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Abstract

Enabling At-Home Health Interventions with Personal Health Technologies

Richard Li

Co-Chairs of the Supervisory Committee:
James Fogarty
Shwetak Patel

Computer Science & Engineering

While the growing ubiquity of personal health technologies holds promise for supporting healthier

lifestyles, many of these technologies currently focus on data collection, with limited support

for translating that data into meaningful action. In this dissertation, I will illustrate how design-

ing these technologies for the challenges of at-home, longitudinal use can enable novel health

interventions. First, I will introduce Beacon, a system for self-measurement of cognitive function,

and how it can be used to support patients in adjusting their medication dosage. Then, I will

demonstrate how ExerciseRx, an interactive movement feedback system, promotes exercise in

patients and enables them to monitor their progression in movement quality. Finally, I will show

how PARX builds upon ExerciseRx and closes the gap between patients and healthcare providers

by enabling providers to generate and tailor exercise plans to individual needs. I will conclude

by discussing on-going work in translating each of these projects into the real world as well as

overarching lessons learned from developing and deploying personal home health technologies.
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Chapter 1

Introduction

A century ago, most doctor visits in the United States were house calls; doctors would visit

patients in their homes and treat them there. The main concern of the time was acute diseases,

such as tuberculosis or polio. However, through public health interventions such as vaccines and

sanitation, deaths from infections dramatically reduced. Doctor attention then shifted to chronic

diseases, such as diseases or neurodegenerative conditions. Through this transition, doctors also

became more specialized and began using more specialized equipment. The rise of specialization

began to reverse the relationship between doctor and patients; patients increasingly began to

visit doctors in specialized clinics and hospitals, which housed specialized equipment. By the

2000s, this model had become the norm. However, this transition also puts increased pressure

on the healthcare system. Specifically, chronic conditions require continuous monitoring and

long-term management, which are poorly supported by hospital-based healthcare models [37, 4].

This specific flaw was particularly exacerbated by the COVID-19 pandemic, when patient need

for sustained treatment overwhelmed hospitals [42]. Projections show that these conditions will

only continue to worsen; chronic conditions are increasing, and an aging population will face

multi-morbidities [124].

1
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Many research and commercial efforts have developed personal health technologies in support

of patients with chronic health conditions. However, despite the plethora of data generated by

these technologies, patients still struggle to derive value from these technologies as shown by

their abandonment of these technologies [38, 39]. Patients have cited that they find it challenging

to align the data produced by a given piece of health technology and their own health goals [24].

Patients have also described that they struggle to collaborate with their healthcare providers

around these technologies [25]. There is thus an opportunity to design personal health technologies

that are precise to a condition and can support multiple stakeholder relationships.

In my research, I aim to support individuals with chronic conditions through personal health

technologies that deliver new models of care for patients and their providers and caregivers.

Towards this end, I discuss the development of three systems that demonstrate this goal: (1)

Beacon, a system to support chronic liver disease patients in self-monitoring their cognitive

function; (2) ExerciseRx, a system to provide patients with chronic conditions with feedback

on their movement while exercising; and (3) PARX, a system to enable healthcare providers in

generating and tailoring exercise instructions to individual patient needs. Each of these systems is

deployed in longitudinal use by the target patient population to understand their lived experience

in integrating such technologies into their everyday life.

1.1 Thesis Statement

My dissertation research demonstrates the following thesis statement:

Designing and deploying novel personal health technologies for the challenges of at-home

longitudinal use can enable and inform new data and models of care for patients, caregivers, and

providers.
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1.2 Thesis Overview

My dissertation mainly makes contributions in the form of three artifacts, while secondarily

contributing design implications based on empirical findings.

In Chapter 2, I review the related work in health and human-computer interaction and

ubiquitous computing and then present the medical context for the projects in my dissertation. I

first discuss the space of health research in human-computer interaction and ubiquitous computing

and how I position the contributions of my work relative to this space. I next describe related

work specific to the challenges of my dissertation projects, including prior work deployed in home

settings and prior work that has studied the role of multiple stakeholders in patient care. I then

provide the medical context for Beacon by introducing the chronic liver disease patient population:

discussing what makes their condition difficult to diagnose and support, and describing the current

standard of diagnosis and care. I finally provide the medical context for ExerciseRx by reviewing

the literature on physical activity, particularly as it pertains to two patient populations: individuals

with cerebral palsy and individuals with bladder cancer.

In Chapter 3, I introduce Beacon, a system that enables chronic liver disease patients to

self-administer criticial flicker frequency (CFF) tests to monitor their cognitive function. As part

of my dissertation’s demonstration of my thesis statement, in this chapter I show:

1. Technical contributions required in iterating on Beacon’s form, electronics, and software,

motivated by the need to scale from a proof-of-concept research prototype to enable clinical

validation and at-home patient data collection.

2. Validation of the CFF measurements produced by Beacon in a clinical setting with chronic

liver disease patients.

3. Evidence of the feasibility of patients in taking measurements longitudinally in home
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settings.

4. Qualitative patient experiences in using Beacon as part of daily life, and findings from

interviews with patients and hepatologists on the overall efficacy of using Beacon in clinical

and at-home practice.

In Chapter 4, I introduce ExerciseRx, a system that provides patients with feedback on their

movements while exercising and enables patients to track their progress in completing exercise

routines. As part of my dissertation’s demonstration of my thesis statement, in this chapter I

show:

1. Formative work in needs-finding based in interviews with patients from the cerebral palsy

and bladder cancer populations to understand the role of exercise in their lives.

2. Technical contributions required in iterating on ExerciseRx’s sensing, machine learning,

and app front-end, motivated by the need to enable at-home patient deployments and scale

across multiple patient populations.

3. Evidence of the feasibility of patients in sustained use of the ExerciseRx app to facilitate

completing exercise sessions.

4. Qualitative patient experiences in using ExerciseRx as part of daily life.

In Chapter 5, I introduce PARX, a system that supports healthcare providers in generating and

tailoring an exercise plan to individual patients using natural language interaction. This work is

motivated by my experience in ExerciseRx and identifying a significant gap in the relationship

between patient and provider; this project fills this gap, making scaling ExerciseRx up more viable.

As part of my dissertation’s demonstration of my thesis statement, in this chapter I show:
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1. Insights from collecting a dataset of fine-grained text instructions paired with photographic

exercise instructions.

2. Technical contributions in designing an agentic workflow for enabling generating and

editing human motion animations using natural language queries.

3. Findings from a technology probe with healthcare providers interested in prescribing

exercise plans for their patients and feedback from their experience using the system.

In Chapter 6, I reflect on my work conducting translational, multidisciplinary research,

discussing themes that span all three projects. These themes include: (1) the circular (i.e., “chicken

and egg”) problem in investigating novel data sources, and motivating patients in collecting

data of unknown value; (2) the contrast between developing systems general-to-specific versus

specific-to-general; (3) the nature of collaborations between engineering and medicine, and the

different forms of research contribution between these fields; and (4) challenges in translation,

particularly in health technologies.



Chapter 2

Background

2.1 Health in HCI and UbiComp

My work draws on and contributes to the literature in using technology to move clinical and

health measures into the home, including the benefits and design challenges. Here I first provide

background information on health research in the broader HCI and UbiComp literature. I then

review the related work in moving health technologies into home settings and the implications

for stakeholders in this process.

2.1.1 Background

Health research in HCI and UbiComp includes many styles of work, spanning participatory design

through building technical systems. Work in the latter category includes designing, building,

and evaluating systems for advancing healthcare. Such systems have allowed researchers to

investigate areas such as new sensing and measurement techniques [11, 2, 122], actuation [134,

89, 31], and health tracking [59, 60, 65]. The work I will present in this dissertation falls under

sensing and health tracking techniques. Other work in these areas include systems that have been

6
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built to explore tracking vital signs [40, 105, 48, 131, 92, 47], monitoring chronic conditions [69, 32,

68, 101, 59], and screening for acute conditions [94, 127, 123, 28, 85]. This dissertation presents

contributions specifically in deploying systems that leverage sensing into patient homes in support

of new models of care for patients and their providers and caregivers.

2.1.2 Personal Health Technologies in Home Settings

As healthcare technology evolves, the ability to monitor health conditions outside of traditional

clinical environments has become increasingly feasible through the availability of smartphones [67]

and wearables [113]. In many cases, this involves the adaptation of well-established measures,

such as blood pressure [62, 129], body weight [61], core temperature [128, 16], and spirometry [71,

43], to be taken outside of the traditional clinical environment. This process can afford several

benefits, including mitigating reliability confounds and increased measurement resolution in

timing.

Taking measures outside of the clinical environment can mitigate potential influences, such as

anxiety, that affect reliability of health measures taken in these settings. In the context of blood

pressure, this phenomenon is referred to as white coat hypertension, in which patients exhibit a

higher blood pressure due to being in a clinical setting, or masked hypertension, in which patients

exhibit a seemingly normal blood pressure in a clinical setting but have elevated blood pressure in

daily living. Studies have shown that home blood pressure monitoring has higher sensitivity for

detecting hypertension than measures taken in a clinical setting [129, 22, 84, 114, 45].

Adapting measures to be taken outside of the clinical setting can have another benefit in the

potential for increased time resolution of measures, enabling faster detection of the onset of a

change from status quo. In the context of blood glucose monitoring, the increasing availability of

portable glucose monitors and continuous glucose monitors has enabled people diagnosed with
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diabetes to act on more real-time changes in glucose levels, such as eating a snack if their glucose

level is low [87, 56, 99].

Beyond the functional benefits of health monitoring outside of the clinical setting, researchers

have also investigated patient perception of these technologies, including factors such as the

burden required and the intelligibility of the outputs. For example, Xu et al. found that unexpected

events, temporally adjacent events, and fatigue were barriers to executing plans for physical

activity [126]. Cordeiro et al. similarly found that the effort required for food journaling was a

barrier to consistent logging [26]. On the other hand, Lim et al. found that exposing the certainty

of a system, such as the confidence region in a location-tracking system, can improve perception of

the system [76]. Kay et al. studied perception of the bathroom weight scale and enumerated design

recommendations for measure presentations that help people understand the daily fluctuations and

uncertainty around weight measure [61]. Kendall et al. also studied people’s reactions to frequent

blood pressure measures [62]. The work in this dissertation contributes additional evidence in the

functional and perceptual value of longitudinal usage of health technologies in home settings.

2.1.3 Multi-Stakeholder Health Research

Management of a patient’s health condition involves multiple stakeholders. In the clinical setting,

healthcare providers, nurses, and pharmacists work with patients to educate them and help them

manage their condition. In a home setting, patients interact with an existing social infrastructure,

such as caregivers [14], parents [98, 23], adult children [50], or other people in their life who they

engage with regarding their health. The design of a health monitoring device, particularly those

intended for home use, involves considering who might be best positioned to use, prescribe, or

administer the device and who might be best positioned to act on its output.

For example, some systems are designed to facilitate interaction between patient and healthcare
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provider. Berry et al. presented techniques for supporting communication about personal

values between people with multiple chronic conditions and their providers [13], and Bascom

et al. similarly presented techniques for reducing the implicit biases of healthcare providers

when encountering patients [8]. Seo et al. examined techniques specifically for supporting

communication between child patients and their providers [108].

Other systems have been designed to instead facilitate interaction between patient and

caregiver. Mynatt et al. designed digital family portraits [91] to remotely give caregivers awareness

of their parents. Khan et al. described the development of a personal health application to help

patients and their caregivers manage medications [63]. Hong et al. deployed diary probes to help

family members of adolescents with chronic conditions understand their experiences [49].

In this dissertation, I discuss the role of stakeholders in each project. Clinician engagement in

designing the systems naturally leads to surfacing the role of a clinician in using these systems.

The deployment aspect of these projects has also helped me develop an understanding of patient

lived experiences in using these systems in daily life, including how they may or may not discuss

using the system with other people in their life.

2.2 Medical Background

Here I provide the medical background and context for the work presented in this dissertation.

2.2.1 Background on Chronic Liver Disease

Cirrhosis, or scarring of the liver, is a severe outcome of liver disease, responsible for over 48,000

deaths in the United States in 2021, the 9th-leading cause of death [90]. Over 80% of cirrhotic

patients develop neurocognitive impairments known as hepatic encephalopathy (HE) [119].

Impairments can fluctuate over time, ranging from minimal hepatic encephalopathy (MHE) to
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overt hepatic encephalopathy (OHE), affecting nearly all aspects of life. OHE is end-stage, often

leading to coma or death, while MHE, results in slight confusion or disruptions to fine motor skills.

More importantly, if detected promptly, MHE can be effectively controlled with medication and

thus prevent the condition from progressing to OHE.

The critical flicker frequency (CFF) test assesses neurophysiological state by measuring the

minimum frequency at which a flickering light appears fused to an individual. CFF has been

shown to have potential in diagnosing MHE [102, 117], and commercially-available systems such

as the Lafayette Flicker Fusion System have been used in studies for clinical validation of this

measure [130]. Although initially proposed as a clinical screening test, Karkar et al. contributed a

reframing of the CFF measure from a clinical screening test to a self-administered self-tracking

measure using an initial Beacon prototype introduced in [58].

My work extends Karkar et al.’s reframing by validating Beacon in a clinical setting, showing

feasibility of patient longitudinally self-monitoring, demonstrating stability in longitudinal

measurements, and confirming with patients and providers the potential utility of Beacon in

real-world settings.

2.2.2 Background on Exercise for Chronic Conditions

Physical activity is not only important for a healthy lifestyle and general wellness, it can also

lower risk factors and improve management of many chronic conditions [77, 79]. In this section, I

will provide background on the utility of exercise for two specific chronic conditions: cerebral

palsy and bladder cancer.
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Exercise in Cerebral Palsy

Cerebral palsy (CP) is a neurological disorder that appears in infancy or early childhood as a result

of damage or abnormalities in the brain that permanently affects body movement and muscle

coordination. The motor skills of individuals with CP are characterized using the Gross Motor

Function Classification System (GMFCS), which categorizes people into five different levels [96].

CP is a non-reversible condition, and in general, children will not improve their GMFCS level after

the age of 5 years old [19]. Although prior work has studied the benefits of physical activity in

helping manage the implications of CP [118, 82], physical therapy alone does not increase physical

activity in the long term. Further work on motivation and behavioral interventions is needed for

sustained physical activity and lasting impact [15]. People with CP face a range of significant

barriers to getting the physical activity they need. In addition to the significant financial cost of

physical therapy (PT) sessions, particularly with specialists that tailor their sessions for people

with CP [64], access to PT is generally limited due to factors such as transportation and insurance

coverage [33]. Even for individuals who are able to receive PT, they struggle to stay motivated to

practice their prescribed exercises at home [116, 97]. While PT solutions have been developed for

at-home use by providing video libraries and text instructions, they are generally not applicable

or adaptable to this patient population.

Exercise in Bladder Cancer Surgery Patients

Bladder cancer patients that require surgery for removal of the entire bladder (i.e., radical

cystectomy)will first undergo a round of chemotherapy to shrink the area of cancer coverage. These

typically older patients experience significant morbidity due to the frailty and deconditioning

caused by chemotherapy [81]. Physical fitness has been determined to be a primary metric

of care for this population [70, 88]. Prehabilitation [17] and rehabilitation [100] programs
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have shown great potential in improving physical fitness and thus accelerating recovery after

surgery. Furthermore, digital health technologies that deliver prehabilitation and rehabilitation

interventions, primarily based on data produced by wearable devices, have demonstrated success

in causing behavior changes that lead to increased physical activity [53, 12]. Many of these

interventions, however, are based on general exercise and physical activity metrics and not

tailored to the specific needs of bladder cancer patients.



Chapter 3

Beacon: At-Home, Patient

Self-Monitoring of Cognitive Function

Chronic liver disease can lead to neurological conditions, called hepatic encephalopathy (HE)

that result in coma or death. Although early detection can allow for effective intervention,

screening for these conditions is infrequent and unstandardized. Prior work has shown that the

critical flicker frequency (CFF) is sensitive to even the earliest stages of HE (i.e., minimal hepatic

encephalopathy) [102, 117], and identified CFF as an excellent candidate for timely screening of

HE [58]. I led work on the Beacon project to realize the vision of supporting individuals with

chronic liver disease in self-monitoring their cognitive conditions in home settings.

In this chapter, I discuss the technical challenges in iterating on Beacon’s hardware and

software to (1) be appropriate for use by members of the target population, and (2) be appropriate

for use in home settings. I then show how these iterations enabled our team to (1) validate the CFF

measurements produced by Beacon in a clinical setting with chronic liver disease patients, and (2)

demonstrate the feasibility of patients in taking at-home longitudinal measurements. I then report

on patient experiences in using Beacon as part of daily life, and findings from interviews with

13
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patients and hepatologists on how Beacon might integrated into clinical and at-home practice. I

finally describe ongoing work in improving the experience of taking measurements using Beacon

(i.e., via accelerating the process and reducing the mental burden required by the process), and

expanding the scope of Beacon beyond the chronic liver disease population (e.g., towards detecting

early onset of Alzheimer’s disease).

As part of my dissertation’s demonstration of my thesis, in this chapter:

1. Technical contributions required in iterating on Beacon’s form, electronics, and software,

motivated by the need to scale from a proof-of-concept research prototype to enable clinical

validation and at-home patient data collection.

2. Validation of the CFF measurements produced by Beacon in a clinical setting with chronic

liver disease patients.

3. Evidence of the feasibility of patients in taking measurements longitudinally in home

settings.

4. Qualitative patient experiences in using Beacon as part of daily life, and findings from

interviews with patients and hepatologists on the overall efficacy of using Beacon in clinical

and at-home practice.

This research was done in collaboration with research coordinators Isabella Bueno, Michael

Yacoub, Sabrina Omer, and James Kashima; undergraduate research assistant Jonathan Shu;

Human Centered Design & Engineering professor Sean Munson; Computer Science & Engineering

professors Ravi Karkar and James Fogarty; and hepatologists Philip Vutien and George Ioannou.

This line of research has led to a poster at AASLD Liver Meeting 2020 [120], a workshop paper at

CHIWISH 2023 [74], a 2023 journal publication in the American Journal of Gastroenterology [121],

and a full paper at CHI 2025 [75]. This work has also been presented at the hepatology grand rounds
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at the Veterans Affairs Puget Sound Medical Center and the Computer Science & Engineering

Industry Affiliates Day. The commercialization potential of this work has also been shown through

our participation in the I-Corps Program and Innovation Gap Fund.

My roles in this project include: (1) leading the design, development, and iteration of the

hardware/software platform used in [120, 121, 74, 75]; (2) contributing to the data analysis in [121],

(3) leading the design and administration of the studies in [75]; (4) leading the data analysis in [75];

(5) seeking and pursuing opportunities for translation and adoption of the Beacon project in real

world clinical and home settings.

This work was supported in part by the National Institutes of Health under awards

R21DK117431 and R01LM012810, by the University of Washington Population Health Initiative,

and by Google.

3.1 Vision & Design Goals

Although the guidelines for diagnosing overt hepatic encephalopathy (OHE) are well-defined,

treatment of OHE is difficult. Conversely, treatment of minimal hepatic encephalopathy (MHE)

can be very effective, but screening is inadequate, even “uncommon” [6]. This is largely due to

the amount of time available tests require; tests that are difficult, expensive, and require trained

personnel; and a lack of standardization [5]. Our vision is thus to enable more widespread and

frequent usage of CFF measurements, both for clinical screening and for at-home self-monitoring,

through a portable, low-cost, and self-administered system. By enabling self-measurement in a

home setting, we envision cirrhotic patients being more frequently screened for the onset of MHE

without adding to the burden of healthcare providers. CFF self-monitoring could inform cirrhotic

patients, their caregivers, and their collaborations with healthcare providers. Timely detection of

MHE could in turn support cirrhotic patients in better managing their condition: through lifestyle
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Figure 3.1: Left: The Lafayette Flicker Fusion device, a commercially-available device for
administering CFF tests. Right: Explorations and iterations in Beacon’s form, from the early
prototype developed by Karkar et al. [58] (left-most), through early low-fidelity explorations of
potential forms, to development and refinement of Beacon’s current form (right-most).

choices to control MHE, through decisions to promote safety (e.g., not driving), and through more

prompt treatment.

This vision helped define our design goals: we sought to create a portable, inexpensive, and

self-administrable device for measuring the CFF threshold. We selected the Lafayette FFS, a

medical gold standard device, as the reference device for us to model and compare performance

against while developing Beacon (shown in the left panel of Figure 3.1). Karkar et al. implemented

the first four iterations of the Beacon device (shown in the right panel of Figure 3.1), and I led the

design and implementation of the final version. In particular, significant effort was put towards

improving the ability to produce many copies of the device and deploy these devices at scale.

3.2 System

The Beacon system consists of three components: the physical Beacon device, an accompanying

cross-platform smartphone app, and a cloud server. The physical Beacon device is for precisely

rendering the flickering light stimulus. The smartphone app controls the Beacon device over

Bluetooth Low Energy (BLE) and provides a interface for patients to interact with the device. The
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smartphone app retrieves protocol specifications and saves measurement data to the cloud server

over WiFi.

3.2.1 Beacon Device

The physical Beacon device adopts the appearance of a desktop lamp. Most of the components

are 3D printed, with the exception of a metal pipe providing structural integrity in the neck

section, a metal screw for the hinge, and a piece of translucent acrylic acting as the optical diffuser.

Internally, the device’s electronics comprise of an ATmega 32u4 microcontroller with an nRF52

co-processor for BLE, a 10, 000<�ℎ lithium-polymer (LiPo) battery with power switch, and an

LED placed behind the optical diffuser. The device’s behavior is dictated by a simple state machine:

if no phone is connected, render an extremely slow flicker at 1 �I to remind patients to use

the device or turn it off. If a phone is connected, turn the light off until a command is received

dictating what frequency to flicker at. All flickering patterns are driven using timer interrupts for

high precision and are generated with 50% duty cycle square waves.

3.2.2 Beacon App

The current exploratory data collection Beacon app is implemented using React Native to allow

for cross-platform use. The app provides three essential features: (1) logging in, which pulls the

measurement protocol details and target device from the server and connects to that device; (2)

guiding the patient through the measurement process; and (3) giving the patient a chance to reflect

on the process before showing them their measurement. After completing all three steps of the

app, patients are required to entirely close the app to intentionally and clearly mark the end of

the session. We designed the app to be simple, maintaining a linear flow to mitigate issues with

patients getting lost while using the app.
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Log in and connect to device Measurement Questionnaire and result

Figure 3.2: Beacon consists of a physical device and an accompanying app. The device is used to
precisely render a flickering optical stimulus. The app is primarily used to control the device and
facilitate measurements, but also provides basic functionality to support patients in selecting
their desired measurement protocol and recording reflections on their measurement.

3.2.3 Cloud Server

The cloud server infrastructure is implemented using PHP and vanilla Javascript. It is used to

provide the app with session details, including which measurement protocol and which Beacon

device to use, as well as to facilitate storage of measurements as they are completed. We also built

a dashboard for the server to enable research coordinators to configure protocol details as well as

remotely monitor measurements in real time.

3.2.4 Measurement Protocols

The literature describes a number of ways to measure CFF, including the method of limits (MOL)

and 2-alternative forced choice (FC) [36]. We describe the procedures for these protocols here as

they are the basis for the rest of this chapter.

The MOL measurement protocol includes two components: an ascending option, and a

descending option. In the ascending component, referred to as MOL-A, the device presents

a light flickering at a frequency visible to any person with a typical visual system (e.g., 25 �I).
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Figure 3.3: Example trials for three different measurement protocols for obtaining a CFF measure.

Left: The MOL-A protocol renders a light stimulus that initially appears to flicker and steadily
increases in frequency.
At time C = 20B , the person indicates that it has begun to appear fused, and their CFF is determined
to be 35 �I.

Center: The MOL-D protocol renders a light stimulus that initially appears to be solid and
steadily decreases in frequency.
At time C = 29B , the person indicates that it has begun to appear to flicker, and their CFF is
determined to be 41 �I.

Right: The FC protocol involves the person deciding which one of two stimulus options is
flickering: one always appears fused, and the other at a variable frequency as shown in this
plot. Correct answers increase the frequency of the variable option (i.e., where the plot trends
upward, such as the first 30 decisions). Incorrect answers decrease the frequency (i.e., where the
plot trends downward, such as decisions 30 through 41). The person’s CFF is determined to be
37.17 �I based on the average of the frequencies at which the direction changes.
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The frequency of the light is steadily increased (e.g., at 0.5 �I per 0.1 B42). A person is asked to

indicate when the light has begun to flicker too quickly for them to perceive it as flickering. This

perception of only a solid light source is when the light source has “fused”. An example of this

procedure is shown in the left panel of Figure 3.3. The descending option, MOL-D, is simply the

opposite of MOL-A. The device presents a light flickering at a frequency too fast for a person

to perceive (e.g., 55 �I). The frequency is steadily decreased (e.g., at 0.5 �I per 0.1 B42) and the

person is asked to indicate when the light begins to appear to flicker. The center panel of Figure 3.3

shows an example of the MOL-D process. A person’s CFF as determined by the MOL is then

typically calculated as the average of frequencies determined by the MOL-A and MOL-D. However,

some of our experiments also consider the MOL-A and MOL-D measures separately.

In the FC protocol, as shown in the right panel of Figure 3.3, a person is presented with two

different stimulus options, and they must decide which one appears to flicker and which one

appears to be fused. One option, which will always appear fused, is a flickering light at a frequency

significantly higher than human perception (e.g., 120�I). A high frequency is used here instead of

a constant light to avoid luminance artifacts that could bias a person’s decision. The other option,

which the person is asked to identify, is flickering at the current variable frequency. Options are

presented one after another, in random order, and the person can revisit either option. The person

is asked to select which option appears to be flickering. Following the procedure described by

Eisen-Enosh et al. [36], if they select the correct option three times, the frequency of the target

option is increased by 2 �I. If they select an incorrect option, the variable frequency immediately

decrements by 2 �I. The protocol ends after 8 turns (i.e., changes in direction of the variable

frequency). The frequencies of the final 6 turns are then averaged to obtain a CFF value.

Multiple studies have shown that a CFF of 39 �I is a strong indicator of MHE [3, 66, 103, 110,

117]. The MOL protocol is the most often used protocol for measuring CFF due to its simplicity,

and indeed is used in all of these cited studies. However, we hypothesize that MOL might suffer
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from different types of response biases. For example, due to its time-sensitive nature, it is easy for a

person to miss the onset of the stimulus transitioning from flickering to fused (or vice versa), such

as during a blink. Furthermore, a person’s response strategy might change over time; because the

transition from flickering to fused (or vice versa) is not immediate, what people consider flickering

might be inconsistent. On the other hand, we conjecture that the FC protocol can mitigate some

of these issues by requiring a person to make a decision between options. As a result, it might

produce measurements that are closer to a person’s discrimination threshold, possibly higher

than the accepted 39 �I. However, such a protocol is also less frequently used in the literature

because of how much longer it takes. In our work, towards our goal of increasing the availability

of CFF measurements to screen for MHE, we investigate these different protocols in terms of

both their quantitative output (i.e., the consistency of the measurements themselves) as well as

patient subjective attitudes towards them. Understanding these properties will help inform future

iterations of Beacon and increase its appropriateness for routine use.

3.3 Clinical Validation

The primary goal for this study was to obtain medical evidence for Beacon by validating it with

a chronic liver disease population. However, we also wanted to begin to gather indicators that

Beacon could be used in at-home settings. We quickly learned that as part of their visit to the clinic,

patients have very limited time and capacity (both mental and physical) to engage with our study.

As a result, our study design process required us to optimize for both duration – by enforcing a

strict time limit – and make considerations for physical and mental load. Nonetheless, through

our evolving study protocols, we were able to accumulate encouraging evidence supporting the

potential at-home use of Beacon. In Phase 1, we validated Beacon’s CFF measurements against a

gold standard device, the Lafayette Flicker Fusion System. In Phase 2, we showed the efficacy of a
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Figure 3.4: The study room, in the hepatology clinic at the UW Medical Center, in which we
conducted our clinical validation studies.
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new CFF measurement protocol, the forced choice algorithm, to mitigate response bias. In Phase

3, we demonstrated that test-retest measurements over time are reliable. In addition to answering

these research questions, we wanted to gauge Beacon’s usability with the patient population. We

thus report on usability findings from patients across all phases of the study.

3.3.1 Participants

We recruited patients from the hepatology clinic at the University of Washington Medical Center.

Candidates were pre-screened by a hepatologist on our research team to determine whether their

participation was appropriate. We excluded patients with a history of neurocognitive disorders,

seizure disorders or epilepsy, severe migraines or photosensitivity, or ophthalmologic diseases.

Patients were compensated with a $50 gift card, along with the cost of parking. For each of

the three phases of the study, we recruited 37 participants, 35 participants, and 81 participants,

respectively. In total, 153 participants were involved in the clinical validation study (mean age=53.4

years, standard deviation=13.8).

3.3.2 Apparatus

The study was conducted in the same building as the hepatology clinic. Consented patients were

brought to the study room (see Figure 3.4), where the patient and research coordinator sat next to

each other. Due to COVID-19 policies enacted during Phase 2, a plexiglass divider was installed

between the patient and research coordinator (see Figure 3.4). The room was prepared with a

Beacon device, smartphone preloaded with the Beacon app, and a Lafayette Flicker-Fusion System.
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3.3.3 Procedure

Phase 1

Wewanted to first establish a baseline relationship between all of our proposed tasks. We therefore

asked patients to complete the MOL-A and MOL-D tasks using both the Beacon and Lafayette

devices. The order of the tasks to be completed was randomized by the research coordinator.

Phase 2

Over the course of Phase 1, we became concerned about potential issues with response bias

affecting the CFF measurements. These biases could be both unintentional (e.g., lapse in focus) or

intentional (e.g., impatience and wanting to finish the study quickly). Such issues could escalate if

measurements were taken at home, without being overseen by a research coordinator. As a result,

we wanted to investigate the efficacy of employing a forced alternative choice (FC) protocol, in

which patients decide which stimulus out of two options is flickering. To ensure that the study

remained under one hour, we decided to remove both the Lafayette condition as well as the MOL-A

condition. Phase 1 already provided encouraging evidence that Beacon’s measurements correlated

well with Lafayette’s measurements. We also follow precedent in the literature that defaults to

using only MOL-D when the researchers choose not to employ a full a MOL protocol [109, 57, 7].

The study procedure for phase 2 in total thus included the MOL-D and FC tasks using Beacon.

Phase 3

We finally sought to investigate the consistency of Beacon’s CFF measurements across repeated

tests. This finding would be critical for informing the potential design of a longitudinal study. In

particular, we needed to demonstrate that Beacon’s CFFmeasures were consistent in the short-term

to help us feel confident in determining fluctuations over the long-term to be meaningful. This
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Figure 3.5: Regression analyses to compare the CFF measurements produced by the Lafayette
Flicker Fusion device and those produced by the Beacon device.

phase is also particularly important since Beacon does not have a viewing chamber like the

Lafayette. The viewing chamber is designed to increase consistency across measurements by

reducing external visual noise and supporting alignment of the eyes to the light source. Patients

in this phase of the study completed each of the following twice: (1) the MOL-D test with Beacon,

(2) the MOL-D test with Lafayette, and (3) the FC test with Beacon. The order of the tasks was

randomized, but with the limitation that the same task would not be performed immediately after

each other. All 6 tasks were completed in the same one-hour study session.

3.3.4 Results

Phase 1

To compare the CFF measurements produced by the Beacon and Lafayette devices, we calculate

the intraclass correlation between measurements taken with each protocol from each device.

With the MOL-A protocol, CFF measurements from Beacon (M: 32.55 �I, SD: 3.12) and Lafayette

(M: 33.29 �I, SD: 3.09) correlated with a coefficient A = 0.84. With the MOL-D protocol,

CFF measurements from Beacon (M: 39.20 �I, SD: 4.64) and Lafayette (M: 39.30 �I, SD: 5.43)
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Figure 3.6: Regression analyses to compare different CFF measurement protocols.

correlated with a coefficient A = 0.78. In general, we found measurements from Beacon to

correlate well with those obtained using Lafayette. This initial phase of the study helped us

develop confidence in the Beacon system, especially in how well its measurements corresponded

to those obtained with the Lafayette.

Phase 2

Because the Lafayette device does not support the FC protocol, we validated Beacon FC

measurements by comparing them to Beacon MOL-D measurements, which were shown in

Phase 1 to correlate well with Lafayette MOL-D measurements. To do so, we calculate the

intraclass correlation between the measurements from Beacon FC and Beacon MOL-D. The CFF

measurements from the FC (M: 44.60 �I, SD: 4.47) and MOL-D (M: 40.74 �I, SD: 4.15) protocols

correlated with a coefficient A = 0.79. Due to the nature of the FC protocol allowing users more

time to inspect the presented light stimuli, we expected the measurements it produces to be

higher on average.
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Figure 3.7: Regression analyses to demonstrate the test-retest reliability of CFF measurements.

Phase 3

To evaluate the reliability of CFF measurements taken over time, we calculate the intraclass

correlation between measurements obtained from the test and retest trials. Using Beacon, the

MOL-D protocol produced a first (M: 40.76 �I, SD: 4.38) and second (M: 40.58 �I, SD: 4.12)

measurement that correlated with a coefficient A = 0.95. Using Beacon, the FC protocol produced

a first (M: 44.71 �I, SD: 5.73) and second (M: 44.38 �I, SD: 5.76) measurement that correlated

with a coefficient A = 0.92. Using Lafayette, the MOL-D protocol produced a first (M: 41.62�I, SD:

5.40) and second (M: 41.74 �I, SD: 5.54) measurement that correlated with a coefficient A = 0.97.

Consistent with Phase 2’s results, the CFF measurements produced using the FC protocol were

still higher than those produced using the MOL-D protocol on either device. However, all three

protocols demonstrated strong consistency across multiple measurements, serving as evidence for

the potential efficacy of Beacon in longitudinal use.

Cross-Phase Results

We report on two sets of results that span patients across all three phases of the clinical study.

CFF and Liver History. We compared CFF measurements taken using Beacon to patient liver
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Figure 3.8: Comparison of patients without cirrhosis, with cirrhosis but without prior overt HE,
and with cirrhosis and with prior overt HE, based on thresholds derived by MOL-D and FC.

condition history. Using MOL-D, 44 patients without a history of cirrhosis had a mean CFF

measurement of 42.0 �I, significantly higher than 53 patients with a history of cirrhosis without

prior overt HE (mean: 38.1 �I, C (43) = 442, ? < .001) and 56 patients with a history of cirrhosis

with prior overt HE (mean: 37.4 �I, C (43) = 302, ? < .001). Using FC, patients without a history

of cirrhosis had a mean CFF measurement of 46.8 �I, significantly higher than patients with a

history of cirrhosis without prior overt HE (mean: 43.0 �I, C (43) = 402, ? ≈ .001) and patients

with a history of cirrhosis with prior overt HE (mean: 43.26 �I, C (43) = 333, ? < .005).

Usability Feedback. In addition to the individual tasks performed in each phase of this study,

patients were asked to respond to the prompt “- was easy to use”, where - was each task the

patient completed, on a scale from 1 to 7. Since the number of patients that used Beacon with

MOL-D alone was different from the number of patients that used Beacon with both MOL-D and

FC, we present two sets of results. Phase 1 patients (# = 37) found Beacon with the MOL-D

protocol significantly easier to use than the Lafayette device with theMOL-D protocol (C (36) = 262,

? < 0.001). Phase 2 and Phase 3 patients (# = 119) found Beacon with MOL-D and FC protocols
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Figure 3.9: Distribution of patient responses to
how easy each condition was to use on a 7-point
Likert scale. Phase 1 patients (# = 37) used
Beacon with the MOL-D protocol, finding it
significantly easier to use than the Lafayette
device with the MOL-D protocol.
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Figure 3.10: Distribution of patient responses to
how easy each condition was to use on a 7-point
Likert scale. Phase 2 and Phase 3 patients (# =

119) used BeaconwithMOL-D and FC protocols,
finding both significantly easier to use than the
Lafayette device with the MOL-D protocol.

significantly easier to use than the Lafayette device with the MOL-D protocol (C (118) = 5020,

? < 0.001, C (118) = 2770, ? < 0.001).

Although we did not formally interview patients, many alluded to the usability of both devices

while completing the study tasks. For example, patients expressed discomfort when using the

Lafayette due to the viewing chamber. The most commonly reported issue was the lack of

compatibility between the viewing chamber and patient eyeglasses, namely the viewing chamber

causing their eyeglasses to develop condensation. Patients also commented on the claustrophobic

nature of putting their face in the viewing chamber, and further cited that their eyes struggled to

adjust to two light sources. One patient asked to withdraw from the study due to this last reason.

In contrast, and consistent with the quantitative feedback, patients did not raise any significant

challenges in using Beacon.
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3.4 At-Home Deployment

At this stage, we had confirmed that the Beacon device was indeedmeasuring the CFF phenomenon.

We then wanted to see if patients could measure their CFF on their own, in home settings.

3.4.1 Participants

We report findings from 21 patients who participated in our deployment of Beacon for at-home

self-measurement. According to patient medical records, 16 had a biological sex of male and 5

had a biological sex of female. Patients were between the ages of 22 and 70 (mean=52.6, standard

deviation=11.9). Twelve of these patients had previously participated in the clinical validation and

agreed to be contacted for participation in future research. We highlight this because those 12

participants had previously encountered both Beacon and the Lafayette Flicker Fusion System,

a commercially available CFF device not designed for at-home use; we include reflections of

these participants on the contrast according to their experiences with at-home measurement. The

remaining 9 were patients drawn from a similar population but had never previously encountered

Beacon or any other device for CFF measurement.

3.4.2 Apparatus

Each patient was provided a study package consisting of the Beacon device, a phone (Android or

iPhone) with the Beacon app, a printed instruction booklet, and a printed calendar with the study

schedule. Items were transported in custom packaging, designed to keep the devices safe. After

the patient provided consent, the research coordinator called the patient to go through the process

of setting up the device in their own home. This included helping familiarize the patient with

each item in the packaging, helping the patient connect the provided phone to the their home

WiFi, and walking them through each measurement protocol. Finally, the research coordinator
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Figure 3.11: Beacon devices were shipped to patients in custom packaging. Patients were also
provided a phone and charger to be used in the study. An instruction booklet and study calendar
were included to help facilitate patient self-measurement.

worked with the patient to identify a time in their daily routine to regularly take measurements.

The recommendation was to take measurements in the morning after grogginess had subsided

(e.g., after breakfast or coffee).

3.4.3 Procedure

Depending on proximity of a patient to our institution, we either delivered or mailed the study

package. After the initial setup call with the research coordinator, patients used the Beacon device

for 6 weeks according to the provided calendar, which prescribed 5 measurements in each of Week

1 and Week 2 then 1 measurement in each of Week 3 to Week 6. Due to a miscommunication, P1

was asked to take 5 measurements only in week 1, then 1 measurement in each of Week 2 to Week

6. We arrived at this procedure because our target duration for the at-home study was one month.

Although we were curious about day-to-day fluctuations of the CFF measurements, we also did

not want to overwhelm or overly burden patients as part of the study. In each of these sessions, a
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Figure 3.12: A plot of each CFF measure taken by 21 patients using Beacon at-home for 6 weeks
with MOL-D and FC protocols.

patient took two CFF measurements, using the MOL-D and FC protocols in a randomized order as

prescribed by the calendar.

3.4.4 Results

Feasibility and Experience of Taking Longitudinal CFF Measurements

Patients generally took all 6 weeks of requested measurements, showing the feasibility of chronic

liver disease patients taking consistent CFF measurements using Beacon. P9 withdrew after week

1, saying they were too busy to continue. P18 also withdrew after week 1, due to a liver transplant.

We first wanted to assess preferences about the usability and form of the device. Of the 12

at-home deployment patients who were previously exposed to the Lafayette device, 8 participated
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Figure 3.13: Participant-provided photos of environments where they used Beacon to take CFF
measurements in their own homes. Participants described keeping Beacon out in their home
throughout the study, including because its visibility served as a reminder to take measurements.
Participant responses thus validate our design of Beacon to be small, portable, and attractive.

in exit interviews. Of these, 6 expressed they preferred Beacon over the Lafayette device (shown

in Figure 3.5) and 2 were neutral. Preference for Beacon was attributed to usability issues with

Lafayette, such as “[having] a problem keeping both eyes open and using it so I shut one” (P1)

and “[feeling] claustrophobic and had an anxiety attack” (P5). Form was also cited as a concern.

For example, P2 said “I liked the compactness of it [Beacon] better… Other one [Lafayette] looked like

a dinosaur.” and P10 said “it [Beacon] was relaxed compared to the big machine [Lafayette]”. On

the other hand, P3 had “no preference between Lafayette and Beacon” and said that they would be

willing to use the Lafayette at home if needed. Patients thus generally preferred Beacon’s usability

and form, but might accept a less usable or aesthetic device if medically necessary.

We then sought to understand usage patterns of patients. We found that previously-discussed

form factor preferences also had implications for where patients used Beacon in their homes.

Participants were instructed to place Beacon in a location with minimal visual and auditory
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distractions. All participants used the device in an open area of their home (e.g., the kitchen

counter, the dining room table). Although some simply decided on a location because “that’s

where the available space was” (P7), others used its location as a strategic mechanism, as with P8

saying “it helped remind me to do it.” Four patients reported keeping Beacon in its box or another

safe location, while 11 patients left the device out in the same spot in their home for the duration of

the study. Patients who put the device away described doing so when they had company (e.g., P8)

or in concern for its robustness (e.g., in the presence of young children (P10)). These considerations

validate our design principles around physical form factor, including prioritizing the need to keep

home devices small and portable.

Of the 8 at-home exit interview participants who were previously exposed to the Lafayette

device, 4 expressed a strong preference for taking measurements at home, while the other 4 were

neutral. Patients said they preferred at-home measurements because “[there was] less pressure to

get it right” (P5) and “[you are] more relaxed since you are in familiar conditions” (P10). P7 also

cited flexibility as an advantage: “Could do it when I wanted to.” Although P3 did not express a

strong preference for at-home measurements, they acknowledged that clinic measurements could

cause “anxiety or stage fright”, but said they did not personally experience those symptoms. P4

simply said the experience of taking measurements was “pretty much the same in clinic and at

home.” These responses suggest that although some people might value taking measurements at

home, the environment was not a critical issue for every patient.

Characterization of Longitudinal CFF Measurements

We report on at-home CFF measurements obtained from 21 patients. Visual inspection indicates

stability in the measurements. Indeed, the standard deviation of CFF within-patient measured by

MOL-D ranged from 0.61 to 5.28, and the standard deviation of CFF measured by FC ranged from

0.90 to 3.63. Although MOL-D produced the smallest standard deviation in a single patient, the
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distribution of standard deviations obtained by FC was much smaller (C (21) = 88, ? < 0.05). This

comparison indicates that, over extended time and within a patient, FC produces relatively more

consistent CFF measures than MOL-D. We observe that FC measurements have a tendency to be

higher than MOL-D measurements taken in the same session, as also noted in clinical validation.

Data collected in this at-home study is therefore consistent with the previous clinical validation,

even while gathered in naturalistic conditions.

3.4.5 Patient and Hepatologists Insights

Patient and Caregiver Motivation to Taking Measurements

We showed that chronic liver disease patients can feasibly take consistent CFF measurements using

Beacon. However, hepatologists pointed out that motivation may be a barrier for many people,

given their experiences recommending established medical devices: “In the world of primary care,

like, I would prescribe so many glucose monitors. But if people don’t use it, it doesn’t do anything.

So you have to think about it from the user interface standpoint. It’s like, why would I want to use it?

And if I use it, how is it going to benefit me? …again, who are the people who actually going home

and actually check their blood pressure or blood sugar?” (H3). Hepatologists further remarked that

motivation may be a barrier in this population: “There are people who are gonna be good about

checking their blood pressure, and would do this [Beacon], and I would say that maybe that’s 20%. The

vast majority probably would be like, maybe spotty. And then, like 20% would never do it, just because

they’re just not that motivated in their health to do it, and don’t even take their medications daily,

much less check something daily” (H3). Indeed, we found that the highest yield in recruitment

was from patients trying to get on a transplant waitlist. Being motivated in seeking help and

demonstrating the ability to follow the required procedures to get a transplant suggests that many

of these patients are people that are reasonably proactive about engaging with their health. Patient
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interviews confirmed this, with 14 of 15 interviewed patients reporting that they were primarily

motivated to participate in the deployment and study due to curiosity about how the technology

might be helpful for understanding their own condition and for the potential to advance science,

while one patient said that they were participating solely for the compensation. P2 said “any little

bit that I could do to help other people would be beneficial,” while P5 shared that they “needed a liver

transplant… which was scary… any information or anything that could identify stages of disease…

would help.” This motivation was also evident when patients were asked if they would be willing

to using the device after the study, with 10 patients responding they were interested in continuing

to use the device, “even if not being paid” (P1).

H5 also suggested that caregivers might play a large role in the motivation of patients using

Beacon: “so either the patient himself or herself is very motivated, and will do this app on their

own, or they have a very motivated caregiver.” Of 15 interviewed patients, 3 reported relying on a

caregiver (i.e., someone who helps manage their condition on a daily basis), while an additional 2

cited needing a caregiver in the recent past. Caregivers that also participated in patient interviews

reported relying on recognizing subtle behavioral cues to determine changes in patient condition.

Hepatologist interviews additionally revealed that, in appointments with patients, they will

separately instruct caregivers on what kinds of behaviors to look for. P21’s caregiver, who also

participated in his interview, described it as: “he doesn’t remember the time of day. Sometimes he

gets a little attitude… I can tell when he’s a little more irate. He’s not very receptive to whatever I

ask him to do.” Caregivers suggested in interviews that they may be separately motivated to use

Beacon to more objectively and accurately track a patient’s condition as part of their caregiving

responsibilities.
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Figure 3.14: Overview of the time of day for each patient measurement and the time required
with each protocol.
Left: Time of day patients took measurements. Patients were encouraged to set a time for taking
measurements each day, but also demonstrated variation due to schedule disturbances. CFF
measures appeared stable even in the presence of this variation.
Right: Distribution of time taken per CFF measurement by protocol across all at-home patients.
The filled area represents the probability density of the data, and the lines at the top and bottom
indicate the maximum and minimum.
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Task Load and Temporal Burden of Taking Measurements

Overall adherence to the measurement schedule was good. The lowest standard deviation of time

range was 13 minutes (P18), and the largest standard deviation of times was 8 hours (P6).

We first investigated the temporal burden of a CFF measurement by examining the time

required for each protocol. The right panel of Figure 3.14 shows the distribution of time taken per

CFF measurement by protocol. The mean was 2.78 minutes using MOL-D versus 6.37 minutes

using FC, but visual inspection found the mean of FC to be misleading due to outliers. We therefore

note the median was 2.69 minutes using MOL-D versus 4.84 minutes using FC, and the right panel

of Figure 3.14 shows the underlying distribution as a violin plot. All patients also got faster over

time with both protocols, with none getting slower. Each patient’s final MOL-D measurement on

average took 2.23 minutes less than their first MOL-D measurement (median: -1.25 minutes), and

their final FC measurement on average took 4.87 minutes less than their first FC measurement

(median: -3.47 minutes). P15 most reduced time for their MOL-D measurements, decreasing by

11 minutes. P11 most reduced time for their FC measurements, decreasing by 12 minutes. These

improvements show that experience allows patients to get much faster at taking measurements.

The differences in time taken to complete each measurement, across protocol and across patients,

primarily reveals the variability between patients in the amount of time they spend between trials

or decisions. In the context of our work in designing a system for long-term, regular use, timing is

an important factor in informing which protocol to prescribe or in the design of a novel protocol.

This consideration is also critical from a patient perspective, in terms of long-term engagement

and the likelihood of being incorporated into a routine.

We also gathered quantitative survey instruments intended to gauge subjective experience

using three measurement protocols. We presented modified NASA Task Load Index (TLX), System

Usability Scale (SUS), and User Burden Scale (UBS) survey instruments on scales from 1 to 5
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regarding each of the two measurement protocols. Questions on the SUS instrument are presented

with alternating positive and negative tone, so each individual response must be adjusted and

scaled before summing to obtain a final score [18]. SUS scores above 84.1 correspond to a letter

grade of A+, indicating extremely high usability [107]. Final adjusted mean SUS scores for MOL-D

and FC were 88.50 (SD: 1.00) and 86.00 (SD: 0.71), a letter grade of A+ for usability for both

protocols [18]. NASA TLX and User Burden Scale responses were consistent with this score,

generally indicating low load and low burden. Although there were no significant differences

in responses in comparing MOL-D versus FC protocols, 9 patients qualitatively commented on

FC’s interactive nature, in contrast to simply waiting for MOL-D. P3 explained “I liked the forced

choice better… it was a little more interactive as opposed to the sitting and waiting for [MOL-D]”.

P8 compared FC to a fun game: “I liked the forced choice… That was fun… like a game.” The

overall consistent positive response to Beacon is encouraging. The further positive responses to

FC, despite it requiring slightly more time to take a measurement, are then especially encouraging

when considering potential response biases associated with MOL protocols.

Presentation of Measurements

The app used in the at-home deployment simply displayed the CFF measurement at the end

of the measurement process as a single number, showing no previous data. Towards our goal

for personalizing monitoring of CFF, wherein an individual’s CFF measurements dipping below

a personal or population-based baseline could indicate a worsening condition and motivate

intervention, we developed 6 potential visualizations of CFF history. Shown in Figure 3.15, these

were intended to investigate patient preferences in the presentation of their data. Visualizations

were designed to display the data at varying degrees of abstraction:

• Vis-1. A line chart of binned CFF measures over time. The X-axis is the time of each
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Figure 3.15: Six different visualizations to depict CFF measurements over time, representing
timestamps and measurements at different levels of resolution. Each visualization was presented
to each patient with their own measurements. Patients were asked to score each visualization on
whether it was useful, suitable, and appealing on a scale from 1 to 5. Means of these scores are
shown as bar charts under the corresponding visualization, with standard deviation as error bars.
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measurement, equally spaced regardless of the time between measurements. The Y-axis is

the binned CFF: measures greater than 2.5�I above 39�I were considered “above average”,

measures less than 2.5 �I below 39 �I were considered “below average”, and measures in

between were considered “neutral”.

• Vis-2. This visualization is the same as Vis-1, except that the spacing of measurements on

the X-axis are proportional to how far apart they are in time. This change introduces more

information than the previous, perhaps helping patients recall or associate measures with

other events in their life.

• Vis-3. Also similar to Vis-1, except that each bin is encoded using a color and icon

combination instead of a line chart. This change gets at a different aesthetic.

• Vis-4. A line chart of raw CFF measures over time. The X-axis consists of equally-spaced

measurement times, and the Y-axis is the raw CFF measure. A dashed line is drawn to

indicate the standard 39 �I threshold, and a highlighted area is used to visually suggest the

bins (i.e., “above”, “below”, “neutral”) described in prior visualizations. This visualization

further increases the resolution of data available to the patient.

• Vis-5. A table with two columns: Date and Measure. Each row consists of a measurement

date and result. This visualization provides the greatest resolution of data to the patient by

exposing the raw numbers themselves.

• Vis-6. Two side-by-side line charts of raw CFF measures over time. The X-axes consists

of proportionally-spaced timestamps, and the Y-axis is the raw CFF measure. On the left

line chart, the highlighted region centers on 39 �I. On the right line chart, the highlighted

region centers on the patient’s own mean CFF. This visualization is used to demonstrate

the difference between comparing one’s measures against an absolute threshold versus
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comparing one’s measures against themselves (i.e., internal consistency). This visualization

might be useful in the future scenario where we determine that a stable measure is more

appropriate than comparisons made against an absolute threshold (e.g., as with blood

pressure [62]).

As part of the exit interview, patients were shown each of these visualizations, one at a time,

populated with their own data as collected during the at-home study. The interviewer explained

each visualization as described above. Each patient was asked to provide a score on a Likert

scale from 1 (strongly disagree) through 5 (strongly agree) for the prompts “This is appealing

to me”, “This seems suitable”, and “This seems easy to use”. These scores are depicted below

the corresponding visualization in Figure 3.15, with Vis-4 having the highest combined score.

However, when asked to rank order the visualizations, participants ranked Vis-3 (the colored

boxes) as the highest-ranked option because “I actually like it better cause its colored… It’s not

that I can’t understand the other ones, this is just more appealing” (P8). P5 also commented that it

might make “decision making to visit doctor [easier]” because the data was simple to understand.

Although the colorful aesthetic was an appealing factor, many patients also mentioned that being

able to see the raw numbers was important, and the most commonly suggested improvement was

for Vis-3 (the colored boxes) to also show the CFF number. Consistent with Kay et al.’s findings

in [60] that there is “a need to support… connecting high-level summaries to the low-level data,”

this result shows that patients not only want high level abstractions of their data, but also to

understand the derivation of those abstractions. This feedback suggests patients have a strong

interest in engaging with their CFF measurements.

We also investigated how hepatologists might want to be presented with patient data. Although

they saw the potential benefits of at-home longitudinal monitoring, they were concerned about

the potential burden posed by the additional responsibility of keeping track of another source of
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data. H2 explained: “I’m just saying I don’t need every single patient on my panel who has cirrhosis

sending me an email like once a week with this [CFF measurements], because so much of that, then,

would be almost like data overload. You risk the human error of not identifying the actual sort of

significant results within that [CFF measurements]. But I would definitely want [to see] some [data].”

Hepatologists did offer possible strategies for mitigating this burden while still making the most

of the potential benefit of longitudinal CFF monitoring, such as by suggesting they would adjust

how frequently they would like to see measurements from patients depending on the severity

and progression of their condition. Although they previously commented they would not want to

see measurements once a week from stable patients, H2 continued “…maybe for that patient that

I’m very worried about, I’d have them do it 3 times a day for those first 3 weeks, you know, and then

like, decrease the frequency over time.” We were encouraged by hepatologists suggesting scenarios

in which using Beacon for multiple measurements within a day could be useful as part of their

ability to assess a patient’s holistic condition, validating our hypothesis that at-home, longitudinal

CFF measurements are valuable.

Actionability of Measurements

As part of the at-home deployment, patients were intentionally not informed of what the CFF

measurements meant. We made this decision for two reasons: (1) to mitigate response bias by

disallowing patients to inflate their measure, and (2) because we were not confident that we

could ethically provide a precise, meaningful, or actionable interpretation to patients. However,

in the patient interviews, we explained the high-level concept of what CFF measurements can

indicate with respect to their condition, and we were transparent about current challenges around

uncertainty in interpretation of measurements. Nonetheless, patients immediately found potential

utility in having the measurements. P5 suggested that “[Beacon would] make it easy to decide to

visit the doctor.” P10 commented that “If I had this [Beacon] prior to my surgery it would have been
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so much easier to anticipate and handle episodes of HE.” P15 observed that his stable data “affirms

what the doctors have been telling me about being consistent with my treatment and being compliant

with what I’m supposed to be doing, medications, dietary restrictions, watching what I do, don’t tire

myself out, staying the healthiest I can be,” further suggesting that deviations in his data would

prompt him to adjust choices such as medication and dietary restrictions.

Hepatologists explained that the primary action taken by patients experiencing episodes of

HE is to adjust their lactulose dosage. H4 suggested that “if they’re consistently above that red bar

[39 Hz threshold], I would say you need to take more lactulose… I think it’s helpful in that regard

because people tend to under judge how bad their control is, or how good their control is. They think

they’re fine, but then you see their family members going: Oh, no, they’re not under control at all. So

this [Beacon] just gives it a an objective test that they can do at home.” However, the side effects

of lactulose are not pleasant and thus a significant deterrent to patients complying with using it

on a regular basis. H4 went on to explain that caregivers are heavily relied upon to help prompt

and remind patients to take their medication. Indeed, P17’s caregiver, who also participated in his

interview, offered that “he just really can’t stand it cause it just gives him really explosive diarrhea.

He won’t die from that [lactulose], but it’s not pleasant. That’s why I think as caregivers, we’re like,

just take more, it’s fine. As the patient, he’s like, this is horrible, and I don’t want it. So I think that’s

where the battle comes in. That’s why, when he is off and I tell him he needs this, and he doesn’t want

to take it, I think, having a number that says, or an agreement that says, if you’re above a certain level,

then you do need to take additional lactulose, could be really helpful.” Beyond lactulose, the second

item that can be acted on at home is the medication rifaximin. H3 explained that “rifaximin is

essentially our second line treatment, which is highly effective and well-tolerated, but quite expensive.

So often there is hesitance to start patients on that medication due to cost. In that way, it [Beacon]

is almost a tool for patient advocacy by providing an objective measurement showing that despite

an appropriate dosing of lactulose, the patient still has this change in their flicker frequency, the
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insurance company should like pay for this patient to have rifaximin because it’s gonna prevent them

from being hospitalized.” We find that all of these stakeholders agree on the potential utility of

Beacon’s CFF measurements for helping patients and their caregivers regulate medication usage

and manage their condition.

In addition to the vital role caregivers play in helping patients manage their condition,

pharmacists can potentially also play a role in their care. H2 suggested that “you could also

imagine this being a pharmacist-driven initiative. So let’s say they [patients] send all of their values

and they’re increased from their baseline. You could have your clinic pharmacist call them, do a

medication reconciliation. Try to get rid of sedating medications, modify lactulose and rifaximin

prescriptions as needed. I highlight that because physician specialists [such as hepatologists] are a

very expensive, very limited commodity, whereas we have many excellent ancillary professionals, such

as pharamacist PharmD’s who, if it is something that is based on a protocol, it is within their expertise.

They would have both the bandwidth, the time, and the training to process that data. That could

actually be very interesting if you were able to have, like a pharmacist-driven protocol to optimize

hepatic encephalopathy medications, using the flicker frequency as sort of the data to drive that.” This

suggestion presents another opportunity for us to investigate in the process of translating Beacon

into practice. Nonetheless, all interviewed hepatologists agreed that, if their patients are taking

measurements related to their liver health, then the hepatologist would like to stay updated. H5

said “You still need a provider to educate and to see them. It’s a matter of teaching them, having

the provider saying this [CFF measurement] is what’s normal. If you’re abnormal, go talk to your

provider.” We are encouraged that Beacon was well-received by interviewees and for the potential

actionability it can drive for helping patients, caregivers, and healthcare providers manage their

patient’s condition.
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3.5 Discussion

3.6 Summary

My research aims to deliver personalized health interventions through longitudinal monitoring.

With Beacon, I have examined how a measure of cognitive function, CFF, can be used for

longitudinal monitoring towards delivering more timely health interventions. Although CFF

has been previously described in a clinical context (i.e., administered by a provider, decisions made

on a single point of measure), there was no certainty that previous definitions would translate to an

at-home, longitudinal setting. Our efforts in adapting Beacon to home settings therefore involved

a level of risk that the measure would be utterly useless on a personal level (i.e., as opposed to on

a population level). Indeed, even now that we have demonstrated feasibility and stability in the

measures, much work remains to demonstrate sufficient sensitivity to lead to improved outcomes

(i.e., the signals fluctuate enough for patients to act upon it).

This project represents 8-years of sustained collaboration between researchers in engineering

and medicine. My particular role in this project has led to some unique observations and

insights about collaborative, multidisciplinary, and translational research. As a human-computer

interaction and ubiquitous computing researcher, we are often motivated by research problems

in health because of its importance and potential for impact. A single research paper, however,

often does not help it live up to its potential; significant additional effort is required for impact.

We must work closely with researchers in medicine to precisely contextualize the work. However,

researchers in medicine also have their own values and goals in research; a research contribution

in medicine is different from what constitutes a contribution in human-computer interaction.

My experience with Beacon has thus involved navigating the publication process in multiple

communities, thus far perfectly alternating between an HCI venue and a medical venue; I believe
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that this level of close engagement is setting us on the right track towards making a positive

impact with Beacon.



Chapter 4

ExerciseRx: Promoting At-Home Exercise

for Mitigating Chronic Conditions

Exercise is important not only for general well-being, but also for preventing and mitigating

the effects of many chronic conditions and musculoskeletal disorders. The current healthcare

system focuses on medication prescription as the basis of managing many chronic medical

conditions. However, lifestyle factors including exercise can also play a large role in treatment.

For people with chronic conditions that lead to declining function, regular exercise can be used for

rehabilitation to help maintain their functional abilities. Exercise can also be used for preventive

purposes (i.e., “prehabilitation”) as greater physical fitness prior to an operation results in better

postoperative outcomes. Despite these proven benefits of exercise, however, it is underutilized in

clinical care. I led work on the ExerciseRx project to realize the vision of helping promote exercise

in individuals with chronic diseases.

In this chapter, I will present our work on promoting exercise in two different patient

populations: teenagers with cerebral palsy and older adults undergoing bladder surgery. First,

I will motivate this work based on findings from a series of formative interviews with patients
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from these populations and healthcare providers that work with these populations. Then, I will

discuss the technical details of implementing the ExerciseRx app. Finally, I will show results from

deploying the ExerciseRx app in longitudinal, at-home settings with participants from these two

patient populations.

I demonstrate this project’s relevance to my dissertation’s thesis in this chapter through:

1. Formative work in needs-finding based in interviews with patients from the cerebral palsy

and bladder cancer populations to understand the role of exercise in their lives.

2. Technical contributions required in iterating on ExerciseRx’s sensing, machine learning,

and app front-end, motivated by the need to enable at-home patient deployments and scale

across multiple patient populations.

3. Evidence of the feasibility of patients in sustained use of the ExerciseRx app to facilitate

completing exercise sessions.

4. Qualitative patient experiences in using ExerciseRx as part of daily life.

This research was done in collaboration with research coordinators David Bridges, Leah

Cantor, Theresa Kehne; undergraduate research assistant Hana Smahi; software engineers Otari

Ioseliani and Kristen Gustafson; designer Aileen Moroney; Human Centered Design & Engineering

professor Sean Munson; Computer Science & Engineering professor Shwetak Patel; and sports

medicine professor Cindy Lin. Additional collaboration involved Seattle Children’s Hospital via

research collaborator Deborah Grenard and physical therapist Connie Leibow; and Fred Hutch

Cancer Center via research coordinator Ellie Brewer, oncologist Sarah Psutka, and urologist Hanna

Hunter. This line of research has led to a poster at the APTA Pediatrics Annual Conference [72],

an abstract in the Journal of Investigative Medicine [86], an abstract in the Journal of Clinical

Oncology [54], and a manuscript in Urologic Oncology [136]. This work has also been presented
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at the cerebral palsy grand rounds at Seattle Children’s Hospital and the Computer Science &

Engineering Industry Affiliates Day. The commercialization potential of this work has also been

shown through our participation in the UW CoMotion Innovation Gap Fund program.

My roles in this project include: (1) leading the design, development, and iterations on the

software platform used in [72, 86, 54, 136], including coordinating with engineers and designers;

(2) contributing to the design and administration of the studies, including coordinating with

research coordinators; (3) seeking and pursuing opportunities for translation and adoption of the

ExerciseRx project in real world clinical and home settings.

This work was supported in part by the Bladder Cancer Advocacy Network, the National

Multiple Sclerosis Society, and by Google.

4.1 Formative Interviews

We conducted a series of formative semi-structured interviews with 5 teenagers with cerebral palsy

and 9 bladder cancer survivors who previously underwent chemotherapy and surgery. The goals

of the interviews were to: (1) understand current practices around exercise, including barriers

and facilitators to engaging in physical activity in home settings; (2) their relationship with their

healthcare provider, if applicable; (3) their relationship with technology, and to understand what

features of digital health tools might be helpful in supporting physical activity.

We found multiple themes common to interview responses provided by participants from both

populations. All participants acknowledged that exercise plays a valuable role in their health:

flexibility exercises for cerebral palsy patients helps them with maintaining range of motion, and

strengthening exercises for bladder cancer patients helps with postoperative outcomes. However,

many participants sought greater support from caregivers and healthcare providers. Multiple

cerebral palsy participants said that additional family support could be helpful in staying motivated,
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particularly when they did not feel motivated by their physical therapist. Similarly, bladder cancer

participants reported feeling that healthcare providers did not prioritize discussions about physical

activity after treatment, instead focusing on oncological outcomes. These participants suggested

that they would have liked their providers to ask if they were able to move around regularly or

how fatigued they felt.

In addition to the role of health, participants also offered suggestions for features in a digital

health tool for facilitating exercise sessions. Participants most prominently stressed the importance

of being able to monitor and reflect on their progress over time. They compared it to existing app

designs such as the progress bar in Duolingo or the rewards systems often used in video games.

While some participants also potentially liked the idea of being able to compare their progress to

that of others, they were concerned about some of the side effects that may come from a feature

like this, such as toxic comments or deceptive artificial progress. In addition to tracking progress,

participants also suggested that they would like to see instructional content tailored to them, such

that the “teacher” in the video looked and moved like them, to build empathetic engagement.

We also found themes in which participants across populations disagreed on. The greatest

difference was around the set of exercises prescribed; while bladder cancer patients were

specifically concerned about the utility of the exercises prescribed, cerebral palsy patients

were instead more interested in having a wide variety of exercises to choose from. While this

difference may be attributed to the difference in age ranges, it may also be a result of how long

each patient population is intended to use the ExerciseRx app; bladder cancer patients might want

the most effective set of exercises to complete in their prehabilitation process, while cerebral

palsy patients might want to have many different choices to choose from throughout the course

of their lifetime. Aside from the exercise prescription, patients also disagreed on the frequency of

notifications and reminders to exercise. While cerebral palsy patients were optimistic about

receiving notifications frequently, bladder cancer patients were more protective of their attention
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Figure 4.1: Walk through of the ExerciseRx app interface. (1) Home screen showing progress
on daily, weekly, and monthly scales. (2) and (3) Exercise selection from a physical therapist
prescribed list of choices. (4) Exercise screen showing an instructional video, a selfie-view camera
feed, and real-time repetition and set counting. (5) Breaks are inserted between sets of exercise
and can be requested on-demand through the Pause button. (6) Detailed progress is displayed
after each workout, and can also be accessed from the home screen.

span and thus conservative about notifications, with many specifiying they would want to receive

“a few notifications a week at most”.

4.2 System

Theappwas designed to be simple while facilitating three primary functions: (1) support healthcare

providers to prescribe an exercise routine for patients, (2) provide real-time exercise feedback

through repetition counting, and (3) enable users to reflect on progress made towards their exercise

goals. The app was implemented using JavaScript as a Progressive Web Application to enable

convenient cross-platform testing and so that it can be installed onto the home screen of devices,

appearing alongside native apps. The app uploaded usage statistics and participant adherence to
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their prescribed exercises to a remote server, which our research coordinators could monitor in

real-time from a dashboard.

To support real-time feedback through automatic repetition counting, we implement a

computer vision pipeline that first extracts body landmark coordinates from the camera video

feed, then processes those coordinates to detect when exercise repetitions are completed.

Specifically, we employed the BlazePose [10] machine learning model which returns 2D

coordinates for 33 body landmarks. This model is capable of running in real-time on-device,

maintaining user privacy. We then consider each exercise as a state machine. We train a separate

support vector machine for each exercise. The support vector machine takes as input the body

landmarks for a single video frame and outputs the current state in the exercise’s state machine.

Completing a cycle of the entire state machine results in incrementing the repetition count, which

is displayed as feedback.

The app is designed to support dynamically updating the set of available exercises. Specific

lists of exercises are made available to providers of different specialties (i.e., flexibility exercises

for cerebral palsy providers), and providers prescribe sets of exercises for patients through a

dashboard by selecting them from the list of available exercises. Patients then receive their

exercise prescription (i.e., consisting of exercises with an instructional video and a machine

learning model for recognizing repetitions of that specific exercise) on their local copy of the

ExerciseRx app.
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Table 4.1: Summary of study participants in the at-home study. AHP stands for at-home
participant. Grade refers to year in school.

ID Gender Age Grade GMFCS Level Prescribed Exercises
AHP1 Male 16 10th II Arm Raises, Marches, Sit-to-Stands, Squats
AHP2 Female 13 8th II Lunges, Marches, Squats
AHP3 Male 15 9th III Arm Raises, Sit-to-Stands, Marches
AHP4 Male 13 8th II Arm Raises, Lunges, Sit-to-Stand
AHP5 Female 15 9th II Arm Raises, Lunges, Sit-to-Stands

4.3 Validation in Cerebral Palsy

4.3.1 Participants

We recruited participants through the providers on our team reaching out to their local networks

via word of mouth, online communities, and mailing lists. Participants were required to be between

the age of 13 and 17 years old, have a cerebral palsy diagnosis, and be classified with a GMFCS

level of II or III, meaning that they have some motor impairment but can walk with or without an

assistive device. Participants were also required to be English speakers and have regular access to

an internet connection. In total, we recruited 6 participants, with 4 male and 2 female, for this

study. The mean age was 14, with the youngest at age 13 and the oldest at age 16. Participants

were compensated for completing each stage of the study. Participants were paid $15 for enrolling

in the study and completing the onboarding process, $60 for completing the 5-weeks of exercises,

$25 for completing an exit interview. In this section, we will refer to these patient participants as

AHP#, for “at-home participant”, where # is their participant ID.

4.3.2 Apparatus

We loaned a Samsung Galaxy Tab A7 tablet with a 10.7 inch screen running the Android operating

system to each participant. The prototype app described in Section 4.2 was preloaded onto each
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tablet. We also included a small foldable tablet stand to help participants stand the tablet up while

performing their exercises.

We selected 8 exercises to support in this app: (1) arm raises, (2) half-kneel to stand, (3) lunges,

(4) shoulder windmill, (5) sit-to-stand, (6) standing elbow to knee crunch, (7) standing marching in

place, (8) squats. These exercises are dynamic, in contrast to stationary exercises such as stretches

or balance exercises, so that they can be visually tracked with a camera. They were also selected as

exercises relevant to people with cerebral palsy with GMFCS levels II and III. We recorded custom

instructional videos for these 8 exercises featuring an adolescent volunteer with cerebral palsy.

4.3.3 Procedure

Participation in the study involved around 7 weeks of app engagement. After participants

consented to participate in the study, two members of our study team traveled to the participant’s

home to facilitate the onboarding process. At this meeting, the pediatric physical therapist from

our research team prescribed 3 to 5 exercises with corresponding repetition and set goals for each

exercise. The physical therapist made sure that the selected exercises could be safely performed

by the participant, and that the participant was interested in doing the exercise. The prescription

was made by first providing instructions in writing to the participant, then configuring the app

through an online secure HIPAA compliant dashboard. After creating the prescription, the study

team representatives introduced the participant to the tablet and app, walking the participant

through how to use it. In particular, they made sure the participant could navigate the app on

their own and complete the exercises safely while ensuring the machine learning models correctly

counted each repetition of exercise. Finally, the study team representatives helped the participant

find a place in their home that they could consistently do their exercises, helped the participant

determine a time to do their exercises, and configured notification reminders, if requested. After
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onboarding, participants were asked to exercise 3 to 5 days for five weeks. Each week, participants

were asked to complete a brief online survey. At the end of the five weeks, participants were

invited to participate in a remote exit interview to discuss their experience using the app and their

engagement in physical activity as supported by the app. This study procedure was approved by

our Institutional Review Board.

4.3.4 Results

Participant Adherence to Exercise Prescription

According to our usage logs, participants completed an average of 3.87 exercise sessions per

week. AHP5 completed the most sessions, with an average of 4.6 sessions per week, and AHP4

completed the least, with an average of 3.0 sessions per week. Through the exit interviews, 5

out of 6 participants self-reported that the app increased their exercise levels compared to before

using the app.

Feedback on Instructional Video

Participants reported in general finding the instructional videos more motivating than the paper

handouts that PT’s have provided them in the past. For example, AHP2 explained how “it [the

instructional video] was nice for showing me how to do the exercise… [unlike] the paper instructions

that didn’t really give me motivation to do it, and it was kind of annoying cause I would have to try

and find the paper, and probably lost the paper several times.” AHP3, however, commented that

they thought that the model in the instructional video “kind of didn’t feel representative to me…

like, way more able-bodied, and she made it look easy while you were having a really hard time.”

Although we intentionally filmed the instructional videos with a model from the target population

(i.e., adolescents with CP), because of the variations within the CP condition, this participant
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suggested that the video was insufficient for making them feel engaged.

Progress Tracking Features

Some participants did not notice the progress tracking features of the app. AHP6 commented that

“It would be cool if on the app you could see how many days you had done [exercises]”, even though it

was displayed on the home screen. There was a consensus that greater integration of the progress

tracking elements inline with the exercising experience could increase its visibility and enhance

motivation. AHP3 suggested that “They [Duolingo] have this way of sort of incentivizing streaks

and giving people awards for certain number of streaks… It’s pretty smart, so I could see how that

might be really motivating if it was in this app.”

Pose Tracking and Repetition Counting Experience

Participants found it useful to be able to see themselves move and connect their movements with

the on-screen visual feedback. However, AHP3’s parents commented that they got a “… a little

obsessed with watching it [the selfie camera]”, ultimately affecting their posture and form during

exercise. AHP6 cited how they found less utility for the instructional videos after they had learned

how to perform the exercises, and suggested “What if those videos [the instructional videos] are

smaller and the video of you is bigger?”

The repetition counting feature was well-received, with participants noting that it reduced

the burden of keeping track of repetitions. AHP1 described “It was pretty helpful that it [the app]

showed like the progress of the sets.” However, some participants found the feature to have issues

with reliability. AHP6 shared that “It seems like it didn’t catch every time I was doing it. So you had

to do extra reps to get the number… and that made it a little hard to finish sessions.”
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Preference for Personal Device

Participants appreciated the convenience of exercising at home. AHP1 shared that “the option

of being able to work out at home was a good thing… it’s a lot quicker than moving to the gym.”

However, multiple participants also expressed a preference for using the app on their personal

devices rather than a provided tablet, as this would increase autonomy and ease of use. AHP6

commented that “I feel like the biggest constraining factor was the device, just because I feel like, if it

was my personal device, and I was more in charge, and I would have more reason to be motivated to

do it.”

4.4 Validation in Bladder Surgery

In this subsection, I will present preliminary results of the ongoing “Get Moving Trial” [54]. In

this study, we investigated the hypothesis that increased physical activity leading up to a surgical

operation will improve post surgical outcomes. We examined physical activity in the form of

walking and running (i.e., via step count metrics) and through a home exercise plan (i.e., via

the previously described app). In this chapter, I will only discuss the home exercise portion of

the study since that was my primary responsibility. Preparation for this two-phase randomized

control trial began in May 2023, and patient enrollment began in October 2023.

4.4.1 Procedure

Patients are randomized upon enrollment in a 1:1 ratio to either the “(P)REHAB” or standard-of-care

arms. Patients in the (P)REHAB arm are prescribed a home exercise program via the ExerciseRx

app and asked to complete exercise sessions (designed to last approximately 20 to 30 minutes)

four times a week. They are asked to begin completing exercise sessions during neoadjuvant
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chemotherapy, which typically begins 4 to 6 weeks prior to surgery, through 90 days after surgery.

Patients in the standard-of-care arm are provided printed guideline-based recommendations for

physical activity as is typically given during perioperative care.

4.4.2 Apparatus

Patients in the (P)REHAB arm of the study will be onboarded into the ExerciseRx system. This

technology onboarding process involves creating an account for the patient, having a rehabilitation

doctor prescribe a specific set of exercises, having the patient download the ExerciseRx app onto

their personal smartphone, and logging in. Patients are provided a small foldable stand to prop up

their smartphone while completing exercises.

We selected 14 unique exercises to support in this study: (1) arm pull back, (2) back leg

lift, (3) elbow to knee crunch - left and right, (4) forward arm circles, (5) seated front arm raise,

(6) marching, (7) chair march - with and without resistance, (8) seated leg arc, (9) shoulder squeeze -

with and without resistance, (10) arm pull apart - with and without resistance, (11) side leg lift - left

and right, with and without resistance, (12) sit to stand - assisted and not, (13) squat, (14) assisted

lunge - left and right. Many of these exercises also involve variations. The most common variation

is when an exercise uses only one side of the body, and the mirrored version of the exercise is

also explicitly implemented. Other exercises were presented with option to make them easier

(i.e., with chair assistance) or more challenging (i.e., with resistance bands). We recorded custom

instructional videos for these 16 exercises. Some featured older adults (i.e., in the approximate age

range of the target patient population), but due to time limitations, others featured young adults

on our team.
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4.4.3 Participants

We recruited participants through bladder cancer patients recommended for surgical operations

at Fred Hutch Cancer Center. The target enrollment for powered analysis is 102 participants. As

of June 2025, 418 patients have been screened, 48 patients have been enrolled as participants, and

16 have completed the study.

4.4.4 Results

We report adherence in terms of completed sets of exercises, as given by:

2><?;4C43_B4CB
?A4B2A8143_B4CB ∗ 4 ∗ =D<_F44:B

(4.1)

Here, 2><?;4C43_B4CB is the number of completed sets of exercises over the entire duration

of the study; ?A4B2A8143_B4CB is the number of sets to be completed in a single exercise session

as prescribed by the provider during onboarding; 4 is the number of exercise sessions per week

recommended to patients; =D<_F44:B is the total number of weeks the patient participated in

the study. Out of the 16 patients that have completed the study thus far, 9 were in the (P)REHAB

arm. In these 9 patients, the mean adherence to their exercise prescription is 42.8%. Although this

adherence rate may seem low, prior work in exercise monitoring has shown adherence rates of

20% to 50% in groups with general musculoskeletal conditions [112, 9]. We therefore consider this

encouraging evidence for the feasibility of bladder cancer patients engaging with the ExerciseRx

app.
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4.5 Discussion

In this chapter, I presented studies with two different patient populations. I will now discuss

commonalities and differences in qualitative patient feedback between the two populations.

4.5.1 Anticipated Usage Durations

The intended use of the ExerciseRx app varies between the two populations. Although bladder

cancer is a chronic condition, surgery can completely cure it; in this case, the ExerciseRx app is

intended to be used leading up to surgery and for limited time after surgery in order to improve

surgical outcomes. On the other hand, cerebral palsy is a lifelong condition, thus the ExerciseRx

in this case is intended to be used for the patient’s entire life as a means of supporting efforts to

maintain functional abilities (i.e., completing activities of daily living). Perception of the app is

understandably different given this context. For example, bladder cancer patients seemed to be

more realistic but also more motivated; they were cautious about receiving too many notifications,

but they also cited wanting control of their exercise schedules, and wanting to know that they

were doing the most effective set of exercises to improve their post-operative outcomes. On the

other hand, cerebral palsy patients seemed overly positive about notifications, perhaps because

many of them did not own a personal smartphone or tablet.

The research nature of this work likely also distorts these findings. While the design of the

randomized control trial with bladder cancer patients allows us to follow these patients through

their entire oncological process, the cerebral palsy study gives us only a brief segment of their

lifetime with the condition. We expect the results of the cerebral palsy patients to be optimistic

and that realistically, engagement would diminish over time as the novelty wears off. However,

we selected this age range to study because it is the time in these young peoples’ lives that they

need to develop healthy habits, including around exercise.
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4.5.2 Stakeholder Involvement

The patient journey involves a number of other stakeholders, including healthcare providers and

caregivers. We examine distinctions and commonalities in the clinical ecosystem and caregiver

relationships around the two different patient populations studied, and discuss implications for

designing digital health tools around these stakeholders.

Although the diagnosis for cerebral palsy is typically provided by a neurologist, most care is

provided by to specialists such as physical therapists. In the cerebral palsy study, we thus primarily

collaborated with pediatric physical therapists that specialized or had experience with patients

with cerebral palsy. Bladder cancer patients are similarly diagnosed by a urologist, operated on by

an oncologist, and their physical condition is managed by a rehabilitation doctor. However, in the

context of our study examining the period of time between chemotherapy and surgery, all of these

clinical stakeholders are actively involved in the care of the patient. We thus had to collaborate

with all of these healthcare providers in order to effectively coordinate on patient status and

progress, such as if surgery dates had to be moved. In order to facilitate these collaborations, we

iterated on the provider dashboard so that it did not only support core functionality (e.g., prescribe

exercises and view patient progress), but also enable new means of cross-provider collaboration

(e.g., leaving provider notes for other providers to see).

On the other hand, the caregiver relationships of the two populations on the other hand is

very different. All of the participants in the cerebral palsy study were teenagers that lived at

home with their families, thus under the supervision of their parents. The participants in the

bladder cancer study however were older, and thus were cared for by a spouse or family but

remained independent adults. This distinction in caregiving dynamics likely affected motivation

and engagement. For example, parents of patients in the cerebral palsy study commented on how

they reminded their children about doing their exercises. Video recordings of the exercise sessions
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confirmed that some parents got involved in their child’s exercise sessions by watching and giving

feedback. We did not find any analogous behavior in the bladder cancer patient videos or in the

exit interviews. Systems that use pose estimation should be designed to handle scenarios where

multiple people are visible, especially if targeting children or adolescents. Furthermore, systems

can be designed to support and facilitate interaction between a patient and their caregivers, such

as by presenting progress data that is understandable by all stakeholders.

4.5.3 Metrics of Success

There are multiple ways to evaluate the success of this work. Physical therapists and sports

medicine doctors will often say that “any movement is helpful”, and that the ExerciseRx app’s

ability to increase exercise by any amount makes it an effective system. We however seek to

define more objective metrics of success. For bladder cancer patients, demonstrating that usage of

the app leads to increased strength and thus improves post-surgical outcomes is a clear metric

of success. As part of motivating patients to continue engagement, systems could be designed

to monitor progress over time and also provide feedback on movements. Towards this goal, we

conducted an experiment in which the physical therapists from the cerebral palsy study annotated

a subset of the video recordings of home exercise sessions across different standard movement

quality metrics such as range of motion and stability. While we did not see any trends in these

movement quality metrics over the course of the 5-week study period, the physical therapists

commented qualitatively that there were noticeable improvements. This suggests there is potential

for improvement inmovement qualitymetrics that go beyond current clinical standards, such as the

novel biomechanical signatures found in Ruth et al.’s work in discerning different neuromuscular

diseases [104].
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4.6 Summary

In building and studying systems that deliver personalized health interventions, ExerciseRx poses

a unique opportunity for simultaneously providing the intervention (i.e., through the exercise

instructions) and also passivelymonitoring patientmovement quality for improvement or declining

function. In this chapter, I presented our work in promoting exercise for patients of two specific

chronic conditions: cerebral palsy and bladder cancer. Through longitudinal, at-home deployments

in these populations, and through engagement with clinicians outside of strictly academic research

settings, we have demonstrated potential for the clinical utility of this system. Our latest efforts

in integrating our system into the EPIC electronic health record system represent encouraging

progress in making real-world impact with ExerciseRx.



Chapter 5

PARX

In the previous chapter, I discussed the importance of exercise and the potential for exercise

monitoring and feedback systems to improve adherence to exercise plans. We also found that

to be effective, such systems should be tailored to the needs of specific populations and specific

individuals. However, the process of tailoring is time-consuming and resource-intensive. For

example, for each of the patient populations we worked with in the previous chapter, we had to:

(1) record custom instruction videos reflecting the movement profile of the target population, and

(2) train custom machine learning models to recognize each exercise, which was time consuming

and resource intensive. I will now show how generative AI can support healthcare providers in

generating and customizing exercise plans for patients using natural language prompting.

In this chapter, I discuss the process of collecting and curating a dataset of exercise videos

paired with text descriptions, and show the distribution of this dataset contrasts with that of

existing text-motion datasets. I then discuss the design of a transformer encoder to generate

exercise instruction videos given a text description, which is used in an agentic workflow context.

I finally present preliminary feedback from healthcare providers using this tool.

I demonstrate this project’s relevance to my dissertation’s thesis in this chapter through:

65



5.1. Motivation and Vision 66

1. Insights from collecting a dataset of fine-grained text instructions paired with photographic

exercise instructions.

2. Technical contributions in designing an agentic workflow for enabling generating and

editing human motion animations using natural language queries.

3. Findings from a technology probe with healthcare providers interested in prescribing

exercise plans for their patients and feedback from their experience using the system.

My roles in this project include: (1) designing, developing, and evaluating the machine learning

models; (2) designing and administering the studies. Undergraduate research assistant Jason Miller

helped with the model training process. This line of research is in the peer-review process.

5.1 Motivation and Vision

In this section, we first present a concrete example scenario to motivate the vision for our work.

We then use this vision to contextualize our design decisions and system architecture in developing

and evaluating PARX.

5.1.1 Motivating Scenario

Consider the following scenario: a physical therapist meets with a patient seeking to rehabilitate

from surgery on the left leg. The physical therapist decides that “leg raises” are an appropriate

exercise for this patient to practice at home to increase range of motion. The most common and

accessible solution currently is for the physical therapist to search the Internet (e.g., via Google

or YouTube) for instructions on how to perform this exercise (Figure 5.1, left panel, step 1). The

physical therapist might share the instructions as is, or they might also make modifications to
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1. Prompt to generate 2. Refine and edit1. Search for instructions 2. Modify instructions

Current Practice: Retrieval Proposed Method: Generation

“Show squats” “Not too low!”

Not this low!

Figure 5.1: High-level illustrations of exercise prescription workflows. Left: Current practice
involves a retrieval workflow, requiring providers to seek exercise instructions that they modify
manually. Right: Our proposed workflow takes a generative approach, allowing providers to
synthesize exercise instructions through text prompts.

those instructions in order to tailor it to the patient’s specific needs. For instance, an example

video that the physical therapist found shows a person raising their leg 90 degrees; the physical

therapist may warn the patient against raising their leg all the way to 90 degrees, instead asking the

patient to start by raising it to 45 degrees. The physical therapist may reflect this modification in

different ways. On text instructions, they may scratch out or write over the text. On photographic

instructions, they may annotate the photo with labels or text (Figure 5.1, left panel, step 2). On

video instructions, there is no realistic way to modify any videos they might have found. They

then provide these modified instructions to the patient, who follows them to complete exercises

in a home setting. In this scenario, the physical therapist must complete this manual process,

including the modification steps, within a limited window of time (e.g., appointments are often

only 30 minutes). Our work seeks to facilitate this process.



5.1. Motivation and Vision 68

5.1.2 Vision and Implementation

To address the needs previously described in the scenario, we introduce our technical decisions

in the context of Xia et al.’s design space for motion-learning systems [125], which includes the

follow dimensions:

• Customizable target motion: Currently, physical therapists work with existing

instructions found on the Internet, or with instructions in a fixed exercise library. Some

systems such as VoLearn [125] support manual customization of specific parameters such

as speed or amplitude of motion through interface elements such as sliders. However, such

designs must make a compromise between the number of options presented and the

expressivity of the system. We investigate the potential for open-vocabulary interaction

with a pose model to enable greater customization of target motions.

• Availability of devices: Our system needs to run on-device for both the provider and for

the patient. On the provider side, we support natural language interaction in real-time on a

commercial grade laptop by using quantized large language models. On the patient side, we

demonstrate that our approach of using the generated synthetic data can be used to bootstrap

smaller exercise tracking models across different sensing modalities, giving patients the

flexibility to choose which sensing modality they are comfortable with (e.g., electing to use

a wearable instead of a camera for privacy reasons).

In Section 5.2, we will describe the implementation of PARX, focusing on the design and

evaluation of the text-to-motion pipeline. Then, in Section 5.3, we will report on semi-structured

interviews conducted with healthcare providers, using PARX as a technology probe for

understanding how they might interact with it in clinical practice.
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Figure 5.2: PARX’s text-to-motion pipeline is designed to generate keyframe poses that are
sequenced together to form a video. This design exploits the procedural nature of exercises, which
are often described using step-by-step instructions.

5.2 System

This section introduces PARX, a tool that supports healthcare providers in designing exercise

prescriptions. We first discuss the design and implementation of the text-to-motion pipeline used

to drive the app (Section 5.2.1). We then evaluate this text-to-motion pipeline by comparing its

performance on a dataset we curated for exercise instructions with the performance of other

models in the literature(Section 5.2.2). We finally discuss how the text-to-motion pipeline is

incorporated into the overall PARX app (Section 5.2.3).

5.2.1 Text-to-Motion Implementation

Decomposing Text Prompts into Step-by-Step Instructions

Prior work has found that motion generation can be more fine-grained by turning high-level

prompts into more detailed descriptions with greater spatial, temporal, or spatiotemporal

fidelity [51, 133]. We similarly decompose high-level instructions (e.g., “Show a person doing

squats.”) into a series of step-by-step instructions (e.g., “1. Hold your arms straight out in front of

you. 2. Lower your pelvis toward the ground until your knees reach 90 degrees…”). Concretely, we
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employ the 3-billion parameter version of Llama 3.2 [35] with instruction finetuning provided by

Ollama [95] to facilitate this process through the following prompt:

For the exercise ”<EXERCISE>”, please a provide a series of step-by-step instructions,

focusing on the physical aspects of the movement. Give your response in JSON format, with the

step number as the key and the instruction as the value. Do not include any other keys. Do not

provide any other text. Do not include steps that just instruct the reader to repeat. Here is an

example:

[

{”0”: ”Stand with feet shoulder-width apart”},

{”1”: ”Lower body down into squat, keeping weight in heels and knees tracking over

toes”},

{”2”: ”Pause briefly at bottom of squat with weight in heels and knees bent at 90

degrees”},

{”3”: ”Push through heels to return to standing, maintaining control throughout

movement”}

]

We found that Llama 3.2 was able to consistently adhere to the JSON format, and that the

description provided in each step was largely accurate. We hypothesize that Llama 3.2 was able to

successfully perform this task because it was trained on many webpages on the Internet containing

step-by-step instructions on how to perform exercises. The response is then parsed as a JSON

object, and each item in the list separately provided to the following step.
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Stand up straight with your 
knees slightly bent and get 
into a lunge position by 
squatting down through your 
hips.

Return to the starting position 
by pushing off the ground 
with your back leg, 
straightening both legs in a 
standing position.

Squat down so that your front 
leg is parallel with the floor 
and hold this position for a 
count.

Sit in a chair with your feet 
apart while holding your 
hands together in front of 
your chest.

Without using your hands, 
push through your feet to 
stand and hold this position.

Bend your knees to sit into 
the chair with control.

Sit on a chair or bench with 
your back straight and feet 
flat on the ground and arms 
out to the side parallel to the 
floor.

Keeping your core engaged, 
lift your arms above your 
head, squeezing your 
shoulder blades together.

Shoulder Abductions

Sit-to-Stands

Bodyweight Lunges

Figure 5.3: Example pose sequences from the text-to-motion generation pipeline. The detailed
instructions are generated by prompting the LLM to decompose the given exercise into steps.
The text-to-pose model is run for each instruction step, and the LLM produces different numbers
of steps for each exercise, resulting in different numbers of keyframe poses. These keyframes are
sequenced together to produce a motion video.
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Text-to-Pose Generation and Editing Models

We first preprocess the text in each instruction step by tokenizing and embedding it using

DistilBERT [106]. These embeddings are then positionally encoded and passed into an encoder

model to produce a corresponding pose (represented as 24 3D joint angles in SMPL format [80]).

Two separate transformer models are used: the PoseGenerate model and the PoseEdit model. For

the first step in each sequence of instructions, the text embeddings are passed into PoseGenerate’s

multi-head attention mechanism as the query, key, and value. For subsequent steps in each

sequence of instructions, the text embeddings are passed into PoseEdit’s multi-head attention

mechanism as the key and value; the query is the pose generated from the previous step. This

design allows the system to produce temporally consistent poses by being aware of the previous

frame. We initially tried to train a single model for both of these tasks by providing a generic pose

(i.e., a T-pose) as the source pose in for first step instructions. However, consistent with Delmas

et al.’s [30] findings, the model learned to ignore the source pose because it is too infrequently

used. Although the editing model was initially designed to support generation of temporally

consistent poses, we also found that it enables prompted editing of poses, such as in the right

panel of Figure 5.1.

Sequencing Pose Keyframes into a Motion Video

After each instruction step is processed through the transformer models, we treat each resulting

pose as a keyframe. The SMPL format represents poses with a sequence of joint angles, so we

apply a spherical linear interpolation (SLERP) [111] to each joint of each pose to sequence the

keyframes into a motion video. The quaternion interpolation process produces constant-speed

motion along a unit radius, creating a smooth upsampling effect. We empirically found a constant

target frame rate that produced visually adequate results. Finally, the pose keyframes are rendered
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into meshes by running a forward pass of the SMPL neutral model [80], producing a motion video

as seen in the right most element of Figure 5.2.

5.2.2 Text-to-Motion Evaluation

In this section, we present an evaluation of the text-to-motion pipeline by comparing its

performance against other models from the literature. The primary goal for this evaluation is

to characterize our pipeline and give readers a reference point for what study participants

experienced.

Dataset and Procedure

We first describe an internal exercise instruction dataset curated for research which we will refer

to as ExerciseInstruct. The dataset comprises of sets of instructions for 1171 exercises; they may

not necessarily be unique exercises, but they will present different ways of explaining the exercise.

Each set of instructions contains 2 to 6 steps, and each step comprises of a text description and

still photo illustration pair. In total, the dataset contains 4612 text and image pairs. We preprocess

the images by fitting a SMPL model to them using Goel et al.’s HMR 2.0 model [44], now forming

text and pose pairs. We then randomly split the dataset into train (70%), test (15%), and validation

(15%) subsets.

For training and evaluation, we use a combination of publicly available datasets and our exercise

instruction dataset. For the text-to-pose task, we pretrain PoseGenerate using the PoseScript

dataset [29], which pairs over 6000 poses from the AMASS dataset [83] with human-annotated

text descriptions. We then finetune this model using the first step of instructions (e.g., such as

what follows in “Begin this exercise by…”) from the training subset of ExerciseInstruct. We finally

evaluate our model on the testing subset of the exercise instruction dataset. For the pose editing
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Model FID↓ R@1↑ R@2↑ R@3↑ MPJRE↓ MPJPE↓ Time↓
T2M-GPT [132] 0.046 11.47 23.68 54.75 23.12 3.998 1.699
FineMoGen [133] 0.051 11.50 23.69 54.84 22.51 3.556 4.891
Ours (pretrained) 0.045 10.67 21.34 53.36 26.94 3.999 0.097
Ours (finetuned) 0.027 13.34 32.03 56.04 16.63 3.152 0.097

Table 5.1: Characterization of our system’s generative performance through comparison with
baseline methods on ExerciseInstruct. We report on our system’s performance when pretrained
on the AMASS dataset [83], and then finetuned on a split of ExerciseInstruct. MPJRE is reported
in degrees,MPJPE is reported in centimeters, and Time is reported in seconds.

task, we pretrain PoseEdit using the PoseFix dataset [30], which provides several thousand pairs

of poses and corresponding text description. We then finetune this model using each post-initial

step of instructions from the training subset of ExerciseInstruct. The pose pair for the pose editing

task is formed by sequentially adjacent poses in our dataset (e.g., the source pose is from step 1 in

the instructions, and the target pose is from step 2).

Results

We evaluate our text-to-motion generation pipeline using a relevant subset of the metrics defined

by Guo et al. [46]. Since exercises are very precise motions, and because healthcare providers

likely have a specific motion in mind when prompting PARX, we elected to exclude the following

metrics:

• Diversity: Variance of motion across categories.

• Multimodality: Variance of motion within categories.

We use the remaining metrics from Guo et al. [46] and also metrics from pose estimation [52]:

• Frechet Inception Distance (FID): Comparison of distribution as a measure of realism.

• Top-K Recall: Alignment of generated motion with text prompt.
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User input via text

Review generated 
exercises

Responses from LLM

Output from 
text-to-motion pipeline

Send instructions to 
patient

Figure 5.4: The PARX app enables healthcare providers to generate exercise instructions by
presenting a user interface for interacting the the text-to-motion pipeline.

• Mean per joint rotation error (MPJRE): Difference in angle across all joints.

• Mean per joint position error (MPJPE): Difference in distance across all joints.

We also evaluate the runtime required to generate a single pose to gauge the level of interactivity

supported by our system. The times reported here are the average times of 100 rounds of generation

on a 14-inch MacBook Pro with M3 Max processor and 36 GB of RAM.

As seen in Table 5.1, our pretrained model performs comparably to that of two baseline

models from the literature, T2M-GPT [132] and FineMoGen [133]. Due to our pipeline’s simplicity,

finetuning is exceptionally beneficial, leading to strong gains across all metrics.

5.2.3 The PARX App

To enable interaction with the text-to-motion pipeline, we built the PARX app, as shown in

Figure 5.4. The provider provides input via the text box, which is sent to a router LLM with

tool-calling capabilities; we again use Llama 3.2 served via Ollama. When prompted with a query,

in addition to providing a text response, the router LLM can decide to call one of two tools:
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PoseGenerate or PoseEdit. The tools run the corresponding pipeline as described previously.

When the PoseGenerate tool is called, a new exercise entry is created on the right-most panel

of Figure 5.4. When the PoseEdit tool is called, the router LLM must decide which frame of

the motion video to edit. By using this tool-calling LLM architecture, PARX enables a seamless

experience: (1) the provider can ask questions, such as suggestions for what exercise might be

helpful for a given condition, and receive a text reply; (2) the provider can then ask to see what

one of those suggestions looks like, and the router LLM is capable of rendering the motion video.

5.3 PARX Provider Interviews

We conducted semi-structured interviews with healthcare providers, using the PARX system

as a technology probe [55], with three goals: (1) to understand their specific needs and desires

in the context of exercise prescription, (2) to gather data about how they might interact with a

system such as PARX, and (3) to inspire them to consider how generative AI might be used in

their practice.

5.3.1 Methods

Participants

Providers were recruited through word-of-mouth from the clinicians on our team. Participants

included healthcare providers that personally prescribe exercise plans (e.g., physical therapists)

and providers that recommend seeing a physical therapist or suggest increasing physical activity

levels (e.g., psychiatrists). Further background information is shown in Table 5.2.
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P# Exp. Job Title Specialty Relevance to Exercise
P1 2 Rheumatologist Axial Spondyloarthritis Recommend physical therapy
P2 5 Physiatrist Cancer Rehabilitation Prescribe exercise routines
P3 4 Physiatrist Cancer Rehabilitation Prescribe exercise routines
P4 26 Physical Therapist Pediatric Cerebral Palsy Prescribe exercise routines
P5 24 Physical Therapist Manual Therapy Prescribe exercise routines
P6 14 Physiatrist Sports Medicine Prescribe exercise routines
P7 19 Physical Therapist N/A Prescribe exercise routines
P8 37 Psychiatrist Aging Suggest physical activity

Table 5.2: Healthcare provider participant background information. P# refers to participant
number. Exp. is short for experience and refers to years of experience in their specialty.
Physiatrists are also known as physical medicine & rehabilitation doctors.

Apparatus

Participants were provided a 14-inch MacBook with M3 processor and 36 GB of RAM with the

PARX app preloaded. The interface was opened before the laptop was given to the participant.

Procedure

Participants were first engaged in a series of background questions to understand their background

in using generative AI as well as how their medical specialty relates to exercise. We then introduced

them to the PARX system, explaining the motivation for developing the system, and walking

through the process of generating a prescription through prompting the LLM. The participant

was then asked to consider a patient for whom they have recently prescribed an exercise routine.

They were then asked to use PARX to design and execute the routine that they recalled. Finally,

we explored participant impressions of the system, seeking to understand their experience in

interacting with the system and how they might incorporate such a system in their own practice.

This protocol was approved our Institutional Review Board.
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Analysis

The laptop screen was recorded to capture how the participant interacted with the system, and

audio was recorded for any questions or comments the participant may have provided. We

developed interview protocols with specific questions in mind, and we coded transcripts of the

recordings deductively according to these areas. We then associated usage interactions and

patterns with these codes to substantiate these themes and inform the design of future systems.

5.3.2 Results

Overall Participant Impressions

PARX was generally well-received by provider participants. On the mHealth App Usability

Questionnaire (MAUQ) [135], participants gave an average score of 5.3 out of 7, indicating good

overall usability. The ease of use component score was 5.9, the system information arrangement

component score was 4.4, and the usefulness score was 5.4. System information arrangement

being the lowest score is understandable, given that we did not spend significant time on polishing

the interface. However, we are encouraged that participants found the system easy to use and

also useful. Provider participants also qualitatively added that they were excited to see and use it

in clinical practice.

Comparing a Generative Approach to Current Methods

Participants shared current methods for finding and distributing exercise instructions to their

patients. Among these methods, 1 participant primarily relied on pre-printed brochures for

common exercises, 5 participants used general-purpose search engines such as Google to find

instructions, and 2 participants had access to a specialized exercise library to find instructions.

They further shared that distribution of instructions was often through printed sheets of paper,
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but sometimes also attached to the follow-up instructions section of an electronic health

record-generated visit summary. Two participants further described how they had configured

macros in their electronic health record systems to automatically populate the follow-up

instructions section with commonly prescribed exercises.

With this context for current methods, the most commonly recurring theme in discussion

was the issue around the names of exercises. Participants described how current retrieval-based

systems, including general-purpose search engines as well as exercise library systems, require

knowing the specific, often colloquial, names of exercises. P4 explained: “So that’s the hard part…

in my mind I know what something is called, but then you might search that in the search bar, and

nothing comes up… You have to think about the whole spectrum of a layman’s term name of the

exercise… someone else would call this exercise a clamshell, but I would call this exercise a side-lying

hip external rotation.” All participants agreed that a generative approach that flexibly captures

intent would be extremely compelling. A few (3) participants experimented with how PARX would

respond if prompted with different names for the same exercise. It was successful in generating a

“clamshell” (another name for “side-lying hip external rotation”) and a “bridge lift” (another name

for “hip raise”), but not in generating a “double chin” (another name for “chin tucks”), for which it

generated a crunches-like movement on the ground that seemed to move the chin. Participants also

responded positively regarding the pose editing functionality, suggesting that it would be helpful

for tailoring an exercise for a patient’s condition or supporting a patient’s exercise progression as

their condition changes. The customization process might involve composing multiple movements

and forming a new exercise. P2 described a recent experience that could have benefited from this

functionality: “[A patient] had breast cancer, so their right shoulder had pain and deconditioning…

the goal was for them to do arm circles… I had them start with standing next to a wall, with their arm

at neutral, and slowly raise their arm against the wall… maybe there’s not a name for it.” PARX was

able to successfully edit a previously generated video of “arm circles” to match this modification.
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However, its inability to generate props (i.e., a wall) meant that the resulting video did not fully

reflect P2’s request.

In addition to personalizing content for patients, participants also expressed interest in

customizing PARX for themselves as providers. Participants shared that because there is not a

well-defined set of exercises for a given condition or diagnosis. In practice, individual providers

will gravitate towards their personal favorite exercises. P5 shared that they “…have like common

prescription sets I like… I usually do these 4 for this functional impairment, and I do these 3 for this

impairment… I’m sure there’s literature out there on alternatives, but this is what I do…” Participants

added that they appreciated how PARX supports them in expressing themselves, and that they

would like to be able to save and reuse exercises that they designed.

Some participants suggested that although having personal preferences is natural and a reality

when there are so many options, it may be helpful for the system to also be able to provide

suggestions. This functionality may also be helpful for providers that are not physical therapists

(e.g., rheumatologists such as P1) to feel more confident in exercises they would recommend or

prescribe. Although we did not explicitly build the functionality to suggest exercises into PARX,

the router LLM was able to offer some suggestions when prompted; additional prompt-tuning

could increase the system’s efficacy in this ability. Participants also suggested that it would be

helpful to see what exercises other providers were prescribing.

Interacting with the System

As described previously, participants considered the ability to express ideas in free-form text to

be an advantage of PARX. However, a few participants identified opportunities for traditional

interface elements to complement the text interface. For instance, P3 suggested that checkboxes

could be used to enable or disable an exercise modification described with text, or sliders could be

used for more precise input. Participant desire to customize PARX for themselves also motivated
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suggestions for stars to mark a generated exercise as a “favorite”.

In response to the animation being a 3D mesh, participants found it powerful to be able to

watch the animation from multiple views. They cited that many videos found on the Internet will

present different views serially for the patient’s benefit (e.g., a video might show a person doing

squats from the front first, and then from the side, to demonstrate the angle of the knees), but

found the 3D mesh more flexible and powerful. P6 specifically mentioned that the combination

of animation and corresponding text instructions would be an inclusive way to help patients

with different learning strategies. Some participants also found the ability to view the 3D model

from different angles helpful for debugging their exercise design. However, a few participants

found the “OrbitControls” camera controller used in our implementation to be challenging to use.

They suggested that the camera could be constrained to certain angle ranges; for example, they

suggested that users would never need to look underneath the 3D model.

Integration into Clinical Practice

When prompted about how PARX might be integrated into provider clinical practice, the most

common concern raised was how much time it would take to use the system. While most

participants found the time it took for results to be generated (on average, 5.6 seconds to run all of

the LLMs and text-to-pose pipelines end-to-end) to be acceptable, others expressed some concern.

P1 shared their perspective: “I guess three to five seconds is fine… it felt slower in the moment…

you know, like when you’re wrapped up in clinic, five seconds can feel like five minutes.” On the

other hand, some participants suggested that including the patient in the generation process

(i.e., having the patient watch the provider iterate on the exercise design) could help alleviate

some of the time pressure while also helping the patient understand the reasoning for the exercise.

P4 thought that: “I think it’s nice to do it [use PARX], while you’re working with the patient… and

then the patient can make a connection with that avatar and imprint that in their brain, after they
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just practiced it.” Other participants cited that they currently often spend additional time after

appointments putting together exercise prescriptions for their patients, and that they anticipated

that PARX could accelerate that process. Finally, providers that would typically not prescribe

exercises for patients but instead refer them to a physical therapist suggested that PARX could be

helpful for lowering the barrier to prescribing exercises while their patient waits for a physical

therapy appointment. Specifically, they thought that PARX could get the patient started with

doing some exercises first, replacing brochures and pamphlets that they currently hand out, until

they are able to meet with a physical therapist.

Most participants found the appearance of the 3D mesh (i.e., the SMPL neutral model) to

be acceptable, specifically commenting that it conveyed movements clearly. Some participants

even cited the neutrality of the model as a positive aspect, with no obvious gender or skin color

associations. Other participants suggested that the ability to make the model look like the patient

could be helpful, both in appearance (i.e., skin color, body shape) and in movement (i.e., natural

tendencies due to a condition, such as limping). And yet other participants expressed that it might

be helpful to make the mode look more different from the patient so as to help them not fixate on

their condition. P4 suggested, due to their pediatric specialty, that cartoon characters could be

helpful for engaging children in exercise.

Finally, participants were enthusiastic about the potential for using PARX for at-home patient

monitoring. Their enthusiasm was primarily motivated by the ability to use objective adherence

metrics to drive patient outcomes. For instance, participants suggested being able to use adherence

metrics as a way to provide objective feedback to patients. They also commented that they might

be able to use this feedback as a way to reflect on their exercise prescription, and could even make

adjustments based on this feedback. Related to the earlier idea of seeing what other providers

were prescribing, participants suggested patient adherence and engagement could be another

metric to evaluate whether a given exercise or routine would be worth adopting.
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5.4 Summary

While the previous two chapters introduced systems designed to be patient-facing, PARX is a

provider-facing tool to accelerate the process of tailoring an exercise routine to an individual. The

experience of designing a system for provider use is different from designing a system for patient

use in a home setting. Providers often have an area of specialization. Designing a tool like PARX

can both: (1) lower the barrier to entry for provider that do not specialize in physical therapy or

rehabilitation, while (2) also making current workflows faster for providers that do specialize in

those areas. Through the provider interviews, we found that these advantages were appreciated

and that there is encouraging potential utility for a system like PARX, especially if used in tandem

with ExerciseRx.



Chapter 6

Discussion and Conclusion

In this chapter, I will build on the contributions enumerated in this dissertation and present

on-going and future work for each of the systems I have introduced. I will then discuss overarching

observations and insights from designing, developing, and deploying these systems. Finally, I will

end this dissertation with brief concluding remarks.

6.1 On-Going and Future Work

One of the most exciting aspects of the work presented in this dissertation is that they have all

demonstrated potential for translation into real-world use. In seeking to make a positive impact

with this work, all three of these projects are still in active progress. In this section, I will present

some of the on-going extensions to these projects, as well as planned threads of future work.

6.1.1 Beacon

Through our at-home, longitudinal deployment, an apparent area of improvement is to reduce

the burden of taking CFF measurements by making the process faster and easier to complete. I

84
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Figure 6.1: A prototype “two-headed” form factor that enables Beacon to present two different
light stimuli simultaneously.

will first present an on-going investigation of a new form factor for Beacon to support multiple

simultaneous light stimuli. I will then briefly discuss an area of exploration in using statistical

and machine learning approaches to leverage information gained from measurements taken over

time in order to reduce the amount of time required in a single session.

In addition to iterating on Beacon, we are also making the most of the momentum gained

from our AJG and CHI publications, and are actively expanding the scope of Beacon. I will briefly

report on engagements with third parties interested in using Beacon, and one instance where

we have begun supporting a “deployment” of Beacon in an external clinic. I will also outline an

on-going pilot study in dementia patients.
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Evaluating a “Two-Headed” Beacon

Undergraduate research assistant Jonathan Shu led an initial investigation into a new form factor

for Beacon involving presenting two light stimuli simultaneously. The hypothesis is that this

will make the FC protocol faster to complete. Jonathan presented this work at the 2025 UW

Undergraduate Research Symposium.

We conducted a pilot study with 10 healthy participants. Participants completed two rounds

of 6 conditions, in counterbalanced order, with a 5-minute break between rounds:

1. Two-headed FC with heads at 13 cm apart (greater than average IPD)

2. Two-headed FC with heads at 8 cm apart (approximately average IPD)

3. Two-headed FC with heads at 4 cm apart (smaller than average IPD)

4. Single-headed MOL-D

5. Single-headed MOL-A

6. Single-headed FC

Participants also completed a NASA-TLX survey after each condition.

CFF Measurements. Measurements obtained in two-headed conditions were on average higher

than all single-headed conditions. While this finding could be perceived as getting closer to

a person’s “true CFF”, it may also be confounded by differences in CFF depending on viewing

angle. Biologically, human CFF will be higher at their peripheral vision. Future work will need

to investigate ways to mitigate this confound. Nonetheless, it is noteworthy that test-retest was

most consistent specifically with the two-headed FC condition with heads at 13 cm apart.

Timing. All two-headed conditions were completed significantly more quickly than the

single-headed FC condition. TODO: timing for MOL-D and MOL-A? TODO: get means for timing?
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Task load. Participant responses to the NASA-TLX revealed that the single-headed FC

required significantly (? < 0.01) greater mental demand and effort than single-headed MOL-D,

single-headed MOL-A, and specifically the two-headed FC with heads at 13 cm apart. The mean

score for mental demand and effort for single-headed FC was higher than the other two-headed

conditions, but without significance. Participants reported finding all conditions to be similarly

(not) frustrating.

Reducing Measurement Burden

Using the longitudinal dataset collected in our at-home deployment, we are interested in developing

and validating algorithms to address two needs: (1) “What frequencies to sample during FC

measurement?”, and (2) “When should a person take a measurement?”. Our preliminary literature

search shows possible approaches in level set estimation [73] and in active learning [21]. We

anticipate that frequency sampling informed by an individual’s recent measurements can preserve

reliability while reducing FC median measurement time to less than 2 minutes. Analyses of trends

can then also inform when a measurement should be taken, offering further potential for reducing

burden.

External Users of Beacon

Since our American Journal of Gastroenterology (AJG) publication [121], we have had multiple

inbound requests to use Beacon in their own studies and clinics. Jasmohan Bajaj is a professor at at

Virginia Commonwealth University and a leader in hepatic encephalopathy (i.e., as editor-in-chief

of the AJG) We have already shared a Beacon device with his team in a study to compare Beacon’s

CFF measurements to that of other experimental conditions, including CFF via the Hepatonorm

and a series of psychometric tests (i.e., the Stroop test). Gerald Kircheis is another expert in hepatic

encephalopathy and was previously affiliated with the company that developed the Hepatonorm
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Analyzer, another device for administering CFF measurements. He has also reached out regarding

evaluating Beacon in his own research and clinic. Towards supporting external researchers,

we have iterated on the Beacon device (i.e., introduced a charging port) and plan to also make

additional refinements to the software (i.e., develop a more robust provider dashboard).

Pilot Study in Dementia Patients

We have also begun to investigate the potential utility of Beacon in populations outside of chronic

liver disease patients. Informed by results showing differences in CFF for patients with Alzheimer’s

disease (e.g., [27, 1]), we have successfully begun including Beacon in a clinical study being

conducted by Debby Tsuang, a dementia expert at the VA and UW, to examine trends in CFF

measurements in patients who have early-stage dementia or are being evaluated for dementia. In

this study, Beacon measures are being collected alongside other clinical measures of cognitive

function at two different sessions 6-months apart. This collaboration is timely given that a number

of pharmacotherapies (e.g., Kisunla) for early Alzheimer’s disease have been recently approved by

the FDA. Pending multiple grants, we will be able to launch an at-home deployment with this

patient population similar to our deployment with chronic liver disease patients.

6.1.2 ExerciseRx

In this section, I will describe on-going and future work for the ExerciseRx project from technical,

programmatic, and clinical efficacy standpoints.

Holistic Understanding of Physical Activity

ExerciseRx began as an app for monitoring step count, and delivered an intervention in which

users that reached their target step count for a given week would have their goal increased by
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15% the following week. In Chapter 4, I reported specifically on the technical implementation

for facilitating home exercise sessions and patient experiences with using this functionality in

home settings. Both of these features however capture only a portion of a person’s physical

activity levels. It is important to note that in the spirit of promoting exercise, it is most effective

for systems to monitor and reward all forms of physical activity. While this work began as a

way to leverage commodity smartphones to monitor physical activity, future work might explore

the use of wearable devices for passively tracking exercises. In this regard, we have begun to

deploy Fitbits as part of the bladder cancer study as a way to increase the accuracy of tracked step

count as opposed to via smartphones. We will explore and investigate implementations towards

enabling tracking exercises using wearables in the future.

Pilot Study in Axial Spondyloarthritis

We have begun to collaborate with Rachael Stovall, acting assistant professor in the Division of

Rheumatology at the UW Medicine on a pilot study to investigate the efficacy of ExerciseRx in

a rheumatology setting. This context specifically is interesting because rheumatologists work

with conditions related to inflammation in the bones and joints, but they themselves are not

experts in physical rehabilitation or sports medicine, instead referring a patient to a physical

therapist as needed. However, because there is rarely a physical therapist immediately available,

patient condition is often left untreated and sometimes to deteriorate while waiting for the next

available physical therapy appointment. Our hypothesis is that ExerciseRx can be used to fill this

gap and help patients start to practice specific helpful movements before receiving direct care

from a physical therapist. Towards this end, we have thus begun a pilot study in evaluating the

accuracy of ExerciseRx’s machine learning models in a small population of rheumatology patients

(i.e., those with axial spondyloarthritis). Multiple grants have been submitted to continue this

line of work, particularly through a longitudinal deployment to study the utility of the ExerciseRx
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platform in bridging the gap between rheumatology and physical therapy.

Integration into Electronic Health Record Platforms

Towards adoption of ExerciseRx in clinical practice, we have begun to collaborate with the IT

department at UW Medicine in an effort to integrate our physical activity tracking into their EPIC

electronic health record platform, enabling healthcare providers to view physical activity progress

alongside all of their other clinical measurements such as vital signs. The ExerciseRx provider

dashboard is currently integrated into EPIC as an embedded <iframe>, enabling providers to

view data through an isolated window. We are now working on deeper integration by appending

ExerciseRx’s data directly into patient health records. In success, this coupling will enable to not

only display data to providers, but also enable our algorithms to pull other aspects of a patient’s

health records, potentially to generate more personalized recommendations for exercise.

6.1.3 PARX

The PARX project is distinct from Beacon and ExerciseRx because it is provider-facing, as opposed

to patient-facing. It is also relatively new, primarily completed in the last year. In this section, I

will enumerate a couple of directions for the continued co-design of the PARX system between

the technical improvements that can be made and the clinical opportunities and usage patterns of

providers.

Adopting Advances in Artificial Intelligence

PARX currently uses two pre-trained large models (i.e., large language model and language

embedding model) in tandem with a custom trained transformer encoder. This straight-forward

system architecture is designed to support fast inference andmeet the time constraint requirements
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of clinical use. Recent advances in machine learning research have made great progress in

accelerating both the inference performance of transformer models [41] and also more powerful

architectures such as diffusion-based models [78]. Future work includes investigating how some

of these approaches to improving inference time could be applied to PARX.

While PARX is currently implemented as a proof-of-concept that mostly generates reasonable

results, they have a lot of potential for improvement. In particular, the interpolation step for

sequencing individual frames of poses into a motion does not return particularly naturalistic

or realistic motions. Future work also includes investigating alternatives to the interpolation

step, or potentially end-to-end modeling of text the text-to-motion pipeline with a single model.

Generated movements with improved accuracy can also lead to greater utility as synthetic data for

training exercise recognition models (i.e., the repetition counting models used in the ExerciseRx

app).

Evaluation in Clinical Settings

Preliminary feedback from providers on the potential clinical utility of PARX has been encouraging.

We are thus interested in studying how it might be used in practice. Towards this end, we are

currently designing a study that mimics a medical appointment between patient and provider. In

this study, the provider will be asked to generate a customized exercise routine for the specific

patient. Demonstrating the efficacy of this workflow can greatly improve the potential for adoption

and scaling of ExerciseRx in clinical practice.

6.2 Challenges and Lessons Learned

In this section, I will discuss some of the common challenges faced across both Beacon and

ExerciseRx, and also report on some lessons learned in the process of resolving these challenges.
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6.2.1 The Chicken or the Egg in Novel Health Data

In projects that involve developing a new system for producing an established health measure,

demonstrating correspondence between the system and a gold standard device is sufficient for

making the logical leap that the new system can be used to deliver the same interventions as that

of the gold standard device. The projects presented in this dissertation however leverage novel

health data to inform medical interventions. We thus needed to produce evidence (i.e., via data

collection) to demonstrate that the novel health measure does carry utility. In order to ethically

engage patients in collecting and contributing their own data towards building this evidence

base, we needed to be transparent with patients that they are participating in a research study in

which the hypothesis may fail. This seemingly lack of confidence however can be demotivating

to a patient deciding on engaging in a research study in addition to managing their own health

condition. We thus recommend that, for readers developing their own novel health data system,

extra care should be taken in how research studies are advertised and introduced to patients.

Dedicated research coordinators can be particularly helpful for facilitating this interaction.

6.2.2 Designing for Specificity versus Generality

InThe Universal Design File [115], Story et al. present a guide to the concept of designing products

and environments to be usable by the most number of people possible. This notion is nice in

theory, because it is inclusive and removes the need to backtrack and redesign components, but

it is challenging in practice: one needs the experience and foresight to design something that is

truly completely generalizable. Consistent with Norman’s argument that “there is no such thing as

the average person” [93] and Buxton’s claim that “we must diverge towards a set of simpler, more

specialized tools” [20], my dissertation projects have followed the approach of designing for a

specific group of people first before expanding its scope. In Beacon, we spent 8 years designing
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for and validating on chronic liver disease patients before we felt sufficiently confident to start

exploring opportunities for it to be used in a different population (i.e., dementia). In ExerciseRx,

we also began by designing for a specific population (i.e., teenagers with cerebral palsy) before

iterating on the platform to expand its scope to be applicable for older bladder cancer patients. In

both of these cases, the iterative steps to go from specific to general enable increasing scope while

also developing confidence in the robustness of the core functionality.

6.2.3 Collaborations between Engineering and Medicine

The projects presented in this dissertation have been inherently multidisciplinary, with

collaborators in Computer Science & Engineering, Human Centered Design & Engineering, and

Medicine. Although we are unified by a common vision of doing good in the world, broadly in

the scope of the respective projects, all of the stakeholders have their own individual goals and

values. Most of these goals involve research, but healthcare providers for example may also have

values in providing patient care. Even within research, what constitutes a research contribution

is different across different communities. Multidisciplinary collaboration thus requires an

understanding from all stakeholders that not all activities will directly lead to a research

contribution in one’s own research field. Establishing this understanding and being transparent

about goals at the beginning of collaborations can help mitigate conflict that might arise later.

6.2.4 Challenges in Translation

Health research, particularly in computing, is motivated by its importance and potential impact on

society. Frameworks such as the Bench-to-Bedside Translational Model [34] document possible

routes to go from basic science to societal impact. However, we have found that our own experience

is not precisely documented by any of the established frameworks. A main point of deviation is
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the iterative nature of the process. Many frameworks describe a linear process from basic science

to translation in humans to translation in patients to implementation in practice. The HCI design

process on the other hand explicitly includes refinement as a part of the process. We, as HCI

researchers, thus understand that many rounds of “translation in humans” are necessary before a

product can reach its full potential in real-world settings. Although neither Beacon nor ExerciseRx

have made societal impact yet, multiple deployments in these projects have provided encouraging

evidence to the potential efficacy of these systems in real-world practice.

6.3 Conclusion

In this dissertation, I presented my thesis statement:

Designing and deploying novel personal health technologies for the challenges of at-home

longitudinal use can enable and inform new data and models of care for patients, caregivers, and

providers.

I then introduced three projects to demonstrate this thesis statement: (1) In Beacon, I discussed

how technical iterations to the system were necessary to validate the CFF measurements produced

by Beacon in clinical and home settings with chronic liver disease patients. (2) In ExerciseRx,

I described the development of an exercise monitoring and feedback system and findings from

deploying this system into patient homes. (3) In PARX, I presented the design and implementation

of a system that enables providers to generate and edit human motion animations in support of

tailoring exercise instructions to individual needs. Finally, I described on-going and future work

for each of these projects, and discussed some of the challenges and lessons learned common

across all of these projects. This work has shown great promise in translation to clinical adoption

and making real world impact, but more importantly, I believe that this work broadly represents

exciting opportunities in the design of novel at-home health technologies. I hope readers can
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leverage some of the insights presented in this dissertation towards supporting a healthier future.
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