally focuses attention on dealing with reality and the
instrumental means for it [139], which are important for addressing viability and elaboration
challenges in goal attainment.

II and MC have successfully supported goal realization in a variety of domains such as
health [45, 154], education [73, 12], or interpersonal problems [140, 74]. They provide greater
benefits when combined [138]. MC complements II by providing a concrete process for forming
if-then plans, where obstacles form the if-part and overcoming them forms the then-part.
It thus mitigates the challenge of plan formation in applying II [154]. II, on the other hand,
complements MC by facilitating the process of overcoming difficult obstacles through explicit
planning [138]. The combination of II and MC (IIMC) is particularly well-suited for realizing
in such contexts as work-nonwork balance given they can address challenges in viability
(e.g., constraints in time, energy, or other resources available to the individual), activation
(i.e., competing goals), and elaboration (e.g., changing situations) that arise in this context. In
fact, IMC has successfully supported the pursuit of the related goal of time-management [139].
Bringing these techniques to the use of personal data in work-nonwork balance improvements
is thus a promising avenue for further explorations.

IIs are not new in HCI research on health and well-being. However, much of the past
work is concerned with supporting the execution of II plans rather than making them. For
example, Pinder et al. [152] explored how a context-aware smartphone app can support people
by automatically detecting critical situations and reminding the user of the actions to take.
Similarly, Bharmal et al. [16] explored the use of peripheral reminders to enhance the activation
of goal-directed actions to increase physical activity. Both of these pieces of work [152, 16]
focus on enhancing the link between situations and actions in II plans rather than supporting

the plan creation itself. Dogangun et al. [51] modeled daily routines to automatically identify
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and recommend timeslots or situations that can be used as critical conditions in IIs for physical
activity; while this design addressed plan creation, it neither supported users in taking control
of their time nor helped them identify obstacles — a critical activity in interpersonal contexts
such as the workplace. In my work (WoNoB, Chapter 4), I leverage IIMC in reviewing personal
data for creating behavior plans that empower individuals to take actions within their individual

and organizational contexts with full agency.
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Chapter 3
GOAL-DIRECTED SELF-TRACKING OF MIGRAINE

Management of chronic conditions often involves examining one’s health and making
adjustments in behavior or treatment [71], typically based on measures of symptoms,
contributors, or treatments. Self-tracking of such measures is thus common in managing
conditions such as migraine [147], where intermittent symptoms over time limit utility of
clinical testing. However, self-tracking for chronic conditions like migraine is challenging,
in part because existing tools embed assumptions about what people want to gain from
tracking (i.e., their goals for tracking [170]). Deciding what to track, adjusting tracking over
time, and using tracked data is thus poorly supported [173]. This gap in tracking support is
particularly problematic given high idiosyncrasies among migraine patients and the complexity
of potential contributors [170]. Schroeder et al. [173] thus proposed goal-directed self-tracking
as a framework to address this gap. They suggested that designs centered around an individual’s
goals can support tracking exactly and only the data that individual needs. More concretely,
tools designed within this framework aim to elicit goals and scaffold a process of defining what,
when, and how to track toward those goals. Goal-directed tools can also use knowledge of
individual goals in determining what data to present and how to better facilitate interpretation.
In their work, Schroeder et al. [173] offered evidence that this approach improved preparation
for tracking. However, their method did not allow them to examine if the improvements
extended to data collection, reflection, and action.

In this chapter, I present MigraineTracker, an app designed and developed to understand the
lived experience of goal-directed self-tracking and to examine whether and how tracking routines
configured within a goal-directed tool can support patients in managing their migraines across

stages of tracking [111, 63]. The study engaged 10 patients, each working with a clinician and
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using the app for average of 12+ months, totaling 107 interview sessions. This chapter is based
on the 50 sessions that focused on patient experience and contributes the following. I use the first
person plural to describe the work and its contributions to acknowledge the important work by all
collaborators involved in this multi-year project. While I led the completion of MigraineTracker
development, design and preparation of the user study and its material, participant recruitment,
study planning and coordination, study sessions, data analysis, and manuscript preparation this
work was impossible without Carla Castillo, Shaan Chopra, Liwei Jiang, Tae Jones, Anant Mittal,
Hyeyoung Ryu, Jessica Schroeder, Allison Cole, Natalia Murinova, Sean Munson, and James

Fogarty, who contributed to different aspects of the work in various capacities.

« We demonstrate goal-directed data collection and reflection supports patients in
(1) deciding what to track and how to align their tracking to their needs, (2) obtaining
relevant and useful knowledge from tracking, (3) recognizing when and how to adjust
their tracking, (4) feeling prepared to discuss their care with their clinicians, and

(5) seeking expertise where they most need it.

« We provide evidence that goal-directed tracking led patients to further understand their

condition and to feel they were better caring for themselves.

« We highlight the need for adapting personal informatics models to consider distinct and
concurrent goals that are each at a different stage of tracking. We also articulate distinctions
and relations among goals as an analytical lens for understanding needs and challenges in

long-term self-tracking of chronic conditions.

I next present our design of MigraineTracker (Section 3.1) and describe our deployment study
and analysis (Section 3.2). I then share key observations around goals, their evolution, and the
benefits of goal expressions for patients (Section 3.3). I conclude by discussing implications for
future research in personal informatics and the design of self-tracking tools (Section 3.4). This

work was published in ACM CHI Conference on Human Factors in Computing Systems (CHI’24).
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Figure 3.1: MigraineTracker configuration process. (a) Individuals can express goals in three categories:
monitoring, learning, and anticipation. (b) There are sub-goals under each category. For example,
monitoring for ‘my own knowledge’ or ‘my doctor’ and learning about ‘migraine frequency’ or ‘what
factors may contribute to or improve symptoms’. Recommended tracking items based on an individual’s
configured goals (e.g., learning about migraine frequency) appear under categories of (c) symptoms,

(d) treatments, or (e) contributors.

3.1 MigraineTracker System

We built upon the formative work of [170, 173] to design and develop MigraineTracker
in a human-centered design process. Design was iterative and involved cycles of paper
prototyping, development, feedback from the research team (e.g., co-authors with lived
experience and/or clinical expertise in migraine), and revision. There are three major
components to MigraineTracker: configuration (Figure 3.1 and 3.2), data entry (Figure 3.3), and
data review (Figure 3.4). Configuration is available at the onset of tracking and is modifiable
afterwards. Data entry is defined by configuration and provides the interface individuals
regularly use to record information. Review is available as a calendar visualization within the
app and is complemented by more sophisticated summaries and visualizations outside the app.

We provide additional details on each component below.
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3.1.1 Tracking Configuration
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appear in the ‘Recommended’ or ‘Common’
lists. For example, MigraineTracker recommends recording ‘Migraine’ when an individual
has a goal of learning about migraine frequency. It is also possible to record ‘Peak Migraine
Severity’, which is commonly considered along with frequency. After selecting what to track,
an individual decides how to record each selected item. For example, if they choose to record
nausea, they can decide to record whether they experienced nausea or they can rate the levels
of their nausea (Figure 3.2, left). There are recommendations for such data types based on an
individual’s goals. An individual configuring treatment and contributor items can also specify
targets to get indications of behaviors relative to the targets. For example, setting a target for

the dosage of as-needed medication (Figure 3.2, right) provides an indication of status relative to

the target (Figure 3.3, b).
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Configuration also supports reminders. The app offers up to two daily reminders and/or
followup reminders. Followup reminders alert within a specified period of time (e.g., a day later),
allowing individuals to initially report symptoms and then fill in other details at a later time when

they have recovered.

3.1.2 Data Entry

With a configuration in place, individuals can record data for their selected items. Certain
items (e.g., ‘Migraine’) appear on the landing page for quick entry (Figure 3.3, a). Others are
listed by category (e.g., symptoms, treatments, contributors) so an individual can navigate
to them as needed (Figure 3.3, c-d). MigraineTracker provides a per day data model where
information is recorded against each calendar date. Although it is possible to support
semi-automated tracking within the app, the version used in our study only supported manual
entry. MigraineTracker also offers a lapsing feature, which pauses all notifications (e.g., for a

vacation) with a configurable reminder to resume tracking at a specified date.

3.1.3 Data Review

A landing page calendar provides a simple view of tracked data (Figure 3.3, a). Migraine days
appear with a bright pink background (e.g., Sep 03 in Figure 3.3, a), whereas days with other
symptoms have a dark purple background (e.g., Sep 02 in Figure 3.3, a). Small colored dots
indicate information has been tracked within a category. For example, a light orange dot indicates
information was recorded under the ‘Contributor’ category (e.g., Aug 31 in Figure 3.3, a).

The research team also prepared static data summaries and visualizations, personalized
according to tracking goals and preferences of each participant (Figure 3.4). These were prepared
as needed throughout the study (e.g., when patients were meeting with the research team, when
patients requested them for appointments with clinicians). These were not available at other
times. We opted for this approach to enable iterative and exploratory preparation of a set of

goal-based visualizations, which was not feasible within the app.
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Figure 3.3: MigraineTracker data entry and review. (a) Calendar view with migraine days in bright pink
and days with other symptoms in dark purple. Colored dots indicate tracking of information from that
category. (b) Quick tracking items appear on the landing page, including their status relative to relevant
targets (e.g., for as-needed medication). (c) Tracking items are organized under categories for symptoms,

treatments, contributors, and other. (d) Opening a category presents configured tracking items.
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Figure 3.4: PT06’s (a) data summary and sample visualizations: (b) inter-relations of sleep, fatigue, and

migraine based on the occurrence and severity of migraines at different levels of fatigue and sleep,
(c) frequency of the presence and absence of migraines with vs. without exposure to loud sound, (d) number
of migraine days per week over time. Summaries and visualizations were separately prepared for each

patient as needed throughout the study (e.g., when patients met with the research team or their clinician).

3.2 Deployment Study

We used MigraineTracker as a technology probe [89] in a deployment study to examine the lived
experience of self-tracking with tools designed according to a goal-directed framework. This
study builds on Schroeder et al. [173]’s investigation of whether patients can successfully use a
tracking tool explicitly configured for their goals and further examines needs and considerations
in designing goal-directed self-tracking tools for different stages of tracking [111, 63]. Examining

goal-directed informatics in the context of migraine, our primary research questions are:
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RQ1 How does tracking based in explicit expression of goals support patients in managing

their migraine?

RQ2 How do patient goals and tracking change as they use MigraineTracker over time?

3.2.1 Recruitment and Participants

We advertised the study to migraine patients on mailing lists and via flyers, then reached out
to their clinicians to join the study. If a patient’s clinician was unavailable for the study, we
offered to match the patient to a clinician already participating in the study. We also separately
recruited clinicians through clinical collaborators and asked them to refer patients to the study.
This approach of reaching clinicians through patients and vice versa increased our chances of
recruitment during the pandemic. We asked clinicians to refer patients who experience migraine.
Although we did not require a formal diagnosis of migraine, we also did not recruit patients who
had a different specific diagnosis (e.g., cluster headaches). Patients who enrolled without clinician
referral self-identified as experiencing migraines. Patients were in the United States, over 18 years
old, and owned an Android or iOS phone to run MigraineTracker. Both headache specialists and
primary care physicians were recruited, as both commonly work with migraine patients and not
all patients have access to specialty care.

We initially recruited 17 migraine patients and five clinicians, of which 10 patients (eight
women) and three clinicians (all women) completed the study (Table 3.1). We removed
four patients we identified as inauthentic, an increasingly common challenge in remote
research [162]. Three patients left the study after the initial interview and before starting
tracking: one because their clinician did not join the study and two because their schedules
changed. Two clinicians withdrew due to the demands of the ongoing pandemic. We observed
both established patient-clinician pairs (9 pairs) and a newly formed pair. All participants were
new to MigraineTracker (i.e., they had not participated in prior activities that informed the

design of MigraineTracker).
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Table 3.1: Patient demographics and length of study tracking. Gender was self-reported, consistent with
recommended practices [169]. Length of study tracking is from the day they configured the app to their
final day of recording. Patients either worked with their own clinician (Y’ under ‘Established?’) or a
clinician they were matched with for the study. PRO1 and PR02 were headache specialists and PR03 was a

primary care clinician.

Study
Self-Reported Tracking
Age  Gender Days Clinician Established?
PTO1 49-64 Woman 420 PR02 Yes
PT02 34-48 Woman 471 PRO2 Yes
PT03 34-48 Woman 422 PRO1 Yes
PT04 34-48 Man 420 PRO1 Yes
PTO5 18-33 Man 355 PRO3 No
PT0O6 18-33 Woman 373 PRO1 Yes
PT07 34-48 Woman 398 PRO2 Yes
PT08 18-33 Woman 269 PRO2 Yes
PT09 18-33 Woman 367 PRO1 Yes
PT10 49-64 Woman 335 PRO2 Yes

3.2.2 Procedure

Figure 3.5 provides an overview of our study protocol. After screening for inclusion, we
interviewed patients about their self-tracking needs and prior experiences. We also introduced
patients to goal-directed self-tracking and installed MigraineTracker on their phones. After
demonstrating its basic functionality and use, we asked patients to think aloud as they
configured their tracking routine.

After configuring the app, patients started tracking. After an average of two and half months
of tracking (range: 27-153 days), they met their clinician, discussed their tracking setup, and made
modifications if desired. This process ensured both patient and clinician goals were considered

in tracking. In preparation for this session and to ease patient-clinician interactions, we briefly
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Goal-Directed Self-Tracking

Screening Initial Setup Review Mid Tracking End of Tracking Data Review
Survey Interview with Clinician Interview Interview with Clinician

Figure 3.5: Plan for longitudinal study of migraine. We recruited patients who met the recruitment criteria
in their screening responses. We learned about their needs and self-tracking experience in the initial
interview and helped them configure MigraineTracker. Patients next reviewed their setup with their
clinician. We learned about patient experience using the app in mid tracking and end of tracking sessions
and obtained their feedback on goal-appropriate data summaries and visualizations. Patients then met with
their clinician to review their data and material. Patients recorded information using MigraineTracker as
soon as configuring it. Some patients continued tracking even after the second meeting with the clinician

concluded their participation.

presented MigraineTracker to clinicians and created summaries of each patient’s tracking setup.
We were also available to answer questions as we observed these interactions. We did not,
however, provide any formal training or guidance to patients or clinicians, in order to avoid
overly influencing study results. We asked patients to track consistent with their goals and
informed them if their tracking was inconsistent (e.g., if they had configured goals that required
everyday tracking but only tracked when having symptoms). We documented these incidents as
probe-surfaced needs and requirements for future support.

We met with each patient twice after their setup review with the clinician. The first meeting, a
mid tracking interview, was scheduled an average of three months after the setup review (range:
46-144 days), when patients had collected a reasonable amount of data with respect to their
goals. The second meeting, an end of tracking interview, was scheduled before a second meeting
with the clinician. The main purpose of these sessions was to learn about patient day-to-day
tracking experiences and any changes they made in their tracking. We also obtained feedback on
goal-appropriate summaries and visualizations we had prepared based on patient and clinician
comments in earlier sessions. This material was not available at other times unless patients

requested it (e.g., for clinical visits outside the study). Following the end of tracking interview,
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each patient met their clinician to review goal-appropriate material, interpret patient-generated
data, and make decisions about patient care. We conducted a short follow-up interview with
clinicians after each session with a patient. Patients and clinicians reviewed materials in the same
static formats used in mid tracking and end of tracking sessions, sometimes updated according
to patient feedback from those sessions.

Patients completed weekly check-in surveys throughout tracking to report their self-tracking
experiences, difficulties, care status (e.g., any scheduled appointments with their clinician), and
changes in their tracking goals or routine. We addressed any critical usability issues that were
raised in these reports. In addition to weekly surveys, patients completed surveys about their
experience each time they met with the clinician as a part of the study. If patients requested their
data for a non-study visit with their clinician, we followed up on their experience during that
clinical visit.

Patient tracking data was continuously synchronized to our database with daily backups. We
shared an exported copy of the data with each patient at the end of the study. We could directly
access and review data to prepare study material and to help with any technical difficulties.
Our analysis and presentation of patient data was performed in collaboration with patients and
according to their goals for that data.

We performed most initial interview sessions remotely due to pandemic constraints. We were
later able to conduct most mid tracking and end of tracking sessions in-person while adhering to
safety protocols. All meetings involving clinicians were in-person and subject to the same safety
protocols. In-person patient sessions occurred on our university campus to ensure these feedback
sessions were distinguished from clinical practice. Patient-clinician sessions generally occurred
in the same clinic that a patient and their clinician typically met. This increased external validity
and simplified logistics for patients and clinicians.

The initial, mid tracking, and end of tracking interviews took an average of about 90
minutes. Setup review and data review sessions lasted for an average of about 45 and 60
minutes respectively. We compensated patients at a rate of $10 for each 10 minutes of their

time in sessions with the research team or their clinician. Patients also received $5 for each
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weekly survey they completed and $10 for responding to surveys after meeting their clinician.
Clinicians were compensated at the rate of $20 for each 10 minutes of their time, unless they

chose not to be compensated. This study was reviewed and approved by our institutional review

board.

3.2.3 Analysis

We analyzed data in multiple ways for different needs of the study. Early sessions (i.e., initial
interview, setup review with clinicians, mid tracking interview) were analyzed to prepare for
later sessions (e.g., for the end of tracking interview). For example, we analyzed the initial
interview to understand patient goals and the mid tracking interview to understand whether
and how patient goals evolved. The research team regularly met and discussed observations
and our interpretations in preparing for upcoming sessions. At the conclusion of the study,
we used interview transcripts, session notes, survey responses, tracking setup, and tracking
data to summarize patient experiences in vignettes. Vignettes provided an overview of key
observations in each patient’s experience and familiarized the entire research team with
each patient across study sessions. Lastly, we performed reflexive thematic analysis [20, 21],
focused on the end of tracking interviews, to develop themes around patient experiences with
goal-directed tracking. We decided to focus on end of tracking interview sessions for formal
analysis as these provided the most comprehensive account of patient experiences, and the
protocol for each end of tracking interview was informed by our analysis of multiple earlier
sessions. In this process, we drew on our expectations and questions as personal informatics
researchers and on our positions as designers of MigraineTracker within the goal-directed
self-tracking framework. Another collaborator (Carla Castillo) and I used a combination of
inductive and deductive coding to analyze end of tracking sessions. Deductive coding was
informed by models of personal informatics (e.g., stages of tracking) and the goal-directed
tracking framework (e.g., goal-centered configuration, goal evolution). Inductive coding
occurred iteratively as we constructed new themes. Although we focused coding on the end of

tracking interviews, Carla and I referred to other sessions, survey responses, and tracking data
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as needed to support further understanding or provide key details. We double-coded four of the
10 sessions, compared analysis, and discussed themes throughout analysis. Each of us wrote
memos as we reviewed data. The research team as a whole developed inductive codes through
the coding process as well as discussions and memos about key observations. Initial themes
were based on patterns in the data (e.g., new or refined goals’, ‘adjustments in data entry
process’) and were grouped to form higher level themes (e.g., ‘distinct goal types’, ‘tracking

models’, ‘alignment between goals and tracking models’) through research group discussions.

3.3 Results

We observed that patients successfully used self-tracking for managing migraine with
a tracking tool that explicitly accounted for goal expressions. This section starts by
showcasing key observations (Section 3.3.1). As we unpack these observations, we define
terminology (Section 3.3.2), show patients concurrently moved across different stages of
tracking for different goals, and share examples of goal evolution (Section 3.3.3). We then
present ways patients built upon goal expressions not only to decide what to track in
alignment with their goals, but also to recognize when and how to adjust tracking in response
to goal evolution (Section 3.3.4). We demonstrate the culmination of these capabilities as
highly personalized tracking (Section 3.3.5). We next show patients gained valuable insights
and identified where to seek expertise (Section 3.3.6). As a result, they achieved improved

understanding and care and were empowered in communication and action (Section 3.3.7).

3.3.1 Goal-Directed Self-Tracking Experience at a Glance

We observed how goal-directed self-tracking supported patients as they configured
MigraineTracker for a variety of needs and used it over the course of 383 days on average (min
= 269, max = 471). We briefly describe the value this experience brought to patients and
demonstrate it through case studies. We then detail themes underlying these case studies in
subsequent sections.

All patients found MigraineTracker easy to use, pleasant, customizable, and flexible. They
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appreciated its unique features, such as medication targets and retrospective reminders. For
example, PT08 said: “the app’s customizability also really helped, because I could add whatever
fields I wanted to, and it really felt like the only limit was how burdensome I wanted tracking to
be. I definitely made some changes to my tracking based on that throughout the tracking period -
it was so helpful that I wasn’t locked into tracking any particular field and could alter what I was
tracking whenever something occurred to me.” Moreover, patients felt goal-appropriate summaries
and visualizations presented the information they needed. They felt empowered in interpreting
data, recognizing trends, reflecting on time-bound events, figuring out if medications had an
impact, and identifying actions to take. For example, PT03 appreciated the “crazy charts, reports”,
noting “It’s like I know my head better”. All patients wanted to continue using the app after the
study and preferred the app over their prior tracking experiences. Several wanted to know if the

app would be commercially available.

PT02 Aligned Tracking of Different Goals to Her Needs

PT02 started experiencing episodic migraines three years ago. As she was at the early stages of
her migraine journey, she set up the app to understand why migraines happened and how to
control them. To the former, she included contributors she suspected (e.g., stress, menstruation).
To the latter, she recorded if she took rescue medications early enough and how well they worked.
She also included items in her tracking routine to reinforce health behaviors that were broadly
beneficial (e.g., exercising). PT02 gained insights in relation to some of her goals after collecting
data for a few months and reflecting on it. For example, she learned of a relationship between
alcohol consumption and her migraines. She continued tracking toward other goals she was
still figuring out (e.g., impact of stress) and new goals formed during tracking (e.g., whether a

biofeedback device helped).

PT04 Obtained Insights and Adjusted Tracking

PT04 managed migraines along with other chronic conditions such as diabetes. With constraints

on side effects and availability of medications, he prioritized learning about contributing activities
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and the efficacy of his preventive medication. He recorded presence and severity of headaches
along with their context (e.g., levels of stress, amount of sleep, sugar intake). Examining the
monthly frequency of his migraines in relation to changes in his preventive medication, he learned
the medication did not make much difference. In consultation with his clinician, and considering
its negative side effects, he concluded to not continue it. He also learned that stress and lack of
sleep were more frequent when his migraines significantly increased in number and severity. He
wondered about the potential relation between stress, sleep, and migraines and decided to record
stress and sleep on headache-free days in addition to headache days to more fully examine the

relation.

PT06 Gained Improved Understanding and Care and Her Goals Evolved

PT06 had no successful prior migraine tracking experience. At the beginning of the study,
she recorded her migraines along with various associated symptoms, potential contributors,
and treatment information. Consistently tracking for several months, PT06 got better at
distinguishing migraines from her everyday chronic headaches as she learned when and
how associated symptoms (e.g., light and sound sensitivity) preceded her migraines. Better
recognizing migraines led her to take rescue medication sooner, which prevented the migraines
from getting worse. Moreover, daily reporting on whether she used different treatment options
brought the unexpected benefit of having those options in mind when migraines occurred.
PT06 felt her migraines limited her cognitive resources, but greater awareness of treatment
options allowed her to apply more when migraines happened. As a result, the average severity
of her migraines decreased over the course of the study. Having learned about symptoms
and treatments, PT06 was no longer interested in the informational value of tracking them.
Nonetheless, she kept the items in her tracking routine as she had other goals. The list of
symptoms worked as a checklist for deciding if a daily headache was a migraine and the list of

treatment options reminded her of things to do to reduce symptoms.
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PT09 Felt Empowered and Sought Clinician’s Help

Initially misdiagnosed with cluster headaches, PT09 tracked her symptoms (e.g., their timing
and duration) to ensure her clinician had an accurate account of her condition. Tracking
information empowered PT09’s communication of migraines and helped her feel prepared to
discuss care with the clinician. Tracking surfaced areas where PT09 most needed her clinician’s
input and expertise. For example, tracking data highlighted the high impact of migraines on her
ability to function which prompted a conversation about changes in treatments. Moreover, PT09
noticed specific and repeating patterns of monthly frequency and severity of migraines and
sought her clinician’s input to tease apart different explanations, especially in relation to her
preventive medication. Sharing tracking information also led the clinician to learn about PT09’s
alternative treatments (e.g., marijuana) and to educate her about the potential risks of those

treatments (e.g., rebound headaches).

3.3.2 Management, Information, and Tracking Goals

Patients used MigraineTracker for a myriad of reasons, which we organize into management
goals, information goals, and tracking goals (Figure 3.6). This categorization was inspired by
Schroeder et al. [173]’s categorization of goals, but refines it to capture the range of patient goals
we observed in our longitudinal study. We define these goal categories and describe relations

among them that shape and drive tracking.

Distinct Classes of Goals. Tracking goals were goals a specific tracking setup would achieve. For
example, ‘recording presence or absence of migraines’ or ‘recording hours of sleep’. Information
goals were knowledge to obtain and questions to answer about one’s migraine experiences. For
example, ‘monthly frequency of migraines’ or ‘does lack of sleep make migraines more likely?’
Management goals were desired health states to achieve (e.g., ‘improved symptoms’), constraints
to meet (e.g., ‘medication availability’), or needs and values to support (e.g., ‘control and agency’).
We also observed self-regulating behaviors (e.g., ‘holding oneself accountable to exercise’) as

management goals.
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Figure 3.6: Participants described distinct classes of management goals, information goals, and tracking
goals as well as different forms of relationship among such goals. An abstract representation of the
inter-relation of these goals is illustrated with four specific examples in (a-d). Specifically, tracking goals
support management goals (a) with or (b) without information goals. (c) Goals may overlap, such that a goal
of one class may relate to multiple goals of another class. (d) There is no strict sequencing in how goals of
different classes are related. This characterization of goals is consistent with qualitative and quantitative
goals as introduced by Niess and Wozniak [137] and surfaces additional nuance in the inter-relation of
goals (e.g., overlapping and dynamic alignments). It also extends Schroeder et al. [173]’s goal types and

highlights more complex relations (e.g., goals that concurrently align or evolve).

Tracking Goals Support Information and Management Goals. Tracking goals typically supported
an information goal that subsequently supported a management goal. For example, the tracking
goal of ‘recording presence and absence of migraines’ supported the information goal of ‘monthly
frequency of migraines’. Knowledge of the monthly frequency helped patients such as PT04
make adjustments to treatments or behaviors and eventually achieve the management goal of
‘improving symptoms’ (described in Section 3.3.1). Another example was using the tracking goals
of ‘recording migraine severity and duration’ to support the information goal of ‘how much time
is lost to migraine?’. This information goal served patients such as PT09 in their management
goal of ‘quantifying and communicating’ their health state, which might be dismissed because of
the invisibility of migraine. All patients used the app to achieve at least one sequence of tracking,
information, and management goals. In these cases, data recorded against a tracking goal was of

value as it supported the related information and then management goals.
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Tracking Goals Support Management Goals without Information Goals. Although tracking
goals typically supported management goals through information goals, there were also
cases where no information goal was involved. This was most evident when patients had a
self-regulation goal, such as exercising, and used a tracking goal to remind and reinforce the
relevant behavior (e.g., as with PT02, Section 3.3.1). We observed similar reasoning around
other behaviors (e.g., dehydration for PT06 and PT09, stress management for PT02 and PT01).
Section 3.3.1’s description of PT06 using tracking goals around symptoms to decide if headaches
were migraines and her use of tracking goals around treatment options are also examples where

tracking goals supported management goals without tracked data enabling an information goal.

Overlapping Inter-Relations among Goals. It was not uncommon for tracking goals to
simultaneously support multiple information and management goals. For example, the tracking
goal of ‘recording the presence or absence of migraine’ supported such information goals as
‘monthly migraine frequency’ and ‘how effective are preventive treatments?’, which supported
the overall management goal of ‘improving symptoms’. As another example, PT08 pursued
parallel management goals with the same tracking goal. She included a tracking goal for
whether she used Cefaly, a neurostimulation device, both to reinforce its regular use (i.e., a
self-regulation management goal) and to learn if it improved her symptoms or impacted the

efficacy of other treatments (i.e., a management goal of improving symptoms).

Dynamic Inter-Relations among Goals. Classes of goals were not always linked top-down (thus
the double arrows in Figure 3.6). There is no hierarchy to imply a strict sequencing of goal types
down from management goals, and tracking goals were not always explicitly set toward a
specific information or management goal. Similarly, information goals were not necessarily
planned according to specific management goals, and tracking goals sometimes inspired new
information or management goals. For example, PT02’s record of alcohol consumption, tracked
as a potential migraine contributor, led her to learn that she consumed more alcohol than
expected and highlighted a need for moderation. Neither monitoring alcohol consumption nor

its moderation were part of her initial reasons for tracking. Such a pattern where tracking leads
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to additional awareness was not uncommon. As another example, PT03 inferred from her
records of air travel (i.e., tracked as a potential contributor) that her work had become more
demanding, but obtaining information on workload was not initially a goal. The emergence of
such new goals is a part of our broader observation of changes in goals within and between

classes of goals, as we detail in the next section.

3.3.3 Goal Evolution

Patients had multiple and evolving goals in their use of MigraineTracker, and they could
simultaneously be at different stages for each goal. For example, a patient might lapse in one
goal while still actively tracking for another, or they might achieve one goal even as they need
to continue tracking for others. Although this may seem obvious in hindsight, it is not clearly
indicated by current models of personal informatics [111, 63] or goal evolution [137], which
tend to consider a single goal for the tracking experience. Designs based on a model of single,
separable goals are ill-suited for tracking in chronic conditions in which patients have multiple
tracking, information, and management goals, each of which may decrease or increase in
priority or resolve at different times, but may share some underlying tracking. In the remainder
of this section, we detail participant experiences and some of the complexities associated with

multiple evolving goals.

Progression of Individual Goals Across Stages of Tracking. Patients sometimes achieved one goal but
needed to continue working toward other goals. This was the case with PT02, who achieved their
information goal concerning alcohol but needed to continue investigating the relation between
stress and migraines. It was also common to refine a goal or follow up with a new information or
management goal. In the latter, patients could abandon tracking the original goal as they started
tracking anew for another goal or could concurrently track toward both goals. We observed
evolution of information goals for all patients when they reviewed their tracking after several
months. Examples include when PT10 refined her information goal from learning about the

average length of migraines to learning about the average length of treated migraines (i.e., how
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long migraines lasted after taking abortives), when PT06 learned that alcohol was not a strong
contributor and moved to investigating ‘feeling chilled’ as a contributor, or when PT04 followed
up on observations of migraine severity by wondering about their daily activities during months
with higher severity. New management goals also sometimes emerged after the resolution of
information goals. For example, PT01 wanted to prioritize her health over other commitments

after learning of her stress-migraine relationship.

Evolution Across Classes of Goals. Changes in tracking goals sometimes followed resolution,
refinement, or emergence of information or management goals. Resolution of an information
goal usually led to implicit or explicit abandonment of associated tracking goals, especially
when those tracking goals did not support any other information or management goals. PT06’s
removal of alcohol tracking, which was found not to be a contributor, was an explicit change.
PT03’s lapsing in reporting of brain fog, a symptom she no longer wondered about, was an
implicit change. Abandonment did not happen when tracking goals supported new management
goals independent of the resolved information goals. For example, PT02 continued tracking her
menstruation, even after learning about its connection to migraines, because she wanted to stay
aware of that context around migraines near her cycles.

Refinements in information goals often led to changes in tracking goals. For example, PT10
started recording the timing of treated migraines in addition to the total length of migraines.
However, there were also cases where no change in tracking goal was needed to support a refined
information goal. For example, PT07 wanted a monthly average duration of migraines, after
learning about her overall average duration. Although additional processing was needed, she
did not need to track differently. Emergence of new information goals sometimes involved new
tracking goals, as with PT06’s learning about ‘feeling chilled’. In other cases, existing tracking
goals could adequately support new information goals. For example, PT09’s records of migraine
presence vs. absence were enough to examine inter-migraine intervals.

Patients sometimes changed their tracking goals without changing the associated information

or management goals, often through improvements in their tracking process. For example, PT04
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changed his tracking goal of noting the location of pain to recording the presence or absence of
pain in frequent locations, a change which simplified his recording. PT07 similarly simplified her
recording of sleep from a time range to length of time in hours. The precision of a time range was
more burdensome and seemed unnecessary for her information goal of examining the potential

link between inadequate sleep and migraines.

Evolution in Goal Priorities. In addition to changes in specific goals, goals became more or less
important even as they remained relevant. For example, PT08’s migraine severity improved and
she then cared more about information goals regarding non-migraine headaches. PT06 cared less
about learning if loud sounds contributed to her migraines, as she felt she could do little regarding
the source of the loud sounds (i.e., her young dogs) even if there was a relation. Both PT03 and
PT09 cared more about goals that implicated a behavior change in day to day life. In addition to
actionability, new or unexpected variations made patients more interested in certain information,
whereas lack of variation led them to lose interest. For example, PT08 started caring more about
migraine duration after noticing increased average duration, whereas PT10 lost interest in the

relation of migraines and lightheadedness as it rarely happened.

Changes in what goals were pursued and at what priority often prompted additional changes
beyond the classes of goals. The next section details such changes through our observations of

tracking and data models.

3.3.4 Expression of Goals Facilitates Alignment of Tracking to Patient Needs

Patients configured MigraineTracker by selecting goals and describing what each tracking
item helped them achieve. In doing so, they aligned different management, information, and
tracking goals. How patients recorded data during tracking, which we characterize through
tracking models and data models, then complemented alignment of goal types. As goals evolved,
goal-centered review additionally facilitated adjustment and re-alignment of goals, tracking
models, and data models. We detail these observations by first presenting the tracking and

data models patients used and then providing examples of different forms of alignment and
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re-alignment. We also point out challenges we observed in the process. Considering the
tracking experience in terms of distinct goals, tracking models, and data models, along with the
alignment of these elements, offers insights into how goal-directed tracking enabled patients
in deciding what to track over time and subsequently highlights support that is relevant to

long-term tracking of chronic conditions.

Data Models. We define data models as units of recording. Patients used three distinct data
models: a day-based model where recording happens for each calendar day (e.g., presence of
migraine or its peak severity for each calendar day), an episode model where recording happens
for each episode of migraine, which may extend beyond a single day (e.g., duration or peak
severity for each episode), and an interval model where recording happens for a window of time,
typically since the previous recording (e.g., number of days of migraine within each interval).
Although MigraineTracker’s default model was day-based, patients adjusted it to other models
and sometimes combined multiple data models. For example, PT04 recorded presence or absence

of migraines for each day but preferred to record migraine duration for each episode.

Tracking Models. We characterize when recording happened under four types of tracking models:
a daily model where patients recorded every day, an event model where recording was initiated
by an event, often the start of a migraine, a divergence model where certain changes prompted
recording, and a hoarding model where recording happened occasionally when an opportunity
arose (e.g., a break in routine activities every few days). Patients commonly combined these
different tracking models. Many patients who reported presence of migraines on a daily basis
reported associated symptoms (e.g., light and sound sensitivity) in the event of a migraine. It was
also common for patients to report preventive medication dosage only if they were diverging from
the previous levels. Recording upon divergence from typical levels was also common for stress
levels and stressors because of the associated negative affect. PT08 described this: “T don’t want
to have to dwell on that, dwell on particular stressors by mentioning them day after day because I

don’t think that, that would be good for my mental state.”

Aligning Goals, Tracking Models, and Data Models. Patients often used tracking and data models
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consistent with their goals. PT01 provides an example of aligning tracking models to goals, as she
used different tracking models for different goals. She recorded symptoms such as brain fog only
on migraine days because she only cared about learning how frequent these symptoms were with
migraines. On the other hand, she recorded excessive stress on a daily basis to investigate if she
got let-down headaches (i.e., a type of headache that happens when a few days of high stress are
followed by release from stress). PT10’s recording of alcohol provides an example of aligning data
models to goals. She wanted to learn if her migraines happened the day after drinking alcohol.
Although most of her tracking was interval-based, she used a day-based model for her specific
tracking goal of tracking migraines along with prior-day alcohol consumption.

Patients were also able to adjust tracking models as their goals evolved. For example, PT04
switched from event-based recording of stress and sleep to daily tracking in order to more fully
understand how stress impacted sleep and how both influenced migraines. Goal priorities also
informed tracking models. Some patients had a ‘minimum recording set’ corresponding to their
highest priority goals. This typically included migraine presence, migraine duration, and rescue
medication, which patients prioritized recording even when extremely busy.

Mismatches sometimes occurred in aligning goals, tracking models, and data models. The
most common mismatch between goals and tracking models was using an event-based model
for goals that required daily tracking. For example, PT07 recorded her menstruation only on
migraine days, which was inadequate for learning whether and how menstruation affected her
migraines. In an example of difficulty aligning certain data models with tracking models, PT01
and PT07 were confused about daily recording of preventive shots they received every one or
three months. The influence of each shot extended to other days, so answering ‘no’ to whether
they used that medication felt inaccurate on those other days. The app’s default day-based data
model also sometimes did not match a patient’s data model. For example, PT04 could not directly
record the start and end of a multi-day migraine episode. After consulting the research team, he
worked around this by adding a custom item ‘same as yesterday’ to his tracking.

As goals evolved, patients commonly recognized a need for more rigorous tracking

models (e.g., from event-based to daily recording). They were less cognizant when goal
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evolution meant they could adjust their tracking to be less burdensome. For example, PT06
reached a point where the presence of migraines was the only information she needed to record
on a daily basis. Despite acknowledging that she had no need for the data, she wanted to keep

recording all information every day and felt doing otherwise was a “user error”.

Aligning Classes of Goals. The configuration process for MigraineTracker involved choosing
relevant goals and configuring a tracking routine in relation to those goals. In the course of adding
and configuring tracking items, patients articulated tracking, information, and management goals
and described how they aligned. For example, PT08 included a time of day entry for migraine
start time and a text entry for her location when a migraine started (tracking goal). This allowed
her to learn when and where migraines were more likely (information goal) to then decide where
was safer for her to be (management goal). We similarly observed other patients translating
management goals to information or tracking goals and operationalizing the tracking goals into
specific settings within the app (see Section 3.3.2 for other examples). Every part of a patient’s
tracking thus spoke to an explicit need they had.

As patient goals evolved, they repeated the same process to make adjustments to their tracking
and re-align it to their needs. For example, after mixed insights on the relationship between sleep
and migraines (the information goal), PT06 decided to record sleep in terms of its quality (new
tracking goal) and not its length (prior tracking goal). Similarly, PT02 decided to use higher
granularity in rating stress levels (tracking goal) after data was inconclusive with respect to the
relation between migraine and stress (information goal) at higher levels of stress.

Challenges could arise at various stages of the process from articulating goals, to aligning
and realigning them, to retaining the established alignments. Patients sometimes struggled with
articulating their goals. For example, PT07 did not initially express interest in knowing which
rescue medication worked. As a result, she primarily recorded a list of medications she took and
if the overall combination worked for her (which did not allow her to understand the separate
impact of the various medications). PT10 did not initially differentiate migraine length before

and after taking rescue medication. Encouragingly, this challenge was remediated through goal
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refinement and re-alignment of tracking with the refined goals as part of patients reviewing their
goals during sessions with the research team.

There were also challenges in alignment of tracking with goals or among distinct goal
types. PT10 did not include any items in her tracking routine for the tracking goal of recording
persistence of migraines. This meant she lacked data needed to support her information goal
regarding efficacy of rescue medication. Review of goals during interview sessions helped
surface and address this type of misalignment. In another example, PT03 could not define a
tracking goal to support the information goal of determining whether migraines returned
because a rescue medication effect wore off or because the medication led to rebound. Because
goal expressions highlighted this specific challenge, she was able to seek clinician expertise and
analytic support from the research team. Her clinician educated her with general information
about the medication, and the research team transformed and restructured her existing data into
a goal-appropriate visualization.

There were times when realignment of tracking or goal types to evolved goals could similarly
be challenging. With little variation in categorical levels of fatigue (typically ‘some’ on the scale
of ‘none’/‘'some’/‘lots’), PT04 could not fully examine the relationship between fatigue and his
symptoms. He also did not re-align his tracking through finer-grain recording of fatigue. Existing
tracking goals and setup sometimes fell short of supporting new or refined information goals.
For example, PT09’s new goal was to know times she felt desperate in managing migraines,
and she thought the number of rescue medication taken could be a good indicator. Her original
tracking, however, could not support this new question because she only recorded whether she
took medication and not the dosage. Although goal expression alone was inadequate in both
PT04’s and PT09’s cases, it highlighted what change was needed.

We observed the importance of recording patient rationale for their future use as they
articulated and aligned goals, given this may be otherwise lost over long periods of tracking.
Information goals were particularly prone to loss. PT08 forgot she chose to record fatigue to
understand its variations during migraines. Such loss of an information goal sometimes led

patients to lapse in recording. For example, PT07 stopped recording their migraine impact on
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disability, which she had originally planned to record to learn the functional severity of her

migraines.

3.3.5 Goal-Directed Configuration of Tracking Is Meaningfully Personalized

The ability to express different goals and align tracking to them led patients to highly
personalized tracking. Additional examples in this section complement those in earlier
subsections to illustrate the importance of the explicit scaffolding of goal expression and the
alignment process in facilitating personalization.

Patients customized MigraineTracker’s recommended and common tracking items and
defined custom items to capture information that mattered most to them. Customization of the
app’s provided items happened through selecting how information was recorded to be more
conducive to goals and preferences. For example, patients customized the recording of stress
through whether it happened or not (PT01), its qualitative severity (e.g., ‘none’ vs. ‘some’
vs. ‘lots’ for PT02), or a note of what the stressor was (PT08). Patients recorded sleep by its
start and end (PT07), as a number of hours (PT06), or as notes of any inconsistency (PT09).
Custom items enabled further personalization through defining concepts of interest. Many
patients created custom items for specific medications (e.g., ajovy, botox) and alternative
treatments (e.g., acupuncture, massage). Custom items were also used to capture person-specific
symptoms and contributors. For example, ‘clumsiness’ mattered to PT08, while PT01 tracked
‘numbness’.

Although valuable, customization led to challenges. Patients sometimes forgot how they
planned to record information. PT05 forgot he wanted to record his typical rescue medication
under ‘as-needed medication’ and other rescue medication under ‘new as-needed medication’.
Providing rich support was also particularly challenging for custom items. Patients wanted
specific features for the entry and visualization of medication items. For example, PT06 wanted

reports of a particular medication to appear with a unique icon on the app calendar view.
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3.3.6 Goal Expression Drives Reflection; Reflection Drives Goal Evolution

Reflection happened at the time of recording and when reviewing data summaries and
visualizations. In both cases, goal expressions played an integral role. In this section, we first
show the connection between goal expression and reflection at the time of recording. Next,
we demonstrate that data review around explicit goal expressions enabled reflection. We do
so using examples that indicate patients successfully engaged in the processes that Fleck and
Fitzpatrick [67]’s and Baumer [11]’s models articulate for reflection. As additional evidence for
successful reflection, we show the overall process led patients to gain valuable insights. We then
note how the very processes characterized in [67, 11] can also be considered through the lens of
goal evolution, and thus advance understanding of the role of reflection in goal evolution [137].

We conclude by presenting challenges patients encountered throughout the reflective process.

Reflection Happened at the Time of Recording. Information goals associated with a tracking goal
prompted patients to think about the information they were seeking in the moment of tracking.
For example, the act of recording led PT02 to conclude her migraines were related to the amount
of alcohol she drank. She had configured her tracking to record whether or not she consumed
alcohol, but she did not record alcohol quantity. The insight into relevance of quantity “was in
concert with being really diligent about tracking on the app, but also just having my awareness and
my life be very open to what are possible triggers, what are things that are going to potentially lead to
a migraine that are within my control?” Learning from immediate experience while recording also
led PT08 to quickly determine that any intense smell could trigger her migraines. For both PT08
and PT02, goal-focused attention at the time of tracking facilitated reflection, which happened

either within a short period of tracking or without explicit data entry.

Patients Navigated Levels of Reflection. Patients frequently chose to reflect on information goals
that they anticipated would lead to changes in behavior or treatment. As patients reviewed
goal-appropriate summaries and visualizations, we commonly observed the first three of Fleck
and Fitzpatrick [67]’s levels of reflection: description (R0), description with reflection (R1), and

dialogic reflection (R2). Patients commonly attended to patterns that stood out to them (RO),
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including minimum or maximum values, consecutive migraine or migraine-free days, and
variations over weeks or months. This was often followed by attempts at explaining the
patterns (R1), typically in relation to treatments or context including day of week, events,
and habits. Patients sometimes considered multiple explanations or tried connecting multiple
patterns and explanations (R2). For example, PT04 noticed months with higher frequency
and severity of migraines (R0). He then examined the monthly breakdown of contributors to
explain the differences and saw higher frequency of stress and inadequate sleep in those months
with higher migraine frequency and severity. Connecting the two insights, he next asked if
he got worse headaches on days with inadequate sleep, or when he was more stressed, and if
inadequate sleep days followed high stress days (R2). PT04’s full engagement in the reflective
process occurred despite limited experience working with data and even though cognitive load

could exhaust him due to his medications.

Breakdown and Inquiry Were Key to Navigating Levels of Reflection. Patient navigation from lower
to higher levels of reflection was closely linked to breakdown and inquiry aspects of reflection [11].
Salient or surprising patterns at RO signaled a breakdown between patient understanding and
data. The inquiry process always ensued to describe and explain the breakdowns, thus patients
went to R1 and R2. The process sometimes started with verification. For example, observation
of higher likelihood of migraines within three days of taking a medication (the breakdown) led
PTO03 to first verify how days were counted for ‘the number of migraines within three days’ of
the medication. After the clarifications, she tried explaining the pattern and considered multiple
explanations: “whether it’s a rebound headache and that [the medication] caused the headache or
if it just wore off and those headaches days are still there.” Hypothesis formation was integral to
the inquiry process, and sometimes relied on defining new concepts. For example, PT09 noticed
patterns of migraine and migraine-free days and wondered if there was a fixed ‘inter-migraine
interval’: the number of consecutive migraine-free days between consecutive migraine days. The
process of noticing breakdowns, defining concepts, and forming hypotheses led patients to form

complex information goals they had not previously considered.
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Reflection Brought Value. Goal-appropriate summaries and visualizations addressed some of
the most pressing information goals that were initially set or arose from the inquiry process.
All patients found insights that addressed needs (e.g., around symptom patterns during the
week; medication efficacy; or key contributors such as sleep, stress, or alcohol). Moreover,
patients identified when they needed additional data or expertise. For example, PT04 learned he
needed to record sleep and stress on both headache and headache-free days to fully establish
a hypothesized relation that increased stress caused decreased sleep which led to migraines.
PTO05 decided to integrate diet tracking data to cross-check the specifics of his diet and headache
patterns. Insights from reflection also guided patients in seeking expertise, particularly from
their clinician. PT08 wanted her clinician’s advice for dealing with multi-day migraine episodes
she learned were common for her. PT03 wanted her clinician’s input on alternative hypotheses
about a medication (if it caused rebound headaches vs. its effectiveness ran out). Patients also
sometimes looked to online resources to follow up on or augment insights from reflection. PT09

wanted to know how typical her migraine duration and frequency were.

Patient goals evolved as they went through levels of reflection, defined concepts, formed
hypotheses, and gained insights. Defining concepts and forming hypotheses led to new or
refined information goals, as with PT03, PT04, and PT09’s above. Gaining insights addressed
existing information goals and was sometimes followed by new goals, as with PT05’s above.
Patients then aligned tracking goals, tracking models, and data models with evolved information
goals (Section 3.3.4). Resolution of information goals was sometimes followed by new
management goals, as in PT06’s use of light and sound sensitivity to make sense of her everyday

headaches and whether or not they were migraines.

Challenges. There were pain points in the reflection process. Patients sometimes struggled to
form hypotheses. PT04 was unable to explain the weekday differences in migraine frequency.
Clinicians were often a good resource. Brainstorming with their clinician led PT04 to consider
increased social interactions during weekends as a potential explanation. Closely related to the

challenge of forming hypotheses was the challenge of developing hypotheses. MigraineTracker’s
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emphasis on expressing goals and aligning tracking with goals meant developing hypotheses,
where goals were yet to be well-defined, did not receive much support. As PT06 learned about
week of month differences in migraine frequency, she said “food for thought, is what this is. This
now makes me want to start paying attention to what else is going on, ...I don’t know yet what I
would want to record to go along with this, but it just makes me curious, and I'll probably have to sit
and think about it, and maybe even take a month or two to observe on my own before I go, “Okay,
here’s something I want to start watching,” and then stick it into the app.” Patients sometimes forgot
insights they gained from their reflection. For example, PT08 paused a preventive medication
mid-way in her tracking, learned of increased migraine frequency, and resumed the medication.
However, she could not explain the sudden increase then decrease of migraine frequency when
she considered her data at the end of tracking. Another challenge was in identifying complex
patterns. For example, PT08’s data showed higher everyday headache severity followed within a
few days of higher stress, but neither PT08 nor her clinician were able to identify this relationship
with the available visualizations. Patients also misinterpreted data. PT10 interpreted higher
likelihood of migraines when not drinking alcohol to indicate that alcohol helped. She was
surprised but did not consider alternative explanations or additional factors (e.g., that alcohol

consumption typically happened on good days and in the absence of other contributors).

3.3.7 Goal-Centered Insights Enable Understanding, Communication, and Action

Goal-directed tracking led to practical insights, informed behavior, and facilitated help-seeking
and communication. We observed these benefits as well as challenges and additional
considerations in effectively supporting them.

Insights from the tracking experience led patients to better understand and manage their
condition. For example, commenting on improved migraine severity over the course of the study,
PT06 said ‘T think I'm getting better at nipping them in the bud. The app has helped me... It’s
helping me recognize when I have one sooner, and helping me just go ahead and take the damn
drugs. So they’re not getting up to six, seven, eights and nines... I am actually glad to see that.

I’'m glad to see that I'm taking better care of myself. 'm not suffering.” Patients identified whether
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changes they had made helped or if they needed to make further adjustments in daily behavior or
medications. For example, upon seeing improved migraine frequency, PT01 decided to continue
her new preventive medication. Comparing the efficacy of different rescue treatments convinced
PT09 to take naproxen less and rizatriptan more. Patients sometimes identified needs they had
not otherwise considered, as with PT01’s realization of a need for prioritizing stress management.

Added understanding of their condition facilitated improved patient communication with
clinicians. For example, PT05 felt the information helped “accurately express things that I've
wanted to express to a doctor”. PT09 similarly found that reviewing goal-appropriate material
helped her “feel more prepared to see my provider”. Clinicians also described how tracking and a
focus on goals prepared patients to take the lead in conversations, making more effective use of
their sessions. PR02 described that ideally “we’ll have a conversation, and then that conversation
will lead to, “What can we do about it?””. This ideal vision was realized in her interactions
with patients through goal-directed tracking. Commenting on the session with PT08, PR02
noted “having her tracking, she already had it in her head, what might be contributing? And so
then, we could have this full on conversation about, “Okay, how do we change this?””. In leading
conversations with clinicians, patients sought expertise where they needed it the most (e.g., in
the challenging task of translating insights to actions). For example, PT04 was able to get advice
on reducing migraines on weekends by taking breaks from social interactions. PT08 worked
with her clinician toward a concrete plan for ensuring adequate sleep (i.e., having dinner earlier).

PT09 also saw opportunities to use data and analysis from her tracking to communicate with
others: “Tjust wish people could see this in my academic and professional life, and also in my personal
life. You have to disappoint a lot of people when you have migraine by canceling, not being available,
calling out... I do wish that I could show them, I can’t be there and I failed to be there because of
this, what we’re seeing here.” She felt the insights helped her better advocate for herself.

Not all insights led to action. Patients were more likely to act if they felt the underlying
relationships were strong enough relative to the cost and feasibility of taking action. For example,
the relationship between migraines and loud sound in PT06’s view “is not huge. 26% is not a big

number. And with the house that I live in... It’s just noisy.” (Figure 3.4, c). Perceived necessity of
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action also influenced how patients reacted to insights. An example is PT08 who did not feel a
need for further changing treatments because of already-achieved improvements in her condition.
Backed by PT08’s data, which still showed high migraine frequency, her clinician was able to talk
with her about additional change.

Despite gains in communication and action from goal expressions and subsequent insights,
patients needed further support. Although they were empowered to seek clinician expertise for
action planning, they were mostly on their own in following through with actions. For example,
both PT01 and PT02 included their use of a biofeedback app recommended by the clinician as
part of their tracking routine. Despite sincere intentions, neither followed through with actually

using that app, as being reminded of it while tracking was not sufficient.

3.4 Discussion

We studied the lived experience of goal-directed self-tracking. Patients described distinct and
evolving goals for self-tracking related to their migraines and concurrently pursued those
goals across distinct stages of tracking. Our observations extend prior work on goals and
goal evolution [137, 173] in detail and scope. Goal-based support in MigraineTracker and
accompanying visualizations facilitated awareness of and progress toward qualitative goals.
Moreover, we concretely illustrated results past work speculated and anticipated (e.g., goal
evolution) and uncovered how these are achieved (e.g., reflection and realignment). Specifically,
we observed the importance of scaffolding around expression of patient goals to ensure goals
were aligned to each other and to other aspects of tracking, including tracking models and data
models. This led to a highly personalized tracking experience. Goal expressions also facilitated
reflection, which improved understanding, communication, and action. Reflection in turn
drove goal evolution. Overall, expression of goals enabled patients to externalize their needs
and values and situate tracking accordingly. As predicted by prior work [15, 167], this led
to improved sense-making and condition management. Below, we discuss how identifying
distinct goals provides an analytical lens for analyzing and designing personal informatics

systems (Section 3.4.1). We also note the importance of goal-specific adaptations of existing
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models of personal informatics (Section 3.4.2). We then share design implications of our

observations (Section 3.4.3) and reflect on our methods and their limitations (Section 3.4.4).

3.4.1 Classes of Goals as Analytical Tools

We identified distinct classes of goals in patient use of MigraineTracker. This distinction
between management goals, information goals, and tracking goals provides a novel perspective
for understanding self-tracking in chronic condition management and for designing effective
support. Not accounting for these goal types and their interconnections leads to design gaps.
For example, the need for aligning different goal types cannot be recognized without first
distinguishing goal types. Goals such as self-regulation are unlikely to receive adequate support
if we overlook tracking goals that may exist without an information goal. Our observations
suggest no goal-directed tracking tool can be expressive enough unless it supports an
interconnected subset of management goals, information goals, and tracking goals. Related to
and in consideration of the range of goals we observed in each class, it is reasonable to expect
that any design may be incomplete in what goals it anticipates. It is highly likely to encounter
unknown management goals, advanced information goals that rely on unsupported analysis, or
unconventional tracking goals for recording information in new ways. Considering distinct
classes of goals can guide development of specialized designs that should be in place for a
successful tracking experience. It can also inform the flexibility we should aim for in designs to
enable people to adapt their tools to their evolving goals.

Considering distinct classes of goals also provides an analytical lens to understand the failures
and shortcomings of existing tools. For example, a design that only supports an event-based
tracking model will fall short in supporting people in achieving goals that rely on a daily tracking
model. People may still be able to appropriate tools if a design does not undermine their ability
to do so. For example, a tool with an event-based tracking model that allows certain entries to be
left blank might be appropriated for daily recording.

We emphasize that we are not the first to note different goal types. We complement prior

work, such as [137, 173], by bringing new and more detailed understanding of goal types and how
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they relate to other aspects of tracking. By elaborating upon goal distinctions and inter-relations

we draw attention to areas to which designers and researchers should attend.

3.4.2 Accounting for Multiple Goals in Models of Personal Informatics

Existing models of personal informatics [111, 63] and goal evolution [137] describe the
self-tracking experience with the unstated assumption that stages and concepts apply to a
person’s entire tracking experience. Existing models do not strongly distinguish among the
various interrelated goals a person may be pursuing through tracking nor depict how those
goals may change or resolve at different times. Our observations demonstrate that people are
simultaneously at different parts of these models for different goals. For example, because a
tracking goal may support multiple information goals, confusion can arise when an information
goal resolves or changes but other information goals continue, or similarly when a patient
lapses in one information goal but continues with others. It can be unclear what the person
needs to continue tracking or what might they stop tracking or change to tracking using less
burdensome models.

Considering goal-specific versions of existing models of tracking can inform future
system design and analysis. For example, consider the preparation stage of tracking, where
people decide what and how to track. A goal-specific design could support different tracking
models for each goal rather than assuming a fixed model for all goals. Another example is
lapsing. A goal-specific design could better support different forms of lapsing [173] with
goal-specific support (e.g., goal-specific vacation-lapsing, informed in part by limitations
of MigraineTracker’s support for vacation-lapsing across all tracking). MigraineTracker’s
design for intentional lapsing in tracking was based on insights from prior models of personal
informatics [63]), but was ultimately inconsistent with patient experience (e.g., there was a
minimum set of tracking goals that patients maintained even during vacation). Considering
models of personal informatics at the level of goals also highlights the need for accounting for
how evolution of one goal is related to other goals. For example, reflecting on one goal may

influence the preparation, collection, and interpretation of another goal. Tools that account for
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such inter-relations and facilitate people in adapting their tracking as goals resolve or evolve

can provide a better tracking experience.

3.4.3 Implications for Designing Goal-Directed Tracking Tools

Explicit scaffolding around expressing distinct goals and aligning them to each other played a
key role in personalization of tracking and gaining value from it. Prior work had highlighted the
importance of explicitly supporting the initial articulation of goals [173]. Our observations of
goals over an extended period of tracking underscore the importance of open design problems
in supporting not only an initial articulation of goals but also their alignment and re-alignment.
Our prototype supported initial goal articulation by offering a list of options from which
people could select. However, there were cases where patients did not accurately articulate
goals (e.g., PT07’s and PT10’s struggles in initial articulation; Section 3.3.4). Well-designed
goal-setting practices involve feedback loops and opportunities to adjust goals [118], and our
results add to literature calling for the HCI community to develop design practices that support
reflecting on and revising goals over time [3, 56] (e.g., using techniques for scaffolding the
process and targeting opportune times for reflection so as to avoid rumination, a potential
unintended consequence of self-tracking in which people dwell on negatives and blame
themselves rather than finding potential solutions and experiencing progress [55]). As noted in
prior work [37] and as we observed in our study, reviewing and updating goals before a clinical
encounter is one such opportune time. It can focus the visit and make the most of a clinician’s
expertise (e.g., rather than retreading things the patient already knows). Updating goals during
a clinical visit can also incorporate clinician expertise into goals going forward. We further note
that as people gain experience with tracking and their priorities change, they may also wish
to revisit and tune their goals and associated tracking routines, a process that designs should
explicitly prompt and support. Additionally, goal expression alone was not always sufficient for
aligning goals, tracking models, and data models (e.g., PT03’s, PT04’s, and PT10’s challenges in
goal alignment; Section 3.3.4). Reviewing goals, especially after some tracking data had been

collected, and with clinical expertise or tracking and analytics expertise (often provided by the



51

research team in this study), could help detect and correct misalignments. As our study relied
on human resources that may not be available to everyone engaging in tracking (clinicians and
researchers), future work should develop design strategies for supporting this review process.
This might include structured walkthroughs (e.g., through conversational agents [107]) or
review interfaces (e.g., dashboards or visualizations that can highlight misalignhments between
expressed goals and data being tracked).

Our results also highlight opportunities for specialized support of different management,
information, or tracking goals related to similar data or activities. For example, consider recording
exercise to self-regulate vs. to learn of its relation to migraines. In the rare event that similar
tracking and data models apply to both cases, other aspects of their support could be different:
goal realization techniques such as implementation intentions [74] would be more appropriate
to integrate in reminders for a self-regulation goal and less so for a learning goal. Visualizations
for a self-regulation vs. learning goal could also vary in complexity. Enabling specialized support
depends not only on eliciting goal expression but also accounting for nuanced inter-relations and
evolution. Tracking tools can adapt support to such specifics of the goals and can capture this
information instead of relying on an individual’s memory, where we saw it was prone to loss over
time.

Reflection is integral to goal evolution. Goal-directed self-tracking tools should therefore
address difficulties that impede the reflection process, including forming or developing
hypotheses, identifying complex patterns, and misinterpreting information. Designs can
leverage clinician expertise, new interactions, and computational techniques to better support
these tasks. For example, tools could enable brainstorming with clinicians for hypothesis
formation or could use mixed-initiative pattern discovery techniques to surface complex

patterns that might otherwise be missed, similar to [37, 171].

3.4.4 Reflections on Methods and Limitations

We used MigraineTracker as a technology probe to understand patient experience with

goal-directed tracking in the wild. The benefits that it brought to patients should however be
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considered in the full context of our study. For example, we asked patients to think aloud as they
configured MigraineTracker and to explain why they made various selections. This aspect of our
method led them to describe different goals and ensure they had a setup consistent with those
goals. We also had patients repeatedly review and comment on their goals as well as whether
and how their data supported those goals. Although primarily intended to elicit feedback, these
aspects of our method substantially influenced patient experience and suggest opportunities for
future designs.

We intentionally offered data review via simple static visualizations. Consistent with
Moore et al. [133]’s insights, this approach is both more cost-effective than building a custom
exploratory data analysis tool in a poorly understood design space and more conducive to
generating truthful design requirements. Keeping the data presentation simple and static
focused our sessions with patients on what they want to achieve, instead of being distracted by
comments on the usability of visual elements.

We analyzed our data primarily from a patient perspective, to center their goals and ways
in which MigraineTracker did or did not support them. Future analysis should more deeply
examine the patient-clinician interactions in our study as well as clinician experiences to identify
ways in which the design supported collaborations and clinician needs and to surface additional
opportunities for better support. Although models of personal informatics that were centered on
the individual [111, 63, 137] facilitated a patient-centric and goal-centric analysis, examination of
the collaboration might also draw upon other lenses, such as patient-generated data as a boundary
negotiating artifact [36]. As prior research has emphasized that tracking to manage a chronic
illness is a process with many interested parties (e.g., clinicians, family members, informal carers,
workplace and community members) [190, 135, 151], future research might also examine the ways
that goal-directed self-tracking technologies can support communication and coordination across

a broader range of parties.
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3.5 Contributions to Thesis

This chapter demonstrated goal-directed design and scaffolding around explicit expression of
goals offers a pathway to addressing challenges in deciding what and how to track, how to adjust
tracking, or how to interpret data. We observed expression of goals facilitated externalization of
distinct goal types and alignment of these goals to each other and to the specifics of when and
how recording occurred. Patient tracking was highly personalized to their needs as a result.
Goal expressions also supported reflection through goal-appropriate material, and reflection in
turn led to goal evolution and enabled improved understanding, communication, and action. We
highlighted the importance of accounting for distinct goal types in the design and analysis of
self-tracking tools and highlighted the need for goal-specific adaptations of personal informatics
models. Our findings also underscored the requirements for effective goal-directed design and
the need for further research addressing these requirements. We need to support alignment,
evolution, and reflection in goal-based systems. In the next two chapters I introduce ideas

exploring this design space.
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Chapter 4

SELF-REGULATION OF GOAL PURSUIT FOR
WORK-NONWORK BALANCE GOALS

Findings of Chapter 3 highlighted key activities in goal-directed self-tracking. These include
expressing goals, examining and refining goals as they evolve, aligning and realigning goals with
each other and with tracking and data models, as well as planning goal-aligned actions. However,
carrying out these activities is not trivial. In case of action planning, many people struggle with
starting to act, staying on track, and adjusting their efforts and resources [75].

Consistent with the broader literature [111, 63], findings of Chapter 3 also underscored the
importance of reflection on personal data in goal-related activities including action planning.
Reviewing and interacting with data allows people to navigate stages of reflection from revisiting
their behavior patterns to explaining them to exploring relationships [31]. This process increases
people’s awareness of their behavior and leads to insights [31] that are instrumental in making
decisions on the actions to take [111] and in coming up with personalized plans [109]. However,
reflection is itself challenging and support for it remains inadequate [29]. Although explicit
expression of goals guided reflection, additional scaffolding is needed.

This chapter examines one such scaffolding by drawing on implementation intention (II) and
mental contrasting (MC) techniques, two self-regulation techniques of goal pursuit that have
been shown to help individuals in action planning [138]. IIs are ‘if-then’ plans connecting a
critical situation to goal-directed actions that help one achieve the desired goal (e.g., “if I crave
sugary snacks, then I will eat a healthy fruit instead” for the goal of “healthy eating”). MC
asks people to elaborate on their desired state and identify the obstacles standing in the way
of realizing that state (e.g., “disorganized notes” is an obstacle to the desired future of “excelling

in exam”). II and MC have been successfully used in a variety of settings and are especially
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powerful when used in combination [138], where if-then plans are formed around obstacles
(if-part) and actions to prevent or overcome them (then-part). However, whether and how these
techniques can support reflection on personal data remains unexplored. Past HCI research has
primarily considered enhancing the execution of Il plans via reminders [152, 16] or recommending
automatically generated II plans based on personal data [51]. Forming the behavior plans as a part
of a reflective process has not been considered.

This chapter therefore examines the use of IIMC to scaffold reflection on personal data for
action planning toward improving work-nonwork balance, where the complexity of the context
and demands intensifies the challenges of action planning [141]. Specifically, it considers the

following research questions:

RQ1 Does IIMC-based reflection on personal data improve behavior planning via enhanced
understanding of obstacles on the way of work-nonwork balance and the opportunities

to respond to these obstacles?

RQ2 Does IIMC-based reflection on personal data improve perceived work-nonwork balance
via enhanced behavior plans during the study? If so, does the improvement surpass that

of alternatives?

To address these research questions, I designed a system that allowed people to collect
personal data and reflect on it as they created behavior plans based on IIMC instructions. I then
evaluated this system in a three-week between-participant study with 43 participants in four
groups: the group who used data-driven IIMC planning (D+IIMC) compared to groups who
used only data (D-only), only IIMC instructions (IIMC), or neither (basic control). Findings show
that D+IIMC group significantly outperforms others in several tasks pertaining to the pursuit
of work-nonwork balance: with D+IIMC, people are more aware of their plan compliance
and more capable of rescheduling their plans as personal or socially-imposed changes arise.
Findings additionally highlight the importance of reflection on the recent past (micro-reflection)

in improving these tasks as well as measures of work-nonwork balance and time-management.
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I discuss implications of these findings in terms of future design opportunities to support
IIMC-based reflection on personal data in work-nonwork balance context, along with
considerations for the collaborative and multi-stakeholder nature of this context. In summary,

the contributions are:

« I propose IIMC-based data review to support goal-aligned action planning. I design
WoNoB', a tool that realizes this technique in drawing insights from personal data that
guide individuals in deciding what actions to take as well as when and where to take them

toward their goals (Section 4.1).

« I evaluate IIMC-based data review through a three-week between-participant
experimental study with 43 participants (Section 4.2) and confirm that IIMC scaffolding
for reflection improves performance on such tasks as plan compliance awareness and

rescheduling (Section 4.3).

« I present design implications and considerations for combining IIMC and data

review (Section 4.4).

I completed this work along with Matthew Jorke, Jina Suh, Koustuv Saha, Shamsi Igbal,
Gonzalo Ramos, and Mary Czerwinski, where I led the design of WoNoB system, study and
its material, preparation, planning, and coordination of the study, study sessions, data analysis,
and manuscript preparation in close with the team. I will subsequently use first person plural
to describe the work and its contributions. This work was published in ACM Proceedings on

Human-Computer Interactions (CSCW’24) .

4.1 System for Data-Driven IIMC

Our objective is to examine if and how the use of implementation intention and mental
contrasting (IIMC) to scaffold reflection supports decision-making in realizing work-nonwork
balance goals, whereby people draw insights from their personal data to decide what actions to

take as well as when and where to take them. We do this by developing WoNoB, a system that

'Read ‘wanna be’, an acronym for work-nonwork balance
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Figure 4.1: Interface for active reporting of activities, locations, and whereabouts. From left to right:
(1) participants selected the activities they engaged in within the specific time window (7:00am to 9:30am in
the example) from a customized list of activities. (2) They then marked the activities that happened during
each 30-minute time slot (second to left) and (3) decided if their activities were aligned with their behavior
plan (‘Make sure to have proper meals/food/drink throughout the work day’ in the example; middle image).

(4) Next, they selected relevant locations to (5) mark per 30-minute timeslots (last two images).

allows individuals to review their personal data to examine their work-nonwork balance state,
identify obstacles that hinder their desired state, and discover opportunities to prevent and
overcome obstacles. WoNoB consists of (1) an active reporting tool (Section 4.1.1) to collect data
on activities, whereabouts, and progress toward work-nonwork balance plans and (2) a behavior

planning tool (Section 4.1.2) that facilitates reflecting on data within the IIMC framework.

4.1.1 Active Reporting of Activities, Locations, and Progress

We designed a mobile-friendly web interface for active reporting of daily activities and
whereabouts as well as progress toward plans for improving work-nonwork balance (Figure 4.1).
Participants customized the interface with the common activities and locations that were
applicable to them on a day-to-day basis. They could also update these settings whenever a new
activity or location became relevant. A Microsoft Teams chatbot reminded participants five

times a day during waking hours to log information over 30-minute intervals for the past 3-4
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hours. We allowed back-filling of information for up to a day in the past if participants missed
the chance to react to the reminders. Past work on experience sampling informed our choice
for the frequency of reminders and the window of logging. Specifically, five daily experience
sampling reminders enable high recall and are not too frequent to be disruptive over extended
periods (three weeks and above) [34]. Moreover, recalled activities within a day are a reliable
representation of time use [92]. The choice of 30-minute granularity kept reporting burden less
than 2 minutes per 3-4 hours of reporting, the typical interval between consecutive reminders.
We collected activity, location, and progress data to enable IIMC-based reasoning where
individuals need to understand their actions and the context for those actions. We chose active
reporting over passive sensing of data (e.g., through automatic activity or location detection) as
active data better support us in establishing whether or not IIMC-based reflection on personal
data can help action planning. Active reporting minimizes the risk of inaccuracies in passive
sensing or data errors, which would compromise our ability to conclude if scaffolding reflection
with IIMC is beneficial. Active reporting is a time-intensive activity that is tenable only for short
periods of time, usually in experimental settings [188]. However, given the exploratory stage of
our research, we aimed to investigate the feasibility of our approach under ideal circumstances
and collect insights on requirements to strive for under more realistic situations (e.g., data
granularity, or necessary data sources). In Section 4.4.3, we discuss the potential for our

approach to be augmented with passive sensing.

4.1.2 Behavior Planning through Reflection on Historical Personal Data

We designed our desktop-friendly planning tool to help individuals understand their
work-nonwork balance state and identify opportunities and actions to improve it. It comprises
four key elements: instructions, filters, calendar, and summary (Figure 4.2):

Instructions. We provide scaffolding for reflective thinking as a series of instructions that
appear on the left side of the interface (Figure 4.2a). WoNoB first invites people to think about
their desired work-nonwork balance state. It next asks them to use their data to consider their

current work-nonwork balance state against the desired state, identify obstacles in the way of
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Figure 4.2: Data-driven behavior planning interface. (a) IIMC instructions were given on the left.
(b) Participants could choose one of work vs. nonwork, activity, location, or plan alignment filters to get
different views of their data. (c) The calendar in the middle displayed data of interest across days of the
week and times of the day. In work vs. nonwork view, purple slots represent work while green slots
represent nonwork. Slots are split into purple and green halves if activities of both types were reported in
them. (d) The interface displays different summary information below the calendar. These include total and
average reported hours, distribution of time spent on activities each day (the longer the time, the darker
the day under ‘7-Day trend’), across the week (the ‘Daily Activities’), and across the day (the ‘Hourly
Activities’). Observe that both calendar and Hourly activities show work hours typically start between 8-9

am on workdays.



60

achieving their desired state, and explore opportunities for addressing these obstacles. It then
guides individuals to use these insights for creating if-then statements that describe behaviors

for preventing or overcoming obstacles. This process is detailed in Figure 4.3.

imagine the desired name the most examine your data to what actions to take further define these

> work-nonwork > important obstacle in > consider the desired > > actions (when, > form a behavior plan
balance state in achieving the desired state and the ;‘:Z":‘::Z:::f;:";’:s where, with whom, [if-then format]
details state obstables v ° etc.) using your data

your desired work-
nonwork balance
stateis ...

Figure 4.3: Instructions for data review using implementation intention with mental contrasting.

Filters. We enable participants to select and view their data based on aspects such as times
of day, specific activities, work vs. nonwork, locations, and progress along their plans through
various filters on the right side of the interface (Figure 4.2b). Calendar and summary information
is updated per the choice of filters (see Figure 4.6 and Figure 4.7).

Calendar. The interface displays the distribution of the filtered data across days of the week
and times of the day (Figure 4.2c). Slots are color-coded based on the content being viewed.
For example, work slots appear in purple while nonwork slots appear in green under work vs.
nonwork filter.

Summary. Aggregate information over the week (total and average time), across days of
week (7-day trend and daily graph), and hours of day (hourly graph) appear below the
calendar (Figure 4.2d).

Design Rationale

We incorporated the above elements following different design patterns that previous work had
identified as beneficial for reflection [14]. These include visualizations (calendar and summary),
statistics (summary), textual prompts and questions (instructions), and refining and revising
different aspects of data (filters). Our design assumes the availability of personal data about
an individual’s activities, whereabouts, and progress, operationalized as alignment with and
violations of existing plans for achieving goals (see Section 4.1.1 for details on the interface we

used to get this information for the purposes of our study).
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Figure 4.4: Work-nonwork balance view of how time is spent. (a) Work (purple slots) appear after midnight,
during working hours, and into the evening. (b) Admin then Dev are the top activities in total hours

logged (14.1 and 12.4 respectively).

Walkthrough

Below, we demonstrate the use of different elements of the planning tool with a walk-through.
For example, let us follow a software developer whose goal for improving work-nonwork balance
is to ensure they finish work within working hours and spend more time on non-work activities,
such as listening to the audiobook of a fantasy novel. The instructions on the left (Figure 4.2) ask
the individual to draw from their data to (1) consider their desired work-nonwork balance state
as well as their current behaviors, (2) identify obstacles to finishing work in time and carrying
out nonwork activities of interest, then (3) come up with a behavior plan to prevent or overcome
those obstacles, i.e., to decide what actions to take as well as when, where, and how to take them.
The individua is specifically instructed to examine how and where they spend time and how well

their behaviors align with their plans.
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Figure 4.5: Activity view of how time is spent. Only ‘Admin’ and ‘Dev’ are selected of all activities in the
activity view filter. (a) Admin (green slots) clusters earlier in the day, while Dev (purple slots) appears later
in the day. (b) Larger green segments before 10am indicate more time is spent on Admin than Dev early

in the day. Dev work is most prominent in later hours of the afternoon (6-8pm).

How Is Time Spent? There are multiple ways available to the individual to examine how time
is spent. Filtering data by work vs. nonwork, we can see work is happening after midnight,
during work hours, and into the evenings in our example (Figure 4.4a). 7-Day trends offer a
ranked summary of time on various activities. Administrative (Admin), then development (Dev)
work takes most of the time for the hypothetical software developer (Figure 4.4b). Filtering by
these two activities, one can see administrative work slots clustering earlier in the workdays
and development work slots usually starting later in the afternoon (Figure 4.5a). The hourly
activities chart corroborates this observation, where larger segments for administrative work
appear during early work hours, whereas larger segments of development work appear during
late evening hours (Figure 4.5b). These observations highlight an important obstacle to finishing
work on time: spending too much time too early on less important work leads to working in the

evenings or even after midnight.
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Figure 4.6: Location view of where time is spent. (a) Blue slots show time spent at office during working
hours. (b) Red slots indicate up to 30 minutes of commute 6-7pm. (c) Orange slots suggest time is spent
outside after the commute. (d) Walking is the reported activity for time spent outside when hovering over

the orange slots.

Where Is Time Spent? Filtering data by location, we can see typical places one spends
time at different hours (e.g., being at the office during work hours on workdays; Figure 4.6a),
timing and duration of commutes (Figure 4.6b), and patterns of transitions from one place to
another (e.g., spending time outside after office, Figure 4.6c). Hovering over the time slots to
examine the activities we can additionally see common activities at a location (Figure 4.6d). In
our example, walking is the most common activity when spending time outdoors. Knowledge
of whereabouts and common activities can help carve out time for planning activities that are
not currently happening. The software developer in our example might decide to listen to

audiobooks while walking.

Do the Existing Behaviors Match the Desired Behaviors? Filtering data by plan
alignment, we can examine the timing and distribution (Figure 4.7a) of both alignments
and violations of the existing plans for achieving work-nonwork goals. We can further
examine aligning/violating activities by overlaying this information within filter by activities

(Figure 4.7b). In the example, there are no violating behaviors when the end of the work day
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Figure 4.7: View of alignments and violations of planned behaviors. (a) Alignment is reported for several
days after 5pm under plan alignment view. (b) Examining the window of time where alignments are

reported under activity view, shows a recurring pattern of gray slots (documentation).

is spent on documenting work as a way of re-evaluating progress and re-prioritizing the
remaining tasks. This insight highlights the opportunity for supporting the desired behavior by

reinforcing the helpful behaviors (i.e., documentation).

4.2 Ewvaluation Study

The primary objective of the study is to examine if we can help individuals improve their

work-nonwork balance through a reflection process driven by implementation intention and
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mental contrasting (IIMC). We thus conducted a three-week between-participant study to

address the following research questions:

RQ1 Does IIMC-based reflection on personal data improve behavior planning via enhanced
understanding of obstacles on the way of work-nonwork balance and the opportunities

to respond to these obstacles?

RQ2 Does [IMC-based reflection on personal data improve perceived work-nonwork balance
via enhanced behavior plans during the study? If so, does the improvement surpass that

of alternatives?

We asked study participants to create behavior plans to improve their work-nonwork
balance and compared outcomes (Section 4.2.2) among four groups: (1) Data+IIMC (D+IIMC)
group who used WoNoB’s planning tool (Section 4.1.2) to draw insights from their data and
create behavior plans within the IIMC framework, (2) IIMC group who were given standard
IIMC instructions but did not reflect on their data to create their behavior plans, (3) Data-driven
reflection (D-only) group who used the visual elements of the interface but were not given IIMC
instructions in plan creation, (4) Basic control group who neither reflected on their data nor
received IIMC instructions. Basic control and D-only groups were given instructions in positive
thinking for creating their plans, which allowed us to control for the IIMC effect (i.e., we
ensured the plans in these conditions are not based in IIMC, e.g., because of prior training).
Moreover, positive thinking instructions are typically used in empirical studies of IIMC in
comparison groups (e.g., [139]). Figure 4.8 illustrates the particulars and differences in the four
conditions. Having these conditions allowed us to examine data review with and without IIMC
instructions while also disentangling the contribution of data and IIMC to the outcomes.

Participants collected personal data during the first week of the study using the logging
interface we had designed for active reporting of activities, locations, and progress toward
goals (Section 4.1.1). They were then randomly assigned to one of the four conditions for

creating behavior plans at the start of the second week of the study. They repeated the plan
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Figure 4.8: Intervention instructions given under different study conditions. The top row illustrates the
instructions for data review with implementation intention and mental contrasting (D+IIMC condition).
Data-related elements of the planning tool (i.e., filters, calendar, and summary) only appeared when data
use was part of the instructions (i.e., these elements were only shown for D+IIMC and D-only conditions).
If-then behavior plans were of the form “If ... (the obstacle or an opportunity to prevent it) arises, then I
will do ... (actions in time, location, and other context) to overcome or prevent the obstacle” For example,
“If I get emails after work hours, then I will use the focus time app on my phone to auto-hide it Positive
thinking plans were of the form “I want to ... (actions to take) to achieve my goal to ... (goal for improving
work-nonwork balance)”. For example, “I want to finish coding by 3pm to work on administrative tasks to

achieve my goal to finish all work-related activities by 5pm”

creation at the start of the third week. Our analysis and reporting are based on data from the
third week; the main purpose of the second week was to acclimate participants to planning in a
given condition and to reduce the impact of the novelty of the experience on the outcomes. It
additionally allowed participants to adjust logging to their needs for the plan creation of the
third week. We detail the steps of the study in Section 4.2.3. Participants were compensated
with $175 Amazon gift cards for completing the study activities. They received an additional
$75 gift card if they fully logged their activities for 18 of 21 days of the study. Our study was

approved by our institution’s Institutional Review Board (IRB).

4.2.1 Participants

We reached out to a randomly sampled group of information workers at a global technology

company where workers may collaborate across multiple timezones. Our recruitment email
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advertised the study as an investigation into different ways of improving work-nonwork balance
using tools that allow individuals to create and protect time for activities that matter to them. It
also included a brief screening survey, which we used to only enroll employees who resided in
the US and were able to commit to the logistics of the study, those who met the technology
requirements for participation, and those who met the requirements for benefiting from the
solutions we offered.

Specifically, we screened respondents to our call to ensure participants were available
for the duration of the study and anticipated that their schedules during the study would be
representative of their typical schedules. The former requirement guaranteed the completion
of study activities as planned, while the latter was important to control for extremes of
overload (e.g., a major deadline) or underload (e.g., traveling or personal leave) as the study
content and data were less relevant under these extremes. The primary technology requirement
was to have the Microsoft Teams mobile application installed to allow participants to receive
and engage with daily reminders during both working and nonworking hours.

We drew from behavior change literature to limit participation to people who report not
having work-nonwork balance (i.e., they have recognized the problem area to address) and are
in the preparation stage of change (i.e., they are ready for change but have not taken any
actions yet). This group of people has the intent for change and can substantially benefit from
support in doing so [155]. Support may be useful at later stages of change too but we scoped
our research to this particular stage for experimental control purposes: we chose to focus
on a stage of change where the affordances of our tools are well suited for addressing the
known challenges, in the absence of evidence on whether and how our approach leads to
improved outcomes. Behavior discovery (i.e., identifying the relevant actions to take) is a key
but challenging step of the preparation stage [66] and our tool offers multiple avenues for
addressing this challenge (see walk-through of Section 4.1.2 for details).

Our process led us to recruit 48 adult participants (12 per condition). From these, we
removed 5 participants (2 in basic control, 1 in D-only, and 2 in D+IIMC conditions) over the

course of the study because of personal emergencies (e.g., travel due to family health concern)
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Table 4.1: Demographics of Study Participants. Participant ID assignments in each condition are given in

the last row and will be used in quoting participants.

Total Basic control D-only 1IMC  D+IIMC

Man 22 5 6 7 4
Woman 20 5 5 5 5
Unspecified Gender 1 1
18-25 years old 1 1

26-35 years old 11 3 3 4 1
36-45 years old 13 4 2 5 2
46-55 years old 15 3 6 1 5
56-65 years old 2 1 1
Unspecified Age 1 1
Graduate degree 20 6 2 6 6
Post-Secondary degree 22 4 8 6 4
Unspecified Education 1 1

Individual Contributor 19 6 2 4 7
Manager 21 4 6 8 3
Unspecified Job Role 3 3

Range of Participant IDs 1-43 34-43 23-33  11-22 1-10

or low compliance. We report findings for the 43 remaining participants. Table 4.1 summarizes
demographics for the study and across four study groups. Briefly, 21 identified as male, 21 as
female (1 preferred not to identify their gender). 12 were 35 years and younger, while 20 were 36
years and above (1 participant did not provide their age). All participants who provided their
education information (all but 1) had post-secondary degrees of which 20 also had a graduate
degree. They occupied both management (21) and individual contributor (19) roles (3 did not

provide roles).

4.2.2 Measures

We collected information on the relevant outcomes along with factors that can affect the outcomes
in addition to the experimental condition. We also collected information to verify that WoNoB’s

planning tool successfully supports a reflective process as the key target of IIMC instructions.
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Addressing RQ1 (if we can improve understanding of obstacles and opportunities for action),

we asked participants for ratings on whether the planning tool helped them:

1. Find obstacles that get in the way of following their plans (obstacle identification)
2. Find problematic behaviors in achieving their plans (problematic behavior identification)

3. Identify opportunities for actions in the short-term, i.e., within a week (short-term action

identification)

4. Identify opportunities for actions in the long-term, i.e., beyond a week (long-term action

identification)
5. Identify opportunities for rescheduling plans (rescheduling ability)
6. Become more aware of their adherence to plans (adherence awareness)

7. Become more determined in adhering to their plans (adherence determination)

We obtained these ratings on a 5-point Likert scale (1: strongly disagree — 5: strongly agree)
at the end of week 3 of the study as doing so earlier could have confounded the natural use of
the planning tools (planning tools varied based on experimental condition; see further details in
Section 4.2.3).

Addressing RQ2 (if we can improve work-nonwork balance), we considered perceived
work-nonwork balance and time-management at baseline (i.e., start of week 1 of the study)
and exit (i.e., at the end of week 3 of the study). We asked participants to provide this
information based on their experience over the prior week at each time point. Specifically, we
obtained involvement, effectiveness, and affective balance subscales as measures of perceived
work-nonwork balance [193]. We derived a measure of time-management from [139] as the
sum of Likert ratings (1: Never — 5: Very Often) of the following statements: feeling pressed for
time, managing time easily, keeping planned times (e.g., appointments, meetings, blocked time)
easily. The first item was reverse-coded before obtaining the sum.

We obtained measurements for a number of factors that could influence the outcomes in

addition to the experimental condition. Doing so allowed us to either establish that conditions
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were comparable with respect to a factor or to control for the effect of the factor in the
comparisons. The factors we measured pertain to personal characteristics that impact the
effectiveness of different aspects of [IMC-based reflection, individual contexts, and activities.
With respect to personal characteristics, we collected measures of self-efficacy [27], socially
prescribed perfectionism [86], and conscientiousness [72], as past research has shown they
influence the effectiveness of IIMC use. We also collected reflective tendencies [148] that can
affect whether individuals are inclined to engage in a reflective process. We obtained these
measures at the beginning of the study. With respect to individual context, we asked about
levels of work and nonwork load as well as caregiving responsibilities and resources at study
onboarding. With respect to individual activities, we obtained weekly measures of the insight
subscale of technology-supported reflective inventory (TSRI-insight) [13] to measure the level
of reflection associated with using the logging interface, as past research indicates the act of
recording information is reflective in and of itself [195]. We consider the reports of TSRI-insight

for the last week of logging as the most stable representation of reflection at logging.

i i Technology supported i i Technology supported ' Technology supported Control
; reflectlon inventory (TSRI) 5 reflectlon inventory (TSRI) reflectlon inventory (TSRI)

. Week 1 . Week 2 ‘ Week 3 ‘
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conscientiousness) - Short-term action identification

i - Reflection tendency : - Long-term action identification
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i caregiving responsibilities) ! control i - Adherence awareness :

""""""""""""""""""""""""""""""""""" i~ Adherence determination i RQ1

Figure 4.9: Study measurements. Measurements addressing RQ1 were obtained at the end of week 3 of
the study. Baseline and exit measurements of RQ2 were obtained at the beginning and at the end of the
study. Several control variables including personal characteristics, reflection tendency, and context were
obtained at the beginning of the study. Weekly measures of planning and logging reflection were also

obtained as control via insight subscale of technology supported reflection inventory (TSRI).
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We obtained a weekly measure of TSRI-insight with respect to the planning tool to verify
that it successfully supported reflection and helped participants gain insights into achieving
their work-nonwork goals. We use reports of reflection on planning tools in week 3 as the

representation of planning reflection. Figure 4.9 details the measurements and their timing.

4.2.3 Procedure

Participants went through several onboarding activities upon enrolling in the study. They
completed standard questionnaires on their perceived self-efficacy [27], socially prescribed
perfectionism [86], conscientiousness [72], and reflective attitude [148]. They also responded
to questions about their work and nonwork load as well as caregiving responsibilities and
resources, described their views of the desired work-nonwork balance, and customized the list
of activities and locations to log.

At the start of each week of the study, participants reported their perceived work-nonwork
balance and time-management over the past week. They then reviewed their work-nonwork
balance goals and the plans to achieve those goals, updated their goals as needed, and
modified/refined their behavior plans except at week 1; participants described work-nonwork
goals and plans for the first time at the onset of week 1. All groups used the basic control tool for
behavior planning of week 1 as a baseline. Starting at week 2, participants used their assigned
tools for behavior planning at the start of the work week. That is, D+IIMC and D-only groups
used the planning tool in Figure 4.2 with respective instructions on the left per Figure 4.8,
whereas IIMC and basic control groups received their respective instructions without having
access to the visual elements of the planning tool (i.e., filters, calendar, or summary parts). We
displayed each participant their description of the desired work-nonwork balance at the time
of goal setting and behavior planning to ensure their ideals are available for consideration in
decision-making. This strategy helped participants come up with plans that were more relevant
to them. Participants responded to TSRI-insight after using the planning tool.

During the week, participants were reminded randomly five times a day during waking hours

to log their activities, whereabouts, and progress. We asked participants to complete TSRI-insight
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with respect to the logging tool at the end of the week.

At the end of week 3 of the study, participants reported their perceived work-nonwork balance
and time-management over the last week of the study. They then rated the statements that we
specifically designed to address RQ1 (see the details in Section 4.2.2). They also responded to
open-ended questions about their experience in the study. These questions asked about what

they liked/disliked, how they used the tools, and ways we can improve them.

4.2.4 Analysis

We created regression models of the form outcome ~ data + iimc + vimc X data + control to
address RQ1. We created a separate model for each measure of RQ1 as outcome. We used data
and 7¢mc as binary variables that captured whether reflection on data and IIMC instructions
were received. Therefore, both data and ¢imc were 1 for D+IIMC group, whereas they were
both 0 for basic control group. Only data was 1 for D-only group, while only iimc was 1
for IIMC group. We considered two categories of variables to select the control variables:
(1) demographics (Table 4.1) as past research has shown differences in outcomes in relation to
these characteristics [78, 57], and (2) personal characteristics as well as individual context and
activities (see Section 4.2.2). We included as the control those variables that differed among
conditions or showed significant correlations with the outcome of interest. No demographic
variables were included in the models as Fisher’s exact test showed no significant differences
across conditions on demographics (Fisher’s test is preferred over x? test for small samples). We
included self-efficacy in the model of determination for plan adherence given their significant
correlation. Similarly, we included conscientiousness in models for identification of obstacles
and rescheduling opportunities. We controlled for levels of reflection at logging in all models as
this variable was significantly correlated with all outcomes. Control variables included for each
outcome are listed in Table 4.4. We used the /m function of stats package in R [156] to create
the regression models.

Addressing RQ2, we used mixed ANOVA with time (baseline to exit) as the within factor

and condition as the between factor to examine if mean changes in perceived work-nonwork
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balance subscales and time-management differ across conditions. We did a follow-up analysis on
significant main effects when doing so was possible (i.e., there was no interaction effect between
time and condition): dependent-sample t-test to follow up on the main effect of time and Tukey’s
HSD to follow up on the main effect of condition. We used the rstatix package [97] to test
ANOVA assumptions and obtain test statistics for mixed ANOVA analysis and Tukey’s HSD. We
used the stats package for paired-sample t-test [156].

We took several steps in verifying various aspects of our methodology. First, we examined
the relevance of the custom measures of RQ1 to the work-nonwork balance construct by
examining the correlations between these custom measures and the validated measure of
perceived work-nonwork balance [193]. If correlated, we have evidence that the use of the
planning tool has activated mechanisms intended by IIMC in the context of work-nonwork
balance. Second, we used a one-sided t-test to compare week 3 measurements of TSRI-insight
on planning tools with the mid score of 12 on this subscale for each study condition to check
whether planning tools successfully supported reflection. This strengthens the assumption that
reflection processes we assumed to be active are in fact active. We applied Bonferroni correction
to the nominal « of 0.05 (i.e., we used p-value of 0.0125 to establish significance) to account for
type I error of multiple comparisons.

We triangulated the quantitative analysis of our measures with the qualitative analysis
of survey responses as the latter could contextualize quantitative patterns. Triangulation is
commonly used in HCI as a way of obtaining a more “reliable, holistic and well-motivated
understanding of phenomena” [149]. Our qualitative analysis drew upon reflexive thematic
analysis methodology [21], where we considered comments in light of the outcomes we were
examining quantitatively: I reviewed comments in relation to such objectives as change in
awareness, planning process, or perceived improvements, while iteratively coding for additional
nuances (e.g., factors influencing planning). A collaborator reviewed my coding of comments.

Coding disagreements were resolved through discussion among co-authors.
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4.3 Results

We find that the planning tools that incorporate instructions within the framework of
implementation intention and mental contrasting (IIMC) successfully guide reflection in
behavior planning. We also observe the importance of IIMC instructions in data review for
increased awareness of plan adherence and the ability for rescheduling, qualities that are
important in realizing work-nonwork balance goals. Moreover, our observations indicate
significant improvements in perceived work-nonwork balance and time-management across
experimental conditions. We detail our findings in the following subsections. Our use of
the word ‘significant’ in the reports means ‘statistically significant’. We use the standard

significance level of 0.05 unless adjustments were needed (see Section 4.2.4).

4.3.1 IIMC Instructions Guide Reflection in Behavior Planning

Comparing TSRI-insight scores for week 3 of planning across conditions, we find that D+IIMC
and IIMC groups report levels of reflection that are significantly larger than the mid-point score
of 12 on the TSRI-insight subscale for their assigned planning tool (D+IIMC mean=15.6 and IIMC
mean=16.25; Table 4.2). We did not find statistically significant evidence that D-only and basic
control groups report levels of reflection above the mid-point threshold (D-only mean=12.73,
basic control mean=14.90). Figure 4.10 provides the distribution of scores across conditions. We
repeated the analysis with a one-sided Wilcox signed rank test for D-only and basic control groups
given the non-normal distributions of scores for these conditions. We did not find significant

evidence that the level of reflection in these groups surpasses the mid-point threshold.

4.3.2 Increased Plan Awareness and Rescheduling for Work-Nonwork Balance in D+IIMC

Custom-defined measures of RQ1 are significantly correlated with perceived work-nonwork
balance subscales. Correlation coefficients are moderate to large (min = 0.32, max = 0.68;
Table 4.3). We thus have evidence for the relevance of the measures and can more confidently

interpret them.
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We find affirmative support for RQ1. We observe significant differences across conditions
for measures of rescheduling ability, adherence awareness, and adherence determination:
participants in D+IIMC condition report significantly higher ratings for the benefit of their
planning tool in enabling them to reschedule (F(1)=4.74, p=0.036) and to become more aware
of their adherence to the plans they have for improving work-nonwork balance (F'(1)=4.11,
p=0.050). However, D-only group’s determination for adhering to their plans is significantly
diminished compared to other groups (F'(1)=5.73, p=0.022). Table 4.4 lists the regression
coeflicients across input variables for different outcomes.

D+IIMC participants’ survey responses qualitatively contextualized our observations above.
Some participants explicitly attributed the increased awareness of their plan compliance to
IIMC-based data review. For example, P2 said ‘I reviewed my study behavior plan and last week
saw blocks where I did not follow the nonwork and work plan.” Similarly, P7 said she most liked
“the visibility into my own schedule and how closely (or not) I was able to stick to my calendar.”
Describing her use of data toward rescheduling, P9 said ‘I could see that there is time gaps in my

day that allow me to think about moving my blocked time.”
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Table 4.3: Correlations coefficients between custom measures of RQ1 and standard measures of

work-nonwork balance [193]. The significance level is coded with stars (*: p < 0.05, **: p < 0.01).

Involvement balance Affective balance Effectiveness balance

Obstacle identification 0.52 ** 0.51** 0.57 **
Problematic behavior identification 0.63 ** 0.48 ** 0.6 **
Short-term action identification 0.48 ** 0.32* 0.48 **
Long-term action identification 0.52 ** 0.39 % 0.47 **
Rescheduling ability 0.4 ** 0.52 ** 0.45 **
Adherence awareness 0.47 ** 0.52 ** 0.55 **
Adherence determination 0.48 ** 0.47 ** 0.49 **

We find that levels of reflection at logging (measured using weekly TSRI-insight scores)
are significantly related to a better understanding of obstacles and opportunities: the more
participants reflected at the time of logging, the more they could identify obstacles or problematic
behaviors when planning (F'(1) = 26.48,p < 0.001). Similarly, they were better at finding
opportunities for action in the short and long-term or options for rescheduling (F'(1) = 16.77,
20.27, and 29.17, respectively, p < 0.001). Moreover, they felt more aware of their plan
adherence and more determined in following through with their plans (F'(1) = 4.34 and 32.67,
respectively, p < 0.044). Conscientiousness significantly explained additional variations in
identifying opportunities for rescheduling (F'(1) = 6.41, p = 0.016).

The value of logging was also evident in participant responses to open-ended survey
questions. For example, P34 said “Putting down all my tasks for the day and the time I did them
allowed me to reflect on which areas I can improve on.” Or P24 said “Having to log all my time was
a real wake-up-call to how my week passed.”

In addition to an increased awareness and understanding of obstacles, we find that D+IIMC
instructions (Figure 4.3) guided participants to create a concrete behavior plan that directly
addressed the obstacle identified through data. For example, P3 was made aware that responding

to emails after work hours was a norm, not an exception: T see that I was working from 8 pm
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Table 4.4: Coefficients for regression models of RQ1. Outcomes appear on the rows. We report estimated
coeflicients for all input variables that were included for each outcome along with the standard error for
the estimates in parenthesis (an empty cell means the variable was not part of the model). The range of
values for logger reflection, self-efficacy, and conscientiousness are 3-21, 1-5, and 5-50 respectively. Larger
values indicate higher levels of reflection, self-efficacy, and conscientiousness. Significance level is coded
with stars (*: p < 0.05, **: p < 0.01, ***: p < 0.001).

data iimc data X iimc logger reflection self-efficacy conscientiousness
Obstacle identification 0.08(0.36)  0.06 (0.36)  0.31(0.51) 0.14*** (0.03) 0.04 (0.04)
Problematic behavior identification ~ 0.48 (0.35)  0.43(0.34)  -0.36 (0.49) 0.14*** (0.03)
Short-term action identification -0.07 (0.44) -0.00 (0.43) 0.13 (0.62) 0.13*** (0.03)
Long-term action identification 0.19(0.33)  0.24(0.32)  -0.05 (0.46) 0.11"** (0.02)
Rescheduling ability -0.45(0.38) 0.23(0.38)  1.16" (0.53) 0.15*** (0.03) 0.06* (0.03)
Adherence awareness -0.80* (0.36) -.0.57 (0.35)  1.02* (0.50) 0.06* (0.03)
Adherence determination -0.84 (0.35) -0.24 (0.34) 0.84 (0.52) 0.15*** (0.03) 0.53(0.31)

to 9.30 pm last week from the app.” He then identified phone notifications as an obstacle: T
get notifications on my phone when someone emails me on my work email. If it’s important or
interesting, I tend to answer those.” Finally, he created a behavior plan as if-then statements that
addressed his observation: “If I get emails after work hours, then I will use focus time app on my

phone to auto-hide it to overcome or prevent the obstacle.”

4.3.3 Increased Perceived Work-Nonwork Balance and Time-Management during Study

Our data positively supports RQ2 with respect to improvements in work-nonwork balance
as we see enhanced measures over the study duration across all study conditions. However,
there is no evidence that D+IIMC improvements are surpassing the alternatives. Mixed
ANOVA models pertaining to RQ2 indicate no significant interaction effect between time and
condition. We can thus directly interpret the main effects. We find a significant main effect for
time: participants more favorably rate their time-management at exit compared to baseline
with average improvements of 1.84 over the range of 3 to 15 for this measure (Figure 4.11;

t(42) = 5.13,p < 0.001). Moreover, participants report large to very large improvements in
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measures of perceived work-nonwork balance from baseline to exit. Specifically, affective,
effectiveness, and involvement balance scores improve by 0.53, 0.55, and 0.98 on average over
the range of 1 to 5 for these measures (Figure 4.12; t(42) = 4.01,4.08, and 5.95, respectively,
p < 0.001 for all).

variable = Time-management HOWCVGI, there is no

significant main  effect for
condition: the average change
over time does not differ across
candition conditions -  work-nonwork
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o balance and time-management
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Figure 4.11: Baseline and exit scores of time-management. test statistics for the measures.
D+IIMC, D-only, IIMC and basic control conditions are Qualitative survey responses

color-coded by blue, orange, green, and red respectively.
0 i corroborated the observed
Error bars indicate a 95% confidence interval based on group

standard deviations. There is a very large but condition-agnostic 1mprovements in work-nonwork

improvement. balance and time-management.
They also brought to light important nuances in the multi-stakeholder context of work
and nonwork. P18 explicitly connected improvements in work-nonwork balance to their
participation: “The exercise helped me prioritize my nonwork activities in my day-to-day life and
achieve better balance”. P37 made a similar comment, while acknowledging the tension between
work and nonwork and her agency in making choices and acting on them: “This process made
me very mindful of work and nonwork times and [I] was more deliberate about my choices (when I
had choice) [to] step away both in the mornings to quickly check my messages or the evenings to

get one last thing out the door, and many times I do have the choice but not every time.”



79

Some participants described the realization of the role of external influence in their
work-nonwork balance as the most helpful aspect of their participation, confirming that
work-nonwork balance does not pertain only to the individual but the people and work context
around them [19]: “Recognition that I don’t have as much agency in what makes me busy at work.
I’'m at the whims of other people’s calendar and requests that can disrupt my best laid plans. This is
likely driven from my desire for impact, recognition, and eventually promotion but the questions
prompted during this study really surfaced this” (P40). Some took this recognition to action and
wanted to share their data-backed insights with others (peers, managers, family members) to
mitigate the external demands. P4 suggested “a way to collaborate with your life partner / spouse
if you are sharing home responsibilities” as the main improvement to the tool.

Condition-independent improvements despite the differences in planning-related measures
of RQ1 suggest that a factor other than planning drives the improvements in perceived
work-nonwork balance and time-management. To further examine the factors that influence the
changes in perceived work-nonwork balance and time-management, we built regression models
of the form Aoutcome ~ data + iimc + data X iimc + other. Aoutcome is the difference
in exit with respect to baseline for outcome scores; data and iimc were defined similar to
regression models of RQ1. Similarly, other was selected from personal characteristics or
individual activities (i.e., logging) variables based on whether these variables were significantly
correlated with the outcomes. The selections were: self-efficacy for all subscales of perceived
work-nonwork balance, conscientiousness for all subscales but the involvement balance,
and levels of reflection at logging for all measures of perceived work-nonwork balance and
time-management.

Reflection at logging turned out to be a significant predictor of change in all
work-nonwork balance and time-management outcomes (F'(1) = 12.96,9.41,5.47, and 8.01
for time-management, affective, effectiveness, and involvement balance, respectively, all
p < 0.025), similar to earlier observations that it was significantly related to plan awareness and
rescheduling. Self-efficacy and conscientiousness did not significantly explain variations in any

of their respective models (Table 4.6). Despite the benefits of enabling reflection and prioritizing
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Figure 4.12: Baseline and exit scores of perceived work-nonwork balance. From left to right, we have
involvement balance, effectiveness balance, and affective balance. D+IIMC, D-only, IIMC and basic
control conditions are color-coded by blue, orange, green, and red respectively. Error bars indicate a 95%
confidence interval based on group standard deviations. There are large to very large improvements across

all subscales of perceived work-nonwork balance but the improvements are not condition dependent.

work-nonwork balance, participants also hinted at the burden of data collection. For example,
P29 said ‘T like the daily reminders although logging time does cause some stress to get it done. That
said, the reminders that come in Teams remind me to make this (referring to her nonwork goal) a

priority.”
4.4 Discussion

We examined whether and how the use of implementation intention and mental
contrasting (IIMC) to scaffold reflection on personal data can help decision-making in creating
behavior plans for improving work-nonwork balance goals. Our results demonstrate the
value of IIMC-based data review. More importantly, they highlight additional opportunities
for supporting decision-making with data. Furthermore, we found that reflection helped
participants become more aware of their agency under external forces in the multi-stakeholder
context of work and nonwork, where data can play a boundary-negotiating role [36]. Although
our study is in the context of work-nonwork balance, several findings and their implications

have broader applicability which we further discuss below. In the following subsections, we



81

Table 4.5: Descriptive and F statistics for variables of RQ2. Subscales of perceived work-nonwork balance
vary in the 1-5 range. Time-management scores are in the range of 3-15. Larger values indicate better

work-nonwork balance and time-management.

Affective balance Effectiveness balance  Involvement balance Time-management

Baseline Exit Baseline Exit Baseline Exit Baseline Exit

Mean Std. Mean Std. Mean Std. Mean Std. Mean Std. Mean Std. Mean Std. Mean Std.

D+1IMC 3.52 071 424 069 354 071 426 068 343 057 3.87 126 8.7 267 10.6 255
1IMC 34 0.64 395 0.59 35 071 4.03 045 294 099 356 074 858 198 104 211
D-only 3.58 0.49 38 107 373 053 413 087 348 1.1 403 0.69 854 202 10.2 2.04
Basic control 336 043 4.02 043 348 056 4.04 0.42 3.4 084 4.07 0.61 7.4 212 9.4 184
Fuonaition(3,39)  040p=076  043p=074 12,p=03 1p=04

Table 4.6: Coeflicients for regression models of RQ2. Outcomes appear on the rows. A is the change
from baseline to exit. We report estimated coefficients for all input variables that were included for each
outcome along with the standard error for the estimates in parenthesis (an empty cell means the variable
was not part of the model). The range of values for logger reflection, self-efficacy, and conscientiousness
are 3-21, 1-5, and 5-50 respectively. Larger values indicate higher levels of reflection, self-efficacy, and

conscientiousness. Significance level is coded with stars (*: p < 0.05, **: p < 0.01, ***: p < 0.001).

data iimc data X iimc logger reflection self-efficacy conscientiousness
A Affective balance -20.3(0.36)  -0.19 (0.36) 0.36 (0.52) 0.08** (0.03) 0.34 (0.32) 0.00 (0.03)
A Effectiveness balance  -1.11(0.39)  -0.10 (0.38) 0.27 (0.57) 0.07* (0.03) 0.03 (0.35) 0.02 (0.03)
A Involvement balance  -0.43 (0.45)  -0.34 (0.44) 0.64 (0.67) 0.09** (0.03) 0.22 (0.40)
A Time-management -0.38 (0.93)  -0.27 (0.91) 0.28 (1.30) 0.25"** (0.07)

more closely interpret our results, discuss the opportunities for further incorporating IIMC in
planning with personal data, share ideas for bringing [IMC to the workplace, and critically

examine the limitations of our work.

4.4.1 IIMC-Based Data Review Supports Behavior Planning but There Is More to Goal Realization

We observed increased subjective awareness of adherence to goals and capability for
rescheduling plans among D+IIMC participants in our study (Section 4.3.2). These observations

provide evidence that IIMC scaffolds personal data review in ways that support better planning
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for work-nonwork balance goals. We note that planning reflection levels for D+IIMC and
IIMC groups surpassed the mid-point threshold while the same did not happen for D-only
and basic control groups (Section 4.3.1). The case for D-only is particularly interesting. In the
absence of guidance when reviewing data there is no gain but loss: participants in D-only
report diminished determination in following their plans (Section 4.3.2). This can be explained
through the interrelation between motivation and IIMC [138]. Reviewing data likely brought to
light the gap between the desired and actual state of work-nonwork balance. This realization
subsequently undermined participant determination as there was no guidance on addressing the
gap. Our study shows that the IIMC technique explicitly supports people in overcoming the gap.

We also found condition-independent improvements in perceived work-nonwork and
time-management from baseline to exit (Section 4.3.3). Study procedures involved multiple
behavior change techniques, including goal-setting, tracking (in the form of logging), and
behavior planning. While we isolated and varied the latter only, other techniques could drive
the improvements individually or in combination with the rest. We showed that reflection
associated with logging was a significant predictor of improvements above and beyond

planning (Section 4.3.3).

4.4.2 IIMC-Guided Micro-Reflection on Data in Recent Past Can Support Behavior Planning

Observations of increased rescheduling ability and adherence awareness without loss in
adherence determination in Section 4.3.2 demonstrate the importance of guided macro-reflection
where people review their personal data to identify opportunities for action within the IIMC
framework. However, such macro-reflection was not the only source of benefits for our
participants. Logging data and reflecting on one’s behavior when doing so were key to
success in planning-related activities (Section 4.3.2) as well as improvements in perceived
work-nonwork balance and time-management (Section 4.3.3). These observations are consistent
with other reports (e.g., [112, 31]), which similarly found reflection happens at the time of
logging. In our setting, reflection at logging is a form of micro-reflection where people pay

attention to their behaviors in the very recent past and within a short window of time when
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logging. In doing so, they notice divergence from desired behaviors, the underlying reasons
(i.e., obstacles), and potential solutions. This is evident in the significant positive relations
between levels of reflection at logging and ratings of the ability to identify obstacles, problematic
behaviors, and opportunities for action (Section 4.3.2). It is noteworthy that macro-reflection on
data when planning did not seem to explain these outcomes; the D+IIMC group did no better
than the others. Not surprisingly, micro-reflection at logging also showed the importance
for rescheduling and awareness of plan adherence and thus complemented macro-reflection
at D+IIMC planning (Section 4.3.2). In light of these results, we call out for attention to and
investment in leveraging IIMC for micro-reflection. The ideas and lessons from research on
just-in-time adaptive interventions can be leveraged (e.g., in determining the number, timing,
and content of IMC-based micro-reflection prompts [113, 114, 136, 132]).

We contrast our position with much of the past HCI research on implementation intentions,
which has focused on the automatic detection of identified situations for triggering action (e.g., [16,
152]). Contrary to previous work, we emphasize micro-reflections through low-cost and simple
logging for identifying situations. With IIMC guidance, micro-reflection helps people identify

relevant situations for action. Macro-reflections then support specifics of actions to take.

4.4.3 Incorporate IIMC Scaffolding in Existing and Future Workplace Tools

Our results indicate the value of incorporating IIMC scaffolding in workplace well-being
context through both micro- and macro-reflection techniques. There are several possibilities
for supporting these techniques. With respect to micro-reflection, the simplest practical
implementation can use fixed reminders employees set for themselves to think back on their
activities, whether those activities align with their work-nonwork balance goals, reasons for
divergence, and ways to overcome or prevent it. This is similar to the reflection feature of such
apps as Viva® but underscores explicit scaffolding of the reflective process. Moreover, calendar

or meeting/communication applications can prompt quick reflection on how well the time was

2https://learn.microsoft.com/en-us/viva/insights/personal/teams/viva-insights-reflect


https://learn.microsoft.com/en-us/viva/insights/personal/teams/viva-insights-reflect
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spent after each scheduled block of time or bout of communication. Predicting opportune
moments for micro-reflection can further empower employees to more easily integrate
micro-reflection in their day-to-day work (e.g., predicting moments of transition or break similar
to [100] or when the chances of engagement are high as in [150]). However, this is a delicate
design space as competing factors may complicate micro-reflection at opportune moments
as noted in other research [110] (e.g., momentary negative affect from micro-reflection can
adversely influence engagement).

With respect to supporting macro-reflection, the simplest and most available solution for
employees is to designate a time to review their calendars, clarify their goals, reflect on existing
obstacles and problematic behaviors, and identify opportunities for action. There is already
evidence for productivity and well-being benefits of reflective goal-setting (e.g., in the context
of information work [129]). Our emphasis is on the value of IIMC instructions in guiding the
reflective process with personal data, and we specifically advocate for extending the same strategy
to both work and nonwork goals. We acknowledge that standard calendar data may not be as rich
as the kind of data underlying our findings. Nonetheless, it may be a useful resource and should
be studied within a larger inquiry into the minimum requirements for the level of detail, coverage,
and granularity (e.g., 30-minute vs. hour-long intervals) of personal data. In another approach, it
is possible to bring some personalized automation to the process where a system such as Pearl [91]
can assist in the sense-making process of personal data to help identify potential obstacles and
opportunities for action as employees define relevant concepts for the system to help them more
closely analyze their behaviors. This approach heavily relies on the availability of telemetry and
other passively-sensed data to employees, although we acknowledge that there are important
privacy and ethical concerns with such data that should be separately addressed. It is best to
combine micro- and macro-reflection, independently of the specifics of implementations of each.

The focus of our exploratory experiment was on improving individual-level decision-making
and action toward bettering work-nonwork balance. However, it is too simplistic to assume
work-nonwork balance, or any other workplace well-being topic is individually scoped.

Obstacles may be driven by external factors. There might be a need for communicating and
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coordinating actions with others (e.g., direct reports, peers, supervisors, or family members).
Personal data and IIMC-based insights can act as boundary-negotiating artifacts in navigating,
communicating, and coordinating with others, albeit there are nuances around potentially
conflicting employee vs. organization goals as well as power dynamics. Future research should
closely examine D+IIMC within a group context. More broadly, it is important to explore ways
IIMC-guided reflection on personal data can support change at the organizational and social
level. The increased awareness and recognition of external factors that result from the reflection
can be key ingredients of individual’s agency for change, as we observed among participants

who started conversations with their managers (Section 4.3.3).

4.4.4 Limitations

Our study relied on rich but manually logged activity, location, and progress information. Such
data cannot be assumed in most practical setting. While this assumption helped narrow down
the confounding factors, it is important to reproduce our results with more realistic data, such as
calendar information or automatically sensed data using all-purpose or personalized detectors. As
we later found, logging was a critical contributor to the improvements we observed. Reproducing
our study with passively-sensed data can further tease apart the specific value of IIMC-based
macro-planning. We considered three sources of information but our analysis did not allow
us to examine the relative importance of these different sources for the effects we observed.
Moreover, we did not collect information on any additional sources of data participants might
have found useful. We cannot thus speak to specific data requirements for a system such as
ours. Our analysis primarily relied on subjective self-reports given the difficulties in defining
generic objective measures of success for short-term goal realization across a variety of goals
that our participants defined over the course of the study. We also note that our study was a field
deployment and we did not have control over participant interactions with our tools and whether
they leveraged other interfaces. For example, we could not prevent basic control or IIMC groups
from consulting with their calendar as they were creating their behavior plans even though we

assumed participants in these conditions did not rely on such data. We restricted participation to
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people in the preparation stage of behavior change. Future work can study whether IIMC-based

data review in other stages of change.
4.5 Contributions to Thesis

Goal-directed personal informatics involves different self-tracking and behavior change
activities. This chapter explored enabling one such activity: goal-aligned action planning in the
complex context of improving work-nonwork balance where many individuals struggle with
forming robust behavior plans. Specifically, implementation intention and mental contrasting
were used as techniques to guide reflection on personal data in action planning. These
techniques help individuals review their data to identify not only the obstacles on the way of
achieving work-nonwork balance, but also opportunities to address them. Our findings indicate
the benefits of this scaffolding technique for reflection and underscores the need for exploring

other such techniques in goal-directed designs.



87

Chapter 5
GOAL-DIRECTED ANALYSIS OF PERSONAL DATA

Chapter 3 showcased diverse and personalized tracking afforded by goal-directed designs.
In this chapter, I consider the new requirements for analysis posed by the personalized and
goal-directed data due to its high between and within variations: different people record
different information, record the same information differently, or desire different uses of the
same information. One person may change their recording or use of information over time.
Specifically, high flexibility of goal-directed designs allows people to have different tracking
goals (Section 3.3.5). For example, one person recorded numbness (PT01), while another
recorded clumsiness (PT08). Screen time as a potential contributor mattered to one (e.g., PT02
or PT04), whereas high altitudes mattered to another (PT03). High flexibility also means
recording or using the same type of information differently. Figure 5.1 illustrates some of the
ways participants reported migraine duration: daily length in hours (PT03), time range in one
column (PT08, PT10), or timing and duration tentatively recorded as free-form text (PT09).
These reports appeared under varied columns, depending on individual preferences. As an
example of high variability in the desired use of the information, some participants cared more
about the length of migraine episodes (i.e., duration over consecutive days of migraine) rather
than the daily length of migraine (PT01, PT04). Goal-evolution drives within variations as one
person changes their recording or use of information over time (Figure 5.2). The change was
sometimes manifested as records under a new column (PT10 - migraine duration) or a set of new
columns (PT04 - location of migraine). Other times recording changed within one column, with
a new data type (PTO07 - sleep, PT08 - nausea) or new semantics for the same data type (PT06 -
migraine presence). The latter was most common in evolving the tracking model from daily to

event-based and vice versa where the semantics of blank entries changed.
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PTO3 PTO8 PT10 PT09
| Migraine Duration Migraine Start and End Times Migraine Duration
2 11:45-14:14 23:00-23:30 overnight
11:50-XX:XX 12pm to nighttime
4 20:30-XX:XX late night into morning
14 19:30-22:30 carried over from last night, felt mild in the morning,
0 14:40-xX:XX stayed until afternoon getting more intense
0 12:00-xx:XX 4+ hours
06:00-09:00
night time maybe 5-6 hrs

Figure 5.1: Personal data is heterogeneous because individuals track different information and do so
differently. In the MigraineTracker study, participants reported migraine duration in different ways. PT03
reported daily hours while PT08 and PT10 used start and end times under differently named columns. PT09

reported duration as free-form text.

The diversity of the records and their large between and within variations necessitated
individualized data processing and visualization pipelines. My collaborators and I developed
these pipelines with a combination of traditional programming (Python) and manual visual
authoring (Tableau), while frequently consulting participants and incorporating their unique
knowledge of their data. Inadequate and limited affordances of commonly available personal
data analytics tools drove our decision to use Wizard-of-Oz analysis. This approach served
our study but left an important question unexplored: how to support end-users who are not
adequately served by the existing tools and do not have the time or expertise to develop
goal-aligned pipelines with generic programming and visualization tools?

Existing tools often make assumptions about the structure and semantics of the data rather
than accounting for diverse structures and semantics. For example, they assume standard layout,
naming, type, or values for the data. They then offer either fixed wrangling, processing, and
visualizations [29], or techniques to create new ones given the assumptions (e.g., [146, 183]).
However, very limited assumptions can be made about heterogeneous goal-directed data across
individuals or for one individual over time as noted above. Closely related to the unwarranted

assumptions is the failure of tools in leveraging people’s expertise about their own data. Much
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Healthy Sleep
Date Schedule Date Nausea
2022-04-29 00:30-xx:xx 2022-11-09 No
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2022-04-29 00:30-xx:xx 2022-11-11 Yes
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2022-11-25

2022-11-20 None
2022-11-26 6.5
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2022-11-27

2022-12-09
2022-11-28 6
2099-11-29 2023-02-15 Some

change in data type

semantics of blank change

PTO6
Date Migraine
2022-12-12 Yes
2022-12-13 Yes
2022-12-14
2022-12-15 | No
2022-12-16 | No
2022-12-17
2022-12-18
2022-12-25
o

2022-12-26 Yes
2022-12-27
2022-12-28
2022-12-29
2022-12-30
2022-12-31 Yes
2023-01-01 No
2023-01-13
2023-01-14 No
2023-01-15 Yes
2023-01-16

change in data semantics
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Figure 5.2: Personal data is heterogeneous because goals evolve and people change how they report

different information. In MigraineTracker study, PT07 switched from reporting start and end times of sleep

to hours of sleep or PT08 switched from ‘Yes’/'No’ entries of nausea to providing it as ordinal categories.

Here the type of data changes, though it appears in the same column. PT06 switched from daily reporting

of migraines with ‘Yes’/'No’, where blanks means missing data, to reporting mostly on migraine days with

blanks indicating no migraines. Here the semantics of data changes within the same column.
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about the structure and semantics of data can be disambiguated if individuals are given the
opportunity to do so. For example, blank entries may indicate missing data for some individuals,
whereas absence of the phenomena for others (Figure 5.3). Each individual’s knowledge of their
data is key to properly handling blanks. This knowledge is sometimes the only reliable way to
establish semantics, particularly when the meaning of blank entries changes from missing to
absence or vice versa for one individual due to tracking model evolution (PT06 under Figure 5.2).

Past research on end-user data analytics tools offer solutions that can address the challenges
posed by heterogeneous data. For example, Wrangler [93] simplifies data wrangling by
combining direct manipulation of data with automatic inference, enabling users to iteratively
explore and apply operations without prior expertise in data structuring. Data Formulator [192]
extends this functionality by integrating programming-by-demonstration or natural language
processing, aiming to further reduce the barriers for end users unfamiliar with data science.
Unlike traditional analysis tools that require data to be in tidy format, Data Formulator
introduces a novel concept binding paradigm that uses an Al agent to automatically perform the
necessary data transformations based on author intents, significantly reducing manual data
preparation work. While these solutions make it easier for end-users to perform analysis, they
assume individuals know what analysis addresses their information needs and their primary
challenge is translating the analysis to code. They do not offer support for translating an
information need to analysis steps.

Large Language Models (LLMs) allow individuals to enter their information need and get a text
or visualization response. As such, they short-circuit the information need-to-analysis translation
challenge while handling some aspects of data heterogeneous (e.g., data type variations or data
variably named from one individual to another). However, they are often limited in their analysis
decisions [81]. Their black-box nature [184] means assumptions they make are typically hidden
and there are limited interactions for end-users to check and adjust those assumptions. For
example, LLMs are prone to mishandling blank entries, but individuals cannot easily inspect and
modify LLM’s handling of the blanks.

In this chapter I introduce Analyticons (Analytic + Icons) to enable goal-aligned analysis
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PTO9 PTO6 PTO1 PT02
Migraine Migraine Stressful / Busy Day Stress
No Lots
No No Lots
Yes Some
No Some
Yes Some
Yes
No Yes Some
Yes No Yes None
No Yes Some
No No
No Yes None
No Yes Some
Yes Some
Yes No Some
No Some
No Some
blank means... absence missing absence missing

Figure 5.3: Blank entries are challenging to interpret. Some participants use a daily tracking model and
explicitly report everyday while others use event based tracking. For the former group, blanks indicate
missing data, but for the latter blanks indicate the symptom, treatment, or contributor is absent. For
instance, both PT06 and PT09 report migraines. PT06 reports daily. However, PT09 mostly reports the

presence of migraines. We observe similar pattern for stress reporting by PT02 and PT01.
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of heterogeneous personal health data. Analyticons is an architecture that combines analytics
expertise with each individual’s expertise about their data. The architecture is based on visual
objects of the same name. These objects represent analysis in terms of a set of constraints and
adjustments over concepts. As individuals are guided through a sequence of steps to satisty
these constraints, their data is transformed and visualized consistent with their information
needs. Informed by specific characteristics and requirements of the domain, Analyticon objects
package the analysis expertise beyond what is afforded by tools such as Wrangler [93] or
Data Formulator [192] and can thus provide both scaffolding for the analysis steps and their
translation into code. People’s unique knowledge of their data is factored in the variety of
ways they satisfy the constraints. Rather than making assumptions or hiding the specifics of
the analysis, Analyticons-based systems offer individuals a range of interactions to control
system behaviors and align it to their needs. I share an LLM-enabled implementation of the
architecture and demonstrate its expressiveness over a variety of analysis flows. Specifically, I
show its ability to support between and within variations in data structure and semantics and
its flexibility to handle analysis over new or arbitrary concepts and despite different types of
evolution. This is the first of a three-part evaluation planned for an upcoming submission to
ACM CHI Conference on Human Factors in Computing Systems (CHI’26). The evaluation not
covered in the scope of this thesis involves (1) benchmarking different components of the
architecture to characterize their performance and limitations, and (2) a user study to examine
how Analyticons support individuals through the end-to-end process of mapping heterogeneous
data to diverse information goals.

To summarize, the contributions in this chapter are:

« I characterize the design space of analysis for a set of common information goals in
self-tracking of chronic conditions and discuss the utility of this characterization in
evaluating the design of personal informatics tools as well as creating translation

resources to support designers in making these tools.

« I present Analyticons architecture and constraint-embedded visual objects and describe
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an LLM-enabled implementation of it. I also discuss how this approach enables improved

support for end-user data analysis and creates new opportunities for it.

+ I demonstrate the expressiveness of Analyticons through a representative set of analysis

and discuss both ways of expanding the system and its limitations.

I designed and implemented Analyticons based on my re-analysis of MigraineTracker data
and process and led the overall research design which was heavily influenced by discussions
with Jina Suh, Sean Munson, Jeffrey Heer, and James Fogarty. I thus use the first person plural
from here on. In the following sections, I first layout the formative work underlying the design
of Analyticons (Section 5.1). I then describe the system with a walkthrough, present key features,
and offer the design rationale (Section 5.2). Next, I share a variety of analysis flows Analyticons

support (Section 5.3) and discuss implications and promising future directions (Section 5.4).
5.1 Formative Study

We examined patient participant data and the analysis process in their support during
MigraineTracker study to better understand and characterize (1) the information needs in using
personal data for chronic conditions, (2) considerations and requirements for data analysis to
support these needs, and (3) the design space of relevant analytics: the key constructs, tasks, and
operations for data preparation and visualizations. This examination identifies a design space
for end-user analysis of personal data and points to design goals within this space. Subsections

below detail findings along these lines and design goals informing Analyticons.

5.1.1 Information Goals in Managing Migraines

We analyzed patient information goals (i.e., questions they wanted to answer with tracking data)
in migraine self-tracking with the ultimate goal of better understanding information needs in
chronic condition management. Our analysis finds the majority of information goals fall under
four major categories: (1) how do symptoms vary? (2) how do preventive treatments work? (3)

how do abortive treatments work? (4) how are symptoms related to a factor? These findings are
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consistent with Schroeder et al. [172]’s work and extend it. They reported nine types of questions
in the context of self-experimentation that can be broadly considered under the fourth category of
information goals above. This set of four information goals is thus a reasonable starting point for
exploring the space of analytics constructs relevant to chronic condition management. However,
we acknowledge that the four categories we found are not comprehensive. We expect additional
categories with further explorations into the topic of information needs in chronic condition
management and with a careful examination of conditions with different characteristics compared
to those we and Schroeder et al. studied.

As we present the four types of information goals below, we highlight analytics constructs
relevant to them (italicized). These constructs, along with the information goals, informed
the design of Analyticons and include: types of variations, units of time, windowing for
comparisons, change of reference, thresholding, conditioning, and a variety of temporal
alignments (e.g., same-day vs. within a few days, lagged vs. cumulative vs. let-down). Figure 5.4

Summarizes the information goals and their analytics constructs.

How Do Symptoms Vary?

Patients wanted to better understand variations in the presence (i.e., frequency),
levels (e.g., length or strength), or values (e.g., location or type of pain) of their symptoms.
Common examples include ‘how often do I get the symptom (e.g., migraine)?’, ‘how long do
symptoms (e.g., headaches) last?’, or ‘where (i.e., head locations) do I get the symptoms?’.
Patients were interested in both the overall variations (e.g., total days of the presence of
migraine vs. its absence or the distribution of migraine durations) and the variations over time.
Depending on the specifics of the question, different units of time were desired (e.g., frequency
of migraine symptoms over days of the week, weeks of the months, months of the year, or
seasons). Types of variations (i.e., presence, levels, or values) and the different units of time are
the key constructs to note here. Patients sometimes specified additional conditions for the
variations of interest (e.g., how bad morning migraines are typically?’), another construct we

observed in this and other categories of information goals.
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variations in

.
I nfo rm at I o n Goa Is symptoms treatmentuse treatment efficacy symptom relations
“ How do symptoms vary? over values o same day
over time a lagged
How do preventive treatments work?
windowed cumulative
How do abortive treatments work?
re-referenced let-down
How are symptoms related to a factor? thresholded

Figure 5.4: Information goals and their related constructs. Goals are listed on the left. Their related
constructs appear in two tables on the right with goals marked for the constructs with which they were
associated. In summary, variations in symptoms and (abortive) treatment use or efficacy were desired over
the values of the symptom or treatment variable as well as over time for different units of time. Sometimes,
comparisons were desired over specified windows of time (e.g., before or after a new treatment). Variations
were sometimes in reference to specific days (e.g., days of preventive treatment). Thresholding symptom
values was sometimes desired to define presence or absence of a certain state (e.g., recovery). The relation
between symptoms and other factors could be described with same-day, lagged, cumulative, and let-down
occurrence. Lagged occurrence describes presence of one variable within a certain number of days since
the presence of the other variable. Cumulative is the occurrence of one variable after multiple days of the
other variable’s presence. Let-down concerns with the occurrence of one variable when multiple days of

the presence of the other is followed by its absence.

How Do Preventive Treatments Work?

Patients were generally interested in understanding whether preventive measures they were
regularly taking affected the presence, levels, or values of symptoms over time. The most
common case under this category was to consider symptom variations before or after starting
or changing treatments (e.g., starting a new medication, changing a medication’s dosage).
However, windowing time based on a treatment was more broadly of interest even when the
windows were disjoint (e.g., windows of regular chiropractic therapy) as patients were hoping
to make comparisons within and outside of the defined windows (e.g., ‘how symptoms change
with chiropractic therapy twice a month?’). In addition to the windowing construct, patients
were interested in considering symptom variations in reference to the treatment days. This was
most common for medications patients received once a month or once every three months, as in

‘how are symptoms within a month since every Ajovy [a type of treatment] shot?’
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How Do Abortive Treatments Work?

Understanding usage characteristics and efficacy of treatments used as needed to abate symptoms
was of high importance for patients. They often wanted to characterize treatment use in terms of
usage (i.e., taken vs. not), amount (e.g., dosage), and timing (e.g., on early signs of symptoms vs.
not) overall and over time. When treatment efficacy was directly reported within the app, patients
were interested in the frequency and levels of efficacy both overall and over time (e.g., ‘how
often does the medication work?’). Alternatively, same-day presence or levels of symptoms
after abortive treatment was desired overall or over time (e.g., ‘how long do symptoms last after
treatment?’). Sometimes, patients wanted information for a given thresholding as an indication
of treatment efficacy (e.g., ‘how frequently symptoms last for over an hour?’). They were also
interested in comparing symptom variations (i.e., presence, levels, or values) between treated
and untreated days. Other comparisons of interest were in terms of presence, levels, or values of
symptoms with respect to different amounts and timings of treatments both on the same day of
the treatment and within a few days of the treatment (e.g., ‘are there bounce-back symptoms a
day after treatment?’). Patients often used different treatments and were interested in usage and

efficacy information for each treatment individually and for all treatments combined.

How Are Symptoms Related to a Factor?

Patients were interested in the relationship between the presence, levels, or values of symptoms
given the presence or levels of a given factor (e.g., ‘How likely is it to get symptoms on
days when I am dehydrated?’). In addition to concurrent (e.g., same-day) relations, patients
considered lagged, cumulative, or let-down relations. Lagged relations considered symptoms a
certain number of days since the presence of a factor (e.g., ‘do I get symptoms a day after
drinking alcohol?’). Cumulative relations were concerned with symptoms after multiple days of
a factor presence (e.g., ‘do I get symptoms after two or more days of poor sleep?’). Let-down
relations asked about symptoms when consecutive days of factor presence was followed by its

absence (e.g., ‘do I get symptoms when three or more stressful days are followed by a relaxed
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day?’). Relations of interest sometimes involved more than a single factor (e.g., ‘do I feel more
fatigued on stressful days and do I get more symptoms when fatigued?’). When uncertain of
the relevant factors, patients wanted to discover them (e.g., ‘what combination of contributors

co-occur?’, ‘how do different contributors add up?’).

5.1.2 Domain-Specific Considerations and Requirements

For the ultimate goal of supporting end-user analysis of personal health data, it is useful to
examine what distinguishes this type of analysis from others. High between and within variability
in both data and information needs is one key differentiating factor and requires personal data
analytics tools to accommodate the variability. Another distinctive factor is each individual’s
unique knowledge of their data, which can be utilized as a source of expertise in the analysis. We

complement the earlier notes on these aspects with further details below.

Data and Needs Widely Vary

We described the heterogeneous nature of participant data in the opening of this chapter:
patients recorded different information, recorded the same information differently, and one
person changed their recording over time due to goal evolution. In addition to individualized
data collection, each patient considered a unique set of information goals; not all goal types were
relevant to a single individual and there were variations for a given information goal (e.g., one
person was interested in the presence of a given symptom while another was interested in its

levels. Another person was initially interested in presence and then became interested in levels).

Individuals Are Experts of Their Own Data

Individual expertise is often the key to managing the variability and ambiguity associated with
the structure and semantics of personal data. Below are three representative cases of the critical
role an individual’s knowledge play in guiding data processing. Case of handling blank entries

was noted earlier and is repeated for a consolidated presentation.
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Handling Blank Entries. As we noted earlier, getting the semantics of blank entries is challenging.
For example, one person reported stress levels everyday. Another person reported it when they
were stressed. There is no single solution for handling blanks; it means missing data for the first

person and no stress for the second. This knowledge, one way or another, rests with the user.

Designating Data Sources. One person reported non-migraine headaches directly by responding
“Yes/No’ under the named item ‘Non-Migraine Headache’. Another person implicitly reported it
by responding 'No’ to whether migraine happened but providing a rating for migraine severity.
In the latter case, user’s knowledge is critical in knowing where to find relevant information and

how different pieces of information are related to each other and to various concepts of interest.

Handling Outliers. Non-migraine headache rating of 6 is an outlier for a person who considers
headaches above 5 a migraine. The same value is considered normal for another person who
considers headaches 8 and above or the presence of other symptoms such as light and sound

sensitivity as migraine. User knowledge is necessary for finding and handling outliers.

5.1.3 Operations

Examining the analysis steps in Wizard-of-Ozing data preparation and analysis, we identified
a set of analysis tasks along with operations to perform them. Wrangling and transformation
tasks included identification and cleanup of inconsistencies, errors, outliers, or missing data,
recoding of values, extraction of new values, filtering, slicing and segmentation, grouping, and
aggregation. Data interaction tasks were search, annotation, and alignment of different data

streams. Operations to perform these tasks are summarized in Table 5.1.

5.1.4 Design Goals

We laid out the space of information goals and their associated analytics constructs. We also
highlighted common analysis tasks and their underlying operations. The design objective is to
enable the expression, sequencing, and specification (e.g., parameter setting) of these operations

consistent with information goals while meeting the specific requirements of our setting (i.e., high
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Table 5.1: Operations performed in data analysis during MigraineTracker study. These are well-defined
operations and are found in other analysis tools (e.g., SQL databases) primarily intended for computer

scientists and data analysts, rather than end-users.

Operation Input Signature Description

find (records, rule — {category }n, [{column}], [{value}]) Assigns each record to a category in a set of N categories
based on the criteria defined by the rule function applied
to a set of columns. It optionally returns records whose

categories are in the set of values, i.e., it returns a subset

of records.
remove (records, [{column}]) Removes records of columns.
replace (records, rule — {value}, {column}) Replaces contents of each record under column with a

value based on the mapping function rule.

split (records, rule — [{value}], {column}) Returns for each record under column a set of values

according to rule.

combine (records, rule — {value}, [{column}]) Returns a value for each record based on the rule over a

set of columns.

aggregate (records, rule — value, {column}) Returns a value based on the aggregation rule for records

under column.

reindex (records, rule, column) Changes the index of records under column based on the
rule.

review (records, {column}) Presents records under columns.

assign (record, {column}, {value}) Assigns a value to a column of a record.

select (records, [{column}]) Select records under one or more columns; if either

record or column are not given (e.g., select([{column}])

or select(records)) all values are returned.

variability) and leveraging its distinct features (i.e., individual expertise). This can be summarized

as the following design goals.

DG1 Enable End-to-End Analysis. Provide scaffolding for individuals engaged in data analysis
around what steps to take and how to take them. This scaffolding leverages data content
and stated information goals to map analytical intents to steps that once taken address
the information goal. Scaffolding should also include alerting individuals of the potential
mismatch between data and information goals (i.e., breakdowns in steps from where the

data is to where it should be).
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DG2 Integrate Different Expertise. Combine analytics expertise (packaged and presented to
individuals as different forms of scaffolding) with user-expertise where individuals give

input and can review and repair system decisions (e.g., inference or recommendations).

DG3 Accommodate High Variability. Assume minimal standards for data (both structure and
semantics), a wide range of goals, relaxed expressions of those goals, and varied preferences

for data representations (e.g., visualizations).

DG4 Build Goal-Aligned Support. Create support for the key constructs underlying four
categories of information goals to bridge the gap between computationally well-defined
operations and the information needs. Such support should essentially package a sequence

of operations for common analytics tasks.
5.2 Analyticons Architecture

We designed Analyticons as an architecture for end-user goal-aligned analysis of heterogeneous
personal health data, where analytics expertise is packaged to support information goals, and
where individual’s intimate knowledge of their data is integrated in applying this expertise
to transform and visualize the data. Below, we first illustrate how an individual experiences
Analyticons by walking through a representative example of data analysis within a system
implementing this architecture (Section 5.2.1). Following an overview of the key components
of the system (Section 5.2.2), we describe the Analyticon objects (Section 5.2.2), which are at
the core of the architecture. Design rationale for the architecture, the underlying objects, and

system components are offered throughout the description.

5.2.1 Analyticons at a Glance

We use PT10’s data from MigraineTracker study for the commonly asked question ‘how long do
my headaches take?’ to illustrate Analyticons’s interaction flow (Figure 5.5). Having provided
the data and information goal (i.e., the question), individuals receive recommendations for types

of visualizations that can help address the question (Figure 5.6), followed by detailed instructions
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Figure 5.5: Individuals are prompted to enter an information goal (i.e., a question) they want to answer
with their data.

that guide them in generating the visualization with the data (Figure 5.7, b). Data is visible at all
times in tabular format with rows representing calendar dates and columns representing different
symptoms, treatments, and contributors (Figure 5.7, c). The desired visualization appears on the
right upon selection, though it is labeled as a ‘work in progress’ to indicate it is not yet reflecting

individual’s data (Figure 5.7, a).

Concept Definition. Assuming a bar chart of duration is of interest, the user is first asked to
confirm or revise system’s inference of what the question is about: the concepts underlying
the question (e.g., ‘duration’ in Figure 5.8). The rest of the interactions with the system and
its computations revolve around the concepts; concepts become the shared units of operation

between the individual and the system.

Concept Mapping. With concepts defined, the next step is confirming or revising the columns
that the system thinks contain information relevant to the concepts (Figure 5.9). In our

example, the system has identified the column ‘Migraine Duration’ in relation to the ‘duration’
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Figure 5.6: Individuals receive recommendations for visualizations that can address their information goals.

concept (Figure 5.9, a). Drawing up on her knowledge, the individual adds ‘Start and End Times’,

which she has also used to record duration related information (Figure 5.9, b). The system

updates column highlighting to provide feedback of the shared understanding to the individual.

Note the individuals can also add new columns to their data and enter values if they desire. This

is most helpful when individuals have information in some other source (e.g., their calendar)

they would like to bring to their analysis.

Concept Valuation. Having identified the concepts and where to find relevant information about

them, individuals are asked to specify concept values (Figure 5.10). They can provide multiple
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Figure 5.7: Individuals are guided through a set steps to prepare their visualization of choice based on their
data. (a) visualization to reflect individual’s data as the data is transformed through the process appears
on the right. The top banner indicates it is still being constructed and is a work-in-progress. (b) detailed
instructions that help individuals use their expertise to transform the data appear at the center. (c) data
assumed to be tabular appears on the left. Its rows correspond to calendar dates and columns contain data
for symptoms, treatments, and contributors on each day. System highlights parts of the data it thinks are

relevant to the information goal (‘Migraine Duration’ column).

specifications of a single concept, each applicable to a segment of the data, which is a period of
time where the specification is valid. In our example, the individual leverages her knowledge
of the change in recording duration information in the middle of their tracking on ‘2022-02-16’,
when she switched from recording length of migraines under ‘Migraine Duration’ to recording
the start and end of migraines under ‘Start and End Times’ (Figure 5.10, a). She has the ability to
adjust the relevant columns for each segment/period (Figure 5.10, a) and specify duration values
in each: she opts to use duration values as-is prior to the change on 2022-02-16’ by copying them
all from ‘Migraine Duration’ to the column now dedicated to duration concept (Figure 5.10, b).
For the other period (i.e., after ‘2022-02-16’), she specifies values by giving examples of how her

information under ‘Start and End Times’ map to duration values and asks the system to fill the
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° Upload Data WORK IN PROGRESS

Data on the left is from: sample.csv

how long do headaches take?

4 § é é

value for duration

° Enter Question

You would like to know: how long do headaches take?

Choose Chart
The chartis on the right.

Provide Data

Decide on data relevant to the question.

The following steps help you decide what data to use to produce the
selected chart for your question.

o What Concepts?

Identify concepts most relevant to the question.

Review the following concepts and confirm their relevance to your question.
Dismiss or revise if not relevant. Continue after reviewing all concepts.

All concepts are confirmed or revised.

& () what you primarily care about is: duration

CONTII VE

What Columny?

Identify data colum\g for the concepts abol

o What Concepts?
Identify concepts most relevant to the question.

° What Values?
Provide information on coMept values given colum:
Review the following concepts and confirm their relevance to your question.

Dismiss or revise if not relevant. Continue after reviewing all concepts.
o Prepare Data

Make ch; 1 2 - "
aks,changes to dats s needed Please confirm or revise the following to continue.

@ 0 what you primarily care about is: Migraine Duration

REVISE

o Set Up Chart

Adjust chart options as needed.

enter the revised value in the box
Make Chart

The visual representation is on the right.

c,

Figure 5.8: Individuals are asked to confirm or revise the concepts system has identified in their question.
(a) concept of ‘duration’ for the question ‘how long do headaches take?’ is confirmed by the individual
indicated by the fully green check-mark. (b) the concept is also reflected on the visualization within the
title of the y-axis. (c) individuals have the option of revising the concepts system has identified to better

reflect their need.

rest (Figure 5.10, c-d). She can review system output and approve or reject them, then have the
system try again (Figure 5.10-e). User demonstrations and system-generated values are colored
and formatted accordingly. This step supports different aspects of data heterogeneity based on

each individual’s needs and understanding of their data as we further illustrate in Section 5.3.

Refinements and Adjustments. After concept values are assigned, the system checks if they need
any additional processing before using them in the visualization. This is done by examining

visualization-specific constraints (Figure 5.11, a) and providing individuals with means and
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Date Migraine Duration Start and End Time Migraine Migraine Start Time Other Notes Time ° Upload Data
2022-06-28 Yes Data on tha laft is from: sample.csv
2022-06-29
i a ] o Enter Question
2022-07-01 No You would like to know: how long do headaches take?
2022-07-02 Yes 9:20
2022-07-03 7 Yes 1:30 Took second at 11
2022-07-04 Yes ° Choose Chart
2022-07-05 J Yes &n The chartis on the right
2022-07-06 No
2022-07-07 Yes ° Provide Data
2022-07-08 No Goncepts and their associated data are: duration
2022-07-09 The following steps help you decide what data to use to produce the
2022-07-10 selected chart for your question.
2022071 24 [ v 516 @ Vinet Concepts?
2022-07-12 List of identified concepts: duration
2022-07-13 No ‘Woke up with bad ¢
2022-07-14
2022-07-15 @ Wnat Columns?
2022-07-16 4 Yes 12:34 Identify data columns for the concepts above.
2022-07-17 Update the list of columns with relevant information for each concept. Use
2022-07-18 v the plus sign to expand the list. When expanding, you can select from the

o es existing columns. You can also add new columns to later fill out. Continue
2022-07-19 after finalizing the choices.
2022-07-20 Infusion day
2022-07-21 Columns with relevant information for duration:
2022-07-22 Migraine Duration Start and End Times
2022-07-23
2022-07-25 4 Yes 12:31
2022-07-26
2022-07-27 o What Columns?
2022-07-28 1 Yes 413 Identity data columns for the cancepts above.
2022-07-29 (Dpricte i) oA cowits wih reteremnt ncamsticr o wecht coxiowrtiDos)
2022-07-30 the pus sign to expand the lst. When expanding, you can select from the

existing columns. You can aiso add new columns to later il out. Continue

2022-07-31 after finalizing the choices.
2022-08-01 2 Yes 9:20
2022-08-02 ‘Columns with relevant information for duration:
2022-08-08 Migraine Duration ) (4
2022-08-04 12 Yes 3:34 - Migraine

e CONTINUE
2022-08-05 Migraine Start Time
2022-08-06
2022-08-07 8 Yes 20:21 o What Values? Other Notes

Previce TSGR °" Y poak Migraine Severity
Start and End Times
© FrevereDd
Make changes § R ncedsa, Time
S Add New.

Figure 5.9: Individuals can confirm or revise data columns the system has identified as relevant to each
concept. (a) system indicates ‘Migraine Duration’ to contain information relevant to ‘duration’ concept.
(b) the individual adds ‘Start and End Times’ as another column they know has the relevant information.

(c) there is the option of adding new columns to data.

instructions to address them (Figure 5.11, b). This can again happen at the scale of periods when
needed. Here, the same slider widget is relevant in both periods. Visualizations provide a
representation of the data in relation to the question after the transformations and adjustments
are in place (Figure 5.12). In our example, the visualization expects distinct categorical amounts
of duration and offers a slider widget for specifying the categories, thus transforming numeric
values to ordinal levels suitable for generating the visualization. Individuals have full control

over what ordinal levels are relevant to them.
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Migraine Ouration  duration Start and End Time Migraine Migraine Start Time Other N I Distinct periods of time

e B Vadse delevtions may vary Surng percds n between bres bekow.
2023-0%-26 4 4 Yes 400 Headac Adunt pareds by 83SnpYermovig trres o changng her wih shders
2023-0v27 e
20230128 s s Yes 330 o o 9,
2023-0%29 ", Yo, N
2023-0%30 Yes
2023-0%31 e | X2 X6 Q) MBeN 4
Ao Dy Gofacst al cobarns seleciad earber are conaciened for a0t percd
20230202 n ] Yes 400 e - hpacripanre qexces
2023-02-03 @k eppours net 10 donstocted culemes.
2023-02-04 Yes 20320039 - 2030018
2023-02-0% o Migrune Darstion | X Start and Gnd Tmes
2023-02-06 Yes
2023-02-07 20239216 - 222401
2023-02-08 X Migrane Duration ./ Seart and Bnd Tenes

S -

--- steps redacted for compact presentation ---
Date e Start and End Time duration Migraine Duration  Migraine Migraine Start Time Other N ) masen mmars
202302415 g evagies yeen due
20230216 25002330 os Yor e e B e
2023027
2023-02-18 20:90-xx:xx You --- steps redacted for compact presentation ---
2023029 an-ctate
20230220 e No () w216 000600
2023020 No Prdng enamgies geen dets
2023022 19:30-2230 Yes Hadag 50rt vt End Timan] fnampies snnady o 8 COPY ALL
20230223 No
Date Start and End Time duration Migraine Duration  Migraine Migraine Start Time Other N @
20230215 TR raes Gt Sew o O3S eaaTGwe L P
pasod uamng u 2023.02.16

202302416 2X00-23:30 os Yes
20230217
2023-0218 20030-xexx
20230219
20230220
2023020
2023022 19:30-2230 3
20230203
2023-02-24
20230225 12:00-xxxx C
20230226 086000900 3
20230207
20230228
2023-03-00
20230302 0700-00:00 2 Yos
2023-03-03
2023-03-04 OK00-09:00 1 Yos
2023-03-05

L2023:03.08

Figure 5.10: Individuals are asked to specify concept values given the relevant data. (a) they can provide
different specifications by specifying times each specification is applicable to. Different columns may apply
to each period of time. (b) individuals can use values as is by copying them from the relevant columns,
or (c) can extract new values from those columns. This is achieved through providing examples and (d)

having the system use the examples to generate remaining concept values as in (e).

5.2.2 System Components

The system consists of four key components (Figure 5.13) to help individuals find answers to a
given question using their data: analysis selection through mapping to Analyticons, source and
value satisfaction, and parametrized adjustments. Three of the four components shadow the main
constructs of Analyticon objects that are at the core of the architecture. Data is assumed to be
in tabular form with rows representing calendar dates and columns associated with reports of

symptoms, treatments, and contributors on each day. The system is implemented as a desktop
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Date Suration Suration_plot St and End Tiene Migraine Duration  Migraine Migraine ° Prepare Data

2023-0%24 No Mane hanges 10 duta o4 sented

2023-0%-25 Mo Data values $houkd meat certan condbens These condticns are batnd
2023-01-26 - LLLLL %0 Delow along Wi whether they are satisted or violated. View each and
2023-0022 (o Use the relevant “Wansiormason” widgets 1o make adusiments and
2023-0+28 s LA LA e — 1 et the coNSBons. When ready with all conditicns satiafied, continue
2023-0%-29 ol over tha sbder a1 rwaded 10 the next step

2023-0%30 G S * °

2023-0%31 o5 2 » At el gt sttt Refss puinating 1 Bl g
2023-02-0Y g o 05 2 QM+

2023-02-02 12 10 <nb<n 24 R 00 o

2023-02-03 Q sswian (@) Swration hak ot it e STt wane.

2023-02-04 —

2023-02-05 - () Swaton vai s Smwrmt vans.

2023-02-08 S @ A

2023-02-07 o . _:"""“:‘w“

2023-02-08 3¢ weien -

2023-02-09 (5 wnreare. smronn

2023-02-10 Soecty how vakues shoud e w3l By adaatng Me wden Include adsecnal hm m’m

2023_02_“ pobits over Bio vidor o mosded. Upiate vahas of Sraton ke sl pasod b sabsly tondiors sheve

2023-02-2 *e *

2023-02-13 (i u r

2023-02-4 G, ()G o u...c..::: cuta mn reeded

2023-02-15 Data values should meet cortain conditons. These conditons are listed
2023-02-16 0s 05«<a b sl | O sswsen Below along with whather they are sassfied e viowied. View each and
2023-02-17 O tetan Ut B relevant “Irasaformation” widgets % make adjstments and
2023-02-18 2 — meet e condtions. When ready with all conditons satisfed. contnue
2023-02-19 - 0o had 0.

20230220 e

2023-02-21

2023-02-22 3 1<eB<e10 19302230 Ves @) vn s o1 s o st

2023-02-23 No N

2023-02-24

2023-02-25 [12:00-xcxx L ::::‘:_"ﬁ*m

2023-02-26 3 1<e B <e 10 05000500 Yes T

2023-02-27

2023-02-28 Yes FIE-EXAVINE ASSLPTIONS

2023-03-0V

2023-03-02 2 1< 8 <e10 07:00-09:00 Yes

2023-03-03

2023-03-04 1 05<eB<el 0800-0800 Yes

2023-03-05

Figure 5.11: Individuals need to ensure concept values meet certain requirements. (a) they are informed of
these requirements and whether they are met, and (b) are offered means of addressing the requirements

as in (c). They can proceed to generating their visualizations when must-meet requirements are met.

web application in React with a Flask backend. Visualizations are built with Vega. Below, we

further describe Analyticons objects and system components.

Analyticons: Goal-Aligned Constraint-Embedded Visual Objects

Analyticons are closely tied to information goals (DG4). Each Analyticon corresponds to
an instance, or subtype, of an information goal. Instances are differentiated by the relevant
analytics constructs. For example, there are instances of ‘how do symptoms vary’ for different
types of values (i.e., nominal, binary, ordinal, or numeric) and whether variations are considered

over time (Figure 5.4). An Analyticon has three primary constructs: source constraints, value
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° Upload Data GRAPH PREPARED WITH YOUR DATA!

Data on the left is from: sample.csv

how long do headaches take?

° Enter Question

You would like to know: how long do headaches take?

Choose Chart
The chart is on the right.

Provide Data
Concepts and their associated data are:
duration in [duration] from [Migraine Duration, Start and End Times]

Prepare Data
Prepared values are as follows:
duration —> [duration_plot]

0 Set Up Chart value for duration
Adjustments are: not applicable

Make Chart

The visual representation is on the right.

The visual rep for your data on the right. You can go
back to any step to make changes or start afresh. If revising, you can
make a copy to keep your earlier work. You can also save the current
tab for later use.

Figure 5.12: Visualization prepared for ‘how long do headaches take?’ of the example in Section 5.2.1. The

green banner shows the visualization represents individual’s data.

constraints, and adjustments. Figure 5.13 shows the Analyticon for the example we walked
through in Section 5.2.1, annotated with its constructs. These constructs are defined at the
level of concepts rather than data which allows a wide coverage despite within and between
variations in the records (DG3). Concept level constructs also enable flexible adaptations by
individuals given their knowledge of the data (DG2).

Source constraints get at what data is relevant. In our example, there is a single variable of
interest: duration (of migraines). Additional variables matter for other types of information
goals and their associated Analyticons will reflect that difference. Value constraints are about
how the data should look like. In the example, concept values are expected to be ordinal
categories. Parameterized adjustments are domain-specific special operations. Not all Analyticons
include these operations. The Analyticon in our example has none. Aggregation by time is the
most basic of the special operations given the timeseries nature of data. Different types of

temporal alignment between variables apply given analytics constructs of this particular domain
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[ Analyticon Object source constraints values constraints adjustments ]

- ]

— r | ro= =
Concept Concept Concept Type | 'l Widget | ] Temporal » Temporal 1
—> q Definition Mapping i \Assii t  |Assi ionl (Al I‘—"

i y J CEEreEation _Enmen i
Questions Mapping Source Satisfaction Value Satisfaction Parameterized Adjustments g\ J":‘ & ofvj
&
( LLM ]
"IGtype": { "tag": "IGl", "txt": "how does a symptom variable vary?" },
"IGsubtype": { "tag": "SMP-VAR-TOT-O", "txt": "variations in levels of ordinal categories"},
"assumptions": {
"source": [
{
"tag": "primary",
"explanation": "the concept we primarily care about",
"info": {"status": "UNMET"},

’ source constraints

’
"authoring": [

"tag": "ordinal",
"explanation": "source column contains non-numeric ordinal values",
"info": {"cost": "INF", "on": "primary", "status": "UNMET"}
by
{
"tag": "distinct",
"explanation”: "source column has at least two values",
"info": {"cost": "INF", "on": "primary", "status": "UNMET"}
by
{
"tag": "levelNum5",
"explanation": "source column has five levels",
"info": {"cost": ”100", "on": "primary", "status": "UNMET"}
}
; 1, value constraints
"adjustment": [], adjustments

Figure 5.13: Components of Analyticon system and the Analyticon object of the example in Section 5.2.1.
There is a component for suggesting an Analyticon given data and information goal (i.e., the question),
along with three other components that match Analyticon object constructs: source satisfaction — source
constraints, value satisfaction — value constraints, and parameterized adjustment — adjustments. The
system guides individuals in meeting the constraints and making the adjustments. Some of the system

functionality is powered by LLMs.

and include same-day, lagged, cumulative, and let-down. Put together, each Analyticon is a
combination of different source and value constraints along with adjustments. As individuals go
through the steps for meeting the constraints and specifying the adjustment parameters, their
data is transformed. These transformations take the data from where it is to where it should be
for the visualization addressing the information goal (DG1).

Each Analyticon packages a goal-aligned analysis and makes it available to individuals to

adapt (DG4). This packaging draws on specifics of the data and domain to offer end-users



110

concept-level rather than computational operations typical to computer or data scientist-oriented
tools (i.e., the kind of operations in Table 5.1). The other components of the system provide
additional scaffolding around the analysis steps packaged by an Analyticon (DG1): what-to-do
scaffolding of DG1 is achieved via Analyticon objects and the system guidance from source
satisfaction to parameterized adjustments and how-to-do scaffolding of DG1 is achieved through

the interactions in each of these steps (e.g., via approvals/revisions, transformation widgets).

Mapping Questions to Analyticons

A given information goal along with the individual’s data identifies a subspace of analytical
intents. This subspace is mapped to a set of Analyticons (DG2 - analytics expertise). We
use large language models (LLMs) to match the input (i.e., individual’s question and data
content) to information goals and their subtypes (Figure 5.14). Any information goal relevant
to the input is offered among recommendations for the individual to choose from (DG2 - user
expertise). To allow maximum flexibility (DG3), individuals can browse the full gallery of
Analyticons for selection (Figure 5.6). The top-down approach of starting with a visualization
has been commonly reported in human-centric visual authoring tools (e.g., [116]). Anecdotally,
MigraineTracker study patients demonstrated a similar top-down tendency. Especially when
refining their information goals, they requested visualizations resembling the ones they had

recently seen with new concepts or modifications to the same concepts.

Satisfying Source Constraints

With an Analyticon selected, the system guides individuals through satisfying constraints (DG1)
starting with source constraints. Because Analyticons are structured around concepts, the first
step is grounding the concept. This is achieved through three subcomponents for defining concepts,
mapping them to data, and specifying concept values given the data (illustrated in Section 5.2.1
and Figures 5.8, 5.9, 5.10). These components are driven by Analyticon information (Figure 5.13)
and the individual’s input (DG2). Each subcomponent does one or both of the following: making

inferences and asking individuals to verify and revise as needed (e.g., in concept definition and
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You are a data analysis assistant. You are given the following data and are asked to decide on
the type of analysis given a question. Consider the data content in making the decision. For
example, when asked about the frequency of something happening, any report of it may count
(binary, ordinal, numeric). But when asked about certain changes, binary values may not be
enough. Provide a yes/no response.

data:

{data}

examples:

the question is "how long do headaches last?". Is this question about "how does a symptom
variable vary?" with "variations in levels of ordinal categories"? : yes,

the question is "how long do headaches last?". Is this question about "how does a symptom
variable vary?" with "variations in nominal values"? : no,

the question is "how long do headaches last?". Is this question about "how does a symptom
variable vary?" with "variations in presence over time"? : no,

the question is "how long do headaches last?". Is this question about "how does a symptom
variable vary?" with "variations in levels of ordinal categories over time"? : yes,

the question is "how long do headaches last?". Is this question about "how does a symptom
variable vary?" with "variations in numeric levels over time"? : yes,

the question is "where do headaches hurt?". Is this question about "how does a symptom variable
vary?" with "variations in levels of ordinal categories"? : no,

the question is "where do headaches hurt?". Is this question about "how does a symptom variable
vary?" with "variations in nominal values"? : yes,

the question is "how often do I have migraines?". Is this question about "how does a symptom
variable vary?" with "variations in presence over time"? : yes,

the question is "how long do headaches last?". Is this question about "how is a symptom variable

affected by a factor?" with "same day presence of symptom and factor"?: no

the question is "{question} Is this question about "{IGtype}"™ with "{IGsubtype}"?

Figure 5.14: LLM prompts for assigning Analyticons to questions. The text in blue would be filled
programmatically. ‘IGtype’ has the information about the type of the information goal the Analyticon
object addresses. IGsubtype’ specified the instance of the information goal the Analyticon supports.

mapping, or over values generated given examples), or providing detailed instructions to guide
the individual’s choices (e.g., in specifying periods within concept valuation). Given the emphasis
of Analyticons on concepts, interactions between individuals and system are around concepts.
That is, concepts become the shared units of operation between people and the system, agnostic
to the underlying data (DG3). System inference is driven by LLMs that use information in each

Analyticon along with the data and question to generate answers (Figures 5.15, 5.16, and 5.17).

Satisfying Value Constraints

After relevant concepts are grounded, the system checks if their values meet constraints set by the

Analyticon (DG2 - analytics expertise) and asks the individual to further refine concept values
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You are a data analysis assistant. You are asked to help the user find answers to questions like
"{IGtype}" where {IGsubtype} are considered. You are given the question and asked to complete a
task on it given a data table with the following columns is used to answer the question: {data
columns}. Complete the task in less than 5 words.

Example task and output:
Task: find the symptom concept that the question below asks about.
Question: do I get earlier migraines with poor sleep?: timing

Task: find the symptom concept that the question below asks about.
Question: {question

Figure 5.15: LLM prompts for extracting concepts underlying a question (i.e., an information goal). The text
in blue would be filled programmatically. IGtype’ has the information about the type of the information
goal the Analyticon object addresses. ‘IGsubtype’ specified the instance of the information goal the
Analyticon supports.

if needed (DG2 - user expertise). In the example of 5.2.1, these constraints require values to
be ordinal with at least two distinct levels (Figure 5.11, a). These are must-meet constraints
and are identified by red circle warning sign given the cost associated with violating them is
infinite (Figure 5.13). The other constraint of the example (having five different levels), identified
by orange triangle warning sign, has a finite cost and the final visualization is valid even when
this constraint is not met. The system also informs individuals when a certain constraint cannot
be met (e.g., the data is binary whereas ordinal values are expected) and requests the user to
consider revising their concept grounding (DG1). Constraints related to types of values depend
on determining the type of values, which uses LLMs when deciding if values are nominal or
ordinal categories given the flexibility of these types. All other data types (i.e., binary, numeric,
time, time range, and text) are assigned via traditional programming.

When constraints are violated, the system automatically identifies the types of
transformations needed, assigns the interactive widget that can help the user define the
transformation, and initializes the widget as needed (DG1 and DG2). In the example, the system
provides a slider to help the individual with numeric to ordinal transformation (Figure 5.11, b).
Transformations should be specified in each period because value types may vary in different
periods of time. This is most relevant when patient recording evolves within one column and

they record values of different types in different periods of time (DG3).
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You are a data analysis assistant. You are asked to help the user find answers to questions like
"{IGtype}" where {IGsubtype} are considered based on a data table with the following columns:
{data columns}. You will be given user's question and a concept of interest in the question. You
will consider the data columns and their content to suggest the columns to use for the concept.
The answer is usually one column but sometimes multiple columns should be used. If the answer
multiple columns, separate them by commas. No duplicates are allowed. Make sure each column
exists in the data table.

Example:
Given data for columns Migraine, Peak Migraine Severity, Nausea, Migraine Start Time, Light
Sensitivity, Migraine End Time
data:

Migraine: [Yes, No]

Peak Migraine Severity: [2, nan]

Nausea: [Yes, No]

Migraine Start Time: [12:00, nan]

Light Sensitivity: [Yes, No]

Migraine End Time: [18:00, nan]
What columns to use for timing?: Migraine Start Time, Migraine End Time
Given data for columns Migraine, Peak Migraine Severity, Nausea, Migraine Start Time, Light
Sensitivity, Migraine End Time
data:

Migraine: [Yes, No]

Peak Migraine Severity: [2, nan]

Nausea: [Yes, No]

Migraine Start Time: [12:00, nan]

Light Sensitivity: [Yes, No]

Migraine End Time: [18:00, nan]
What columns to use for migraine?: Migraine

Given data for columns {data columns}
data:

{data}

what columns to use for {con

Figure 5.16: LLM prompts for mapping concepts to relevant columns of data. The text in blue would be
filled programmatically. ‘IGtype’ has the information about the type of the information goal the Analyticon

object addresses. ‘IGsubtype’ specified the instance of the information goal the Analyticon supports.

Making Adjustments

Some Analyticons incorporate special operations common to the information goals and their
analytics constructs (DG4). These include temporal aggregations and alignments. The former
is relevant to Analyticons representing variations over time and is parameterized by the unit
of aggregation. The default is month with additional options for weekday, day of month,
week of month, and season. These options come from participant needs in MigraineTracker
study. Temporal alignment is relevant to Analyticons linking symptoms and treatments or

contributors and has multiple types. The default is the same-day alignment with no parameters,
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You are a data analysis assistant. You are asked to assign a value to {concept} to answer
{guestion}. Output the value only.

Examples

given [{columl 1}: {valuel 1 | {colum2 1}: {value2 1} | ... {columN 1}], what's the value of
{concept}?: {valueN 1

given {columl 2}: {valuel 2} | {colum2 2}: {value2 2} | ... {columN 2}], what's the value of
{concept}?: {valuel }

given [{columl 3}: 3luel 3} | {colum2 3}: {value2 3} | ... {columN 3}], what's the value of
( pt}?: {valueN B B B B

given [{columl }: {value } {colum2 }: {value2 } {columN }], what's the value of

{ ept}?

Figure 5.17: LLM prompts for generating values given examples. The text in blue would be filled

programmatically.

which considers the co-occurrence of the two variables. Other types are lagged (one variable
occurring within n days of the other), cumulative (one variable occurring when n or more
days of the other happen consecutively), and let-down (one variable occurring after n or more
consecutive days of the other is followed by its absence). These are all parameterized by the
number of days (i.e., n), allowing individuals the flexibility of considering various options in the

data rendered in the visualizations.
5.3 Representative Analyses

Analyticons support a wide range of analysis, despite high between and within variations in
information goals as well as the structure and semantics of data, which arise due to individual
differences or goal evolution. Individuals can define concepts over one or more rows and columns,
as needed for their goals. They can also transform values with simple interactions. This section

illustrates these capabilities.

5.3.1 How Long Are My Migraines?

We demonstrated that Analyticons successfully supported analysis for different ways of recording

duration in Section 5.2.1. In the example, Analyticons enabled analysis despite within variations
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Date duration_plot Start and End Time Migraine Duration
2023-01-24

2023-01-25
2023-01-26 1<=8&<=10 4
2023-01-27
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2023-02-25 consider " * (blank):
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2023-03-03

2023-03-04 0.5<=8&<=1 08:00-09:00 @ dismissed
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how long do headaches take?

value for duration

splitting points: = 0.5 1 10 24 | 4
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Figure 5.18: Analyticons supported PT10, who recorded duration information as hours as well as start and
end times in separate columns. She was able to bin the information according to her needs and different
from PT08 in Figure 5.19.

due to goal evolution, where the person changed recording from one column to another and
reported duration as a time range rather than hours. Figures 5.18 and 5.19 show handling similar
between variations (i.e., variations across individuals). Note that preferences varied for levels of
duration to visualize (Figure 5.18 vs. Figure 5.19).

People can approach the same question differently. For example, they can look at duration
values over time by choosing a different Analyticon (Figure 5.20). They can also consider a
different concept of duration: episode durations. Running with the same example of Section 5.2.1,
the person can demonstrate the concept of episode length over consecutive rows of migraine
presence then plot this new concept (Figure 5.21). Note that both the columns with relevant

information and the concept valuation are very different from the original analysis.
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Figure 5.19: Analyticons supported PT08, who recorded duration information as time range under

‘Migriane’ column. She was interested in binning duration differently compared to PT10 in Figure 5.18.

5.3.2 How Bad Are My Migraines?

Analysis of severity is possible through a very similar set of Analyticons. Although concepts are

different, the same analysis applies. Because Analyticons are defined over concepts, they can

handle the analysis. We thus use this section to highlight a different aspect of Analyticons: they

offer simple interactions so individuals can prepare their data consistent with their knowledge

and needs. We briefly showcased one such interaction above in transforming numeric values

to ordinal categories using adjustable sliders. Individuals can also dismiss parts of their data

as they see fit (Figure 5.22). This was desired in several ways when working with severity
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"IGtype":
"tagh:
"txt":

by

{
"IG1",
"how does a symptom variable vary?"

"IGsubtype": {

how long do headaches take?

"tag": "SMP-VAR-TIM-N",
"txt": "variations in numeric levels over time"
by
"assumptions": {
"source": [
{
"tag": "primary",
"explanation”: "the concept we primarily care about",
"info": { "status": "UNMET" }
}
1,
"authoring": [
{
"tag": "numeric",
"explanation": "source column contains numeric values",
"info": { "cost": "INF", "on": "primary", "status": "UNMET"
by
{
"tag": "distinct",
"explanation": "source column has at least two values",
"info": { "cost": "INF", "on": "primary", "status": "UNMET"
}
I
"adjustments": [
{"time": "month"}

]
}
}

Figure 5.20: Representation of PT10’s data as reports of duration over time. The Analyticon object that

enabled this representations appears on the right.

information. Patients sometimes recorded the severity of any headache but considered reports

above a threshold to be migraines. They can change what records are considered as migraines by

filtering out those below a certain value (Figure 5.22, a). People can also have their individualized

outlier removal as was the case for PT06, who removed reports of 0 as outliers (Figure 5.22, b).

5.3.3 Where Do My Migraines Hurt?

In addition to introducing a new Analyticon object, this example shows Analyticons support

goal evolution when recording changes from one column to multiple other columns. Analyticons

enable this analysis by allowing concept valuation in each period independent of others and by

enabling flexible value specification, including those over multiple columns (Figure 5.23).
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Date Migraine duration Date Migraine duration “ howlong do headaches take?
2022-06-28 Yes 1 [2022-09-12 Yes T )

2022-06-29 2022-09-13

2022-06-30 2022-09-14 ©
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2022-07-06 No 2022-09-20 o : ’— —
2022-07-07 Yes 1 2022-09-21 Yes 6 g 7 g
2022-07-08 No 2022-09-22 Yes vaue forduration

2022-07-09 2022-09-23 Yes

2022-07-10 2022-09-24 Yes

2022-07-1 Yes : 2022-09-25 Yes

2022-07-12 2022-09-26 Yes

2022-07-13 No 2022-09-27

2022-07-14 2022-09-28 Yes 1

2022-07-15 2022-09-29

2 b

Figure 5.21: It is possible to consider duration of migraine episodes instead of daily migraine durations.
PT10 can use the same analysis process for this new information goal. (a) examples demonstrating episode
length from reports of migraine presence. (b) automatically generated values for episode duration. Note

the ability to define multi-row concept values. (c) new visualization of migraine episode duration.

5.3.4 How Frequent Are My Migraines?

Figure 5.24 shows a new Analyticon and demonstrates the case of handling goal evolution
when recording changes within one column: migraine presence reports change from “Yes’/'No’
with occasional missing data to ‘Yes’/blank where blank means no migraines. Leveraging her
knowledge of when she decided to report differently, the person can use simple interactions
to disambiguate blank entries (Figure 5.24, a). She can also adjust the temporal aggregation

parameter to her liking (Figure 5.24, b).
5.4 Discussion

We examined data analysis needs and process in working with heterogeneous personal data to
address a variety of information goals in the context of chronic conditions. We identified key

analytics constructs and the relevant design goals that informed Analyticons, an end-user data
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Figure 5.22: Interactive widget enable individualized support for such task as data filtering and outlier
removal. (a) PT05 wants to only considers reports of pain above 5 as migraines. (b) PT06 considers reports

of zero for migraine severity as outliers.

analysis architecture that represents analysis as constraint satisfaction and adjustments over
concepts. Instantiating this architecture with a system powered by LLMs, we demonstrated
Analyticons utility in transforming data, step-by-step, from where it is to where it should be
to generate goal-aligned visualizations despite high between and within variations in data
and information goals. This was achieved by connecting information needs to concepts and
visualizations, connecting concepts and visualizations, and leveraging the specific requirements
of those visualizations to constrain the data as it relates to the concepts. Exposing the
constraints to individuals would allow them to bring in their understanding of the the data and
adapt the analysis to their needs. Analyticons system thus combines individual expertise in their
own data with analytics expertise as embedded in Analyticon objects and system workflow, and
as powered by LLMs. As a result, individuals would have control over the analysis, a capability
other research has emphasized (e.g., [82]). Moreover, scaffolding of people’s efforts comes as
guidance over the steps to take as well as the support in taking them, going beyond what has
often been the focus of data analysis tools (e.g., [93, 192, 115]). Below, we further consider
Analyticons system capabilities and implications of expressing analysis in terms of concepts,
constraints, and adjustments (e.g., the new capabilities it makes possible, Section 5.4.1), point

to the value of a domain-specific understanding of data analysis in the design and evaluation
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160 {
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120 "info": { "cost": "INF", "on": "primary", "status": "UNMET" }
] b
H {
g-o‘ "tag": "levelNum5",
0 "explanation": "source column has five values",
"info": { "cost": "100", "on": "primary", "status": "UNMET" }
| }
20| ]
. by
T "ad- ments":
& 5 adjustments []
j‘ }
value for location

Figure 5.23: PT04’s recording of migraine pain location changed from free-form text to reporting ‘Yes’
under designated location columns. He can obtain location values despite this one-to-many evolution in

the recording. Analyticons can handle concepts defined over multiple columns.

of personal informatics tools (Section 5.4.2), and highlight ways Analyticons approach can be

extended (Section 5.4.3). We also reflect on the limitations of Analyticons (Section 5.4.4).

5.4.1 Concepts and Constraints Represent End-User Data Analysis

In Analyticons, we explored a novel representation of the analysis process in terms of concepts,
constraints, and adjustments. This representation unlocked important capabilities (e.g., data
designation, disambiguation, and transformation) in handling high variability in data structures
and semantics as well as information goals. Individuals had the ability to adapt the same
underlying analysis to a variety of concepts and could do so despite goal evolution. Overall,
this representation supported effective goal-directed design. It enabled affordances for

the key requirements of evolution and alignment [174]. We further consider the value of
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Figure 5.24: PT06 can handle different semantics for blanks. (a) she dismisses blanks as missing data before

‘2022-12-20’. (b) she considers blank as absence of migraine after ‘2022-12-22". She can view the frequency

of her migraines using the relevant Analyticon.

this representation: how its structuring of analysis around concepts and constraints made

Analyticons possible and what additional opportunities it points to.

Concepts are at a higher level of abstraction than data and disentangle the analysis process

from low-level variations of the data. In combination with constraints and adjustment, which

allow actions on the concepts, they make it possible to offer more end-user friendly techniques in

dealing with complex and tedious tasks (e.g., imputation, outlier handling, slicing, splitting) or to

hide them altogether (e.g., aggregation, temporal alignment). This was illustrated in the code-free
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interactions of Analyticons for a range of common personal data analysis tasks. In addition to
providing useful abstractions, concepts are mediums for higher user involvement and control, so
they can align the system with specific needs. These benefits can form the basis for supporting
other capabilities. For example, concepts can be leveraged in collaborative analysis settings with
clinicians where they bring in their expertise in refining the concepts and thus the analysis. Or,
tools can include concept-level error checking based on common ground or medical knowledge
to help individuals address data entry errors (e.g., typo entering 10 instead of 1 for medication).
In both cases, concepts help leveraging other forms of expertise.

Use of constraints along with a variety of elements has long been appealing in building
end-user tools. The most successful examples are the use of geometric constraints over
interface elements for layout purposes (e.g., as in Sketchpad [185]) and the use of equation
constraints over data elements in spreadsheets [143]. Analyticons explored the applicability
of constraints for data analysis purposes over a different type of elements (i.e., goal-aligned
concepts). This technique proved useful for the specific and limited domain of our exploration,
with similar benefits of enhanced user involvement and higher degrees of control reported
elsewhere (e.g., [85]). Our use of constraints was simple and there are other opportunities to
leverage them to bring additional analytics expertise. For example, their declarative nature
makes them a reasonable avenue for such tasks as guiding individuals through examining
internal record inconsistencies and addressing them.

In stepping back and considering how Analyticons were informed by a careful examination
of domain-specific analysis tasks for personal data, we can consider the representation of
analysis based on concepts and constraints as a way of formalizing domain-specific analysis
knowledge for broad application within the domain. Constraints and other constructs within
Analyticon objects highlight building blocks for different analysis. As Analyticons are expanded
to cover other analysis, these building blocks can become part of a domain specific language for
expressing analysis, paralleling efforts in adjacent areas (e.g., visualization authoring) but doing

so for analytics needs of a domain.
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5.4.2 Goal-Based Characterization of Data Analysis as a Evaluation and Translation Resource

The categories of information goals and the analytics constructs relevant in supporting them
provide key requirements to consider in building new personal data tools. This knowledge points
to areas for further design and research exploration and offers a principled approach to effectively
leveraging emerging technologies (e.g., LLMs). Analyticons illustrated one way of building up
on this knowledge but designers can examine other scaffolding techniques for specific goals or
analytics constructs.

Past work on design resources for health system design emphasizes the need for making
research recommendations accessible to designers in decision-making across contexts and health
conditions [106]. In this spirit, the information goals and constructs we identified can become
part of a translational resource, particularly in designing for reflection and in considering what
and how individuals can learn from their data. Such a resource can encourage designers to take
into account the relevant information needs and make research-backed decisions. For example,
designers can review the list of constructs and choose the most relevant. A windowing construct
is less relevant to a design for self-experimentation, whereas a thresholding construct is more
relevant and should receive additional attention in the design.

This resource can also be used to examine how well existing tools support analysis and in what
ways they can be improved. More broadly, the information needs we surfaced should be part of
evaluating tools for insight discovery. With the increasing interest in automatic or Al-augmented
insight discovery, it is particularly important to consider our findings in curating evaluation
benchmarks, including those for LLM agents. For example, efforts for building benchmarks for
agents specifically designed to support personal health data exploration (e.g., [128]) should be
complemented by our findings to ensure these agents can address inquiries people commonly

ask in chronic condition management.
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5.4.3 Extending and Expanding Analyticons

We explored Analyticons architecture with one of many potential instantiations of it. As an
architecture, Analyticons offers both compositionality and extensibility. As to the former, other
implementations can be used for exposing and satisfying constraints. These include new widgets
and interactions around them, inference engines other than LLMs, or different interaction models.
For example, instead of this step-by-step interaction model, one can use a ‘repair’ model where
the system performs the first round of analysis then guides individuals in correcting wherever its
assumptions and inferences mismatch that of the individual needs and knowledge. This model
would require innovation in scaffolding techniques to guide users on ‘where to go back’ as well as
‘how to make fixes’. As to extensibility of the architecture, additional Analyticon objects can be
used for analysis so long as they express the analysis as concepts, constraints, and adjustments.
Ideally, we can imagine a store of Analyticons where individuals can browse and obtain new
packages of analysis for their data. Such a store can make recommendations given the individual’s
information goal and then allow them to download the Analyticon object to plug and play the
relevant analysis in their analysis system.

The utility of Analyticons for simple isolated analysis flows provides the confidence to
further examine whether and how it can enable multi-analysis flows and iterative authoring,
dashboard creation, inclusion of additional analysis expertise (e.g., statistical analysis) or
visualization support (e.g., by leveraging approaches like DynaVis [186]). These are important
open problems to address in designing personal informatics tools that are grounded in
people’s experiences. As we so far explored with Analyticons, representing analysis process
around concepts and constraints can improve support. It can additionally point to areas for
further support. For example, Analyticons highlighted points of interaction where powerful
computation could augment individuals without compromising their agency. We expect
Analyticons to similarly lead to effective ways of leveraging LLMs and other forms of

computation to scaffold people’s tasks.
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5.4.4 Limitations

We supported a wide though incomprehensive set of analyses and used simple implementations
under the hood. This was partly because our efforts were focused on exploring and demonstrating
the core idea rather than rigorously investigating and optimizing it. The former informs the latter.
This work should thus be considered a sketch highlighting what can be accomplished and not how
it can be accomplished [68]. Moreover, we emphasize that our claim is not that any and all analysis
can be expressed within this architecture. It is important to establish the expressive power of this
technique. Finally, we created each Analyticon based on design goals and through an iterative
process of applying them to different cases and improving the designs. As our understanding of
analysis tasks in the domain grows, it is also important to investigate more principled ways of

developing the objects themselves.

5.5 Contributions to Thesis

In this chapter I introduced Analyticons for data analysis within the goal-directed design
framework. Analyticons is an architecture based on constraint-embedded visual objects that
enable end-users to analyze their heterogeneous personal data for diverse information needs.
Representing analysis through concepts, constraints, and adjustments, it provides means of
handling high between and within variability that would allow individuals to align data analysis
to their diverse and evolving needs. Analyticons combine system expertise and user expertise:
the system offers various forms of scaffolding to guide individuals through the analysis process
while individuals can use their unique knowledge and understanding of the data and their needs

to control and adjust system behavior.
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Chapter 6
DISCUSSION

I demonstrated goal-directed design of personal informatics tools can further realize the
potential of personal data for health. MigraineTracker, a novel tool designed around explicit
representation of goals, showed that goal expressions and structuring the experience around
these expressions can improve planning, collecting, analyzing, interpreting, and acting on
personal data. I also identified key requirements for successful goal-directed design: as goals
become the first-class design material, we need to support alignment of different types
of goals with each other and with the system functionality, and in doing so we need to
account for goal evolution in direct relation with reflection on the experiences and the goals. I
explored techniques for addressing these requirements in WoNoB and Analyticons. WoNoB
leveraged self-regulation techniques to support reflection in planning goal-directed actions
under competing demands and changing contexts. Analyticons introduced an architecture
for goal-aligned data analysis that accounts for goal evolution. These projects collectively
support my thesis statement: personal health informatics systems with explicit representations of
an individual’s goals can scaffold planning, collecting, analyzing, interpreting, and acting upon
personal data. Below, I reflect on this work to highlight implications of goal-directed design in
addressing a fundamental challenge of HCI: making systems that people with diverse needs can

use in different circumstances. I also point to open design problems for future work.
6.1 Avenues for Supporting and Advancing Goal Representations

System functionality of MigraineTracker, WoNoB, and Analyticons was built around explicit
representations of goals. However, not all goal types were equally represented across these

systems. MigraineTracker allowed individuals to choose such goals as monitoring symptoms
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or learning about relations between symptoms and treatments or contributors. These goals
corresponded to the ultimate management goal of improving symptoms. Patients then aligned
relevant information and tracking goals with these management goals as they configured
the app and reviewed their data. Management and tracking goals were explicitly included
within the app: management goals as specific selections from a list and tracking goals as
app configuration. Although information goals guided preparation of data summaries and
visualizations, they were less explicit within the design. WoNoB asked individuals to express
work-nonwork balance management goals that were specific, measurable, attainable, relevant,
and time-bound (i.e., SMART) then offered implementation intention and mental contrasting
guidance around high level information goals regarding an individual’s current and desired
work-nonwork balance state and opportunities for actions. Tracking goals were minimally
represented as the set of activities and whereabouts the individual could report. Analyticons
leveraged the information goals in guiding individuals through the analysis process. It did not
explicitly include tracking or management goals.

The differences across these systems highlight the importance of examining specialized
solutions that are better suited for different goal types. They also point to the need for devising
seamless navigation among these solutions as goals are aligned across different types/classes.
For instance, we need solutions to better map various devices and sources of data to different
tracking goals, tracking models, and data models (e.g., individuals should be able to easily
incorporate data from phone sensing or a Fitbit for the desired tracking goal of sleep duration.
Similarly, they should be able to change their source of data with ease, or combine data
sources). Expanding on prior work (e.g., [105]), we need a new layer of abstraction to enable
such interactions. This additional layer provides a shared representation for plugging and
playing different data sources without affecting downstream information or management
goals and systems built around them (e.g., Analyticons should work with Fitbit sleep data as
seamlessly as self-reported sleep data from MigraineTracker). Navigating among solutions and
connecting them with each other needs support too. For example, how to take insights surfaced

by Analyticons directly back to MigraineTracker and its configuration? What interactions



128

are relevant? Integration and alignment with external systems is generally important. As
people pursue a management goal, how can they adjust the behavior of other applications
to align with that goal? For example, how to change the Calendar app around meetings to
improve work-nonwork balance? Or, how to adjust Apple’s Fitness app to encourage slowing
down when physical activity triggers symptoms? As with abstracting away across devices
and data sources described above, we need shared and intermediate representations to enable
cross-application communication and alignment around goals.

The three systems I introduced were all early stage probes into goal-directed design and thus
considered goals within limited scopes. It is, however, important to more deeply consider goals
and bring the wealth of decades of research in psychology and HCI in how goals are represented
and used ([9, 56, 199]). For example, there are hierarchies within each class of goals, particularly
management and information goals (e.g., improving symptoms by first monitoring them and
learning their relation with other factors). What would it mean to consider these hierarchies in
goal representations? How would those hierarchies influence alignment of different goal types?
Goals are also characterized by several dimensions (e.g., importance, difficulty, or temporal range).
It is important to incorporate these characteristics in the way goals are represented and used in

personal informatics systems.
6.2 Goal-Directed Design to Enable Control and Alignment

As individuals approach a system, including personal data systems, they bring a range of goals.
The common practice is for designers to assume certain goals then build the systems to address
those goals. In this approach, goals are implicit in the design. With no explicit representation of
goals, each system is oblivious to the broader space of goals. It primarily supports the goals
it was originally designed for. People who have and maintain the same goal receive support.
Others who have different goals or whose goals change cannot adapt and appropriate the
system. In the absence of goal representations, systems remain rigid; they do not have the
means to offer alternatives (Figure 6.1, a). In contrast, goal-directed design approaches design

through goals and their explicit representation. In this approach, goal representations are used
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Figure 6.1: Common design practice (a) and goal-directed design (b) in their representation of goals and
the role designers play. Common designs do not often include explicit representation of goals. Designers
make assumptions about goals and embed in the system. Users cannot pursue other goals. Goal-directed
design builds on explicit goal representations to allow users to control the systems and align them to their
needs. Designers offer means for users to choose and adjust their goals. Goal-directed design thus provides

support to more users.

to structure the experience and system functionality. Rather than being oblivious to the goal
space, systems capture a subspace of goals (Figure 6.1, b). Leveraging goal representations,
designers can empower individuals to control the system functionality and align it to their
diverse needs. Systems no longer correspond to limited and fixed points of the goal space. Each
individual decides what points in space a system presents an any given time for their needs.
They can also navigate between them, all of which draws on explicit goal representations. A
designer’s role in goal-directed design is to create representations of the goal subspace and

devise control and alignment mechanisms that endow individuals with the ability to pick
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relevant goals and navigate between them. I recognize that any system captures part of the goal
space. Goal-directed design makes that subspace explicit and thus highlights where additional
appropriations and expansions are needed (e.g., by extending goal representations and how they

drive system functionality).
6.3 Goal-Directed Design to Support Health Informatics

Goal-directed designs give individuals the ability to appropriate and adjust tools to their health
needs. It can also enable a number of other much-needed capabilities in the health context.
As a framework, it can guide various aspects of patient support (e.g., in how such support is
structured). One example is patient coaching. We can use goals to decide where coaching is
needed and what it needs to achieve, then explore techniques (e.g., using Al) for delivering it.
Moreover, we can explore how goals can become a shared representation to facilitate navigation
and information sharing across apps so that personal data activities will no longer be siloed in
separate and disjoint apps with poor integration (similar observations discussed in Section 6.1).
This can be very helpful in the context of chronic conditions, where comorbidities are common.
Currently, individuals are often forced to use different apps that are disconnected, even though
their conditions are connected. If designed around goals, information for one condition will be
available in considering others. No duplication of efforts and no artificial separation of concerns.
This would involve exploring ways goals can enable better data management, sharing, and access
while maintaining security and privacy. This spans the use of different platforms (e.g., phone
vs. desktop) across care settings (home, work, clinic). With goal-directed design, we can also
account for the multi-stakeholder context of care and facilitate communication and collaboration
among stakeholder (e.g., clinicians, caregivers, family). For example, we can examine how goals
can enable collaborative data analysis in patient-clinician interaction or if they can facilitate

experience sharing among patients.
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6.4 Goal-Directed Design as a Malleable System Design Approach

It has long been recognized that designers cannot create a design that comes with pre-built
functionality to meet the many diverse needs individuals bring to a system [94] and that
systems should instead allow individuals to adapt and appropriate them to their needs [58]. Past
work on malleable interfaces introduces different methods and techniques for achieving this
objective (e.g., [102, 94]). This work often relies on creating novel representations that form
new conceptual models for building adaptable functionality. For example, one can represent
overview-detail design pattern along key dimensions of layout, composition, and content,
then enable individuals to manipulate any instance of overview-detail along those dimensions
to allow malleability [130]. My work on goal-directed design adds to this body of work.
Goals introduce a new layer of abstraction, which in turn provides a basis for mechanisms
of adaptation and appropriation as I demonstrated in the previous chapters. They provide a
framing to guide where to seek new representations and what capabilities those representations
should enable. This way of approaching the creation of representations is particularly suited for
such settings as personal data where activities and the accompanying interactions are not as
fully-understood as interface design patterns. In these settings goal-directed design can help us
identify the fundamental building blocks of the systems and explore the space of interactions to

express and combine these blocks.

6.5 Conclusion

I argued that designing health informatics tools around explicit representations of individual
goals can help address challenges in planning, collecting, analyzing, interpreting, and
acting upon personal data. I supported this argument by introducing three systems. In
MigraineTracker, I showed tools which elicit an individual’s goals can support highly
personalized tracking (e.g., what, when, and how to track) and sense-making (e.g., what data
to present and how). I also identified key requirements of goal-centered design: enabling

alignment of goals and system functionality, accounting for goal evolution, and facilitating
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reflection. In WoNoB, I explored the design for reflection. I leveraged goal pursuit techniques
to enable reflection on personal data toward effective actions, despite changing contexts and
competing needs. In Analyticons, I explored the design for alignment and evolution with a focus
on data analysis. I introduced constraint-embedded goal-aligned visual objects that scaffold
end-user analysis of heterogeneous personal data. My work demonstrates the importance of
accounting for goals in designing tools that meet the diverse needs their users bring to them.
It also points to directions for exploring additional capabilities that support decisions and

workflows in selecting, obtaining, interpreting, and acting on data.
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