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ABSTRACT OF THE DISSERTATION

Towards the Use of Commercial Wearable Devices for Acute Infectious Disease Mitigation

by

Patrick Kasl

Doctor of Philosophy in Bioengineering

University of California San Diego, 2024

Professor Benjamin Smarr, Chair

The landscape of health technologies is rapidly evolving and commercial wearable
devices equipped with health sensors offer a promising avenue for continuous health monitoring.
The ubiquity of these devices among consumers presents an unprecedented opportunity to
leverage the wealth of data that wearables collect for health applications. Despite their widespread
use, there have only recently been developments towards utilizing these data for enhancing health
monitoring. However, research stemming from recent efforts to gather large-scale longitudinal
wearable datasets suggests these devices might hold potential in detecting the presence of and
characterizing aspects of acute physiological changes. The application of wearable device data

might be particularly useful in the context of acute physiological changes given wearables’
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ability to monitor a number of physiological vital signs both passively and longitudinally.
Passive monitoring uniquely enables longitudinal comparisons of individuals to themselves
over time and real-time identification of significant deviations indicative of changes in health
status. This thesis explores the application of data from wearable devices for detecting and
characterizing physiological changes following significant health events, specifically vaccination
for COVID-19 and the onset of fever. I also present the first comprehensive analysis of multiple
large-scale, longitudinal wearable device datasets, therein assessing the generalizability of
algorithms for monitoring acute illnesses and characterizing the biases in these datasets, some
of which are correlated with demographic variables. Through this research, I demonstrate the
potential of commercial wearable devices in enhancing our understanding and monitoring of
acute physiological changes, and present a framework through which industry and research

standards might emerge to speed the evolution of this field.
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Chapter 1

Introduction

Quantification is central to scientific inquiry; broadly, empirical progress is driven by
better measurements (Houle et al., 2011). Measurement capacities often either improve through
advancements in theory, pointing towards quantities of relative import, or better instruments,
improving measurements of familiar quantities or facilitating those previously unknown (Weimer,
2023). The work in this thesis deals primarily with the latter and was enabled by the adoption
of mass-produced wearable devices which quantify human physiology at unprecedented scales.
Such large-scale quantification efforts have been a cornerstone in advancing our understanding
of biological systems. Where, for example, genomic sequencing has opened new routes to
precision medicine, data from wearables might enable new paradigms for health management.
Ultimately, the inherent complexity of biological systems destines models developed using
biological data to be “impoverished” relative to the phenomena they describe (Weimer, 2023).
That is, measurements on any particular in vivo biological system provide information about one
specific instantiation of many possible ones (e.g., organisms vary genetically and phenotypically
depending on that organism’s unique history) and any set of such measurements are nearly
always correlated. Unresolvable “latent” or “hidden” variables often drive these correlations such
that any model, either theoretical or learned in some data-driven way, might never fully capture
the inherent complexity of the system they intend to describe. Humans, in particular, exist

within this context of dynamically changing constraints. However, leveraging time-dependent



measurements, like those made by wearable devices, might provide a means to meaningfully
reduce some of this complexity.

Wearable devices are an expanding category of devices that are increasingly adopted by
consumers (Huhn et al., 2022). While initially favored by individuals with a keen interest in
characterizing their own physiology, the proliferation of affordable, multifunctional wearables
has resulted in millions of individuals with devices capable of monitoring several physiological
vital signs simultaneously, longitudinally, and with high levels of accuracy. Despite the vast
data these devices collect, their potential for advanced health-tracking applications remains
largely untapped. This is evolving as both researchers and device manufacturers have gained
access to large-scale, longitudinal wearable device datasets and demonstrated the utility of
wearable devices for physiological monitoring with applications in both within-individual and
public health-level monitoring (Radin et al., 2020). Recent works have demonstrated feasible
implementations in mental health (Xu et al., 2022a; Wainberg et al., 2021), acute physiology
(Goergen et al., 2022; Abir et al., 2022; Richards et al., 2021; Gadaleta et al., 2021; Conroy et al.,
2022; Yamagami et al., 2021; Hirten et al., 2021; Natarajan et al., 2020; Mayer et al., 2022; Alavi
et al., 2022; Miller et al., 2020; Pho et al., 2023; Hirten et al., 2022; Merrill et al., 2023; Grzesiak
et al., 2021; Mezlini et al., 2022; Chaudhury et al., 2022), and beyond (Lam et al., 2021; Master
et al., 2022). However, the transition from research findings to practical applications presents
notable challenges, as with many other emerging biotechnologies (Drolet and Lorenzi, 2011).
Regardless of the immediate outcomes of ongoing research efforts, the utility these devices
present to consumers likely ensures their continued use. As such, current and future research
efforts will be crucial for demonstrating how data from these devices can have broader health
impacts beyond those that benefit any individual user.

Throughout this work, I present novel characterizations of acute physiological changes as
measured by wearable devices. I further show how these changes can be systematically leveraged
to build models capable of detecting those physiological changes at scale. Ultimately, I hope this

work demonstrates the utility of this relatively new data type to aid in optimizing individual and



organizational-level responses to persistent acute physiological challenges, despite substantial
barriers to real-world implementations of such systems. In the remainder of this introduction, I
provide a brief overview of the working principle behind the wearables used in this research,
some basic descriptions of the human physiological mechanisms underpinning the phenomena I

characterize, and the statistical and machine-learning techniques used throughout the thesis.

1.1 Wearable devices

Throughout this work, I consider a class of devices (i.e., so-called consumer, off-the-shelf,
commercially available, etc.) available to consumers on a mass-market basis. Such devices

2 13

are often referred to by the terms “fitness trackers”, “activity trackers”, and ‘“smartwatches”
which, for the sake of this work, I take to be synonymous. The key distinction between the
class of devices I consider and other consumer devices is the device’s ability to measure some
aspect of human physiology across time. I use the term wearable to refer to such devices for
the sake of this work, however, this category of devices is broad and continuously growing. In
particular, in this work I consider the subset wearables with the capacity to quantify some notion
of activity, often by leveraging data from accelerometers, and heart rate, often leveraging data
from photoplethysmography (PPG) sensors. Contemporary examples include the Apple Watch
and devices manufactured by FitBit which are based on the watch form factor. Much of my
work also focuses on data from the Oura Ring (Oura Ring, Oura Health Oy, Oulu, Finland), a
wearable based on the finger-ring form factor. The development of novel form factors and the
inclusion of novel sensors in wearables is an important area of research. Progress in this domain
might enable an improved understanding of human physiology and more accurate models based
on wearable data. Arguably, the key factor that makes data from these devices an interesting
topic of research is their ability to capture human physiology unobtrusively, longitudinally, and

at unprecedented scale. Longitudinal within-individual data capture enables comparisons of

individuals to themselves over time, which makes it possible to detect physiological changes



that might have previously been dismissed as noise when measured across a large population.
Similarly, gathering large-scale longitudinal physiological data allows the characterization of
innate physiological phenomena which regress to an interpretable mean above some noise floor
not readily apparent at smaller sample sizes, as I will describe in Chapters 2 and 3.

Wearable devices employ a suite of sensors to measure human physiology across time.
The wearables used in this work process data from these sensors using proprietary algorithms to
extract certain physiological metrics. An important distinction here is that because these devices
are aimed at a consumer-facing market (as opposed to, for example, a strictly research-based
community), these extracted metrics are informed by choices that make those metrics useful
to the average consumer. These choices exist within the context of technological tradeoffs
optimized to sell a product to consumers, and as such, are not necessarily developed with the
end goal of providing research-grade information. Accordingly, device designers and engineers
might seek a minimax over price and features. Of these features, physiological monitoring is
merely a subspace and might need to compete, in a technical development, physical space, and
energy consumption sense, against other features important to consumers (e.g., text messaging).
Any of the metrics reported by any particular wearable may well be an imperfect measure of
an individual’s underlying physiology and certain design choices (i.e., quantifying “steps per
unit time”) lead to a lossy compression of an individual’s underlying physiology. Similarly, the
wearables used in this work compress photoplethysmography data into an average heart rate,
heart rate variability, and respiratory rate over a certain unit of time. Nonetheless, these devices
measure these physiological vital signs with a high degree of accuracy (Shcherbina et al., 2017).
While it’s clear that data from these devices present useful information about an individual’s
physiology, as I will discuss in Chapter 4, unknown differences in each device’s proprietary
algorithms and hardware might present substantial barriers to a unified approach to utilizing
these data. Indeed, much of Chapter 4 aims to be an initial step towards developing a framework

for considering data from different devices in unison.



1.1.1 Accelerometers

The accelerometers used in commercial wearables are commonly based on microelec-
tromechanical systems (MEMS) (Mohd-Yasin et al., 2003). These sensors typically consist
of small mechanical systems integrated on a chip. Many consumer-grade accelerometers are
based on capacitive sensing, where small, movable proof masses are coupled with springs
(Mohd-Yasin et al., 2003). When an external force is applied to the sensor, the capacitance
in the microstructure changes proportional to the acceleration applied to the sensor. Changes
in capacitance over time allow quantification of the acceleration experienced by the wearable
device. Many consumer-grade accelerometers quantify acceleration in three orthogonal axes
(i.e., 3D accelerometry).

Data from accelerometers tends to exhibit substantial levels of noise and raw 3D ac-
celerometry can be challenging to interpret directly. As such, most wearables pass raw ac-
celerometry data through several filters to reduce noise and extract meaningful features from
these data, such as the number of steps (Lee et al., 2017). Such methods commonly include
low-pass filtering to remove high-frequency vibrations unrelated to human motion and various
smoothing approaches which tend to reduce variability due to noise. After noise reduction, it is
common to apply a threshold-based algorithm to detect signatures of “steps”, however, several

other approaches might be used to detect steps.

1.1.2 Photoplesmography sensors

While accelerometers are commonly included in a broad range of applications ranging
from shipping labels to automotive and aeronautical sensors, photoplethysmography (PPG)
sensors are more specific to wearable health applications. PPG technology can be configured
in a wide variety of ways, however, principally, they are composed of a set of one or more
light sources and a set of one or more photosensitive elements. Light emitted is typically in

the range of 500 to 1000 nanometers (nm), however, in theory, any wavelength of light that



varies in concordance with the amount of blood in the tissue can be used in PPG sensors. In
practice, many consumer-grade devices use green light ( 500 nm) with light-emitting diodes
(LEDs) as a light source and a photodiode as the photosensitive element (Maeda et al., 2011).
Photoresistors can also be used, however, for the sake of brevity I describe the more commonly
used photodiode-based systems. PPG technology leverages the absorbance of light in this range
by blood. This absorbance varies with time along with the pulse. After a heartbeat, blood travels
through the vasculature to the periphery, where a PPG sensor is typically located (i.e., on the
wrist in the case of watch form factors or finger in the case of ring form factors). The amount of
light that hits the photodiode is correlated with the amount of blood in the tissue at that time, and
the voltage produced by the photodiode over time is commonly referred to as a PPG waveform
(OB1, 2022). In general, the sampling rate of commercial-grade PPG systems is on the order
of 100 Hz, substantially higher than the Nyquist rate for the phenomena they intend to measure
(i.e., an individual’s average resting heart rate is typically on the order of 60 bpm or 1 Hz).

Peaks in the PPG waveform can be isolated using traditional digital signal processing ap-
proaches, typically following a set of low-pass filters to remove noise artifacts and the subsequent
application of peak-finding algorithms (OB1, 2022). Again, the precise steps involved amount to
a proprietary algorithm that is optimized for the configuration of any particular wearable device.
Here, as an example, I provide the publicly available details for the Oura Ring, a wearable whose
data I use extensively throughout this thesis.

The Oura Ring calculates heart rate (HR), heart rate variability (HRV), and respiratory
rate (RR) from inter-beat intervals (IBIs) during periods of sleep. IBIs are calculated using
raw PPG data processed using a real-time moving average filter (Altini and Kinnunen, 2021;
Kinnunen et al., 2020). The local maximum and minimum values in these PPG data correspond
to each heartbeat. The Oura Ring also estimates the probability that each IBI is an artifact. The
Oura Ring uses a median filter to classify each IBI as either normal or abnormal; any individual
IBI that is more than 16 beats per minute (bpm) removed from the median IBI in a moving

window of length seven are marked as abnormal (Altini and Kinnunen, 2021; Kinnunen et al.,



2020). If any of the two IBIs before or after a particular IBI are abnormal, that set of five IBIs is
not included in subsequent analyses. HR and HRV are calculated if at least 30% of the IBIs in
a 5 min window are normal according to these criteria (Altini and Kinnunen, 2021; Kinnunen
et al., 2020). The Oura Ring calculates HR using the mean IBI and HRV as the root mean square
of successive differences (rMSSD). RR is calculated by finding peaks in IBI over the time period
under analysis (Altini and Kinnunen, 2021; Kinnunen et al., 2020). These metrics are generated
on-device and stored via the application while the raw PPG is not continuously recorded or

stored for analysis.

1.1.3 Temperature sensors

Temperature sensors are increasingly being included in commercial wearables. At the
initiation of the work in this thesis, temperature sensors were less common in these devices.
However, the Oura Ring was one of the first to include one of these sensors. The temperature
sensor in the Oura Ring consists of a thermistor, an electrical component whose resistance varies
as a function of temperature. Temperature exhibits strong circadian rhythms; core temperature
drops in the evening around the initiation of sleep while skin temperature rises around the same
time, thus exhibiting structured variance at the same frequency but in inverse phases (Krauchi
and Wirz-Justice, 1994). The Oura Ring measures temperature with two negative temperature
coefficient (NTC) thermistors (non-calibrated, resolution of 0.07 degrees Celsius) located palmar

when the ring is worn as intended and temperature readings are recorded at 1-minute intervals.

1.1.4 Sleep stages

Sleep staging has traditionally been approached using polysomnography (PSG) however
recent developments have enabled the use of machine-learning to predict the stage of sleep an
individual is in using sensor information available from wearable devices. As with accelerometry
and PPG, proprietary algorithms are used to estimate the stage of sleep a user is in. Here, I

describe the approach taken by the Oura Ring as an example. The Oura Ring calculates sleep



stages using a machine-learning classifier and predicts sleep stages on 30 second (s) windows
of data (Altini and Kinnunen, 2021). The Oura Ring assesses temperature at 10 s intervals
and samples less than 31 or more than 40 degrees Celsius are masked (Altini and Kinnunen,
2021). The mean, min, max, and standard deviation are calculated on a rolling basis (Altini and
Kinnunen, 2021). High frequency accelerometry data are used to calculate the mean amplitude
deviation (MAD) in 5 s windows (Altini and Kinnunen, 2021). The MAD represents the average
deviation from the mean vector magnitude (Altini and Kinnunen, 2021). Within each 30 s
window, the mean, max, and interquartile range (IQR) of MADs in the 10-90th percentile of
the window are calculated (Altini and Kinnunen, 2021). The difference in arm angle was also
calculated in each 5 s window and the mean, max, and IQR of arm angles in the 10-90th percentile
of the 30 s window are calculated (Altini and Kinnunen, 2021). Processed accelerometry features
are also calculated for each three individual axes (Altini and Kinnunen, 2021). High-resolution
data are processed using a Sth-order Butterworth bandpass filter (3 to 11 Hz) and taking their
absolute value (Altini and Kinnunen, 2021). The mean, max, and IQR of values in the 10-90th
percentile within each axis are calculated for each 30 s window (Altini and Kinnunen, 2021).
High-quality IBIs are identified in the same way they are identified for the calculation of HR and
HRYV in 5 min windows (Altini and Kinnunen, 2021). For each 30 s window, Oura calculates
HR, HRV (rMSSD), and RR (Altini and Kinnunen, 2021). They also calculate the following
additional HRV metrics: SDNN, pNN50, frequency power in the LF and HF bands, the main
frequency peak in the LF and HF bands, total power, normalized power, mean and coefficient of
variation in the zero-crossing interval. Excluding accelerometer-based features, each feature is
normalized on a per-night basis using the 5-95 percentiles of that feature (Altini and Kinnunen,
2021). Oura claims this accounts for inter-individual differences in features.

In the preceding sections, I describe the processes through which the Oura Ring con-
verts untransformed sensor data into specific features. These descriptions aim to highlight the
specificity with which device manufacturers customize algorithms to their unique hardware. The

choices made by device engineers are often guided by algorithmic needs and may at times be



somewhat arbitrary. The numerous stages involved in each device’s processing pipeline also
make it highly unlikely that different manufacturers would adopt equivalent methods that would
yield identical features even with the same input data. In Chapter 4, I examine whether data from
various devices yield comparable conclusions about the correlation between these features and

key demographic variables.

1.2 Acute physiological changes

Human physiology exhibits an impressive ability to maintain balance across a wide range
of conditions over time. However, external stressors can lead to disruptions in an individual’s
underlying physiology that manifest in measurable ways. For example, several acute stressors
lead to a transient increase in wearable measured resting heart rate (Alavi et al., 2022). During
exercise, heart rate increases, thereby increasing blood flow throughout the body; increased blood
flow elevates the rate of delivery of blood-born metabolic agents which helps to compensate
for increased metabolic demands (Vatner and Pagani, 1976). Metabolic by-products are also
removed at a faster rate. While transient cardiorespiratory changes during exercise are primarily
mediated by an increased metabolic demand, several other mechanisms drive such changes in
response to an infection. Rather, infection-driven cardiorespiratory changes are regulated by
the body’s autonomic nervous system, the system by which the body senses and responds to
threats (Gordan et al., 2015). The autonomic nervous system senses changes in inflammatory
state which manifest as 1) an increase in exogenous inflammatory elements (i.e., antigens), or
those stemming from pathogens and their metabolic byproducts during infection, and 2) an
increase in the prevalence of endogenous inflammatory elements, or elements released by injured
cells (Hannoodee and Nasuruddin, 2024). Immune cells, including monocytes and macrophages,
differentially express receptors for these inflammatory elements and produce a host of cytokines
and other inflammatory molecules in response to increased inflammatory elements (Parihar et al.,

2010). Afferent vagus nerve fibers are sensitive to these inflammatory molecules and are in



part responsible for the cardiorespiratory changes observed during infection (Pavlov and Tracey,
2012). In particular, HRV is mediated via this vagal pathway, often resulting in lower HRV's
during an infection (Cooper et al., 2015). HR may also be directly impacted by changes in
vagal nerve activation, however, observed increases in HR might be primarily a response to
changes in the thermoregulatory set point that occur as a response to infection (Heal et al., 2022).
Increases in an individual’s thermoregulatory set point, also known as a fever, are thought to be
mediated by the interaction between inflammatory molecules and thermo-sensitive neurons in
the hypothalamus (El-Radhi, 2019). In general, this response is mediated by interleukin-1 (IL-1),
however, other inflammatory elements may also lead to an increased thermoregulatory set point
(El-Radhi, 2019). IL-1 is one of the many inflammatory molecules produced by macrophages
and monocytes in response to inflammatory elements (Madej et al., 2017). Empirically, increases
in RR are also commonly observed with increased HR (Heal et al., 2022).

Measurements from wearables seem to be useful for characterizing and detecting these
acute physiological changes (Smarr et al., 2020), however, it can be challenging to distinguish
between changes caused by exercise and changes caused by acute inflammation events over short
timescales. While both exercise and inflammation affect HR, RR, and HRV similarly, the time
scale of change differs substantially; exercise-induced changes often revert to baseline within
hours but changes due to inflammation manifest over hours to days. As such, in Chapter 2,
I examine day-level changes in wearable-measured physiology. This approach reduces noise
from minute-to-minute fluctuations and hour-to-hour changes due to physical activity however
other stress events such as alcohol consumption still manifest in ways similar to acute inflam-
mation (Alavi et al., 2022). In Chapters 3 and 4, I describe how changes across physiological
measurements can be leveraged to develop models to detect these acute inflammation events at

scale.
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1.3 Machine learning in biology

Briefly, the goal of machine learning (ML) is to learn patterns from data. For the sake of
this thesis, X € R? and x € X where x is a D dimensional vector space. I will often refer to a
single dimension in x as a feature, however, note that by definition, x being a vector space implies
that any given feature might itself be a vector (as may be the case in multivariate time series).

ML is often grouped into either supervised or unsupervised learning, although other
paradigms such as reinforcement learning are common (Sarker, 2021). In supervised learning,
the goal is to learn a set of labels (Y) from data (X') whereas in unsupervised learning such labels
might not exist, or at least they might not exist in a way that a model is privy to at training time
(Sarker, 2021). The models I focus on in Chapters 3 and 4 of this thesis primarily leverage the
supervised learning paradigm to train models for the prediction and detection of acute infectious
diseases using wearable device data. However, I also use unsupervised learning in Chapter 4 to
characterize data across several longitudinal wearable datasets.

Research applying machine learning to biology, broadly construed, has been progressing
rapidly, particularly in light of the increasing digitization of biological data (Ghassemi et al.,
2020). For example, advances in data-gathering processes and the dissemination of electronic
health records (EHRs) have allowed the development of more sophisticated models leveraging
these data for clinical prediction tasks (Ghassemi et al., 2020; Pivovarov et al., 2015). Similarly,
technological developments have enabled cost-effective and widely accessible genome sequenc-
ing and applications to, for example, personalized (i.e., precision) medicine (Brittain et al., 2017).
Wearable device data, as studied in this thesis, have enabled large-scale physiological monitoring.
While these technologies have increased the digitization of biological data, it is important to
consider their use in the context of that data’s intended purpose. Historically, models are often
trained on data that weren’t collected to support model development. Clinical prediction models
repurpose EHR data to make personalized predictions, however, EHR systems were initially

designed to support billing and later improved care rather than facilitate subsequent analyses
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(Ghassemi et al., 2020). Repurposing data for training ML models might bias such models in
unintended ways, like driving them to make predictions that human practitioners make rather
than some ideal (Gianfrancesco et al., 2018). The wearable data I employed in this thesis were
first and foremost intended to inform individual consumers and were not necessarily designed
for large cross-sectional studies as I do in this thesis. However, efforts using wearable data
suggest they can provide novel insights into human physiology. In Chapter 4, I examine whether
simple assumptions about wearable device data lead to consistent conclusions across large-scale
wearable device datasets.

Implicitly, supervised learning models leverage data to make predictions. Models that
predict continuous scalar values Y from X are often called regression models and models
that predict one or more of C discrete, so-called, classes are often called classifiers (Sarker,
2021). The models I develop throughout this thesis are primarily of the classification type
and aim to predict the presence or absence of a particular acute physiological change (i.e.,
fever symptoms, flu symptoms, and viral infection). As ML models learn patterns from data,
their performance is largely determined by that data (Lei et al., 2023). Choices made by
practitioners in how they featurize untransformed data can greatly impact model performance.
For example, training a model on untransformed feature vectors x as they are computed by each
wearable device (i.e., heart rate) would lead to a model that learns an optimal decision boundary
(minimizes some loss function L) against some population average for that feature. Inclusion of
demographic information (i.e., age, biological sex, ethnicity) as features might allow a model
to condition its decision boundary (personalize the model) over these demographic features
and leverage, for example, the fact that African American participants tend to exhibit higher
HRs than Caucasian participants to adjust its decision boundary accordingly (Liu et al., 1989).
Practically speaking, there are reasons to be wary of models that require such demographic
information; ethnicity, at least as it is commonly categorized, might not neatly compartmentalize
humans in a biologically useful way (Jackson, 1992), and personalized models often perform

worse on certain subgroups (Suriyakumar et al., 2023). More important in the case of wearable
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data, treating such untransformed features as unrelated examples violates the assumption of
independent and identically distributed samples (Darrell et al., 2015). Untransformed features
also lose the context of much of the important time-varying information that characterizes human
physiology. In this work, I leverage the ability to compare an individual to themselves over time
to improve the featurization of wearable device data. As I outline further in Chapters 3 and 4,

featurization optimization substantially improves model performance.

1.3.1 Noisy labels

The labels (the Y in supervised learning) used to train models based on human biological
data might exhibit biases (Karimi et al., 2020). In cases where humans are the primary source
of a model’s ground truth, collected for instance via an optional survey, several known issues
permeate from labels to that model’s predictions as humans are notorious for bias in several
domains. The problem of biased labeling is commonly referred to as label noise (Nagaraj et al.,
2024). While the name label “noise” implies an element of randomness, it is not uncommon
that differences between provided labels and the ideal labels are systematic; label noise arises
when annotators lack the requisite expertise to effectively label a set of data (Nagaraj et al.,
2024). In EHR data, a clinician’s ability to accurately diagnose patients might degrade when
persistently interrupted (Westbrook et al., 2010). In Chapters 2, 3, and 4, I rely on labels provided
by participants in each study. In particular, I rely on participants’ subjective experience of certain
symptoms. Certain biases are known to impact such subjective labels; demographic factors are
significant predictors of the likelihood that an individual reports certain symptoms (Kroenke and
Spitzer, 1998) and individuals often exhibit recall bias (Althubaiti, 2016). While label noise can
present challenges in other domains like image classification, these data can be re-labeled after
the fact and even leverage consensus labels (i.e., majority voting) across ad hoc labelers (Ipeirotis
et al., 2010). In contrast, subjective labeling of wearable time series is a unique challenge,
where only the individuals themselves can provide ground truth labels (Yamagata et al., 2023).

Secondary annotators might not be capable of reliably labeling these data.
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While the validity of any human’s label of a particular instance of biological data (the x in
supervised learning) can impact a model’s performance, how researchers choose to create an ML
task based on these data also drives both how well any particular model appears to perform on a
particular test set, as in its accuracy or area under the receiver operator curve (AUROC), as well
as its performance in real-world deployment scenarios. In the case of clinical models trained on
EHR data, the choice of ground truth can be more important than the specific model used (Cohen
et al., 2024). Choices of task definitions should ideally optimize an objective directly relevant to
how a model would prove useful in deployment. As I outline in Chapter 4, there is substantial
variability in how the community of researchers developing models to detect the onset of acute
illnesses using wearable device data define an important concept: the onset of acute illness.
Substantial differences in the definition of these concepts can make it challenging to compare
the performance of different models across implementations and datasets. As I demonstrate in
Chapter 3, for a set of individuals, it might be possible to leverage an individual’s wearable data
to predict whether that individual will present fever symptomology prior to the onset of their
subjective experience of that symptom. An open issue within this field is how a practitioner
might systematize such predictions in a useful manner. I argue in Chapter 4 that specifically
within the field of acute illness detection using wearables, some unified standard might be agreed
upon and I provide a first look at systematizing such processes.

Human data are often subject to random and structured variance. First, note that data-
generating processes themselves might bias information structures. In the case of EHR data,
certain clinical tests might only be ordered when it is likely that a patient has a particular disease
(Realdi et al., 2008; Ghassemi et al., 2020). A feature based on such a clinical test might only
be informative in whether it exists in the EHR or not (i.e., is missing). A feature where its
presence or absence is totally random is commonly referred to as missing completely at random
(MCAR) (Wells et al., 2013; Ghassemi et al., 2020). The missingness of MCAR features is
non-informative (Wells et al., 2013; Ghassemi et al., 2020). In the case of wearable device data,

the time when a user takes off their device to charge might be MCAR or it might be missing
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not at random (MNAR) (Wells et al., 2013; Ghassemi et al., 2020). Practitioners can leverage
knowledge about the missingness structure of certain features to design datasets that can be used
to develop models that are more robust to feature noise. For example, simply removing training
examples with missing MCAR features is thought to be more justified than removing examples
with missing MNAR features. Instead, MNAR features might need to be imputed in some way.
Throughout this thesis, I leverage assumptions about the missingness structure of wearable data
to construct training datasets.

The remainder of this thesis is comprised of four additional chapters. In Chapter 2, I
use wearable device data to characterize acute physiological changes around the administration
of the COVID-19 vaccine and self-reported fever onset. In Chapter 3, I develop a model for
detecting the physiological manifestations of self-reported fevers and describe its performance in
a large population. In Chapter 4, I compare several large-scale, longitudinal wearable device
datasets and examine the generalizability of acute illness onset detection algorithms across these

datasets. Finally, in Chapter 5 I provide a discussion of future directions for this research.
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Chapter 2

Characterizing acute physiological changes
using wearable device data

Wearable device data exhibit potential in both specific and general health surveillance
contexts. First, I demonstrate, along with my co-authors, that physiological changes recorded by
the Oura Ring post-COVID-19 vaccination, such as increases in dermal temperature and heart
rate, correlate significantly with higher productions of SARS-CoV-2 neutralizing antibodies.
Notably, greater temperature deviations were the strongest predictors of enhanced antibody
responses. This study involved 1,179 participants who wore the device and had their antibody
levels tested during the U.S. vaccination rollout. Conversely, the second study explored the
broader application of wearable technology in detecting fever episodes as part of syndromic
surveillance, involving a larger sample of 63,153 participants. Using the same data from the
Oura Ring, including dermal temperature and heart rate from days surrounding reported fevers,
I developed a highly performant tree-based classifier. This indicates a promising avenue for
real-time disease surveillance and prevalence monitoring during infectious disease outbreaks,
albeit with challenges in false positive rates and sensitivity. Together, these studies underscore the

versatility and utility of wearable devices in both targeted and broad public health applications.
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2.1 Physiological changes in response to vaccination

COVID-19 vaccines have been highly effective in preventing severe disease, demonstrat-
ing reductions in risk by about 90% (Heath Paul T. et al., 2021; Baden Lindsey R. et al., 2021),
though they do not completely eliminate the risk of severe disease and concerns exist about
waning protection over time (Pouwels et al., 2021; Feng et al., 2021). The effectiveness of these
vaccines correlates strongly with levels of antibodies against the SARS-CoV-2 spike protein
which is responsible for viral neutralization (Feng et al., 2021). Variants like Omicron, which
show reduced sensitivity to these antibodies, highlight the importance of high antibody levels for
optimal protection (Wilhelm et al., 2022). Prior research efforts explored whether modifiable
factors like sleep duration (Spiegel et al., 2002; Lange et al., 3 10) and physiological responses
to vaccination, such as fever and fatigue, influence antibody levels (Debes et al., 2021). This
study sought to use data from the Oura Ring to monitor metrics like dermal temperature and
heart rate variability to identify predictors of antibody responses by measuring antibodies to the
SARS-CoV-2 receptor binding domain (RBD), a key marker of immune protection. This work
helps determine whether physiological responses and lifestyle factors impact vaccine-induced
immunity and contributes to evidence from existing studies which suggest a correlation between

vaccine side effects and antibody production.

2.1.1 Materials and Methods

We initiated the second TemPredict study in December of 2020 to assess whether an
algorithm derived from physiological metrics collected by an off-the-shelf wearable device
(Oura Ring) could be used to detect COVID-19 infection in real-time. An additional aim of this
study was to assess whether data from this device could predict antibody response quantified as
antibodies to SARS-CoV-2 spike protein receptor binding domain (RBD), which is the focus of

the current report.
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Study Participants

Recruitment. We recruited participants residing in the United States who already pos-
sessed Oura Rings by sending them email invitations. These email invitations included a link to
an online consent survey. We also recruited participants who worked at participating sites (e.g.,
teachers, firefighters, and other first responders) by enlisting leadership at these sites to assist in
recruitment. We mailed these sites recruitment materials, including study flyers and Oura Ring
sizing kits, which contained plastic rings for prospective participants to try on to determine their
size. We provided Oura Rings to interested individuals at these sites after they provided their
size information to study coordinators.

Eligibility and Consent. Eligible participants were at least 18 years of age, possessed a
smartphone that could pair with their Oura Ring, resided in the United States, did not previously
have COVID-19 infection (verified through laboratory testing during enrollment), and could
communicate in English. For this analysis, of the 2055 participants who completed the overall
study, we first excluded participants who had a positive SARS-CoV-2 nucleocapsid antibody test
at the end of the study, indicating COVID-19 infection during the study period (n = 56). We then
excluded participants who were not fully vaccinated at least 7 nights prior to their final blood
draw (n = 715). We then excluded participants who did not have at least 7 nights of physiological
data within the timeframe used to develop the pre-vaccination baseline period (night -14 to night
-4 prior to first vaccination or who lacked data for at least one night adjacent to vaccination; n =
105).

The University of California San Francisco (UCSF) Institutional Review Board (IRB,
IRB# 20-30408) and the U.S. Department of Defense (DOD) Human Research Protections Office
(HRPO, HRPO# E01877.1a) approved of all study activities, and all research was performed
in accordance with relevant guidelines and regulations. All participants provided electronic
(written) informed consent, and this research was conducted according to the principles expressed

in the Declaration of Helsinki. Participants to whom we provided Oura Rings kept the devices
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following their participation; we did not otherwise compensate participants for participation.
Measures

Questionnaires: Beginning in December 2020, participants completed several online sur-
veys. They first completed a baseline survey that collected demographic and health information.
They also completed daily and monthly surveys on which they reported COVID-19 symptoms,
COVID-19 diagnosis, and COVID-19 exposures. Within these surveys, participants also reported
whether they had been vaccinated against COVID-19, and if so, which vaccine they received
(Pfizer-BioNTech, Moderna-NIAID, or Johnson & Johnson-Janssen) as well as their injection
dates. After participants reported on vaccine type and dates of vaccine injections, their surveys
were customized such that they were not asked these questions in duplicate on future dates.

Antibody testing. We tested participants for antibodies to the SARS-CoV-2 nucleocapsid
protein (Test# 164068, LabCorp, Inc.) during enrollment (December 2020 through early April
2021) and at the end of their participation (April and May 2021). The SARS-CoV-2 nucleocapsid
antibody test becomes positive following COVID-19 infection, but vaccination does not cause
individuals to generate antibodies to this part of the virus. Participants were required to have a
negative nucleocapsid antibody test at enrollment as we excluded participants with evidence of
prior COVID-19 infection. At the end of the study period (late April and May 2021), we also
tested participants for antibodies to the SARS-CoV-2 RBD with the LabCorp Semi-Quantitative
Total Antibody, Spike assay (Test# 164090, LabCorp, Inc.), which used the Roche Elecsys
Anti-SARS-CoV-2 S assay performed on a COBAS €602 module (Roche Diagnostics, 2022).
The specificity and sensitivity (>14 days post-PCR diagnosis of COVID-19 infection) for the
Elecsys Anti-SARS-CoV-2 S immunoassay is reported to be 99.95% (95% CI: 99.87-99.99)
and 97.92% (95% CI: 95.21-99.32), respectively (Riester et al., 2021). The dynamic range
reported for this assay during the time when most of the study assays were performed was from
0.4 TU/mL to 2500 IU/mL, with a clinical cut-off value for positive results of 0.8 U/mL. Prior to

3 May 2021, LabCorp reported results using an upper detection limit of 250 IU/mL, after which
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LabCorp changed assay procedures to quantitate antibody levels up to 2500 IU/mL. Fifty-seven
participants completed the RBD antibody test before 3 May 2021 and had a result of “>250
IU/mL”.

Wearable device data (device-generated metrics). Participants wore the Oura Ring
(Generation 2), a commercially available wearable sensor device (Oura Health, Oulu, Finland),
on a finger of their choosing. The Oura Ring connects to the Oura App (available from the
Google Play Store and the Apple App Store) via Bluetooth. Users can wear the ring continuously
in both wet and dry environments.

The Oura Ring generates physiological metrics by aggregating data gathered from on-
device sensors. These high-resolution metrics are transformed into summary metrics before
transmission to a smartphone app. These device-generated metrics include nightly summary
variables of dermal temperature deviations, resting heart rate (HR), resting heart rate variability
(HRV), and respiratory rate (RR). The Oura Ring Gen2 assesses HR, HRV, and RR from a
photoplethysmogram (PPG) signal generated at 250 Hz. The Oura ring calculates HR, HRYV,
and RR from inter-beat intervals (IBI), which the Oura Ring only generates during periods of
sleep. The Oura Ring calculates HRV in the form of the root mean square of the successive
differences (RMSSD). Tri-axial accelerometers estimate activity metrics as metabolic equivalents
(MET) reported at 10-60 Hz during both sleep and wake periods, and sleep stages at 5 min
resolution. The Oura Ring assesses temperature by using a negative temperature coefficient
(NTC) thermistor (resolution of 0.07 °C) on the internal surface of the ring. The sensor registers
dermal temperature readings from the palm side of the finger base every 60 s. The temperature
deviation metric is computed as the difference between a user’s average overnight temperature
and their longer-term baseline, calculated using a rolling window roughly equal to the prior
two months. The Oura Ring also outputs sleep metrics that include minutes of light sleep
(non-rapid-eye movement [NREM] stages 1 and 2), deep sleep (NREM stages 3 and 4), rapid eye
movement (REM) sleep, and total sleep time. We examined these metrics (temperature deviation,

HR, HRV, RR, REM sleep duration, deep sleep duration, and total sleep duration) in the present
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analyses.
Vaccination. Participants reported the dates on which they received injections of one of
the three vaccines available in the United States (Pfizer-BioNTech, Moderna-NIAID, or Johnson

& Johnson-Janssen) between December 2020 and May 2021.
Analytic Plan

Outcome. For correlation analyses, we treated values of “>2500 IU/mL” as 2500 IU/mL
(n = 474). We omitted participants who received a value of “>250 IU/mL;” (n = 51) from
primary analyses. However, we reported analyses including these values as 250 in supplementary
results.

Predictors. We used device-generated values of each metric two nights before and three
nights after each injection (nights -2, -1, 0, 1, 2, where O represents the night of the day when
vaccination occurred). We established a pre-vaccination baseline period for each participant from
14 nights to 4 nights prior to the first vaccine injection (night -14 to night -4). We calculated
values of each device-generated metric adjusting for this pre-vaccination baseline period by
converting each physiological metric to a z-score using participants’ respective individual means
and standard deviations from the pre-vaccination baseline period (this transformation allows
analysis of relative change, without the need for individual device calibration). We examined
device-generated metrics from all nights surrounding each injection (-2, -1, 0, 1, 2) and device-
generated metrics adjusted for the pre-vaccination baseline period as predictors of RBD antibody
responses. Notably, all device-generated metrics reflect values solely from the prior night, except
the temperature deviation metric (computed as the difference between the prior night’s value as a
deviation from an average derived of the prior two months). The temperature deviation metric
adjusted for the pre-vaccination baseline period, therefore, reflects a difference in two deviation
metrics: the difference between a participant’s (1) deviation on a particular night surrounding
injection and (2) average deviation during the pre-vaccination baseline period.

If a participant was missing device-generated metrics from a particular night, we did not
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include them in analyses for that night. We excluded participants who had a positive SARS-CoV-
2 nucleocapsid antibody test at the end of the study, who did not receive their second injection
(Moderna-NIAID and Pfizer-BioNTech) at least 7 nights prior to their final blood draw, who did
not have at least 7 nights of physiological data within pre-vaccination baseline period (night -14
to night -4), and who had a threshold value of “>250 IU/mL” on the outcome.

Statistical analyses. We conducted analyses separately for each type of vaccine (Johnson
& Johnson-Janssen, Moderna-NIAID, Pfizer-BioNTech). We also analyzed the data from both
mRNA vaccines combined (Moderna-NIAID and Pfizer-BioNTech). First, we conducted Spear-
man rank-order correlations between RBD antibody responses and device-generated metrics,
before and after adjusting for the pre-vaccination baseline period. We also examined correla-
tions between metrics assessed during the pre-vaccination baseline period and RBD antibody
responses.

Second, we used the results of the bivariate correlational analyses to inform variable
selection for multivariate regression models that assessed which device-generated metrics inde-
pendently predicted RBD antibody responses. Based on results from the Spearman correlations,
we combined data from the mRNA vaccine recipients (Pfizer-BioNTech and Moderna-NIAID)
from night O after the second injection to predict RBD antibody responses from device-generated
metrics before and after adjusting for the pre-vaccination baseline period. We included device-
generated metrics that had associations in Spearman correlation analyses (in the combined mRNA
sample) before and/or after adjusting for the pre-vaccination baseline period with the RBD anti-
body responses with p-values < 0.1. Due to the proportion of observations with right-censored
values of the outcome variable, we adopted a semi-parametric approach using Cox regression
models (Vittinghoff and McCulloch, 2007), using the RBD antibody result as the dependent
variable. Because these analyses used Cox regression to assess differences in antibody levels
(rather than time to event typically used in Cox regression), we reported coefficients rather than
hazard ratios usually reported with Cox analyses. Coefficients offer insight into the direction and

magnitude of associations between the RBD antibody responses and device-generated metrics
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(Therneau and Grambsch, 2000). We found neither strong nor linear effects of time on antibody
titer during the study period. As a result, we did not include temporal parameters in the Cox

regression models.

2.1.2 Results

We enrolled 2392 participants in the second TemPredict study (Figure 2.1 and Table 2.1).
After excluding participants who did not receive their second injection (Moderna-NIAID and
Pfizer-BioNTech) at least 7 nights prior to their final blood draw, who did not have at least 7
nights of physiological data within the pre-vaccination baseline period (night -14 to night -4),
who had a value of “>250 IU/mL” on the RBD antibody assay, or who had a positive value on
their second nucleocapsid antibody test, there were 1179 participants eligible for this analysis.
Of these participants, 107 received Johnson & Johnson-Janssen COVID-19 vaccine, 366 received
the Moderna-NIAID vaccine, and 706 received the Pfizer-BioNTech vaccine (Figure 2.1). Of
the 1179 participants included in this analysis, 474 had a result of “>2500 IU/mL” on the RBD
antibody test, indicating substantial right censoring (40.2%) of the data. Four participants in the
analysis dataset had a left-censored RBD value (“<0.4 IU/mL”). Participants in the analytic
sample obtained the RBD test an average of 38 days (SD: 30 days) after the final vaccine
injection. By vaccine types, the mean (SD) days from final vaccination to RBD testing were:

Moderna-NIAID 35 (24), Pfizer-BioNTech 40 (34), and Johnson & Johnson-Janssen 39 (14).
Spearman Correlations

Changes in device-generated metrics during night O (the night immediately following the
second injection) tended to show a stronger pattern of associations with RBD antibody responses
than these metrics the night immediately following the first injection (Table 2.2 and Figure 2.2).
In some cases, these associations were also evident the following night (night 1) after the second

injection.
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Figure 2.1. Participant flow through the study.
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Table 2.1. Participant characteristics.

Pfizer-BioNTech Moderna-NIAID Johnson & Johnson-Janssen Overall
N 706 366 107 1179
Age (M, SD) 50.4 (11.4) 52.8 (12.0) 49.5(9.9) 51.0(11.5)
Biological sex (N, %)
Male 334 (47.3) 166 (45.4) 53 (49.5) 553 (46.9)
Female 371 (52.5) 200 (54.6) 54 (50.5) 625 (53.0)
Intersex 1(0.1) 0 (0) 0 (0) 1(0.1)
Race (N, %)
African 1(0.1) 1(0.3) 0 (0) 2(0.2)
African American 9(1.3) 6(1.6) 2(1.9) 17 (1.4)
Caribbean 1(0.1) 1(0.3) 0 (0) 2(0.2)
Caucasian/White 603 (85.4) 325 (88.8) 95 (88.8) 1023 (86.8)
East Asian 37(5.2) 9(2.5) 4(3.7) 50 (4.2)
Middle Eastern 5(0.7) 3(0.8) 1(0.9) 9(0.8)
Native American/ Native Alaskan 3(0.4) 0(0) 0(0) 3(0.3)
Native Hawaiian / Other Pacific Islander 0(0) 0(0) 1(0.9) 1(0.1)
South Asian 16 (2.3) 3(0.8) 1(0.9) 20 (1.7)
More than 1 race 24 (3.4) 154.1) 2(1.9) 41 (3.5)
Prefer not to answer / Unknown 7(1.0) 3(0.8) 1(0.9) 11(0.9)
Hispanic/Latinx (N, %)
Yes 30 (4.2) 17 (4.6) 7(6.5) 54 (4.6)
No 671 (95.0) 347 (94.8) 100 (93.5) 1118 (94.8)
Don’t Know / Not Sure 4(0.6) 1(0.3) 0(0) 5(0.4)
Prefer not to answer 1(0.1) 1(0.3) 0(0) 2(0.2)
Education (N, %)
Less than a high school diploma 0(0) 0(0) 0(0) 0(0)
High school diploma or GED 5(0.7) 3(0.8) 3(2.8) 11(0.9)
Some college 40 (5.7) 27 (7.4) 10 (9.3) 77 (6.5)
Associate Degree (e.g., AA, AS) 27 (3.8) 13 (3.6) 6 (5.6) 46 (3.9)
Bachelor’s Degree (e.g., BA, BS) 270 (38.2) 131 (35.8) 40 (37.4) 441 (37.4)
Master’s Degree (e.g., MA, MS) 223 (31.6) 119 (32.5) 38 (35.5) 380 (32.2)
Advanced Degree (e.g., PhD, EdD, MD, JD) 141 (20.0) 73 (19.9) 10 (9.3) 224 (19.0)
RBD Value (N, %)
Value of 0 to 2499 TU/ml 458 (64.9) 89 (24.3) 107 (100.0) 654 (55.5)
Value of “>250 TU/ml” 33 4.7) 18 (4.9) 0(0) 51(4.3)
Value of “>2500 TU/ml” 215 (30.5) 259 (70.8) 0(0) 474 (40.2)

RBD Value (Median, IQR)
Value of 0 to 2499 1U/ml

1613.0 [778.4, 2500.0] 2500.0 [2477.0, 2500.0]
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Figure 2.2. Plots depicting (A) changes in heart rate (HR); (B) heart rate variability (HRV); (C)
respiratory rate (RR); and (D) temperature deviation the nights surrounding the second injection
for Pfizer-BioNTech and Moderna-NAIAD vaccine recipients, combined. Values are z-scored
for participants’ pre-vaccination baseline period (see Materials and Methods).
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Table 2.2. Spearman rank-order correlations between RBD antibody responses and device-
generated metrics on nights before and after each vaccine injection.

Injection 1 Injection 1 Injection 2
Metric J&J Moderna Pfizer Moderna Pfizer

rho P rho P rho P rho P rho P
Sleep Duration -0.127 0.207 -0.031 0.571 0.018 0.649 0.069 0.218 -0.023 0.564

REM Sleep 0.026  0.799 -0.036 0.518 0.104 0.009 0.008 0.886 0.061 0.126
Deep Sleep -0.139 0.166 -0.024 0.657 0.01 0.808 0.07 0.214 0.049 0.219
-2 HRV (RMSSD) -0.119 0.236 0.013 0.812 -0.046 0.251 0.007 0.908 0.025 0.536
HR -0.038 0.706 0.033 0.547 0.138 0 0.031 0.583 0.063 0.117
RR 0.072 0477 -0.048 0.381 -0.067 0.092 -0.13 0.02 -0.045 0.26

Temp Deviation -0.028 0.784 -0.012 0.83 0.052 0.193 0.043 0.439 -0.005 0.891
Sleep Duration  0.036  0.723 -0.022 0.683 -0.044 0.27 -0.059 0.289 -0.068 0.088

REM Sleep 0.018 0.856 -0.062 0.255 0.033 0.403 -0.086 0.126 0.001 0.976
Deep Sleep 0.012 0908 -0.048 0.375 0.047 0.236 0.005 0.933 0.048 0.235
-1 HRV (RMSSD) -0.081 0.421 0.049 0.366 0.001 0974 0.028 0.614 0.044 0.275
HR 0.056 0574 0.021 0.704 0.103 0.009 0.02 0.726  0.093 0.02
RR 0.122 0.223 -0.047 0.387 -0.094 0.018 -0.048 0.391 -0.079 0.048

Temp Deviation -0.047 0.64 -0.023 0.67 0.002 0951 0.053 0342 -0.023 0.568
Sleep Duration  0.125 0.211 0.066 0.235 -0.08 0.044 -0.003 096 -0.033 0.408

REM Sleep 0.054 0593 0.045 0413 -0.002 0968 0.024 0.659 0.033 0.407

Deep Sleep -0.162 0.106 -0.01 0.86 0.005 0.899 -0.025 0.654 -0.058 0.148
0 HRV (RMSSD) -0.047 0.638 0.011 0.838 0.006 0.873 -0.056 0.312 -0.092 0.022

HR 0.125 0.213 0.008 0.885 0.101 0.01 0.138 0.012 0.176 0

RR 0.123 0.222 -0.053 0.34 -0.058 0.141 -0.021 0.711 -0.004 0.925

Temp Deviation 0.155 0.122 -0.009 0.87 -0.003 0.935 0.123 0.026 0.152 0
Sleep Duration  -0.202 0.044 -0.053 0.334 -0.002 0.957 0.069 0.221 -0.009 0.823

Night Relative to Injection

REM Sleep -0.056 0.58 0.023 0.674 0.045 0.258 0.068 0.231 0.082 0.041
Deep Sleep -0.149 0.138 -0.006 0912 0.042 029 -0.09 0.11 0.026 0.522
1  HRV (RMSSD) -0.073 0471 0.003 0962 -0.012 0.765 0.011 0.842 -0.016 0.696
HR 0.049 0.631 0.002 0968 0.087 0.028 0.053 0.352 0.116 0.004
RR 0.157 0.119 -0.03 0585 -0.066 0.098 -0.007 0.899 0.049 0.229

Temp Deviation 0.093 0.356 0.055 0.316 -0.03 0451 0.136 0.016 0.186 0
Sleep Duration  0.046 0.646 -0.019 0.735 -0.016 0.684 -0.061 0.282 -0.106 0.008

REM Sleep 0.019 0.853 -0.026 0.641 0.032 0.425 -0.038 0.497 -0.001 0.974
Deep Sleep 0.026 0.795 -0.039 0478 -0.006 0.87 0.012 0.832 -0.013 0.739
2 HRV (RMSSD) -0.074 0.465 0.038 0.491 0.005 0.891 0.004 0.942 -0.041 0.312
HR 0.108 0.282 0.033 0.552 0.089 0.025 0.041 0.467 0.1 0.013
RR 0.144 0.152 0 0.997 -0.09 0.023 -0.048 0.394 -0.027 0.496

Temp Deviation 0.187 0.062 0.001 0.987 -0.019 0.641 0.081 0.153 0.021 0.594
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Device-Generated Metrics

Greater HR and temp deviation on night O after the second injection for both the Moderna-
NIAID (HR: tho =0.138, p =0.012; temp deviation: tho =0.123, p = 0.026) and Pfizer-BioNTech
(HR: rho = 0.176, p < 0.001; temp deviation: rho = 0.152, p < 0.001) were associated with
greater RBD antibody responses (Table 2.2). Additionally, on night O after the second injection,
lower HRV values were associated with greater RBD antibody responses for Pfizer-BioNTech
(HRV: rho = -0.092, p = 0.022), and these associations were in the same direction, but not
statistically significant, for Moderna-NIAID (HRV: rho = -0.056, p = 0.312). The associations
between RBD antibody responses and HR (Pfizer-BioNTech only) and temp deviation (Pfizer-
BioNTech and Moderna-NAIAD) were also evident the following night (night 1) after the second
injection. Correlations between device-generated metrics and antibody responses were in the
same direction and often had similar rho values for participants who received the Johnson &
Johnson-Janssen vaccine, but none of these correlations were statistically significant in the
smaller group that received this vaccine.

When analyzing the two mRNA vaccines in combination (Moderna-NIAID and Pfizer-
BioNTech) yielded similar associations between device-generated metrics and RBD antibody
responses (Table 2.3). HR, temp deviation, and HRV from night O after the second injection
were significantly associated with RBD antibody responses (HR: rho = 0.197, p < 0.001; temp
deviation: rho = 0.238, p < 0.001; HRV: rho = -0.118, p < 0.001). In analyses combining
participants who received either of the two mRNA vaccines, there was a statistically significant
inverse correlation between deep sleep on night O after the second injection and RBD antibody
responses (Deep: tho =-0.079, p = 0.014). The associations between RBD antibody responses
and HR, RR, and temp deviation were also evident the following night (night 1) after the second

injection.
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Table 2.3. Spearman rank order correlations between RBD antibody responses and device-
generated metrics before and after adjusting for the pre-vaccination baseline period on nights
before and after injections for Moderna-NIAID and Pfizer-BioNTech vaccine recipients, com-
bined.

Device-generated Metric Adjusted by Baseline period
Metric Injection 1 Injection 2 Injection 1 Injection 2
rho P rho P rho P rho P
Sleep Duration  -0.001 0.982 0.021 0.519 0.001 0.988 0.062 0.057

REM Sleep 0.056 0.079 0.059 0.071 0.028 0.38 0.038 0.245
Deep Sleep -0.008 0.808 0.042 0.194 -0.004 0.901 0.04 0.221
-2 HRV (RMSSD) -0.031 0.338 -0.007 0.819 -0.065 0.043 0.004 0.904
HR 0.1 0.002 0.051 0.12 0.081 0.012 -0.022 0.496
RR -0.041 0.197 -0.071 0.03 0.058 0.071 -0.011 0.735

Temp Deviation 0.017 0.603 0.001 0.967 0.044 0.167 0.023 0.488
Sleep Duration  -0.011 0.729 -0.042 0.199 -0.01 0.764 -0.023 0.488

REM Sleep 0.036 0.264 -0.015 0.648 0.008 0.798 -0.05 0.123
Deep Sleep 0.017 0594 0.031 034 0.056 0.079 0.024 0.463
-1 HRV (RMSSD) -0.001 0.981 0.043 0.186 0.011 0.741 0.074 0.024
HR 0.07 0.029 0.052 0.114 -0.009 0.773 -0.011 0.746
RR -0.056 0.08 -0.064 0.048 0.009 0.77 -0.026 0.43

Temp Deviation 0.008 0.813 -0.015 0.644 0.036 0.264 0.018 0.591
Sleep Duration  -0.023 0.476 -0.012 0.704 -0.018 0.565 0.024 0.462

g
.§
:_:T REM Sleep 0.01 0.755 0.031 0343 -0.024 046 0.022 0.497
= Deep Sleep -0.025 043  -0.079 0.014 -0.014 0.667 -0.126 0
¥ 0 HRV(RMSSD) -001 0749 -0.118 0 -0.007 0.816 -0.199 0
E HR 0.07 0.029 0.197 0 0.013 0.695 0.208 0
~ RR -0.039 0.221 0.038 0.241 0.069 0.03 0.177 0
= Temp Deviation 0.006 0.85 0.238 0 0.023 0471 0244 0
-%'0 Sleep Duration  -0.018 0.573 0.065 0.047 -0.016 0.625 0.125 0
REM Sleep 0.034 0.289 0.081 0.014 0.01 0.757 0.084 0.011
Deep Sleep 0.014 0.655 -0.012 0.71 0.028 0.381 -0.021 0.522
1 HRV (RMSSD) -0.032 0.317 -0.029 0.385 -0.08 0.013 -0.074 0.024
HR 0.072 0.024 0.1 0.002 0.035 0.281 0.083 0.012
RR -0.015 0.643 0.067 0.042 0.097 0.002 0.26 0

Temp Deviation 0.04 0.215 0.241 0 0.065 0.042 0.25 0
Sleep Duration  0.012 0.714 -0.084 0.01 0.031 0.329 -0.083 0.011

REM Sleep 0.037 0.252 -0.013 0.69 0.031 0.327 -0.048 0.146
Deep Sleep -0.024 0462 -0.02 0.533 -0.018 0.584 -0.031 0.35

2  HRV (RMSSD) -0.001 098 -0.031 0.337 0.008 0.799 -0.051 0.12
HR 0.068 0.034 0.068 0.038 0.024 0.457 0.005 0.871
RR -0.051 0.111 -0.008 0.816 0.054 0.092 0.117 0

Temp Deviation 0.013  0.693 0.068 0.039 0.021 0.507 0.076 0.02
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Device-Generated Metrics Adjusted for Pre-Vaccination Baseline Period

Adjusting for the pre-vaccination baseline period strengthened associations between
device-generated metrics and RBD antibody responses revealed significant associations between
RBD antibody values and additional metrics (Table 2.4). Specifically, greater increases in HR
and temp deviation on night O after the second injection adjusted for the pre-vaccination baseline
period for both Moderna-NIAID (HR: rho = 0.148, p = 0.007; temp deviation: rho = 0.158, p
= 0.004) and Pfizer-BioNTech (HR: rho = 0.124, p = 0.002; temp deviation: tho =0.152, p <
0.001) were associated with greater RBD antibody responses. Additionally, on night O after the
second injection, larger decreases in HRV and deep sleep, and a larger increase in RR, were
associated with greater RBD antibody responses for Moderna-NIAID (HRV: rho =-0.119, p =
0.031; RR: rho = 0.139, p = 0.012) and Pfizer-BioNTech (HRV: rho =-0.182, p < 0.001; RR:
rho = 0.114, p = 0.004). Pfizer-BioNTech also demonstrated an additional association between
larger decreases in deep sleep and greater RBD antibody responses (Deep: rho = -0.120, p =
0.003). The associations between RBD antibody responses and both RR and temp deviation for
each Pfizer-BioNTech and Moderna-NAIAD were also evident the following night (night 1) after
the second injection. We did not observe these patterns for Johnson & Johnson-Janssen.

When we combined participants who received either of the two mRNA vaccines (Mode-
rna-NIAID and Pfizer-BioNTech), the associations between device-generated metrics adjusted
for pre-vaccination baseline and RBD antibody responses demonstrated greater statistical signifi-
cance (Table 3). HR, HRYV, RR, temp deviation, and deep sleep from night O after the second
injection were significantly associated with RBD antibody responses. The associations between
RBD antibody responses and HRV, HR, RR, and temp deviation were also statistically significant
the following night (night 1) after the second injection. Additionally, greater HRV the night
prior to the second injection (night -1) was significantly associated with greater RBD antibody

responses (tho = 0.07, p = 0.024).
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Table 2.4. Spearman rank order correlations between RBD antibody responses and device-
generated metrics on nights before and after vaccine injections, adjusted for the pre-vaccination
baseline period.

Injection 1 Injection 1 Injection 2
Metric J&J Moderna Pfizer Moderna Pfizer
rho P rho P rho P rho P rho P
Sleep Duration  -0.095 0.343 -0.029 0.602 0.052 0.194 0.127 0.023 0.046 0.253

REM Sleep -0.052 0.605 -0.051 0.356 0.08 0.043 0.014 0.8 0.047 0.244
Deep Sleep -0.137 0.173 -0.011 0.841 -0.008 0.847 0.073 0.194 0.028 0.478
-2 HRV (RMSSD) -0.105 0.297 -0.035 0.526 -0.101 0.011 0.049 0.384 0.022 0.579
HR -0.111 0.268 0.028 0.607 0.1 0.012 -0.028 0.624 -0.057 0.155
RR -0.076 0.45 -0.007 0906 0.064 0.104 -0.047 0.402 0.037 0.357

Temp Deviation -0.052 0.605 0.039 0.479 0.06 0.133 0.076  0.178 -0.005 0.893
Sleep Duration  0.033 0.74 -0.008 0.878 -0.033 0.408 -0.015 0.793 -0.02 0.613

REM Sleep -0.016 0.874 -0.062 0.257 -0.014 0.734 -0.109 0.051 -0.04 0.316
Deep Sleep 0.062 0.539 -0.029 0.594 0.07 0.079 0.011 0.847 0.018 0.659
-1 HRV (RMSSD) -0.077 0.441 0.035 0.522 0.004 092 0.054 0339 0.049 0.22
HR 0.128 0.199 0.01 0.853 -0.012 0.761 -0.052 035 0.023 0.571
RR 0.007 0947 -0.007 0.902 0.009 0.816 0.055 0.325 0.004 0.914
.E Temp Deviation 0.004 0.971 0.031 0.567 0.003 0.944 0.072 0.201 -0.017 0.678
§ Sleep Duration  0.166  0.098 0.097 0.079 -0.05 0.207 0.015 0.784 0.022 0.589
E REM Sleep 0.106 0.293 0.051 0.355 -0.044 0.269 0.037 0.501 0.012 0.763
s Deep Sleep -0.173 0.083 -0.01 0.863 -0.009 0.816 -0.054 0.326 -0.12 0.003
£ 0 HRVRMSSD) -0.001 0993 -0.045 0422 0.012 0.758 -0.119 0.031 -0.182 0
g HR 0.125 0.212 -0.026 0.636 -0.018 0.642 0.148 0.007 0.124 0.002
& RR 0.113 0.262 0.008 0.881 0.074 0.061 0.139 0.012 0.114 0.004
= Temp Deviation 0.141 0.16 0.021 0.71 O 0.994 0.158 0.004 0.152 0
%‘J Sleep Duration  -0.224 0.025 -0.068 0.215 0.026 0.508 0.088 0.12 0.081 0.045
REM Sleep -0.281 0.005 0.058 0.292 -0.009 0.818 0.112 0.048 0.065 0.109
Deep Sleep -0.152 0.13 0.024 0.667 0.047 0.238 -0.123 0.03 0.005 0.892
1  HRV (RMSSD) 0.002 0986 -0.042 0439 -0.06 0.131 -0.004 0946 -0.058 0.147
HR 0.042 0.677 -0.049 0376 -0.005 0.896 0.042 0.46 0.054 0.182
RR 0.057 0573 0.103 0.061 0.041 0.299 0.168 0.003 0.259 0

Temp Deviation 0.067 0.511 0.094 0.085 -0.009 0.814 0.169 0.003 0.182 0
Sleep Duration  0.03 0.769 -0.006 0912 0.034 0.391 -0.066 0.246 -0.064 0.111

REM Sleep -0.125 0.214 -0.018 0.74 0.016 0.685 -0.08 0.155 -0.031 0.446
Deep Sleep 0.052 0.602 -0.018 0.738 -0.013 0.742 0.046 0.415 -0.065 0.106
2 HRV (RMSSD) -0.039 0.701 0.076 0.164 -0.014 0.717 0.004 0.937 -0.112 0.005
HR 0.111  0.269 0.01 0.858 0.021 0.602 0.003 0.963 0.033 0.408
RR 0.082 0416 0.099 0.069 0.028 0477 0.138 0.014 0.097 0.016

Temp Deviation 0.195 0.051 0.044 0422 -0.023 0.561 0.124 0.027 0.009 0.821
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Device-Generated Metrics during the Pre-Vaccination Baseline Period

Among participants who received the Johnson & Johnson-Janssen vaccine, we did not
observe any statistically significant (p < 0.05) correlations using Spearman rank order or Kendall
rank correlation coefficients between baseline values of sleep duration, REM sleep, deep sleep,
HRYV, HR, RR, or temperature deviation and antibody responses. Among participants who
received the Moderna-NIAID vaccine, we observed a correlation between temperature deviation
and antibody response such that lower temperature deviation was associated with greater antibody
response (Spearman rank order: rho = -0.108, p = 0.044; Kendall Tau: 7 =-0.081, p = 0.049).
Among participants who received the Pfizer-BioNTech vaccine, we observed a correlation
between respiration rate and antibody response such that lower respiration rate was associated
with greater antibody response (Spearman rank order: rho =-0.092, p = 0.017; Kendall Tau: 7 =

-0.064, p = 0.016).
Multivariate models

Based on the results of bivariate analyses, we focused multivariate analysis on night
0 after the second vaccine injection, using the combined mRNA vaccine (Pfizer-BioNTech
and Moderna-NIAID) participants. In Cox regression models, temp deviation on night O after
the second injection was a statistically significant predictor of RBD antibody responses in
models before and after adjusting for the pre-vaccination baseline period (Table 5). In the
model unadjusted for the pre-vaccination baseline period, greater HR on night O after the second

injection was also a statistically significantly predictor of greater RBD antibody responses.

2.1.3 Discussion

We found that physiological metrics from an off-the-shelf wearable device on the two
nights following the second dose of an mRNA-based COVID-19 vaccine were associated with
RBD antibody responses. Using the device-generated metrics adjusted for the pre-vaccination

baseline period, we found that both increased temperature deviation and heart rate (HR) and
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Table 2.5. Multivariate regression models predicting RBD antibody responses from device-
generated metrics before and after adjusting for the pre-vaccination baseline period that demon-
strated associations with RBD antibody responses in Spearman correlations from night O after
the second injection for Moderna-NIAID and Pfizer-BioNTech vaccine recipients, combined.

Device-Generated Metric

GFI —log2(p) = 44.95 Coefficient (Beta) 95% CI (LB,UB) Z P
HRV (RMSSD) -0.002 (-0.007, 0.004) -0.584 0.559
RR 0.035 (-0.024, 0.093) 1.161 0.246
HR -0.019 (-0.031, -0.007) -3.178 0.002
Deep 0 (0.000, 0.000) 1.125 0.26
Temp Deviation -0.515 (-0.707, -0.322) -5.247 <.001
Device-Generated Metric Adjusted for Baseline period

GFI -log2(p) = 44.65

HRV (RMSSD) 0.047 (-0.023,0.117) 1.308 0.191
RR -0.042 (-0.091, 0.008) -1.632 0.103
HR -0.013 (-0.073, 0.047) -0.428 0.669
Deep 0.036 (-0.032, 0.104) 1.043  0.297
Temp Deviation -0.071 (-0.109, -0.034) -3.748 <.001

decreased heart rate variability (HRV) the night immediately following the second mRNA
vaccine injection correlated with higher RBD antibody responses. In bivariate analyses using a
standardized difference from the pre-vaccination baseline period for each physiological metric,
we found that increased HR, temperature deviation, and RR, as well as decreased HRV and deep
sleep, were each associated with higher RBD antibody responses for individuals who received
the mRNA vaccines. We did not, however, find a meaningful pattern of associations between
participants’ device-generated metrics during the pre-vaccination baseline period and antibody
responses. Although one earlier study did not find an association between vaccine-related side
effects and antibody levels (Morales-Nufiez et al., 2021), a second study did report higher
antibody levels in individuals with clinically significant side effects (Debes et al., 2021). Neither
study, however, reported actual antibody levels in relation to side effects. Importantly, rather
than relying on participant-reported side effects, our study assessed objective (continuously
assessed) physiological measures as predictors of vaccine responses. Data presented here speak
to recent calls for examining wearable device data in tandem with immune responses to vaccines
(Hajduczok et al., 2021). The continuous predictors in these analyses may have been more

sensitive to the effects of vaccination in generating systemic inflammatory responses.
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In a multivariate model predicting RBD antibody responses from device-generated
metrics, we found that increased HR and temperature deviation independently predicted greater
RBD antibody values for individuals who received the mRNA vaccines. In an identical model
adjusting for the pre-vaccination baseline period, we found that dermal temperature was the
sole statistically significant independent predictor of greater RBD antibody values in this same
sample. Prior research has focused on identifying the roles of behavioral and psychological
factors, in particular, sleep parameters, in vaccine responses. Short sleep duration prior to
vaccination against influenza reduces antibody responses in both observational and experimental
sleep deprivation models (Spiegel et al., 2002; Prather et al., 2021). These observations have
driven hypotheses that a longer sleep duration prior to vaccination against COVID-19 might
boost host immune responses (Benedict and Cedernaes, 2021). Ongoing research is studying the
effects of shift work and short sleep on antibody response following mRNA-based COVID-19
vaccination (Lammers-van der Holst et al., 2022). Our data did not demonstrate associations
between pre-vaccination sleep duration and antibody response among individuals receiving
mRNA-based COVID-19 vaccines. In contrast to prior findings with other vaccines, we found
that less deep sleep (NREM stages 3/4 sleep) the night immediately after receiving an mRNA-
based vaccine against COVID-19, both in absolute terms and relative to one’s pre-vaccination
levels, was associated with greater antibody responses. Rather than implicating reduced deep
sleep after vaccination as a mechanism driving antibody response, a more likely explanation is
that individuals experiencing more noticeable discomfort, such as arm pain, fever, chills, or other
symptoms that can follow COVID-19 vaccination (CDC, 2023) may have experienced sleep
disruptions. Consistent with this explanation, sleep duration was not a significant predictor of
vaccine responses in multivariate models. Future research should capture diversified self-reports
of the effects of post-vaccination symptomology, including their perceived effects on sleep
factors (e.g., duration, restfulness) to further explore this hypothesis.

Mediators of systemic inflammatory responses, such as COX-2, are associated with fever

as well as with the development of certain vaccine responses (Saleh et al., 2016). As antipyretic

34



analgesics, including acetaminophen (Hinz et al., 2008) and non-steroidal anti-inflammatory
drugs, can inhibit COX-2, these data have raised concerns that antipyretic analgesics might
blunt certain vaccine responses if given at the time of vaccination. Randomized, controlled
trial results in children have shown that prophylactic administration of antipyretic drugs at the
time of vaccination led to significantly lower antibody responses to multiple vaccines (Prymula
et al., 2009). Consistent with these data, the CDC recommends not taking antipyretic analgesics
before the COVID-19 vaccination (CDC, 2024). It is also possible that the use of antipyretic
analgesics following vaccination may blunt immune responses. However, few randomized
controlled trials have formally examined this issue (Prymula et al., 2009). The CDC website
suggests that one “talk to a doctor about taking over-the-counter medication, such as ibuprofen,
acetaminophen, aspirin (only for people age 18 or older), or antihistamines for any pain and
discomfort experienced after getting vaccinated” (CDC, 2023, 2024). To date, no trials that
we are aware of have examined the role of fever or the impact of antipyretic medications on
antibody responses following vaccination with mRNA vaccines. Although our data raise potential
concerns that antipyretic analgesics might blunt COVID-19 vaccine responses, as temperature
elevation was associated with greater antibody responses, our data did not directly address the
effect of these medications and did not shed light on whether antipyretics influence immune
pathways involved in the generation of immune responses to COVID-19 vaccines. Taken together,
prior research (Prymula et al., 2009) and our data highlighted the potential importance of further
research testing the effects of antipyretic medications used after receiving COVID-19 vaccines
on antibody responses.

Psychological factors, including psychological stress, can impact immunological re-
sponses to vaccination, and clarifying their impact on COVID-19 vaccination may be important
for developing interventions to optimize antibody response (Madison et al., 2021). For example,
prior research demonstrated the negative effects of stress on immune response following vaccina-
tion against Hepatitis B (Glaser et al., 2 02). More recent work has shown negative effects of

poor sleep prior to vaccination against influenza (Benedict and Cedernaes, 2021), and subsequent
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studies have replicated similar patterns across multiple types of vaccinations (Madison et al.,
2021). Decreased HRV can indicate increased sympathetic nervous system tone. Researchers
have thus operationalized psychological stress using measures of heart rate variability (HRV),
although the correlation of heart rate variability with stress is imperfect and can depend on several
moderators, including contextual factors (Kim et al., 2018). We found that in the combined
mRNA vaccine group, on the night immediately prior to the second injection adjusted for baseline
(night -1), HRV was positively correlated with antibody responses. This suggests that lower
HRYV (consistent with greater psychological stress (Kim et al., 2018; Thayer et al., 2012)) was
associated with lower antibody responses. This association changed direction in the following
night (night 0) such that HRV was negatively correlated with antibody responses. This likely
represents the effect of increased systemic inflammatory responses to vaccination, resulting in
elevated temperature and HR, and decreased HRV, which in turn was associated with greater
antibody responses. Consistent with this explanation, HRV did not significantly predict antibody
response in multivariate models with other metrics (i.e., temperature), however, suggesting HRV
after vaccination was not independently associated with antibody responses. Future research
on this issue should measure stress more broadly (both self-report and physiological metrics
of psychological stress) as predictors of antibody response to better clarify the role of stress in
COVID-19 vaccine responses.

Our data have several limitations. We did not collect information on antipyretic or
other medication use surrounding the time of vaccine injections, and thus cannot directly
assess any effects of antipyretics on vaccine responses. We also did not collect detailed self-
report information on post-vaccination symptomology, and we did not collect anthropometric
information (e.g., height, weight, blood pressure) from participants as this study was completed
by mail and internet only. Future research should collect such information, as emerging data
suggests that health metrics, such as body mass index, may be associated with antibody responses
(Uysal et al., 2022). The RBD antibody assay we used had an upper limit of dynamic range of

2500 IU/mL. A substantial proportion of participants achieved antibody levels above this range,
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resulting in right-censored data. To address this, we used Cox regression, a robust approach for
analyzing right-censored data (readers may be more familiar with this approach when analyzing
time-to-event data). Future research would benefit from an antibody assay with an extended
dynamic range. We used a commercially available RBD antibody assay to assess neutralizing
antibody responses rather than more precise but more expensive approaches, such as pseudo virus
neutralization assays. Like other studies exploring vaccination responses, our results will become
more meaningful once there are enough data to form a scientific consensus on an antibody level

that indicates adequate immune protection.

2.2 Physiological changes around fever onset

2.2.1 Materials and Methods

We previously reported on data collected for these analyses by Mason et al. (Mason
et al., 2022). Additional details on the recruitment and exclusion criteria of the initial cohort are
outlined in Mason et al.; however, we outline details relevant to the subset of participants used in
these analyses. The original cohort comprised 63,153 participants spanning 106 countries (Mason
et al., 2024) who completed online questionnaires and wore the Oura Ring Gen2, a commercially
available wearable device (Oura Health, Oulu, Finland) on a finger of their choosing. Participants
completed baseline, monthly, and daily online questionnaires; the daily questionnaire included a
checklist to report the subjective experience of a number of symptoms. These analyses focused on
self-reported fever symptoms; participants could self-report the symptom “Fever” since they last
completed a daily questionnaire (“Have you experienced any of the following symptoms since you
last did this survey? (Please check all that apply.)”). Participants were also asked to self-report
the highest body temperature reading they had taken during the last day by thermometry (“If you
took your temperature in the last day, what was the highest reading?”). To select days that were
more likely to be from a fever event, we considered any day where a participant reported both

(1) experiencing a self-reported fever and (2) a self-reported temperature greater than or equal to
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38 °C to be a fever day. Fever days with wearable device data from at least seven nights over a
fourteen-day baseline period and the nights before and after the fever day were included in the
dataset. Wearable device data from the nights before and after fever days comprised positive class
examples in the training set and the test set. Negative class examples comprised days wherein
participants both (1) self-reported not experiencing fever and (2) self-reported a temperature
lower than 38 °C (non-fever days). Non-fever days also had retrievable wearable device data
from at least seven nights over a fourteen-day baseline period and the nights before and after
the non-fever day. Participants wore the Oura Ring Gen2 (Oura Health Oy, Oulu, Finland). The
Oura Ring connects to the Oura App (available from the Google Play Store and the Apple App
Store) via Bluetooth. Users can wear the ring continuously in both wet and dry conditions. The
Oura Ring generates physiological metrics by aggregating data gathered from on-device sensors.
These high-resolution metrics are transformed into summary metrics before their transmission to
a smartphone app. The Oura Ring Gen2 uses a proprietary algorithm to estimate when a user is
at rest and when they have gone to bed. After the Oura Ring determines that a user has gone
to bed, the Oura Ring gathers a high-frequency photoplethysmogram (PPG), which it uses to
calculate interbeat intervals (IBI), which are used in heart rate (HR), heart rate variability (HRV),
and respiratory rate (RR). Both HR and HRV measured by Oura have been externally validated
to be highly accurate (Cao et al., 2022). RR has been validated internally by Oura and is claimed
to be highly accurate compared to a medical-grade ECG, with a mean error of 0.71 breaths per
minute and a correlation of 0.96 (Kryder, 2020b). The Oura Ring Gen2 assesses a user’s dermal
(distal) temperature throughout the day (i.e., not only when the user is in bed) using a negative
temperature coefficient (NTC) thermistor on the internal surface of the ring. The NTC thermistor
has been internally validated by Oura and has been shown to provide near-perfect agreement
with a research-grade sensor (Kryder, 2020a). During sleep, the Oura Ring uses a proprietary
algorithm to estimate the stage of sleep a user is currently in. Sleep stages can be one of the
following: awake, REM, light (N1 or N2), or deep (N3). This algorithm has been externally

validated and is 79% accurate for four-stage sleep stage classification (Altini and Kinnunen,
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2021). Further details regarding these sensors and the algorithms used to determine HR, HRV,
RR, and sleep stages are provided in the Introduction. High-resolution metrics are transformed
into summary metrics before transmission to a smartphone app. Oura further aggregates these
summary metrics across each period of detected sleep into a “sleep summary”. The dataset used
in these analyses comprises metrics (“sleep summary metrics”) from the longest sleep of the
day (i.e., the sleep summary with the greatest total time spent asleep). We included all sleep
summary metrics generated by Oura that were single, scalar, and physiologically interpretable
values. Sleep summaries also included metrics that we did not include, i.e., arrays of HR and
HRYV across every 5 min of sleep, strings that specify the start and end of detected bedtimes, or
any of the metrics that are a proprietary combination of the metrics we included (i.e., so-called
“sleep scores”). Table 2.6 lists each sleep summary metric included in these analyses, along with

detailed descriptions.

2.2.2 Results

Sixteen thousand, seven hundred, and ninety-four participants provided at least one
valid ground truth day; there were a total of 724 fever days (positive class examples) from 463
participants and 342,430 non-fever days (negative class examples) from 16,687 participants. The
mean self-reported body temperature was 38.45 (SD = 0.50) for fever days and 36.45 (SD =
0.42) for non-fever days. The distributions of self-reported body temperatures can be found in
Figure 2.3. Table 2.7 provides the characteristics of participants included in these analyses. The
average participant age was 47.2 years; 43.6% were women.

Wearable-measured physiological changes in the nights before and after fever days
appear in Figure 3. Relative to individuals’ wearable-measured baseline physiology, wearable-
measured physiology changed substantially on the nights before and after self-reported fever
days (Figure 2.4) and exhibited greater deviations in the subset of participants (n = 103) with
fever days in which self-reported temperatures were greater than 39 °C (red lines, Figure 2.4).

Across all participants with fever days, wearable measured physiology changed the most on the
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Table 2.6. Detailed descriptions of each wearable measured sleep summary feature.
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Figure 2.3. Self-reported body temperatures from non-fever examples are in blue and fever

examples are in orange.

Table 2.7. The number of individuals included in the training and test sets, including self-reported
sex assigned at birth, age, and race.

Dataset composition

N
Sex, n (%)

Age, mean (SD)
Race, n (%)

Female
Male
Other

African American/Black

East Asian

Caucasian/White

Middle Eastern

Native American/Native Alaskan

Native Hawaiian or Other Pacific Islander
South Asian

Other

Prefer not to answer

16,794
7,324 (43.6)
9,455 (56.3)
15 (0.1)
472 (12.3)
226 (1.4)
685 (4.2)
14,120 (86.3)
94 (0.6)

27 (0.2)

28 (0.2)
162 (1.0)
429 (2.6)
596 (3.6)
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nights before and after fever days (Nights -1 and 0, Figure 2.4).

2.3 Conclusion

Here, we demonstrate the feasibility of characterizing two distinct acute physiological
changes using wearable device data. In both vaccination and fever onset, the maginitude of
physiological changes are correlated with clinically important outcomes (antibody production
and fever body temperature, respectively). In Chapter 2, I develop and characterize a machine

learning model for detecting fever onset using these data.
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Figure 2.4. Z-score-normalized wearable metrics from individuals, aligned by self-reported fever
day (white hatched areas) and grouped by self-reported temperature on fever day. Individuals
reporting temperatures in the range of (38—-39 °C) are in blue (n = 621), and (39+ °C) are in red
(n =103). Lines represent the mean z-score normalized wearable metric across all participants in
the respective group for each night, and shaded regions are the 95% confidence interval of the
mean.
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Chapter 3

Developing a model for fever onset detec-
tion using wearable data

Commercially available wearable devices (wearables) show promise for continuous
physiological monitoring. Previous works have demonstrated that wearables can be used to
detect the onset of acute infectious diseases, particularly those characterized by fever. We
aimed to evaluate whether these devices could be used for the more general task of syndromic
surveillance. We obtained wearable device data (Oura Ring) from 63,153 participants. We
constructed a dataset using participants’ wearable device data and participants’ responses to
daily online questionnaires. We included days from the participants if they (1) completed the
questionnaire, (2) reported not experiencing fever and reported a self-collected body temperature
below 38 °C (negative class), or reported experiencing fever and reported a self-collected body
temperature at or above 38 °C (positive class), and (3) wore the wearable device the nights before
and after that day. We used wearable device data (i.e., skin temperature, heart rate, and sleep)
from the nights before and after participants’ fever day to train a tree-based classifier to detect
self-reported fevers. We evaluated the performance of our model using a five-fold cross-validation
scheme. Sixteen thousand, seven hundred, and ninety-four participants provided at least one
valid ground truth day; there were a total of 724 fever days (positive class examples) from 463
participants and 342,430 non-fever days (negative class examples) from 16,687 participants. Our

model exhibited an area under the receiver operating characteristic curve (AUROC) of 0.85 and
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an average precision (AP) of 0.25. At a sensitivity of 0.50, our calibrated model had a false
positive rate of 0.8%. Our results suggest that it might be possible to leverage data from these
devices at a public health level for live fever surveillance. Implementing these models could
increase our ability to detect disease prevalence and spread in real-time during infectious disease

outbreaks.

3.1 Introduction

Public health agencies commonly use syndromic surveillance (SS) to augment a variety
of traditional disease surveillance systems (Mandl et al., 2004; Smith et al., 2019). SS systems
generally do not assess laboratory-confirmed reports and instead rely on the presence of detectable
symptoms; cases are typically reported before the results of a laboratory test are available (Mandl
etal., 2004). SS systems require a lower implementation burden relative to traditional surveillance
systems that rely on case reports, such as the National Notifiable Disease Surveillance System.
SS systems are, therefore, potentially (1) more scalable, (2) more sensitive, and (3) better able to
more rapidly identify outbreaks (Colon-Gonzalez et al., 2018; Henning, 2004). Systems using
commercially available wearable devices (wearables) to detect illness states exhibit many of
the same strengths as SS. That is, they are (1) scalable, as in 2019, approximately 30% of US
consumers already used wearables, which are relatively inexpensive (Chandrasekaran et al.,
2020); (2) sensitive as wearable device physiological data can be monitored in large, distributed,
diverse populations, and can be used to discern periods of relative health versus illness; and (3)
rapid as wearable device data can be analyzed in near real-time. Many recent efforts propose
machine learning classifiers for the within-individual detection of specific, acute illnesses using
wearable device data (Mason et al., 2022; Alavi et al., 2022; Gadaleta et al., 2021; Richards
et al., 2021; Miller et al., 2020; Grzesiak et al., 2021; Chaudhury et al., 2022; Mitratza et al.,
2022; Smarr et al., 2020; Merrill et al., 2023). Other works have investigated using wearables to

monitor population-level changes corresponding to influenza-like illnesses (ILI) (Konty et al.,
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2019; Mezlini et al., 2022). Both within-individual detection and population-level monitoring
tasks are tractable because wearables measure physiological metrics that are anomalous around
acute illness onset. These anomalies can include increased heart rate (HR), respiratory rate (RR),
and temperature, and decreased heart rate variability (HRV) and physical activity (Mitratza et al.,
2022). However, real-time SS systems hold the potential to detect such aberrations that may
signal the increased prevalence of a novel pathogen (Smith et al., 2019). As such, we sought
to determine whether wearable device data could be used for generalized SS, and we evaluated
such feasibility by focusing on fever detection. Fever is often a crucial component of the case
definition for many SS systems across conditions, including ILI, where the presence of fever
is necessary but not sufficient for a case to be considered an ILI event (Fitzner et al., 2018).
Moreover, fever is sometimes the only symptom surveilled (Shimoni et al., 2012, 2008; Hiller
et al., 2013). In this work, we explored changes in wearable-measured physiology around the
onset of self-reported fevers, proposed a classifier for detecting its onset, and demonstrated the

classifier’s performance in a broad population.

3.2 Methods

The input features to our model follow the standard format for a binary classification
task. Let D = {(x1,y1)...(xn,yx)} be the training dataset. x; € Ry and y; € {0,1}. x; is a vector
of size k = 35. Entries 1,..., 14 in x; def Zim are as follows

Nightim — (14— —28),m

Zim = (3.1
O(—14—-28),m

Here, the z-scored wearable device metrics from the night before (Night -1, Figure 3.1)
are from the ground truth day. Similarly, entries 15,..., 28 in x; def Zi,m are from the night after
(Night 0, Figure 3.1) the ground truth day. Entries 29,..., 35 in x; defe {0,1} correspond to
one-hot-encoded Boolean features for the day of the week (Sunday through Monday) of the

ground truth day. In summary, the features are (1) z-scored sleep summary metrics (x; ,,) from the
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night before (NB) and the night after (NA) each fever or non-fever day and (2) one-hot-encoded
Boolean features for the day of the week (Sunday through Monday) of the ground truth day. We
included the day of the week as a feature, given the tendency for human weekly rhythms (i.e.,
alcohol consumption (Alavi et al., 2022)) to drive physiological changes that manifest similarly
to acute illnesses. y; = 0 if the jth example is from a non-fever day and y; = 1 if the jth example
is from a fever day. A schematic describing the normalization procedure and instance selection

process is shown in Figure 3.1.

Sleep summary features
e Skin temperature
e Heart rate Night;m
r * Heart rate variability wearable
* Respiratory rate metrics
-28  Atleast 7 of 14 nights with data -14 _ﬁ) * Sleep
. | BNENENEYEEEEN, ||| -
| J
Y
pwearable metrics & O wearable metrics Ground Truth
Day

Figure 3.1. Instance selection and normalization procedure. At least 7 out of the 14 days in the
range of -28 to -14 relative to the ground truth day were retrievable. The mean () and standard
deviation (o) from these days were used to normalize z-score wearable device metrics. We
depict an example of a valid instance with its baseline period (-28 — -14) with retrievable data
from 9 out of 14 nights (nights without retrievable data are indicated by a white cross). This
instance is based on sleep summary features from the night before (night -1) and the night after
(night 0) relative to the ground truth day.

In order to ensure applicability, we implemented a relatively simple, commonly used en-
semble classifier based on the standard implementation of a Histogram-Based Gradient-Boosting
Classification Tree from the sklearn Python (Open source) package v1.2.0 (sklearn.ensemble.Hist-
GradientBoostingClassifier) with all hyper-parameters left at default. Models of this variety
are commonly used for physiological anomaly detection (Gadaleta et al., 2021; Miller et al.,
2020; Nestor et al., 2023; Conroy et al., 2022). For training and testing, we followed a five-fold
stratified cross-validation scheme with a user split as previously outlined in Merill et al. (Merrill

et al., 2023), where each model was trained on data from a subset of participants and tested on
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another subset. We stratified users based on whether that user had a fever day.

Classifiers can be calibrated during training, which aligns a classifier’s predicted class
probabilities and the empirical likelihood of events occurring (Vaicenavicius et al., 2019).
Predictions from well-calibrated classifiers tend to more accurately reflect real-world outcomes.
Importantly, this can allow practitioners to choose intervention thresholds based on a classifier’s
predictions, which can lead to more precise resource allocation and risk assessment (Sahoo et al.,
2021). We used logistic (sigmoid) regression with a two-fold split to calibrate our model using
the sklearn v1.2.0 implementation (sklearn.calibration.CalibratedClassifierCV). We used the
Brier score to assess the extent to which our classifier was calibrated (Roulston, 2007). The
Brier score was calculated by taking the squared difference between the classifier’s predicted
probability and the corresponding outcome (O for incorrect predictions and 1 for correct ones).
The Brier score was then the mean squared difference across all predictions. Brier scores ranging
from O to 1 and lower values indicate a more calibrated classifier. We used the sklearn v1.2.0
implementation of the Brier score (sklearn.metrics.brier_score_loss).

We examined the relative importance of each wearable and measured physiological
change in our classifier using permutation importance, which is a data-driven approach that
quantifies the weight that a tree-based classifier places on individual features (Breiman, 2001).
Permutation importance is determined by evaluating how much a classifier’s performance de-
grades after the systematic perturbation of a specific feature. Baseline classification performance
is established on the unperturbed dataset. Then, each individual feature (i.e., the z-score and
average HR from the night before a [non]-fever day) is randomly permuted between examples
(i.e., all [non]-fever days) in the dataset. This permutation disrupts any relationship between
the feature and the classification output. The change in classification performance is deter-
mined after permutation. Features, when permuted, that cause the largest drop in classification
performance are the most important. We used the sklearn v1.2.0 permutation importance
(sklearn.inspection.permutation_importance) with 30 permutations per feature at each iteration

of the five cross-validation.
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The receiver operating characteristic (ROC) and Precision-Recall curves are often used
to visually assess binary classification performance (Su et al., 2015). The ROC illustrates the
relationship between a classifier’s true positive rate (i.e., recall, sensitivity) and false positive
rate (i.e., 1-specificity) across predicted probability threshold values. The ROC curve is often
used to examine the trade-off between correctly identifying positive instances and incorrectly
classifying negative instances as positive. The integration of the ROC yields the area under
the ROC (AUROC), which is commonly used to summarize the ROC. On the other hand, the
Precision-Recall curve (PRC) plots precision (i.e., positive predictive value) against recall (i.e.,
true positive rate, sensitivity) across predicted probability threshold values. The PRC can more
accurately represent the performance on imbalanced datasets; this method describes a classifier’s
ability to correctly identify positive examples while minimizing false positives. Average (i.e.,

mean) precision (AP) is frequently used to summarize the PRC.

3.3 Results

We depicted model performance following a five-fold cross-validation scheme in Fig-
ure 3.2. The mean AUROC was 0.85 (Figure 3.2), and the mean AP was 0.25 (Figure 3.2).
Our model was well calibrated (Figure 3.2) with a Brier score of 0.0018. When considering
the aggregated predictions on the test set of each cross-validation, the positive class predicted
that probabilities increased with increased self-reported body temperature (Figure 3.2) and were
significantly correlated (Pearson’s r = 0.11, p < 0.001); at a sensitivity of 0.50, the false positive
rate was 0.8%.

We calculated the permutation importance at each iteration of the five cross-validations.
Permutation importance suggested that temperature deviation from the night before a fever day
was the most important feature (Figure 3.3), followed by respiratory rate and the time spent

awake the night before the ground truth day.
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Figure 3.2. Performance of the fever detection classifier following a five-fold cross-validation
scheme. Shaded areas indicate a 95% confidence interval. (a) The mean Receiver Operator
Characteristic curve (ROC) across iterations. The mean area under the curve is 0.85. (b) The
mean Precision—Recall curve (PRC) across iterations. The average precision was 0.25. (c) The
reliability plot (or calibration curve) across iterations. The mean Brier score was 0.0018. (d) Box
plots indicating the classifier predicted probability, binned by self-reported body temperature.
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Figure 3.3. Explanation of the fever detection classifier. Features are ranked from most (top) to
least (bottom) important based on the mean permuted importance across 30 permutations. NB:
Night before [non]-fever day; NA: night after [non]-fever day; days of the week (i.e., Sunday)
indicate the ground truth day; error bars: 95% confidence interval of the mean.
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3.4 Discussion

We found support for the hypothesis that data from wearable devices can be used to detect
fevers with high accuracy on the night after the day an individual starts to experience a fever.
Specifically, we described wearable measured physiological changes around fever onset (Figure
3) and developed features that were quite computationally tractable and had direct physiological
interpretations. Our classifier performed well (average AUROC = 0.85, AP = 0.25) and could be
tuned to a sensitivity of 0.50, where it exhibited a false positive rate of 0.8%.

Over a large population, detection using wearable devices could provide important new
alerting functionality to SS efforts. Since our model inclusion criteria only required retrievable
wearable device data over a two-week baseline period, our model could make predictions on
any new device users after about a month of continuous wear time. We calibrated our classifier
so that higher predicted examples were more likely to be from a fever day, and our classifier
could show promise for a body temperature regression task; the predicted probability increased
proportionately to the self-reported body temperature that described a fever. We posit that
features with explicit physiological interpretations allow better generalizability to heterogeneous
populations than features learned by deep neural networks using a similarly sized training set
and believe this to be a key next step following from this work.

Readers should interpret these results in light of our classifier implementation, perfor-
mance metrics selection, and definition of illness and non-illness periods. While our classifier
exhibited sensitive and specific fever onset detection using wearable-measured physiological
data in a diverse population, further testing should systematically compare the current classifier
implementations across a range of benchmark datasets to determine which classifiers should be
further evaluated for deployment. We chose a machine learning architecture that was relatively
simple and common to train our classifier; however, there is a wide diversity of approaches used
to classify illness from wearable device data (for review, see Mitratza and colleagues) (Mitratza

et al., 2022). Furthermore, certain binary classification performance metrics (i.e., AUROC,
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accuracy) can lead to misleading notions of performance when used on datasets that exhibit
extreme class imbalance, as in these analyses where the number of non-fever days far outnum-
ber fever days. Such a class imbalance is common in illness detection studies (Nestor et al.,
2023). Accordingly, we attempted to report all metrics in a way that did not overestimate the
performance. A systematic comparison of illness detection classifiers would require consistent
definitions of illness and non-illness periods across benchmark datasets, as well as the use of the
same metrics to describe classifier performance across these datasets.

This work also differs from other illness detection studies in both study design and the
wearable device used to gather data. We performed these analyses retrospectively, and the
performance should be verified in a prospective manner (Nestor et al., 2023). Furthermore,
differences in commercially available wearable device sensors (i.e., the ability to collect HRYV,
HR, temperature, and other physiological metrics) have led to substantial differences in the
features used to train illness detection classifiers. We trained our classifier using data from
second-generation Oura Rings, which, at the time of data collection, were different from most
other wearable devices in that they included a temperature sensor, which was not included in
most other wearable devices of similar cost and market penetration (i.e., Apple Watch and FitBit).
Regardless of feature differences, data from wearable devices without temperature sensors have
been used to train many of the other previously studied illness detection classifiers over the past
decade (Alavi et al., 2022; Merrill et al., 2023). However, many of the most recent generations
of wearable devices from Apple, FitBit, and Whoop now include a temperature sensor. Future
work should investigate if and how different sensors in wearable devices create features that
improve illness detection performance, particularly because our results suggest that temperature
sensor-based features are the most important in our classifier (Figure 5). Measurements from
sensors not traditionally included in commercial wearable devices, such as those that monitor
analytes in sweat (Jagannath et al., 2021) or exhaled air (Shih et al., 2010), might be particularly
important for improving the accuracy of these models. Other efforts have engineered more

complicated features, i.e., features based on deviations from expected circadian rhythms (Hirten
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et al., 2021); here, we demonstrate an impressive performance using nightly summary data.
Researchers should systematically explore the effects of the study design and wearable device
features as they work toward developing standards of real-world efficacy.

Our specific algorithmic implementation requires a minimum level of wearable device
compliance. Previous work based on the dataset we used here demonstrates that participants
exhibit a high level of wearable device compliance (87.8% of nights) (Shiba et al., 2023). Another
survey-based study found that 72.58% of participants in their study wore their wearable device
“daily” or “almost daily” (Chandrasekaran et al., 2020). Future work could weigh certain metrics
like recall against the proportion of days wherein users provide enough data to produce variable
results in order to determine the efficacy of these models.

As with other health-screening applications, illness detection algorithms based on wear-
able device data need to balance improving case detection with minimizing false positives. Illness
detection generalizability should also be carefully evaluated across classifier implementations,
the wearable devices used, and diverse populations. In particular, researchers should address
whether models generalize across geographic regions. Future work should also examine whether
the performance of illness detection models varies temporally. Such temporal performance vari-
ability might be driven by seasonality in illness prevalences. Once models exhibit a performance
that can have a real-world impact, developments in wearable device data deidentification and data
integration at public health agencies will be crucial to developing systems for real-time illness
monitoring. Data privacy and deidentification are challenges that remain largely unaddressed for
wearable device data. Recent works further demonstrate how it might be possible to re-identify
individuals using de-identified wearable device data (Chikwetu et al., 2023). Furthermore, as
of 2024, these data fall under the category of “personal health data” in the EU (EUROPEAN
PARLIAMENT, 2016) and US (104th Congress, 1996), and these data are subject to regulations
that vary by jurisdiction. However, it is possible that the categorization of these data might
change in the future, along with the regulations they are subject to. Finally, our efforts suggest

that symptom screening classifiers that generalize across illnesses may be a useful public health
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tool for real-time surveillance.
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Chapter 4

A cross-study analysis of wearable
datasets and the generalizability of acute
illness monitoring models

Large-scale wearable datasets are increasingly being used for biomedical research and to
develop machine learning (ML) models for longitudinal health monitoring applications. However,
it is largely unknown whether biases in these datasets lead to findings that do not generalize. Here,
we present the first comparison of the data underlying multiple longitudinal, wearable-device-
based datasets. We examine participant-level resting heart rate (HR) from four studies, each
with thousands of wearable device users. We demonstrate that multiple regression, a community
standard statistical approach, leads to conflicting conclusions about important demographic
variables (age vs resting HR) and significant intra- and inter-dataset differences in HR. We then
directly test the cross-dataset generalizability of a commonly used ML model trained for three
existing day-level monitoring tasks: prediction of testing positive for a respiratory virus, flu
symptoms, and fever symptoms. Regardless of task, most models showed relative performance
loss on external datasets; most of this performance change can be attributed to concept shift
between datasets. These findings suggest that research using large-scale, pre-existing wearable
datasets might face bias and generalizability challenges similar to research in more established
biomedical and ML disciplines. We hope that the findings from this study will encourage

discussion in the wearable-ML community around standards that anticipate and account for
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challenges in dataset bias and model generalizability.

4.1 Introduction

Commercially available wearable devices (wearables) offer a unique, real-world, highly
temporally resolved lens into an individual’s physiology across time. Wearables continuously
monitor several physiological signs (e.g., heart rate, step counts, sleep). Researchers increas-
ingly view these signs as informative of an individual’s health status. Several cross-sectional
observational studies have correlated these signs with certain human conditions (e.g., step counts
with incident disease (Master et al., 2022) and sleep with psychiatric conditions (Wainberg et al.,
2021)). Measuring signs with wearables might also enable real-time health monitoring and even
early intervention if machine learning (ML) models can predict health status changes before
individuals become aware of them. Accordingly, numerous studies have demonstrated substantial
progress towards using ML models trained on wearable data for a variety of within-individual
longitudinal monitoring tasks including mental health conditions (e.g., depression (Xu et al.,
2022a), anxiety (Wainberg et al., 2021)), chronic diseases (e.g., diabetes (Lam et al., 2021), sleep
apnea (Master et al., 2022)), and specific acute illnesses (e.g., COVID-19 (Goergen et al., 2022;
Abir et al., 2022; Richards et al., 2021; Gadaleta et al., 2021; Conroy et al., 2022; Yamagami
et al., 2021; Hirten et al., 2021; Natarajan et al., 2020; Mayer et al., 2022; Alavi et al., 2022;
Miller et al., 2020; Pho et al., 2023; Hirten et al., 2022), influenza (flu; Merrill et al., 2023;
Grzesiak et al., 2021; Mezlini et al., 2022; Radin et al., 2020), and malaria (Chaudhury et al.,
2022)).

Other fields have seen an increasing concentration of biomedical (Cook and Collins, 2015)
and ML (Koch et al., 2021) research around pre-existing datasets (as opposed to generating and
using novel datasets). In particular, some biomedical research has centered around pre-existing
datasets from large-scale observational studies like All of Us' and the UK Biobank (Glynn and

Greenland, 2020). These large-scale observational studies provide a diverse source of real-world

Thttps://www.researchallofus.org/publications/
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human data that would be challenging for any research group to gather independently. Similarly,
ML research is often organized around certain “benchmark” datasets. These benchmark datasets
provide useful abstractions of certain tasks and serve as stable points of comparison between
algorithmic implementations (Koch et al., 2021).

Given the increasingly central role pre-existing datasets play in biomedical and ML
research, numerous studies have recently examined the generalizability of research findings
across different datasets. Madigan et al. (2013) documented findings from clinical studies
using cross-sectional observational datasets that do not generalize to other similar datasets.
Similarly, ML models used for health applications (health-ML) often struggle to generalize to
new datasets (Li et al., 2020; Johnson et al., 2018; Chekroud et al., 2024; Singh et al., 2022).
Low generalizability is also well-known in more established ML disciplines (e.g., computer
vision (Torralba and Efros, 2011), natural language processing (McCoy et al., 2019), and time
series (Xu et al., 2022a)).

In light of persistent generalizability challenges, some studies have worked towards
characterizing aspects of pre-existing datasets that lead to non-generalizable research. Research
using “biased” datasets, or datasets with “unintended or potentially harmful” data properties,
might be less generalizable (Vaughn et al., 2020). Dataset bias might stem from a combination
of any number of distinct biases in data-generating processes. Furthermore, datasets gathered in
observational studies (e.g., All of Us and the UK Biobank), are at a higher risk for systematic
biases, like selection and information bias (Hammer et al., 2009). Some biases, such as rep-
resentation bias along demographic axes, can lead to biased research (Wacholder et al., 2000;
Abbasi-Sureshjani et al., 2020) but might be easier to mitigate. Other biases are likely harder to
detect and account for. Any biases that impact the distributions of data underlying an ML model’s
training data might lead to poor generalizability in datasets without similar biases. Datasets are
described as exhibiting “distribution shifts” if their underlying data are substantially different
compared with another’s (Cai et al., 2023).

Research using pre-existing datasets needs to be generalizable if it informs inferences
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about the real world or develops ML models that might be deployed. However, generalizable
research is particularly critical in the biomedical and health-ML domains, where outcomes might
influence resource allocation or an individual’s health outcomes. Our work was motivated by
the observation that wearable data from pre-existing observational studies increasingly serve
a dual research role’: as datasets for cross-sectional biomedical research and as benchmark
datasets for developing health-ML models. However, the generalizability of findings from pre-
existing, large-scale wearable device-based studies has not been previously examined. Our work
aims to bridge this gap by (1) examining wearable data from multiple pre-existing, large-scale
longitudinal wearable studies, (2) directly testing the generalizability of ML models on some
existing monitoring tasks, and (3) examining the amount of performance change attributable to

distribution shift (specifically, concept shift) in these datasets for these tasks.

4.2 Related Work
4.2.1 Demographic biases and associations in wearable datasets.

A large body of work examines demographic biases in large-scale wearable datasets
or the association between certain demographics and wearable data. Schoeler et al. (2023)
examined demographic biases in UK Biobank data and Doherty et al. (2017) found associations
between wearable-measured accelerometry and demographics. Cho et al. (2022) demonstrated
imbalances in All of Us FitBit data based on self-reported ethnicity along with several other
bring-your-own-wearable device studies. Two studies have also used multiple regression in large,
non-publicly available photoplethysmography-based heart rate (HR) datasets and both found
that age, male sex, and white ethnicity were negatively correlated with mean HR (Golbus et al.,
2021; Avram et al., 2019). Work on comparatively small (<100 participants), domain-focused,
wearable-measured accelerometry datasets demonstrated bias in human activity recognition

(HAR) datasets (Nair et al., 2023) and fall detection datasets (Casilari and Silva, 2022). However,

Zhttps://allofus.nih.gov/news-events/announcements/
research-roundup-all-us-participants-fitbit-data-drive-new-research
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there has yet to be a comparison of the data underlying multiple longitudinal wearable datasets in
conjunction with examining the impact of the previously documented demographic imbalances

in these datasets.

4.2.2 Generalizability of wearable-ML models.

Broadly speaking, generalizable ML models perform similarly on data external to or
different from their training data (Roelofs, 2019). Despite advancements, issues with model
generalizability remain nearly ubiquitous across applied ML fields. The concept of generaliz-
ability remains largely unexplored in the wearable field, yet, limited research within the mobile
health community has shown that MLL models exhibit poor generalizability. Specifically, Adler
et al. (2022) and Pillai et al. (2023) revealed that ML models using mobile phone data for
passive mental health monitoring fail to generalize across studies. Xu et al. (2022b) similarly
demonstrated that existing models trained to detect a specific chronic condition (depression)
using mobile sensing data show poor generalizability across data gathered from the same study
and site but in different years. To the best of our knowledge, no studies have examined the

generalizability of longitudinal monitoring models across multiple wearable-based studies.

4.2.3 Distribution shifts.

The inability of ML models to generalize to external settings is commonly attributed to
differences in the underlying distributions of data, called distribution shifts (Cai et al., 2023).
Here, we assume distribution shift to be an umbrella term (as in Cai et al. (2023)) encompassing
a few distinct types of shift. Consider data (X,Y) with covariates (e.g., features) X and labels
Y and a supervised learning model f trained to predict ¥ from X. f might be applied to an
external setting with data (X,¥) where distribution shifts can be decomposed into: label shift
p(Y) vs p(Y), covariate/feature shift p(X) vs p(X), or concept shift p(Y|X) vs p(Y|X). Many
approaches that estimate label, covariate, or concept shifts assume at least one is held constant.

However, in real-world data, all three types of shifts likely occur simultaneously. Indeed, acute
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illness monitoring models deployed for surveillance (e.g., as in Radin et al. (2020)) are arguably
deployed as label shift detection models. Concept shift, on the other hand, involves significant
differences in the probability of certain outcomes within specific feature space boundaries across
examples. For instance, if 0.5% of Americans with increased HR above a certain level had
a viral infection, but 4% of Germans with the same increase in HR were infected, this might
indicate a concept shift. Recent methodologies (Cai et al., 2023; Liu et al., 2023) were developed
to quantify concept shift between datasets; we use their approach in these analyses. The most
similar work with wearable data was performed by Vorburger and Bernstein (2006) using an
entropy-based approach on short-scale accelerometry data. As far as we know, no studies have

attempted to quantify concept shift between longitudinal wearable datasets.

4.3 Data

We sought datasets that were: (1) gathered using a commercially available wearable
device capable of measuring HR (e.g., Apple Watch, FitBit, Oura Ring, etc.), (2) longitudinal
(several weeks of data per participant on average), (3) large-scale (on the order of thousands of
participants), and (4) labeled with timestamps that had not been anonymized in the time domain
(e.g., shifted into future years, e.g., “2100”). Five datasets met these criteria: Homekit2020,
GCD, COVID-RED, All of Us, and CDS. All but CDS had individually resolved wearable data
with participant IDs (PIDs) linking their data to demographic information. All datasets had
resting HR at daily-resolution except All of Us. We calculated All of Us daily resting HR directly
using minute-resolution HR and step count data. Homekit2020, GCD, and COVID-RED all had
daily questionnaires linked via PIDs which we used as ground truth labels for assessing acute
illness monitoring model generalizability.

Table 4.1 summarizes the wearable device participants wore while in the study, the
features available in each dataset, and the questionnaire outcomes used as ground truth labels

for acute illness monitoring tasks. include further details on features, preprocessing steps, and
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details on how to access each dataset.

Table 4.1. Descriptions of the datasets used in these analyses. See for participant counts
expanded by demographics.

Dataset Device Number of Demographics Features Questionnaires
Participants
HK FitBit n=5,012 Sex, ethnicity, HR, Symptoms, flu
age, postal code activity, test results
sleep
TemPredict Oura Ring n=43,604 Sex, ethnicity, HR, HRYV, Symptoms,
age, education, RR, sleep, COVID and flu
etc. activity, test results
tempera-
ture
COVID- Ava n=14,955 Sex, ethnicity, HR, HRYV, Symptoms,
RED smartwatch age, education, RR, temper- COVID test
BMLI, etc. ature, results
perfusion
index, sleep
All of Us FitBit n=13,735 Sex, ethnicity, HR, N/A
age, education,  activity,
etc. sleep
CDS Any n=493,487 N/A HR, steps, N/A
measuring sleep
HR

HK: Homekit2020, HR: heart rate, HRV: heart rate variability, RR: respiratory rate

4.3.1 Homekit2020

Homekit2020 was the first publicly available, large-scale wearable dataset wherein data
from participants included demographic information, wearable data, and daily questionnaire
data (Merrill et al., 2023). It includes FitBit data spanning December 2019 to April 2020 from
over 5,000 adult participants recruited from across 50 U.S. states. Homekit2020 was also the
first publicly available acute illness monitoring benchmark, and Merrill et al. (2023) trained
and tested nine ML models on a set of acute illness monitoring tasks. For our results to be
comparable, we attempted to reproduce their task definitions and training/testing procedures

when examining model generalizability across datasets. See for more details.
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4.3.2 Global COVID Dataset

The GCD includes Oura Ring data from January 2020 and through November 2020 from
participants who owned an Oura Ring prior to the study and healthcare workers who were given
an Oura Ring to participate in the study. Participants were distributed globally. Wearable device
data, demographics, and daily questionnaires are available from over 40,000 participants. See

for additional details.

4.3.3 COVID-RED

The COVID-RED dataset (Brakenhoff et al., 2023) includes Ava smartwatch data from
February 2021 through November 2021 from over 14,000 adults living in the Netherlands along
with demographics and daily questionnaires. Whereas the Homekit2020 and GCD datasets
include minute-resolution wearable data, participants were instructed to wear the Ava bracelet
only while asleep. Thus, COVID-RED wearable data is only provided at daily resolution and
does not provide any notion of activity levels. These factors reduced the number of features
shared between each dataset and without minute-level resolution data it was not feasible to test
certain neural models as outlined in the Homekit2020 study. See Section 4.D for additional

details.

4.3.4 All of Us

The All of Us research program is an ongoing major initiative to collect diverse health-
related data, including electronic health records, genomic data, physical measurements, partici-
pant questionnaires, and wearable device data from over a million Americans (The All of Us
Research Program Investigators, 2019). The All of Us research program emphasizes including
groups typically underrepresented in biomedical research. The All of Us research program began
allowing participants to share historical and prospective FitBit data starting in 2019. We use the
All of Us Registered Tier Dataset v7. FitBit data is not paired with daily questionnaires at this

time, thus we use these data for comparing resting HR distributions and not model generaliz-
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ability. See Section 4.E for additional details, particularly how we calculated resting HR from

minute-level data.

4.3.5 Corona-Dataspende

The CDS dataset (Wiedermann et al., 2023) includes geographically aggregated nightly
mean values from over 400,000 adults from Germany. Data is available from April 2020 to
December 2022. Data from any “fitness bracelet or smartwatch” from “Apple, Samsung, Fitbit,
Garmin, Amazfit, Oura, Polar and Withings” were included in the dataset, and resting HR, steps,
and sleep duration are available (Wiedermann et al., 2023). We used data aggregated across the
entire nation of Germany to compare distributions of resting HR data with other datasets. See

Section 4.F for further details.

4.4 Methods

We used these questions to guide our subsequent analyses:
1. What demographic biases exist in large-scale, longitudinal wearable datasets?

2. Are there substantial differences in the underlying data distributions even after statistically

accounting for demographics?

3. How well can we expect acute illness detection models to generalize across wearable

datasets when using community standard features and models?

4. How much of the changes in model performance across datasets is attributable to concept

shift?
4.4.1 Demographic biases

Because there were substantial differences in the total number of participants in each

dataset, we compared the proportion of participants in each demographic group to the proportions
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in the U.S. population® and world population* (for age and sex), and the U.S. population for

ethnicity. See Table 4.J.1 for the total numbers in each category.

4.4.2 Summarizing participant resting HR

Prior large-scale observational wearable studies aggregated all available wearable device
data from each participant. As an example, Master et al. (2022) aggregated daily FitBit-measured
step counts from each participant in the All of Us study and found that participants’ average daily
step count was correlated with incident disease (e.g., depression, hypertension, diabetes, etc.).
For these analyses, we follow the approach taken in previous studies examining the relationship
between demographic factors and real-world assessed HR (Avram et al., 2019; Golbus et al.,
2021). Avram et al. (2019) performed a multiple linear regression and Golbus et al. (2021)
performed an ANOVA (a special case of multiple regression (Nelson et al., 1979)) between
several demographic factors and within-participant mean HR measurements. Our statistical
approach was identical; however, fewer demographics were shared between these datasets (age,
sex, and ethnicity) than those used in Avram et al. (2019) and Golbus et al. (2021). Our primary

results focus on the mean daily resting HR as it is commonly used to assess acute illness.

4.4.3 Acute illness monitoring

We sought to use community standard methodological implementations to examine the
performance and generalizability of acute illness monitoring models across datasets. Therefore,
we reviewed nineteen prior acute illness monitoring studies to determine community standards
(see Section 4.A for criteria and Tables 4.L.1 to 4.L.3 for results). Thirteen trained ML models
on longitudinal wearable data for acute illness monitoring. In the cases where there was no
obvious community standard, we attempted to reproduce methodological approaches taken in

the Homekit2020 study wherever feasible.

3https://www.census.gov/data/tables/2020/demo/age-and-sex/2020-age-sex-composition.html
“https://genderdata.worldbank.org/topics/population/
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Ground truth definitions

Prior acute illness monitoring studies have a wide range of ground truth definitions (see
Table 4.L.2 for a summary). Given the absence of obvious community standards surrounding
ground truth labels, we follow the approach taken by the Homekit2020 of “one prediction per
participant per day” as suggested by Nestor et al. (2023). Any day without missing wearable data
in the nights leading up to a ground truth label from a daily questionnaire was used for evaluating
the performance of our models (see Section 4.N and our code for details). We work with
three of the tasks described in the original Homekit2020 study: prediction of respiratory viral
infection (confirmed by laboratory test), flu symptoms>, and fever symptoms (see Sections 4.B
to 4.D for details on how labels were extracted from each dataset). In other words, we set no
minimum wearable device or questionnaire compliance levels to include a participant’s data in
these analyses except that we required enough data within a rolling baseline period (at least six

of ten days) to reliably calculate the mean and standard deviation of their wearable data.
Normalization strategy

Eleven of the thirteen acute illness monitoring studies we reviewed used a lagged,
within-individual z-score normalization (Table 4.L.1). The other studies also used a lagged
baseline approach; Quer et al. (2022) used the median and inter-quartile range as opposed to
mean and standard deviation, and Risch et al. (2022) performed an unspecified lagged baseline
normalization. There seems to be community consensus around the use of within-individual,
lagged baseline normalization, however, no two studies chose the same combination of baseline
window length (the number of days used to calculate the mean and standard deviation in the
baseline period) and window offset (the number of days the normalization period is from the
ground truth day). Therefore, we performed a hyperparameter grid search on window length and
offset to determine an optimal normalization strategy based on these datasets. Implementation

details are shown in Section 4.M and we found that z-scoring by a ten-day window with a

SWe used the more common Centers for Disease Control and Prevention definition of flu symptoms
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twelve-day offset was optimal for these data.
Feature set

Prior reviews have examined the features used by these models and their performance
(Mitratza et al., 2022). To test generalizability, we considered the set of features shared between
the Homekit2020, GCD, and COVID-RED datasets: 1) resting HR and 2) time spent asleep. In
order for our results to be comparable to the Homekit2020 study, we focused on prediction tasks
as they did. Thus, the input features into our model included the three days of z-score normalized
resting HR and time spent asleep (as described in Section 4.4.3) prior to a ground truth day (see
Section 4.M for details). We also one-hot encoded the day of the week so that models could
account for human activities that follow seven-day rhythmicity (e.g., work days). We note that
models tend to perform better on detection tasks (using data from up to the night after a ground
truth day, Section 4.N) and that within-dataset performance is lower when limiting features to

those that are shared across datasets (HR and sleep vs all available features, Section 4.N).
Model choice

Boosting, tree-based classifiers (e.g., XGBoost, LGBM, Sklearn’s gradient boosting
classifiers) are commonly used in many acute illness monitoring studies (Merrill et al., 2023).
In our review of acute illness monitoring studies (Table 4.L..3), we found that a plurality of
studies reported results from at least one boosting, tree-based classifier. Because we aimed to use
common community implementations, we chose to use Sklearn’s histogram gradient boosting

classifier (Pedregosa et al., 2011). See Section 4.M for implementation details.
Evaluation metrics

We examined model performance using the area under the receiver operating curve
(AUROC), which is commonly reported in acute illness monitoring studies. Despite its bias in
situations with extreme class imbalance, AUROC allowed us to calculate meaningful percentage

changes when comparing models trained on one dataset and tested on the other datasets. We also
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considered using average precision (AP), however, the relative changes as assessed by AP did
not result in meaningful percentages of change. Performance as described by AP are shown in

Table 4.N.3.

Training and testing

2

The Homekit2020 study found that models performed about as well on a “user split
(respective to “time split”) when following a train-test cross-validation procedure; we use a
modified version of their approach for within-dataset performance evaluation. When evaluating
under the user split setting, a model is trained on data from one group of participants and tested on
another. Given the extreme class imbalance in these data, we implemented a stratified version of
Homekit2020’s user split to ensure that each train-test split had a similar number of participants
with positive examples. For within-dataset performance, reported metrics represent the average
across a five-fold randomly stratified user cross-validation split. To assess generalizability,
models were trained on all available data from one dataset and tested on all available data from

each of the other datasets.

4.4.4 Performance change due to concept shift

We used recently developed methods (WhyShift) to estimate the proportion of perfor-
mance change due to concept shift (Cai et al., 2023; Liu et al., 2023). Their method takes a
trained model from one dataset, test data from the same dataset, and an external dataset as
input. It uses a domain classifier to estimate a subset of examples in the test data and external
dataset that have features with shared support. It then uses these examples with shared support
to estimate the performance change that can be attributed to concept shift. See Section 4.0 for
implementation details and a schematic further describing how WhyShift estimates performance

changes due to concept shift.
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Figure 4.1. Datasets are biased in self-reported age and sex, relative to both the U.S. and World
populations. Within-dataset participant counts are normalized by the total number of participants
in each dataset and displayed using a population pyramid.
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4.5 Results

These analyses suggest that large-scale wearable datasets are substantially biased based
on the relative prevalence of self-reported age, sex, and ethnicity. We found opposite directional
correlations between age and resting HR and significant differences in mean resting HR in
each dataset. Most models performed worse on external datasets. The majority of performance

changes could be attributed to concept shift.

4.5.1 Demographic biases

Each dataset is substantially biased based on the relative prevalence of self-reported
demographics. These large-scale wearable studies tend to be over-representative of younger and

female groups (Figure 4.1) as well as White groups (Figure 4.2).

I Asian B White B Dutch
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Homekit2020 NN
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Figure 4.2. Datasets are biased in self-reported ethnicity as compared to the U.S. population,
particularly with respect to Black participants. Within-dataset participant counts are normalized
by the total number of participants in each dataset and are displayed based on the relative
prevalence of self-reported ethnicity.
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4.5.2 Average dataset resting HR

There appear to be substantial differences in the underlying distributions of within-dataset
average resting HR (Figure 4.3) and a variety of within-dataset trajectories throughout the year
which might correspond to changes in behavior in the U.S. during the COVID-19 lockdown in.
We also provide visualizations of the minute-of-day means for HR and activity split by age, sex,
and ethnicity for the Homekit2020, GCD, and All of Us datasets in Figures 4.F.1 to 4.F.3 along

with descriptions of weekday vs. weekend differences across datasets (Section 4.H).
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Figure 4.3. Within dataset mean resting HR varies substantially between datasets. Here, the
average daily resting HR was taken as the mean across all participants with available data on the
same relative date (i.e., 2nd Tuesday of each year) and the mean across repeated relative dates
for datasets spanning multiple years (All of Us and CDS).
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4.5.3 Within-dataset HR differences

Regardless of dataset, when accounting for age, sex, and ethnicity, males tend to exhibit
lower HRs than females (Table 4.2) and African-American participants exhibit higher HRs
relative to white participants. Notably, age is positively correlated with HR in the GCD dataset,

while age is negatively correlated with HR in the All of Us dataset.

Table 4.2. Results are from a multiple regression with age, sex, and ethnicity as factors/covariates
and mean resting HR as response values. Values are reported as: regression coefficient (p-value).
Datasets exhibit concordant correlations for mean resting HR vs sex and a subset of ethnicities,
however, the correlation between age and HR is conflicting between datasets.

Dataset Age Sex* Ethnicityt
Black Asian Other

Homekit2020  -0.014 (0.226)  -3.56 (<0.001) 2.363 (<0.001)  -0.095 (0.886)  0.937 (0.082)

GCD 0.059 (<0.001)  -3.21 (<0.001) 4.125 (<0.001)  0.657 (<0.001)  0.062 (0.585)
COVID-RED  0.082 (0.045)** -3.52 (<0.001) Non-Dutch: 0.881 (0.001)
All of Us -0.108 (<0.001) -4.69 (<0.001) 5.495 (<0.001) -0.685 (0.125)  1.502 (<0.001)

*Reference: female, TReference: Caucasian/white, **Coded as discrete bins of 10 years vs continuous

Table 4.3. Within-dataset performance (bold) is the mean AUROC across five-fold cross-
validation. Models tested on external data are trained on all internal data. “Mean others”:
mean within-task AUROC on external data. “Percent drop”: change between within-dataset
performance and “Mean others.”

Task TrainTeSt Homekit2020 GCD COVID-RED | Mean others | Percent drop
Homekit2020 0.780 0.496 0.586 0.54 30.64
Viral | GCD 0.534 0.565 0.510 0.52 7.61
COVID-RED 0.705 0.508 0.588 0.61 -3.15
Homekit2020 0.620 0.641 0.654 0.65 -4.44
Flu GCD 0.613 0.673 0.689 0.65 3.27
COVID-RED 0.568 0.620 0.685 0.59 13.28
Homekit2020 0.701 0.628 0.666 0.65 7.7
Fever | GCD 0.679 0.673 0.694 0.69 -2.01
COVID-RED 0.653 0.630 0.685 0.64 6.35
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Table 4.4. The majority of performance changes are attributable to concept shift. Values
represent the proportion (concept:total) of performance change attributable to concept shift.
Results displayed are the mean across a five-fold cross-validation, with the test dataset from
cross-validation used with external data to estimate the performance changes due to shifts.

Task | TS0 Homekit2020 GCD  COVID-RED
Train
Homekit2020 : 091 094
Viral | GCD 0.98 . 1.0
COVID-RED | 099 1.0 .
Homekit2020 - 0.77 0.55
Flu | GCD 0.76 . 0.72
COVID-RED | 0613 074 :
Homekit2020 : 0 0.77
Fever | GCD 1.0 - 0.73
COVID-RED | 0381 0.78 .

4.5.4 HR differences across datasets

Multiple regression confirms the qualitative assessment observed in Figure 4.3: with
respect to the All of Us dataset, participants from the Homekit2020 dataset have the most
similar HRs (1.90 bpm lower on average), followed by participants from the GCD dataset (4.86
bpm lower) and the COVID-RED dataset (10.41 bpm lower, Table 4.K.1). When pooling all
participants across all datasets, males still tend to have lower HRs than females (3.69 bpm lower)

while age was positively (but not significantly) correlated with HR (0.001 bpm/decade).

4.5.5 Acaute illness monitoring generalizability

In general, performance was worse on external datasets, however, this was not always
the case (Table 4.3). Across all tasks, the average performance drop was 6.58%. Prediction of
viral positivity seemed substantially easier for examples in the Homekit2020 dataset respective
to the GCD and COVID-RED datasets. Models trained on the GCD dataset (the largest dataset
by number of training examples) exhibited the lowest average drop in performance (2.96%)
across all tasks on external datasets respective to Homekit2020 (11.3%) and COVID-RED

(5.49%). Indeed, when testing on COVID-RED data for the flu and fever tasks, models trained
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on GCD data marginally outperformed models trained on COVID-RED data. Models trained
on the Homekit2020 and GCD datasets both performed better on the flu symptom task in the

COVID-RED dataset relative to their within-dataset performance.

4.5.6 Concept shift drives performance differences

These analyses suggest that the overwhelming majority of performance changes between
datasets were due to concept shift (Table 4.4). The proportion of performance change attributable
to concept shift was also approximately symmetric for each task (e.g., trained on COVID-RED,
tested on GCD was close to trained on GCD, tested on COVID-RED). The viral positivity task
exhibited the highest average concept shift proportion at 0.97. Flu exhibited the lowest concept

shift proportion at 0.69.

4.6 Limitations

This study has several limitations. First, unknown or unmeasured confounding variables
might explain the observed differences in correlations between age and resting HR. Such
differences might stem from unaccounted-for dataset biases or the non-ergodic nature of these
measures (Mangalam et al., 2023). Additionally, these data were gathered in different years
and some data might reflect changes due to the onset of COVID-19 in early 2020 rather than
typical human physiology. Furthermore, we considered the within-participant mean of resting
HR across time, which likely compressed much of the time-dependent information in these
data (e.g., menstrual cycles). Future work could explore these time-dependent characteristics
(e.g., with autoregressive models) and examine differences between datasets. These datasets
were gathered using different wearable devices and prior work suggests that FitBit devices
might underestimate HR respective to gold-standard reference HR measurements (Fuller et al.,
2020). These results, however, suggest that participants in the FitBit-utilizing Homekit2020
and All of Us datasets had higher average HRs. We stress that the intention of these analyses

is not to claim that any of these datasets or devices used therein provide a more accurate
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representation of reality, but rather that researchers examining any one of these datasets in
isolation could come to wildly different results and thus interpretations of reality. Prior research
also documents such dataset-dependent discrepancies (Madigan et al., 2013). Our normalization
strategy reduces differences in within-dataset means (Section 4.P). Future work might examine
whether such within-individual normalization strategies mitigate dataset biases, however, our
specific normalization strategy might only be optimal for these datasets and tasks.

We evaluated the performance of a single, albeit effective and widely utilized, classifier
and we did not explore whether domain adaptation techniques enhance model generalizability or
mitigate concept shifts or whether features other than resting HR vary between datasets. We do
not intend to surmise that the models we used are at the forefront of acute illness monitoring
technology. Nonetheless, their performance is comparable to the best-performing models in the
original Homekit2020 study. Differences in model performance might be attributable to our
use of an optimized, community standard baseline normalization technique. Future work could
also consider other architectures, particularly deep neural networks, which we were unable to
examine due to substantial differences in the sampling structure of each dataset. We did not
consider the transferability of model hyperparameters across datasets and tasks; this would be
an important future step in developing more generalizable models and might prove even more
important in work with deeper architectures. Similarly, researchers could explore whether domain
adaption approaches (e.g., Fernando et al., 2013; Singh, 2021) improve model generalizability.
Unsupervised domain adaptation approaches might be particularly promising for these datasets -
given the large number of unlabelled examples - and in deployment where labels might not be
immediately available. Unsupervised domain adaptation approaches also might perform well
under concept shift scenarios (Rostami and Galstyan, 2023), which remains largely unexplored
in wearable datasets. These analyses offer a baseline against which to compare the impact
of implementing such methods. Similar comparative analyses have not been performed for
large-scale accelerometry data (e.g., those available in the All of Us and UK Biobank studies,

though work currently under review uses multiple such datasets (Shim et al., 2023)). We found
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this surprising given that the body of literature correlating accelerometry measures from these
datasets with health conditions or using these data to develop ML models is much larger than the
illness monitoring literature. Future work similar to ours could consider the accelerometry data

underpinning the A/l of Us and UK Biobank studies.

4.7 Conclusion

Given the time and expense required to collect large-scale wearable datasets, it would not
be surprising if researchers performing cross-sectional observational studies or developing ML
models for health monitoring tasks coalesced around a few of the pre-existing wearable datasets.
At least, similar dataset concentration occurred in many of the more established ML communities.
The All of Us and UK Biobank datasets are emerging as the default large-scale wearable datasets.
Nestor et al. (2023) caution attention to the study design and outcomes described in acute illness
monitoring studies, and the original authors of the Homekit2020 study (Merrill et al., 2023)
suggest that performance on any of these datasets is not indicative of real-world performance.
Our work underscores that such caution is merited, and we suggest that wherever possible, future
studies involving these datasets should test whether correlations and models generalize across
other large-scale datasets.

Ultimately, the data from large-scale wearable device-based studies show impressive
utility in describing human physiology, especially as it changes over time, and might be useful to
develop and train ML models for monitoring tasks. Indeed, in cases where the results from these
data are used for resource allocation, like in epidemiological settings, even small improvements
can save lives. Such applications are particularly promising given that millions of people
already own and use wearable devices that are connected via their mobile device to the internet,
potentially enabling improved resource allocation in near real-time. However, to the extent that a
community of researchers forms around these large-scale datasets and works towards developing

models for acute illness detection, we hope that this work serves as a reminder that these datasets
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likely face many of the same challenges known all too well by other research communities. In the
case that acute illness monitoring using wearables continues to develop into a more established
health-ML field, we hope this work spurs a discussion around anticipating and accounting for

the biases and generalizability challenges documented here.
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Appendix

4.A Studies reviewed for community standards

In order to determine community standard acute illness monitoring approaches, we
reviewed the same studies (Bogu and Snyder, 2021; Cleary et al., 2022; Hassantabar et al., 2020;
Hirten et al., 2021; Lonini et al., 2021; Miller et al., 2020; Mishra et al., 2020; Natarajan et al.,
2020; Nestor et al., 2021; Quer et al., 2022; Shapiro et al., 2021; Smarr et al., 2020) as those
in a previous review of the performance of wearable devices for the detection of SARS-CoV-2
(COVID-19) (Mitratza et al., 2022). We also manually supplemented these studies with studies
that were published after this review was published and we also included studies focused on
acute illnesses other than COVID-19 (e.g., flu). We prioritized reviewing other studies that
focused on acute viral respiratory diseases and found: (Alavi et al., 2022; Mayer et al., 2022;
Conroy et al., 2022; Risch et al., 2022; Quer et al., 2021; Dunn et al., 2022). We excluded
studies that did not use a commercially available wearable device (e.g., those only available
as a medical device (Goldstein et al., 2021) or based on custom hardware (Zhang et al., 2021;
Kumar et al., 2023)) or if it was not clear what device was used (Lakshmi and Robinson Joel,
2023). We also excluded studies that were limited to small, non-representative sub-populations
(e.g. children ages 3-17 who had recently received an appendectomy (Ghomrawi et al., 2023),
patients undergoing chemotherapy for gastrointestinal cancer (Low et al., 2017)) or non-human
research subjects (Davis et al., 2021). Furthermore, we did not consider protocol publications
(Larimer et al., 2021) or publications that were not peer-reviewed (Skibinska, 2023). We also

found several studies that focused on illnesses that were either not acute or not respiratory (e.g.,
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chronic inflammatory rheumatic disease (Rao et al., 2023), stress (Miyawaki et al., 2023), or

Parkinson’s disease (Li et al., 2023)).

4.B Homekit2020 Dataset

Homekit2020 is a dataset provided by researchers at the University of Washington and
Evidation and this study recruited adult participants from across 50 U.S. states and includes
data from December 2019 to April 2020. It was the first publicly available, large-scale wearable
dataset wherein data from participants included demographic information, wearable data (FitBit;
activity, heart rate, and sleep), and responses to daily questionnaires. In their original publication,
Merill et al. provide a set of acute illness monitoring tasks and implement and test nine ML
models, which they use to demonstrate state-of-the-art performance on these tasks. Here we
describe the details of the task definitions, data processing steps, and training/testing procedures

that we use to test the generalizability of acute illness monitoring models across datasets.

* Data access: Data from this study is available to “qualified researchers” who agree to the
study’s “Conditions for Use”. Researchers need to have a user profile through the Synapse
platform and are required to submit an “Intended Data Use” statement in order to access

these data. Data is available from Synapse.

* Code access: Code defining Homekit2020’s original models, data preprocessing, and data
loaders are available at this GitHub repository. The code used for the analyses in this work

is available at this GitHub repository.

» Features: Prior to the start of the study, participants owned a FitBit device capable of
measuring steps, sleep, and heart rate. Inclusion criteria included residency in the U.S., the
ability to read, speak, and understand English, no diagnosis of flu in the 3 months before
the start of the study, willingness to complete a daily online questionnaire for the study’s

duration, ownership of an iPhone, iPad, or Android smartphone or tablet, readiness to
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download an app if experiencing flu-like symptoms, willingness to complete an at-home flu
test kit and send the sample to a laboratory using a pre-paid shipping label. Daily averages,
including resting heart rate, were calculated by FitBit and retrieved using the FitBit API.
Features include: resting heart rate, minutes spent in bed, sleep efficiency, the number
of naps, the total time spent asleep, the total time in bed, the number of calories burned
doing activities the previous day, the total number of calories burned the previous day,
the number of calories burned by an individual’s basal metabolic rate, the total marginal
estimated calories burned for the day, the number of: sedentary, lightly active, fairly active,

and very active minutes from the previous day.

Labels: During the study period, participants were asked to complete a daily, online ques-
tionnaire. Responses to this questionnaire are provided in the “daily_surveys_onehot.csv”
file available on Synapse. This questionnaire included questions about symptoms and
self-reported temperature among other questions. The questionnaire for symptoms was
based on severity using a four-point Likert scale. Results from a comprehensive initial
questionnaire and PCR diagnostic tests were included as separate tables (initial question-
naires are found under the “2020_04_30” folder on Synapse and PCR results are in the
“lab_results_with_triggerdate.csv”’) and participants are linked across tables via PIDs. If
a participant indicated experiencing ILI symptoms in the daily questionnaire, they were
then given additional follow-up questionnaires. These subsequent questionnaires were
more detailed and aimed to gather more information about their symptoms. In cases where
symptoms were reported, participants were directed to self-administer a flu test. This test
would provide immediate results for a generic influenza infection. The test sample was also
meant to be sent to a laboratory for a more detailed analysis to determine the specific type
of virus, if any. We reviewed the original Homekit2020 publication (Merrill et al., 2023),
another study from the same authors using the Homekit2020 dataset (Merrill and Althoff,

2022), an earlier publication from Evidation (Kolbeinsson et al., 2021), and the code from
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Merrill et al. (2023) available at https://github.com/behavioral-data/Homekit2020 to deter-
mine how the group created ground truth labels. For symptom-based labels (flu and fever),
ground truth labels were generated using participants’ responses to daily questionnaires.
For fever, if a participant reported experiencing a severe fever “defined as three or more
on a four-point Likert scale” that day was labeled positive. In the original Homekit2020
study, the flu task was described as “Will the participant report two or more flu symptoms
(including cough, fever, and fatigue) of any severity today?” On the other hand, the orig-
inal flu monitoring study (Kolbeinsson et al., 2021) does not include fatigue in the list
of symptoms and states that a day was labeled positive for flu symptoms if a participant
reported: “two specific symptoms (cough and one of body ache, feeling feverish, chills,
sweats) on the same day”. Given the lack of consensus both in these studies and their
published code, we opted to implement a more common definition of flu symptoms, which
is also the definition used for influenza-like illness surveillance from the CDC: “fever or
feverishness plus either cough or sore throat” . We took the same approach for the GCD
and COVIR-RED datasets. It was not explicitly stated in either the original publications
or their code how the authors defined negatively labeled examples. However, we found
that selecting days wherein participants completed the symptom questionnaire and did not
experience these levels of symptoms produced class balances close to the results reported
in (Merrill and Althoff, 2022). For viral positivity, we found that labeling all days except
for those wherein a participant reported testing positive by a PCR test to produce class
balances most similar to those reported in (Merrill and Althoff, 2022). We used these

approaches for labeling examples in the GCD and COVID-RED studies.

* Demographics: Participant demographics are linked by participant IDs that can be found
under the “PublicPortal\homekit2020_export_2020_04_ 30" folder in the “screener” files

on Synapse.

Shttps://www.cdc.gov/quarantine/air/management/guidance-cruise-ships-influenza-updated.html
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* Acknowledgments: These data were contributed by participants as part of the Home
Testing of Respiratory Illness Study developed by Evidation Health and described in
Synapse (doi.org/10.7303/syn22803188).
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4.C Global COVID Dataset

The Global COVID dataset (GCD) was gathered as part of a larger study by researchers at
several R1 research institutions in collaboration with Oura Health Oy. Participants were recruited
on a rolling basis from individuals who already owned an Oura Ring and at healthcare sites at
over 20 different healthcare institutions throughout the U.S. Participants who already owned
an Oura Ring were distributed globally. Participants were recruited starting in March of 2020
and recruitment stopped in September 2020. Data was back-filled for participants who already
owned the device and data is available from January 2020 to November 2020. Wearable device

data, demographics, and daily questionnaires are available from over 40,000 participants.

» Data access: We obtained access to the dataset through a data-use agreement that does not

allow the data to be made publicly available.

* Code access: Code for processing the Global COVID dataset directly is not available, how-
ever, we used processing functions that were identical to those used for the Homekit2020
and COVID-RED datasets and examples from these datasets are available at this GitHub

repository.

* Features: Summary values (“sleep summaries’) from when a participant was asleep include:
resting heart rate, the lowest heart rate from the sleep period, heart rate variability (rMSSD),
respiratory rate, respiratory rate variability, temperature deviation from a user’s long-term
temperature average, temperature trend deviation from a three-day rolling average, sleep
onset latency, time spent awake, time spent in REM sleep, time spent in light sleep, time
spent in deep sleep, and time spent asleep. Sleep summaries were calculated by the device

and retrieved by the researchers using Oura’s API.

* Labels: During the study period, participants were asked to complete a daily, online

questionnaire. This questionnaire included questions about symptoms including: fever,
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sore throat, dry cough, cough with mucus, and cough with blood. We combined dry cough,
cough with mucus, and cough with blood into a single “cough” label. The questionnaire
for symptoms was binary (experienced or did not experience). As outlined in Section 4.B,
if participants reported fever and either cough or sore throat, that day was included as
a positive example in the flu task. During their time in the study, participants were also
asked to report if they tested positive for any respiratory viral illnesses (COVID-19, flu).

We used responses to these questions for the viral positivity task.

Demographics: Participants completed a baseline questionnaire wherein they reported
certain demographic information including age, sex, and ethnicity. Baseline questionnaire

data is linked to the participants’ wearable and questionnaire data via PIDs.
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4.D COVID-RED Dataset

The COVID-RED dataset was gathered as part of the COVID-RED study, a collaboration
between nine organizations: UMC Utrecht, Ava, Julius Clinical, University College London, the
Danish Center for Social Science Research, Sanquin, Takeda, Roche, and Dr Risch. Adults from
the Netherlands were recruited starting in February 2021 and data is available through November
2021. Wearable device data (Ava smartwatch), demographics, and daily questionnaires are
all available, however, whereas the Homekit2020 and GCD datasets include minute-resolution
wearable data, participants were instructed to wear the Ava bracelet only while asleep. Thus,
COVID-RED wearable data is only available at daily resolution and does not provide any notion

of activity levels.

* Data access: Data is publicly available from Dataverse.

* Code access: To the best of our knowledge, the code used in the studies by the authors who
gathered the COVID-RED data is not publicly available. The code used for the analyses in

this work is available at this GitHub repository.

* Features: The study aimed to enroll a total of 20,000 subjects, focusing on residents of the
Netherlands. To be eligible, participants needed to be at least 18 years old and residents
of the Netherlands. They were required to own a smartphone compatible with the study
requirements (running at least Android 8.0 or 10OS 13.0) and be able to read, understand,
and write Dutch. Individuals were excluded if they had a previous positive test for
SARS-CoV-2 (either through PCR/antigen or antibody tests), were currently suspected of
having a coronavirus infection or exhibiting symptoms, had an electronic implanted device
(like a pacemaker), or suffered from cholinergic urticaria. Participants were recruited
from previously studied cohorts and through public campaigns. Interested individuals
were directed to visit the COVID-RED web portal. Here, they completed questionnaire

questions to determine their eligibility and expressed their interest in joining the study.

85


https://dataverse.nl/dataset.xhtml?persistentId=doi:10.34894/FW9PO7
https://github.com/chil-submission/wearable_generalizability

After completing the questionnaire and indicating their interest, eligible participants
received a subject information sheet and a consent form. Their enrollment was confirmed
upon compliance with the study’s inclusion and exclusion criteria and after providing
consent. Enrolled subjects were instructed to complete the Daily Symptom Diary in the
Ava COVID-RED app, wear the Ava bracelet each night, and synchronize it with the
app daily for the duration of the study. Wearable measured features are available in the
“wd_20230515.csv” file and are labeled by the date they were gathered. Since these data
were gathered at night, we confirmed whether the labeled date corresponds to data from the
night before or the night after the labeled date by taking the mean across all points from the
same day of the week and looking for known weekly rhythms. This confirmed that these
data were from the night before the date. Wearable measured features include: resting
heart rate (“WDPULSE”), respiratory rate (“WDRESP”), skin temperature (“WDTEMP”),
heart rate variability (“WDPULSEV”), perfusion index (“WDOXI”), and total time spent

asleep (“WDSLEEP”).

» Labels: Participants were asked to complete a Daily Symptom Diary. This was facilitated
through the Ava COVID-RED app, a specially designed application for this study. The
app was to be installed on the participants’ smartphones, which had to be compatible with
the app’s requirements. Each day, participants were prompted to report their health status
and any symptoms they might be experiencing. Within the “wd_20230515.csv”, under
the “WDSYMP” column, reported symptoms are comma-separated. We used responses
in this column labeled as “no_current_symptoms” as our negative class label across tasks.
Examples were included as positive class examples for the fever task if “fever” was
included in the list of symptoms. If “fever” and either “cough”, or “sore_throat” were
reported we included that example in the flu task. For the viral positivity task, we used the

“WDDIAG” column and labeled examples with “positive” as positive.

* Demographics: Participant demographics are linked by a participant ID and can be found
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in “dm_20230515.csv”. Note, that we included the country of birth provided in this dataset
as ethnicity (i.e., Dutch vs. non-Dutch) as this was the closest proxy to ethnicity that was
available from the COVID-RED dataset. This might not be directly comparable to the
concepts of race/ethnicity used in the U.S. and the Homekit2020, GCD, and All of Us

datasets.
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4.E All of Us Dataset

The All of Us research program is a major initiative to collect diverse health-related
data, including electronic health records, genomic data, physical measurements, participant
questionnaires, and wearable device data from over a million Americans. It emphasizes including
groups typically underrepresented in biomedical research. The All of Us research program began
allowing participants to share historical and prospective FitBit data starting in 2019. As of
January 2024 (All of Us Registered Tier Dataset v7), FitBit data in A/l of Us are not paired with

any daily questionnaires at this time.

» Data access: Data used in this study are from the All of Us Registered Tier Dataset
v7. Researchers from institutions with a Data Use and Registration Agreement in place
with All of Us can create an account. After identity confirmation, completion of the
mandatory training, and signing the data user code of conduct, researchers can begin
to access Registered Tier data. Data is then accessible through an online service that
provides compute for a fee. Researchers at qualified institutions can register at https:

/lwww.researchallofus.org/register/

* Code access: The code used for the analyses in this work is available at this GitHub

repository.

 Features: All of Us participants who already owned a FitBit could consent to share their
wearable device data with the All of Us research program. Minute resolution steps and
heart rate are available along with activity summaries. Because this dataset does not
provide a FitBit-calculated resting heart rate (as was provided in (Merrill et al., 2023)),
we calculate one using the approach outlined in Alavi et al. (2022), taking the mean of
any available minute-resolution heart rate values between the hours of midnight and 7
AM local time when, in the same minute (matched by day, hour, minute, and participant

ID), the number of FitBit measured steps is 0. See the SQL query defined in our code for
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how this was calculated, which is available in “all_of_us_analyses.ipynb” at this GitHub

repository.
* Labels: N/A

* Demographics: Demographic information is linked in the All of Us database via participant
IDs. Age was not explicitly provided so it was calculated using participants’ provided date
of birth referenced to January 1st, 2019, which is when participants began sharing FitBit
data. See “all_of_us_analyses.ipynb” available at this GitHub repository for further details

on querying the All of Us database for these demographics.

* Acknowledgments: The All of Us Research Program is supported by the National Institutes
of Health, Office of the Director: Regional Medical Centers: 1 OT2 OD026549; 1 OT2
0D026554; 1 OT2 OD026557; 1 OT2 OD026556; 1 OT2 OD026550; 1 OT2 OD 026552;
1 OT2 OD026553; 1 OT2 OD026548; 1 OT2 OD026551; 1 OT2 OD026555; IAA #: AOD
16037; Federally Qualified Health Centers: HHSN 263201600085U; Data and Research
Center: 5 U2C OD023196; Biobank: 1 U24 OD023121; The Participant Center: U24
0OD023176; Participant Technology Systems Center: 1 U24 OD023163; Communications
and Engagement: 3 OT2 OD023205; 3 OT2 OD023206; and Community Partners: 1 OT2
0D025277; 3 OT2 OD025315; 1 OT2 OD025337; 1 OT2 OD025276. In addition, the All

of Us Research Program would not be possible without the partnership of its participants.
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4.F Corona-Dataspende Dataset

The Corona-Dataspende dataset resulted from a collaboration between the Robert Koch
Institute and Humboldt University of Berlin. Adults from Germany were recruited to donate their
wearable device data starting in April 2020; data collection ended in December 2022. Data from
any “fitness bracelet or smartwatch” from “Apple, Samsung, Fitbit, Garmin, Amazfit, Oura, Polar
and Withings” were included in the dataset and the publicly available version of the dataset is
aggregated across geographic regions. The dataset is available as the mean across all participants
with available data for a particular night. These means are calculated across varying levels of
geographical aggregation. We used data aggregated across the entire nation of Germany to

compare distributions of resting heart rate data from other datasets.

* Data access: This dataset is publicly available and can be downloaded directly from

Zenodo.

* Code access: The code used for the analyses in this work is available at this GitHub

repository.

* Features: Participants included anyone over 16 with access to a German app store. Over a
million participants downloaded the app, with more than 500,000 individual participants
contributed at least one data point from a wearable. Regular participation in questionnaire
studies involved up to 30,000 people. Data includes mean daily resting heart rate, step
count, and sleep duration, aggregated by geographical units based on European NUTS
(NUTS3 to NUTSO) classifications. Data is available from April 2020 to December
2022. Data are spatial averages, which prevents identifying any single individual’s data.
Data is excluded from users with incomplete postal codes, Apple Watch sleep data, and
implausible vital signs. Any data point with more than 50,000 steps per day, more than 24
hours of sleep, or with a resting heart rate below 30 or above 150 beats per minute was

excluded.
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e Labels: N/A

* Demographics: Individual-level demographic information is not available.

* Acknowledgments: N/A
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Figure 4.F.1. There are within-dataset differences in the mean resting HR based on age through-
out the entire day. There also appear to be differences in the patterns of HR and activity
throughout the day when comparing across datasets. Lines represent the mean time-of-day
wearable-measured average HR (left) and wearable-measured activity (right). Here, we stratify
participants by age and take the within-dataset mean (top: Homekit, middle: GCD, bottom: All
of Us) for each age group using all available data from that minute of the day.
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Figure 4.F.2. There are within-dataset differences in the mean resting HR based on biological
sex throughout the entire day. There also appear to be differences in the patterns of HR and
activity throughout the day when comparing across datasets. Time-of-day wearable-measured
average heart rate (left) and wearable-measured activity (right). Here, we stratify participants by
sex and take the within-dataset mean (top: Homekit, middle: GCD, bottom: All of Us) for each
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sex using all available data from that minute of the day.
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Figure 4.F.3. There are within-dataset differences in the mean resting HR based on ethnicity
throughout the entire day. There also appear to be differences in the patterns of HR and activity
throughout the day when comparing across datasets. Time-of-day wearable measured average
heart rate (left) and wearable measured activity (right). Here, we stratify participants by ethnicity
and take the within-dataset mean (top: Homekit, middle: GCD, bottom: All of Us) for each
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ethnicity using all available data from that minute of the day.
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4.G Dimensionality reduction of participant level data

Bias can manifest in a number of ways. To properly measure a dataset’s bias, we would
need to compare wearable device measured heart rate with a clinical “gold standard”, measured in
the same participant concurrently. However, none of these datasets have such data. A proxy exists
for a subset of the All of Us participants, for which we have access to FitBit data and clinical
heart rate measurements from those participants. Note, however that these lab measurements are
biased in their own way given that they were measured during a visit to a clinic as opposed to the
“free-living” physiological measurements from their FitBit devices. Regardless, mean resting
FitBit measured heart rate is significantly correlated with mean EHR reported heart rate (Pearson
correlation coefficient=0.504, p<0.001). The mean absolute error between mean resting FitBit
measures heart rate and mean EHR reported heart rate is 7.13 (STD=10.18) bpm.

As demonstrated Table 4.2, resting heart varies based in age, sex, and ethnicity. In
order to further contextualize the extent to which such variability manifests as observable
differences between datasets, we used unsupevised learning to describe summary statistics of
all a participant’s available data. Since the total number of days of data varies by individual,
we limited our summary statistics to those that are length invariant and tolerant to missingness.
Accordingly, we calculated the first 4 statistical moments of each time series (mean, standard
deviation, skew, and kurtosis), along with the median, variance, the variation coefficient to
quantify some notions of the distributions of resting heart rate values. Furthermore, to quantify
some notion of time-dependent information contained in these data, we calculated the first 20
autocorrelation coefficients and parameters from an SARIMA model fit to each participant’s data.
The autocorrelation coefficients capture some of the structured variance on the day scale across
time and perform particularly well at separating participants with strong weekly seasonality.
An SARIMA model is an ARIMA (auto regressive, integrated, moving average model) with an
additional seasonal component (Nobre et al., 2001). These are models are quite common in time

series analysis and forecasting (Nobre et al., 2001). We determined the optimal SARIMA model
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parameters by performing a hyperparameter grid search on the Germany dataset with AIC as
our search criteria. We used the Germany dataset because 1) it does not have participant-level
data so individual-level comparisons would not be possible and 2) we assume this dataset to
be our best approximation of a true distribution because it is the daily mean from by far the
greatest sample size available, (well over a hundred thousand participants). We found that the
lowest error model was achieved using an SARIMA with p=3, d=1, q=3, P=2, D=1, Q=1, and
s=2. We then embed each of the features using UMAP into low (i.e., two) dimensional space
to qualitatively assess the similarity of individuals between datasets. This embedding is shown
in Figure 4.G.1 as a scatter plot. In general, individuals from the same dataset tend to cluster
together. Furthermore, based on the distance between the center of mass for each dataset (the
average embedding across participants from the same dataset), it seems that the Homekit dataset

and the COVID-RED dataset are more similar to each other than the All of Us dataset.

15.0

12.5{ &

10.01 ° Dataset
2 o o ® Homekit
< 7.51 TemPredict
% 5.0- COVID-RED

® AllofUs

2.51

0.01

_2.5- T T T T

-5 0 5 10
UMAP 1

Figure 4.G.1. Low-dimensional embeddings of features derived from participants’ longitudinal
resting heart rate. Each point in the UMAP scatter plot is from a single participant and is colored
by the dataset that participant was from.
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4.H Weekday vs weekends differences by dataset

We observed differences in the mean values observed on weekend nights (Friday night or
Saturday night) compared to weeknights (all other nights). The difference in means (weekend
effect, WE) between these two sets of nights (weeknight vs weekend) varied by dataset. The
largest WEs were observed in the GCD (1.20 beats per minute, bpm) and COVID-RED (0.62
bpm) datasets. WEs were less pronounced in the CDS dataset (0.39 bpm) and seemingly absent

in the All of Us dataset (0.01 bpm).

4.1 Data preprocessing

Conservative reasonableness bounds were used to filter the resting heart rate (HR) and
time spent asleep features. Resting HR measurements below 20 bpm or above 200 bpm were set
to NaNs and excluded from subsequent analyses. Time spent asleep measurements below 60

seconds or above 16 hours were similarly set to NaNs and excluded from subsequent analyses.

4.J Participant counts
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Table 4.J.1. The total number of participants from each dataset whose data are used in Figures 4.1
to 4.3 and Tables 4.2 and 4.K.1

Homekit2020 GCD COVID-RED All of Us
Age bin* Male Female Male Female Male Female Male Female
<29 160 584 3115 1607 646 1870 319 1218
30-39 601 1491 7368 3984 561 1635 665 1842
40-49 379 934 8032 4970 784 2468 522 1685
50-59 193 446 5184 4061 1096 2915 728 1975
60-69 50 136 2241 1844 942 1438 1051 2045
>70 19 19 691 507 334 266 757 872
Ethnicity
Asian 155 2587 435
Black or African-American 179 571 Dutch: 14167 710
Caucasian, European, White 4450 35718 ) 11424
Mixed/Others/Undeclared 238 4766 Non-Dutch: 788 1166

*Does not include sex reported as “other”. Train/test data for models were not filtered by demographics

4.K Inter-dataset differences

Table 4.K.1. Men have significantly lower resting heart rates in a pooled samples across datasets
and there are significant differences between datasets in mean resting heart rate. Results are from
a multiple regression was with age bin, sex, and dataset as factors/covariates and mean heart rate
as response values. Age bins are based on decades as in Table 4.J.1. Reported as: regression
coefficient (p-value).

Age bin Sex* Datasetf
Homekit GCD COVID-RED
0.001 (0.961)  -3.69 -1.90 (<0.001) -4.86 (<0.001) -10.41
(<0.001) (<0.001)

*Female as reference, TAll of Us as reference
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4.L. Feasibility study review
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Table 4.L..1. Here, we examine the normalization techniques and exclusion criteria used by
nineteen studies. While all the acute illness monitoring feasibility studies that use machine
learning (ML) approaches use a lagged baseline normalization, there does not appear to be a
community consensus around the window size and offset used for this normalization.

Study Baseline start Baseline end  Min. # days Normalization
Bogu and Snyder Unclear Unclear N/A Z-score

2021

Cleary et al. 2022 -21 -7 7 Median/IQR

Hassantabar et al.

2020
Hirten et al. 2021

Lonini et al. 2021

Miller et al. 2020

Mishra et al. 2020

Natarajan et al.

2020
Nestor et al. 2021

Quer et al. 2022

Shapiro et al.

2021
Smarr et al. 2020

Alavi et al. 2022

Mayer et al. 2022

Conroy et al

2022
Risch et al. 2022

Merrill et al. 2023
Quer et al. 2021

Dunn et al. 2022

Not longitudi-
nal

Not ML

Not longitudi-
nal

-30

-28

-5

-35

21

Not ML

Not ML

-7 or -28

-35

-17

-28

-21

60

Not longitudi-

nal
Not ML

Not longitudi-

nal
-14

-1

Not ML

Not ML

Not longitudi-
nal

Not ML

N/A

N/A

N/A

N/A

14

N/A

Not ML

Not ML

N/A or 14

29 consecutive

N/A

19

Min-max scaling
Z-score

N/A

Z-score

Z-score

Z-score

Z-score
Median/IQR
Not ML

Not ML

Z-score

Z-score

Z-score
“baseline  normaliza-
tion”

Z-score

Z-score

Z-score

100



Table 4.L..2. Here we examine how nineteen studies chose to define their positive ground truth
and negative ground truth examples. Acute illness monitoring feasibility studies seemingly have
wildly different task definitions.

Study

Positive ground truth

Negative ground truth

Bogu and Snyder
2021
Cleary et al. 2022

Hassantabar et al.

2020
Hirten et al. 2021

Lonini et al. 2021

Miller et al. 2020

Mishra et al. 2020

Natarajan et al.

2020
Nestor et al. 2021

Quer et al. 2022

Shapiro et al.

2021
Smarr et al. 2020

Alavi et al. 2022

Mayer et al. 2022

Conroy et al

2022
Risch et al. 2022

Merrill et al. 2023
Quer et al. 2021

Dunn et al. 2022

-7 to +21 relative to symptom onset
0 to +7 days after symptom onset
Not longitudinal

N/A

Not longitudinal

Days -2 days prior to symptom onset
to +3

-14 to +7 days relative to symptom
onset

+1 to +7 days after symptom onset
Symptom start to symptom end

-21 to -7 relative to symptom onset
Not ML

Not ML

21 days before the symptom onset

for symptomatic cases or diagnosis
date for asymptomatic cases or -28

-7 to 14 days around COVID symp-
tom onset

-14 to -1 days prior to a positive
COVID test

-2 days prior to symptom onset

-1 days prior to symptom onset
+1 to +7 after symptom onset

-5 to -1 days prior to symptom onset

-10 to -20 relative to symptom onset

-21 to -7 days prior to symptom on-
set
Not longitudinal

N/A
Not longitudinal

-30 to -14 days prior to symptom
onset
N/A

-21 to -8 days prior to symptom on
set
All other

0 to +7 relative to symptom onset
Not ML
Not ML

21 days before a negative test result,
the entire time frame for untested
participants, or days before the de-
tection window for positive partici-
pants

-35 to -8 days before COVID symp-
tom onset

-14 to -1 days prior to a negative
COVID test

-20 to -3 days prior to symptom on-
set

Not explicitly stated

-21 to -7 days prior to symptom on-
set

-60 to -22 days prior to symptom
onset
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Table 4.1..3. Here, we examine which models were used by nineteen studies. Acute illness
monitoring feasibility studies employ a wide variety of models and architectures, however, a
plurality chose to use a variation of gradient boosting tree-based classifier.

Study Model used in study

LSTM-based autoencoder

Bogu and Snyder

2021
Cleary et al. 2022

Hassantabar et al.

2020
Hirten et al. 2021

Lonini et al. 2021

Miller et al. 2020

Mishra et al. 2020

Natarajan et al. 2020

Nestor et al. 2021
Quer et al. 2022
Shapiro et al. 2021
Smarr et al. 2020
Alavi et al. 2022
Mayer et al. 2022
Conroy et al. 2022
Risch et al. 2022
Merrill et al. 2023
Quer et al. 2021

Dunn et al. 2022

Not ML

Deep neural network

Not ML

Logistic regression

Gradient boosted classifier

Finite state model, Isolation Forest
Neural network

XGBoost and Gated recurrent units
Logistic regression

Not ML

Not ML

Finite state model, Isolation Forest
Linear SVM

Gradient boosting ensemble learning method
LSTM

XGBoost, CNN, Transformers, ResNet
Multivariate logistic regression

Logistic regression, K-nearest neighbor, support vector ma-
chine, random forest, and extreme gradient boosting
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4.M Hyperparameter tuning and model configuration

In order to determine the optimal window offset and window length, we treat each as
hyperparameters to be tuned and thus performed a grid search over window offset and window
length. We used a logistic regression (LR) model trained on a pooled sample of a random,
equal number of participants from each dataset and found the average AUROC across each task
(prediction of testing positive for a respiratory virus, flu symptoms, and fever symptoms). Other
hyperparameters were left at default Sklearn settings. LR models used resting heart rate and
time spent asleep from the night before the ground truth day as features. We found that the best
performance occurred when z-scoring by a ten-day window with a twelve-day window offset,
where the offset is the number of days the baseline period is away from the normalized day.

We used Sklearn’s (v1.2.0) Histogram-Based Gradient Boosting Classification Tree
(sklearn.ensemble.HistGradientBoostingClassifier) as our primary model. We pooled a sample
of examples together across each dataset and task and performed a hyperparameter search
over a range of hyperparameters and found that models performed and generalized well with
early stopping disabled, a learning rate of 0.1, 12 regularization at 0.2, and the rest of the
hyperparameters left at default. For model comparisons, we chose to use the three days leading
up to a ground truth day as it balanced model overfitting against having fewer examples to train

and test with.

4.N Prediction vs detection

On average, models performed better on the detection version of each task (a model
operating on data from nights before and after a ground truth day) as compared with the prediction
version of each task (a model operating on data from the nights strictly before a ground truth day)
on the same dataset. We tested this by training models on the same ground truth labels using
the normalization strategy described in Figure 4.M.1 (ten-day window length with a twelve-day

window offset). The prediction model included z-score normalized data from Nights -3, -2, and
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Figure 4.M.1. Schematic of the optimized baseline z-score strategy showing an example of
how wearable data from the night before the ground truth day is normalized. For detection, data
from the night after the ground truth day is z-score normalized by a window that is also shifted
forward by one night so that its window is still lagged by twelve days.

-1 relative to the ground truth day. The detection model included z-score normalized data from

Nights -2, -1, and 0 (0 being the first night after a ground truth day). Thus, the total number of

features was held constant within datasets (one value for each feature for each night), however,

the timing of those features was changed. Models for testing prediction and detection are based

on all available nightly features, features used for these models are described in the dataset

descriptions in Sections 4.B to 4.D. Training and testing follow a stratified five-fold user split

cross-validation schema as described in Section 4.4.3.

Table 4.N.1. Performance on prediction tasks across datasets.

Tusk Dataset 0 1ekit2020 GCD  COVID-RED
Metric
Viral AUROC 0.858 0592  0.628
AP 0.0020 0.0017 0.0014
o AUROC 0.637 0713 0.657
AP 0.0159 0.0287 0.0306
over | AUROC 0.766 0742 0.686
AP 0.0363 0.0857 0.0955

104



Table 4.N.2. Performance on detection tasks across datasets.

Dataset

Task ) Homekit2020 GCD COVID-RED
Metric
Viral AUROC 0.931 0.592  0.638
AP 0.0112 0.0017 0.0041
Flu AUROC 0.638 0.713  0.700
AP 0.0160 0.0287 0.0479
Fever AUROC 0.770 0.734  0.709
AP 0.0159 0.0845 0.0998

Table 4.N.3. Performance of the shared-features model on detection tasks across datasets as
measured by average precision (AP).

Tusk Jest Homekit2020 GCD  COVID-RED
Train
Homekit2020 | 0.0007 0.002  0.0007
Viral | GCD 0.00018 0.0013  0.00057
COVID-RED | 0.0001 0.002  0.0011
Homekit2020 | 0.0118 0.0020 0.0173
Flu | GCD 0.010 0.0064 0.019
COVID-RED | 0.007 0.0024 0.033
Homekit2020 | 0.0066 0.0093 0.058
Fever | GCD 0.0039 0.019  0.049
COVID-RED | 0.006 0.0086 0.068

105



4.0 WhyShift implementation

Liu et al. (2023) implemented a method for estimating the proportion of performance
change that can be attributed to concept shift Y'|X and covariate shift X (note, we follow their
notation here). Their results rely on the DISDE method, originally outlined in Cai et al. (2023).
If data (X,Y) from a training distribution P are used to train a classifier f and f is to be used on
some target distribution Q, then P and Q have some shared support S, which they estimate using
an auxiliary domain classifier 7 trained to differentiate between examples in P and examples
in Q. The DISDE method then estimates the performance of f trained on P on examples in S
and Q. It uses the performance of f on P, S, and Q to estimate performance changes due to Y|X
shifts and X shifts. In this case, X shifts take the form of P — § shifts and S — Q shifts. We use
WhyShift’s implementation of the DISDE framework as it handles training the domain classifier
and decomposes the performance changes due to distribution shifts. For implementation, we
used the same stratified, user-split cross-validation for training models. We passed the model
(f) trained on the training split in each cross-validation as the input model to WhyShift, the
test split from cross-validation for examples from P, and all examples from each other dataset
for examples from Q. We report the average performance change due to concept shift across
cross-validation splits. We also added the same histogram gradient-boosting classifier for the

domain classifier & as it was not originally implemented in WhyShift.
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https://github.com/namkoong-lab/whyshift
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Figure 4.0.1. Datasets (distributions) P and Q might both exhibit concept shift and covariate
shift. Concept shift can only be estimated in the subsections of feature space which have shared
support (e.g., have overlap in their distributions) shown here in purple and labeled as S. The
existence of subsections of Datasets P (orange) and Q (blue) not in S might indicate covariate
shift. Concept shift on the other hand can be estimated for both Datasets P and Q for regions
in S (labelled Sp and Sg respectively). Note that there is the same prevalence of both positive
(stars) and negative (circles) examples in both Sp and Sp, however, their relative location has
shifted for each dataset, which might indicate concept shift. WhyShift determines S using a
domain classifier and estimates the performance of an input classifier on examples in both P and
Q and compares this to the classifier’s performance on examples in Sp and Sp. It then used these
empirical estimates of performance to estimate the proportion of performance change due to
concept shift.
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4.P Normalization aligns dataset means
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Figure 4.P.1. Average daily resting HR taken as the mean across all participants with available
z-score normalized data (see Figure 4.M.1) on the same relative date (i.e. 2nd Tuesday of each
year) and the mean across repeated relative dates for datasets spanning multiple years (All of Us
and CDS).
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Chapter 5

Summary and future work

This thesis demonstrates the potential of wearable technologies in monitoring acute
physiological changes following significant health events, notably COVID-19 vaccinations and
the onset of fever. Further, I outline the feasibility of detecting fever at scale using these data.
I present a comprehensive analysis of multiple longitudinal wearable device datasets, assess
the generalizability of algorithms for acute illness monitoring, and characterize biases linked
to demographic variables. This work demonstrates the capabilities of wearables in detecting
acute physiological changes, highlighting their utility in enhancing individual and public health
responses to acute physiological challenges. However, substantial challenges exist and the
models currently used might be doing a poor job of capturing all the complexities of human
physiology, as many models for acute illness detection struggle to make broadly generalizable
predictions (Adler et al., 2022; Pillai et al., 2023; Xu et al., 2022b). Future studies should aim to
refine these models; in particular, techniques that seek to derive generalizable representations
from continuous wearable data might better handle differences between devices and demographic
groups.

Future research in monitoring vaccine efficacy using wearable technologies could signifi-
cantly enhance public health outcomes by providing real-time, individualized vaccine efficacy
data. This would involve rigorous validation studies to confirm whether physiological markers

measured by devices like the Oura Ring, Fitbit, and Apple Watch can reliably predict immune
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responses. Subsequent work from other groups (Quer et al., 2022) demonstrated that changes of
similar magnitude and directionality occur in FitBit and Apple Watch users following vaccination
for COVID-19. They did not, however, determine whether these changes were correlated with
eventual antibody production. Future work could extend to large-scale validation studies that
examine the correlation between physiological responses detected by wearables and subsequent
immune responses. It might even be possible to leverage traditional study design methods, like a
double-blind, randomized, placebo-controlled trial (Kaptchuk, 2001), to gain further insight into
the sensitivity of methods using wearable devices to determine vaccine effectiveness. Such stud-
ies could explore a range of vaccines and wearable devices to assess consistency and reliability
across technologies. This work could then further assess the predictive power of specific physio-
logical changes, such as changes in heart rate variability or skin temperature post-vaccination,
as indicators of immune response efficacy. Additionally, exploring demographic variations in
vaccine response could lead to personalized vaccination strategies, potentially adjusting vaccine
dosage or schedule to optimize efficacy.

In Chapter 3 of this thesis, I make the case that wearable device data might be particularly
useful for syndromic surveillance, however, there exist several barriers to implementing such
a system in the real world. Systems designed to use wearable device data for surveillance
at large will likely need to adapt some existing spatio-temporal methods and models from
public health surveillance to wearable device data. While these methods (i.e., SaTScan (Martin
Kulldorff, 2022)) have already shown substantial promise for detecting regional disease outbreaks
through monitoring case-reports (Curtis et al., 2022; Greene et al., 2021), the models these
methods are based on may not implicitly handle some of the nuances of wearable device
data. In particular, these models often assume that the location of individuals is static over
time. However, individuals are often quite mobile and the determining factor of a cluster of
cases might be prior colocalization at a particular social gathering (Greene et al., 2021). As
such, future work could attempt to incorporate historical location data as well as historical

syndrome data. The model I proposed in Chapter 3 outputs the probability that a particular
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day is from a fever day. This probability is a continuous variable rather, while case reports are
often modeled as a Bernoulli or Poisson distribution. Methods might need to either discretize
these predicted probabilities or extend these methods to a new class of “case counts”. Of
course, improvements in the machine learning model used to make these predictions would
significantly enhance such a system. Current spatio-temporal methods might also struggle to
handle the scale (i.e., number of individuals) and the temporal resolution of these data, however,
these amount to computational rather than conceptual challenges. Future implementations
should focus on developing frameworks that ensure the ethical handling of sensitive health
data, incorporating stringent data security measures and transparent user consent processes
(Chikwetu et al., 2023). Other critical considerations for such a system include ensuring user data
privacy, which might include new data anonymization techniques; it is known that it is possible
to reidentify individuals based on their wearable device data (Chikwetu et al., 2023). Enhancing
the diversity of study populations might also improve the generalizability of these models (Arora
et al., 2023). Collaboration between device manufacturers and public health agencies would also
be essential to align the technological capabilities with public health needs.

Addressing the technical challenges posed by distribution shifts and label noise in datasets
based on wearable devices is crucial for the advancement of this field. Future research should
focus on developing machine learning models that are robust to these issues. A promising avenue
for these particular datasets and tasks include semi-supervised learning (Yu and Sano, 2023),
which has shown promise in other wearable-ML tasks and might enable leveraging the vast
majority of unlabelled examples in these datasets; participants tend to wear their wearable devices
more frequently than they complete the daily survey. Further, unsupervised domain adaptation
techniques might be useful when deploying a pre-existing model in a new geographic region,
with a new wearable device, or across time as it might improve performance without requiring
labels in a new domain (Fernando et al., 2013; Rostami and Galstyan, 2023). Techniques
from representation learning might also provide an avenue for addressing the biases along

demographic or device axes (Jungo et al., 2024). Another promising area is the development of
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federated learning models which allow for decentralized model fine-tuning (Wang et al., 2023).
The decentralized nature of federated learning might mitigate some privacy concerns while
leveraging distributed data to improve model performance. Alternatively, these datasets likely
exhibit substantial levels of label noise and investigation into methods to mitigate this might
prove useful (Saeed et al., 2024). They might also consider leveraging the “fuzzy” (or “soft”)
nature of some illness labels to improve model performance (Yuan et al., 2023). For example,
the Homekit2020 symptom labels are based on a severity score (1 through 4). Preliminary results
suggest that training detection models as regressors on symptom severity (instead of binary
classifiers) improves within-dataset classification performance and cross-dataset generalizability.
Ultimately, as researchers continue to work towards deployable models for acute infectious
disease surveillance it is imperative that these technologies are effective for global disease
surveillance across varying populations and geographical regions and that they have the ability
to adapt to changes that will necessarily occur to their underlying data over time. Doing so will

ensure their utility in the face of evolving public health challenges.
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