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Abstract

Mood Disorders (MDs) are common and severe psychiatric conditions with a relapsing-
remitting course. Timely intervention during impending episodes improves outcomes,
but pre-emptive measures are limited due to infrequent patient reviews and limited
symptom reporting from patients. MDs involve changes in energy levels, circadian
rhythms, and neurovegetative functions, correlating with changes in physiological data,
like acceleration and galvanic skin conductance. Personal sensing, leveraging data
from wearables, offers a way to monitor MDs remotely with objective biomarkers,
which psychiatry currently lacks, relying mainly on clinical observation and patient
self-reports. Al can harness wearable data to realise remote monitoring. I outline a
unifying perspective on personal sensing for MDs and make original contributions to the
field, using a prospective, observational cohort (TIMEBASE/INTREPIBD), recorded

with an Emaptica E4 device

Our first contribution focuses on Heart Rate Variability (HRV), an indicator of the
autonomic nervous system functionality. I find HRV increases as symptoms subside
after acute episodes, suggesting it as a potential symptom improvement biomarker. Due
to limited HRV study samples, I use Bayesian statistics to propose an interpretable prob-
abilistic model, explaining the HRV data generating process. Longitudinal HRV data
collection is indeed labour-intensive, often resulting in small samples that undermine

frequentist statistics reliability.

Personal sensing research typically attempted to detect the mere presence of acute
episodes or the total score on a psychometric scale, missing actionable clinical informa-
tion. I propose inferring all symptoms from two popular scales assessing the full MD
symptom spectrum, akin to a concept bottleneck. This approach ensures Al output is in-
terpretable, recognizing that different symptom combinations require varied therapeutic

strategies. I develope a model for this task and investigate key Al challenges.

Lastly, to address labelled data scarcity in Al systems for personal sensing, I gather
open-access datasets using the E4 wearable, regardless of the task they are concerned
with, and make such collection publicly available. I propose a Transformer model
tailored to the E4 and show that self-supervised learning, repurposing unlabelled data to
learn useful representations through surrogate tasks, is viable in personal sensing. This
method outperforms fully supervised models, whether using deep learning or classical

machine learning with hand-crafted features.



Lay Summary

Mood disorders are common and severe psychiatric conditions characterized by re-
curring disease episodes. Unfortunately, catching new episodes early is challenging
because mental healthcare currently depends on infrequent check-ups, and patients may
not notice or report early warning signs due to limited illness insight. Presently, clinical
decision-making in mood disorders, like many other mental health conditions, relies
nearly entirely on patient self-reports and doctor clinical judgment. Unlike other medical

disciplines, there are no objective tests, like a blood test for diabetes in endocrinology.

Thankfully, modern technology provides new methods to study and monitor mood
disorders. Wearables, especially wrist-worn devices, record data on energy expenditure,
sleep, and heart rate, which are altered in patients with mood disorders, especially
during acute episodes. This data is recorded near-continuously as patients go about

their daily lives.

Artificial Intelligence (Al), a discipline focused on giving machines abilities typically
seen only in intelligent animals, can analyse wearable data to advance our understanding
of mood disorders. For example, by studying variations in heart rate, we can obtain
objective mental state indicators, or “biomarkers”. Moreover, the real-time nature
of data collection with wearables provides unprecedented opportunities to monitor
mood disorders “in the wild”, as patients conduct their daily activities. This could be

revolutionary, enabling early detection and early intervention.

In this thesis, I explore how Al can utilize wearable data to improve outcomes in mood
disorders. There is a tension between simple models, easily interpretable by clinicians,
and large-scale models, which may be better at detecting abnormal mood states but can
often be too complex to be transparent. This dissertation investigates both approaches.
I show how aligning large models with clinical practices and expectations is important
for model outputs to be actionable. Finally, I address a fundamental challenge in Al

applications to mental health, i.e. the limited size of datasets.
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Chapter 1

Introduction

Mental ill-health has increasingly been identified as a global crisis, with roughly one
in four people grappling with a mental condition [1]] and total costs estimated at about
USD 5 trillion worldwide in 2019 [2]]. Furthermore, the aftermath of the COVID-19
pandemic [3] and geopolitical instability [4} 5] are exacerbating determinants of poor
mental health. In the UK specifically, mental ill-health is the single largest cause
of disability [6] and its annual costs amounted to 117.9 GBP billion in 2019 [7], i.e.
approximately 5% of the national GDP. Mood disorders (MDg) account for a substantial
portion of the global and domestic mental health burden [8, 9]. They are relapsing-
remitting conditions, featuring disturbances in mood, energy levels, sleep, and cognition
[10]. Such symptoms lie on a spectrum, going from depression to mania. The former is
characterized by sadness, loss of interest in previously enjoyed activities, and feelings
of worthlessness; on the other hand, elevated or irritable mood, increased energy, and

hyperactivity are core features of mania [11].

In the face of rising demand for mental healthcare, the number of mental health special-
ists is shrinking [[12]] and innovation in psychiatry is stagnant, as decades of research
in neuroscience and genetics has translated into hardly any novel clinical intervention
(13 [14]. Artificial intelligence (Al) is a discipline focused on developing machines
capable of performing tasks that traditionally only intelligent beings could perform.
It has witnessed remarkable advancements over the past decade, and it promises to
revolutionize healthcare. For example, it could help analyse vast amounts of data from
a patient to predict outcomes or optimize therapeutic strategies [[15)]. The increasing

adoption of wearable devices (or wearables), in particular wrist-worn devices, including
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smartwatches and various types of wristbands, provides an abundant stream of clinically
relevant data. At the cross-section of [All digital technologies, and clinical science, a
new, promising paradigm in mental healthcare, named digital phenotyping [[16]], could

help mitigate the current mental health crisis.

1.1 Mood Disorders

encompass a broad spectrum of mental health conditions, where mood disturbances
stand out as one of the predominant clinical features. Such disturbances, running the
whole gamut from depression to mania, are not merely transient emotional conditions,
but pervasive and persistent states that substantially impair an individual’s ability to
function. Diagnostic criteria for[MDg are found in the Diagnostic and Statistical Manual
of Mental Disorders 5" Edition Text Revision (DSM-3)[10] and the International
Classification of Diseases 11" Revision (ICD-11)[17]. are distinguished into
depressive disorders and bipolar and related disorders. The depressive disorders include
Major Depressive Disorder (MDD]) and Persistent Depressive Disorder (PDD)) where
the latter, previously known as dysthymia, involves a low-grade but chronic form of
depression. Bipolar disorders (BDg), on the other hand, encompass type I[BD] type
II and Cyclothymic Disorder, also known as Cyclothymia. The duration and the
severity of the mood swings in Cyclothymia are milder than in full-blown and

similarly, the impact on functionality is comparatively modest.

MDD] and [BDg are the most severe forms of (Section [2.1). With a lifetime

prevalence of around 10% [18]], a typical onset in early adulthood [19], and a severe,

relapsing-remitting course [20, 21], they constitute one of the world’s greatest public
health problems, with significant direct and indirect costs [9]. Their course is charac-
terized by acute episodes followed by periods of symptom remission, referred to as
euthymia in medical parlance. However, while some patients manage to return to their
pre-morbid (symptoms-free) functioning, a significant proportion continues to struggle
with one or more so-called residual symptoms after the resolution of the acute episode
[22, 23]]. Crucially, a longer duration of untreated acute illness has been consistently
associated with worse outcomes, including treatment resistance, residual symptoms,
and functional decline. Thus, timely recognition and early intervention in impending

mood episodes is of paramount importance [24].

The contraction of the mental healthcare workforce coupled with an increasing preva-
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lence of [MDf has been putting a strain on access to services specialized in [MDk.
Furthermore, active monitoring of [MDk by healthcare services currently relies on medi-
cal appointments, typically scheduled only every few months, where a clinician looks
for indications of mood instability during the appointment as well as in the patient’s
daily life in the time between appointments, retrospectively. Crucially, doctor assess-
ments heavily rely on clinical observation and patient self-reports, with no objective
and measurable disease signatures to aid clinical decision-making. This is problematic
as patient retrospective self-reports are subject to a number of biases, such as recall or
social desirability, whose degree might vary based on current mood state. Furthermore,
as limited patient insight is commonly observed in acute mood episodes, the delay
between exacerbation onset and medical services acknowledging the unfolding episode

is frequent, thereby reducing the scope for timely interventions [235, 26].

Besides abnormal emotional states, ’ manifestations include disruptions in en-
ergy levels, motor activity, sleep, and vegetative functions. These can take different
forms, often in opposite directions, e.g. insomnia or increased sleep (hypersomnia),
psychomotor agitation or retardation [10]. Such symptoms have been shown to translate
into changes in physiological parameters [27, 28l 29]. This observation, along with
the increasing adoption of wrist-worn devices sensing physiological data, creates new
opportunities for monitoring in [MDk, taking it outside the doctor’s office and grounding

it on measurable and objective patterns of physiological data [30]].

1.2 Digital Phenotyping

Digital phenotyping relies on digital technologies, such as smartphones, wearables, and
sensors, for a near-continuous collection of a subject’s digital footprint, in the context
of their daily life [31]. By mining these digital traces, digital phenotyping promises to
uncover signatures associated with altered mental states. Symptom monitoring could
therefore be delivered during a patient’s daily life, in their ecological environment, bridg-
ing the gap between medical appointments, typically offered only every few months.
Furthermore, it could leverage objective measurements, aiding clinical judgement in
psychiatry. The growing rate of technology access and wearables ownership [32], along
with the good level of acceptability of wearable-based monitoring expressed by psychi-
atric populations [33], suggest an ideal environment for the implementation of digital

phenotyping. This potential has been acknowledged by the World Health Organization
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in a recent report [34] stating that digital interventions are the most promising way to

reduce the global mental health burden.

There are two approaches to data collection in digital phenotyping. Active data
collection, also known as ecological momentary assessment [35], refers to smartphone-
based surveys or tests, which a participant can complete in response to a prompt or
spontaneously. On the other hand, passive data collection, or personal sensing [36],
exploits digital traces generated without active and deliberate participation from an
individual, reducing patient burden related to active data collection. Furthermore,
passive data is robust to biases affecting smartphone-based questionnaires, but such
“objectivity” does not ipso facto imply it can be exploited to accurately monitor abnormal
mental states, e.g. because of high noise or low signal in the data [30]. Examples of
passively collected data include tracking Global Positioning System location,
monitoring physical activity levels through accelerometers, and analysing speech and

smartphone usage patterns.

The two aforementioned approaches are not mutually exclusive, and some studies
collected active and passive data in tandem. However, a major barrier towards long-
term implementations of smartphone-based surveys is compliance and response quality
degradation over time, as it may be impractical for patients to engage for prolonged
periods of time [37]. On the other hand, personal sensing is less affected by this
limitation, but, especially in the case of certain modalities, e.g. speech or social media,
it may still be associated with suboptimal adherence and acceptability, due to privacy
and security concerns as well as perceived surveillance [38, 39]]. In this regard, some
studies [40, 41]] point to better user perception around physiological data, e.g. motor

activity and sleep patterns from accelerometers.

1.3 Sensing Physiological Data

The interest in physiological data in the context of has a long-standing tradition
dating back to the XIX century [42] when measurements could only be taken with cum-
bersome equipment in the laboratory. The earliest investigations into activity and sleep
patterns using actigraphy — a compact, lightweight device incorporating an accelerome-
ter, typically worn on the wrist or ankle — date back to the 1980s [43]. The resurgence
of interest in physiological data and the emergence of personal sensing as a field of

research stems from the convergence of several innovations [44]. Sensor technology
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has undergone significant advancements over the past decades, resulting in sensors
that are smaller, lighter, and more accurate. Moreover, they have become increasingly
pervasive due to the widespread adoption of smartphones and smartwatches, which are
equipped with an array of sensors, enabling the collection of multiple data modalities
during daily life. Concurrently, data collection and storage capabilities have undergone
dramatic improvements, facilitating the accumulation of larger datasets [45], such as
the UK Biobank [46]] and the ABCD study [47]]. While both include actigraphy, neither
was collected for[MDg specifically: recordings do not monitor any clinically significant
event (e.g. disease exacerbation), span only a few consecutive days picked at random,
and are not accompanied by specialist assessments of the wearers. A novel, longitudinal
dataset addressing these limitations is idenTifying dIgital bioMarkers of illnEss activity
in BipolAr diSordEr/Identifying digital biomarkers of illNess activity and Treatment
REsPonse In Bipolar Disorder (TIMEBASE/INTREPIBD) [48] (Chapter [3). Finally,
recent advancements in |All have equipped researchers with novel data analytics tech-
niques for mining this wealth of data, e.g. to predict outcomes at the level of single

patients or cluster heterogeneous conditions such[MDf into subgroups [49].

Over the past decade, passive sensing data has been explored for the identification of
digital biomarkers, and objective and measurable indicators of a biological process,
i.e. a mental health status in a psychiatric context. Unlike other branches of medicine,
psychiatry currently lacks biomarkers to inform clinical decision-making [50]. For
instance, while blood sugar levels are utilized in diagnosing and managing diabetes,
no such biomarkers exist for[MDp. Consequently, researchers extracted handcrafted
features from raw physiological data, guided by clinical knowledge, and investigated
group-level associations, typically using simple models and frequentist statistics. These
associations are examined across patients and healthy controls (HCE), or across different
illness stages (e.g. [51}152]). As an alternative approach, embracing the individual-
level orientation of precision psychiatry, where interventions are tailored to the specific
characteristics of each patient, researchers have more recently turned to[Alltechniques to
infer clinical outcomes from passive sensing data at the level of individual patients (e.g.
[53,154]]). These endeavours, considering the black-box nature of large(r) |All models,
do not typically prioritize a deep understanding of the pathophysiology underpinning
MDk.
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1.4 Main Contributions and Structure of the Thesis

The field of wearables and, more broadly, digital technologies are credited with the
potential to revolutionize mental healthcare. However, this potential remains largely
untapped to this day. Commercially available applications focus on "wellness" rather
than "health" solutions, often bypassing stringent regulations. These products typically
lack robust evidence for their effectiveness and, in some cases, have even caused harm
to users [S3]]. Despite these concerns, there’s reason for cautious optimism. Wearables
have recently gained recognition for their role in managing blood glucose for diabetes
and remotely monitoring Parkinson’s disease, as evidenced by recommendations from
the National Institute for Health and Care Excellence (56, 57]. However,
applying wearables to mental health, particularly MDE, presents unique challenges.

This thesis delves into passive sensing for[MDk. It is structured around three original
works, constituting its core original contribution, each exploring a distinct aspect of the
field. Beyond the individual studies, this thesis offers a unifying perspective on passive
sensing in[MDg, and it identifies key opportunities and challenges in the development
of clinical decision support tools leveraging passive sensing for[MDk. Each publication-
based chapter contextualizes the respective original study in the surrounding literature
before including the associated paper as it appears in the respective venue. The rest of

this dissertation is structured as follows:

Chapter [2]- The necessary background for this dissertation is provided. I argue the case
for passive sensing of physiological data with wrist-worn devices as the most suitable
approach to remote monitoring in[MDk. I then outline the main challenges and research
frontiers in the field, to which the original studies presented in the subsequent chapters

provide contributions.

Chapter [3]- I present TIMEBASE/INTREPIBD, which my original research relies on.
This is a longitudinal, observational, exploratory single-centre study, recruiting three
groups of participants recorded with an Empatica E4 [58]] device: A) patients on an
acute mood episode, B) patients with a historical diagnosis but clinically stable at
the moment of study admittance and C) [HCf.

Chapter [ - I study patterns of change in Heart Rate Variability over acute
episodes in proposing an interpretable Bayesian probabilistic model, attempting
to explain the generating process. I introduce Bayesian statistics to the field of
biomarkers study in personal sensing for[MDf and illustrate its benefits, especially with
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small samples. Findings indicate that increases as symptom severity improves,

but there are no polarity-specific patterns (i.e., depressive vs. manic).

Chapter [5| - I explore the inference of mood states from personal sensing data and
introduce a new task: predicting all items from two popular psychometric scales
that assess symptoms of depression and mania (Appendix [A). This task better aligns
with daily clinical practice, as different symptom combinations, requiring different
therapeutical and management approaches, may underlie the same diagnosis. Thus,
reducing [MDk to a single label (e.g., a diagnosis or the total score on a scale) misses
actionable clinical information. Furthermore, the single label can be recovered from
scores on psychometric questionnaire items, which adds to the model’s interpretability,
as the model can indeed be interrogated as to which symptoms (concepts) motivated a

given output.

Chapter [6] - I take on one of the key challenges in deploying modern [Al] systems in
personal sensing, that is scarcity of annotated data. I curate the largest open-access
collection of datasets recorded with the E4 device. I show that pre-training an E4-
tailored model on this (relatively) large corpus of data in a self-supervised fashion leads
to a significant boost in performance in a downstream task of acute episode detection.
Results show that self-supervised pre-training followed by fine-tuning outperforms

end-to-end supervised learning.

Chapter 7| - I synthesize the contributions of this thesis, discuss its limitations, and

outline future research directions for advancing personal sensing in[MDk.

The original works in Chapter 4] Chapter 5| and Chapter [ represent my main recent
research output. I herewith acknowledge other works on personal sensing for[MDk I
co-authored: a) Anmella et al. 59, presenting the TIMEBASE/INTREPIBD protocol; b)
Anmella et al. 48, preliminary analyses on inferring diagnoses from wearable
data; c) Li et al. |60, a workshop paper presented at Learning from Time Series for
Health workshop during Neur[PS2022, laying the groundwork for data preprocessing
in TIMEBASE/INTREPIBD and regression of manic and depressive symptoms from
wearable data; d) Valenzuela-Pascual et al. 61, showing that electrodermal activity,
a proxy for sympathetic nervous system activity (Section [2.2.1)) can help distinguish
clinical phases in[BD] especially if measured during wake rather than during sleep.


https://nips.cc/virtual/2022/workshop/50017
https://nips.cc/virtual/2022/workshop/50017
https://neurips.cc/Conferences/2022

Chapter 2

Background

This chapter gives an overview of the primary research frontiers in personal sensing
for and lays the groundwork for the original research presented in Chapter []
Chapter 5| and Chapter[6] Through the present chapter, it becomes evident that the
barriers to implementing passive sensing for lie at the intersection of clinical
science, computer science, and engineering. While a multidisciplinary approach holds
promise, these fields have yet to be fully integrated. Furthermore, while some open
problems presented here are specific to personal sensing in[MDg, others are common

across various applications of digital health and[Al]in healthcare.

2.1 Major Depressive Disorder & Bipolar Disorders

Within the MDg spectrum, [MDD| and BDk have the largest impact on public health
[3]. We henceforth use the term [MDg for referring to these two conditions, as our

investigation will not be concerned with or cyclothymia (Section[I.1).

MDD)] is characterized by one or more major depressive episodes (MDEg), defined
by at least two weeks of pervasive low mood or anhedonia (decreased interest in
previously enjoyed activities), accompanied by other symptoms such as feelings of guilt
or worthlessness, lack of energy, poor concentration, appetite changes, psychomotor
retardation or agitation, sleep disturbances, and suicidal thoughts [21]. With a life
prevalence of around 12% and an average onset age between 25 and 32 years,
is expected to become the first cause of disease burden by 2023. Only little difference

in prevalence has been found based on racial background and socioeconomic status,

12
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whereas rates in females are almost double that in males [21]].

as well can involve [MDEE, but the occurrence of (hypo)mania is required for
their diagnosis. In particular, type I[BD]is defined by the occurrence of at least one
manic episode (ME), which is a period of abnormally elevated, expansive, or irritable
mood lasting at least one week, accompanied by increased energy and activity, and
significant functional impairment. Other symptoms may include inflated self-esteem,
decreased need for sleep, talkativeness, flight of ideas, distractibility, increased goal-
directed activity, and risky behaviours. Type II on the other hand, involves at
least one hypomanic episode (a milder form of mania causing relatively less functional
impairment) and one [MDE][10]. [BDk affect >1% of the global population, showing a

relatively equal distribution across sex, ethnicity, and urban compared to rural areas,

and their typical onset age is between 20 and 25 years of age [20].

Symptoms of depression and (hypo)mania are assessed using standardized question-
naires, whose score is used to measure clinical outcomes in clinical trials and research
studies [62]. For depression, the Hamilton Depression Rating Scale [[63]] is
frequently used, while (hypo)mania is often evaluated with the Young Mania Rating
Scale (YMRS) [64]. These questionnaires consist of Likert-type ordinal items, where
clinicians rate the severity or frequency of symptoms on a scale (e.g., O to 4, where 0
might indicate the absence of a symptom and 4 indicates severe presence). For example,
an [HDRS|item assesses the severity of "Agitation", with responses ranging from 0
("None") to 4 ("Hand wringing, nail-biting, hair-pulling, biting of lips."). The full
[HDRS|and [YMRS] questionnaires are reported in Appendix [A] As they are not used in

routine clinical practice and require rater training, these questionnaires are particularly

expensive to acquire (Chapter [6)), especially in longitudinal studies where a patient is
assessed at multiple time points. Of note, the total score on these questionnaires is
typically binned to define severity brackets [65]. However, the same total score, even
within the same nosographic category (e.g. MDE), can be realized from different symp-
tom combinations, which are acted on differently in the clinical practice, for example

recommending one particular antidepressant over other options (Chapter [5).

2.1.1 Elusive Biological Underpinnings

are complex conditions that cannot be fully explained by any one single established
biological or environmental pathway. Instead, they seem to be caused by a combination

of genetic, environmental, psychological and biological factors [20, 21]. Furthermore,
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evidence suggests that even within a single DSM-5|nosographic construct, e.g.
heterogeneous conditions with distinct biological underpinnings may be conflated [[66]].

An analogy from internal medicine can illustrate this point. Fever can arise from various
underlying illnesses, e.g. an infectious disease or a tumour, which can be revealed and
followed up with different examinations. Similarly, diverse biological processes might

underlie conditions that currently fall under the same construct, such as

In medicine and science at large, the introduction of novel measurement techniques
has historically catalysed advancements in understanding biological processes, leading
to groundbreaking discoveries. This phenomenon is exemplified by the impact of mi-
croscopy and magnetic resonance imaging on medical research [67,168]. Similarly,
passive sensing has ushered in unprecedented opportunities to gather measurements
from patients as they navigate their daily lives. Researchers are now leveraging this
tool to illuminate various aspects of biological functions in[MDk. For instance, passive
sensing enables the monitoring of the state of the autonomic nervous system (ANS)) over
acute mood episodes, which may correlate with the progression to remission [S1 69].
Consequently, there is optimism that personal sensing could advance our understanding
of MDk, for example revealing different clinical subtypes of [MDf, associated with
specific patterns of physiological data.

To this day, however, as the precise biological mechanisms underlying the development
and progression of MDf remain poorly understood [20], [70], biological justification for
what modalities or features should be used for monitoring[MDk is limited. The picture is
quite different for other medical conditions, for example, diabetes mellitus, where
recommendations have recently included the use of wearables, specifically hybrid closed
loop systems for managing blood glucose levels in type 1 diabetes [S7)]. Diabetes affects
multiple body systems, yet its core pathology involves either an autoimmune reaction
targeting insulin-producing pancreatic cells (type I) or reduced sensitivity to insulin
signals in peripheral cells (type II). These mechanisms both result in dysregulated
glucose levels, driving the clinical manifestations of diabetes [/1]. Unfortunately, ,
initially linked to imbalanced neurotransmitter levels and more recently to brain circuits
organization and function [72], lack such a clear (causal) model informing personal

sensing.
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2.2 The Case for Wrist-Worn Devices

In the realm of passive monitoring for mental health, including [MDg, various devices
and sensors have been used, with the wearable market experiencing rapid expansion and
introducing new technologies at a swift pace. Smartphones and smartwatches emerge
as the most prevalent wearables in research studies [73} 74,7576, 777]. This popularity
aligns with high adoption rates in the general population; for instance, in the US,
approximately 90% of adults owned a smartphone in 2023 [[/8]], with over 20% owning
a smartwatch or fitness tracker according to a 2019 report [79)]. Smartphones offer a
wealth of passive data, such as call logs, app usage (including social media and text
data), and speech data. However, due to the sensitivity of such data, users’ willingness
to share it for ongoing remote monitoring in clinical settings may be limited, potentially
impacting compliance. Conversely, less sensitive smartphone data, such as touchscreen
typing/tapping patterns and [GPS|data, have shown promising results in personal sensing
applications [80, 81}, [82]. Although smartphones possess accelerometers capable of
recording activity levels in principle, studies suggest such data may be noisy and

unreliable as users do not consistently carry smartphones on their bodies [83]].

In contrast, wrist-worn devices capture various physiological data modalities [[77]].
Given the correlation between changes in physiological parameters and [27, 128,
29], the relatively fewer privacy concerns compared to other data modalities, ease
of use, and high adoption rates among both the general and psychiatric populations,
wrist-worn devices have increasingly become the focus of personal sensing in [MDg
[73L 174, [75, [76, [77]. Consequently, this thesis will focus on wrist-worn devices. It
is still worth mentioning other devices with arguably limited potential for ongoing
remote monitoring. Indeed, they are rather cumbersome for daily use and do not
offset this limitation against a provenly stronger signal for MDk monitoring. Smart
fabrics, i.e. garments embedded with various sensors, and smart patches have been
developed for monitoring cardiac, respiratory, and perspiratory activity, which serve
as proxies for[ANS|activity [75]. Additionally, smart headsets and goggles equipped
with sensors for electro-oculography and electroencephalography have been utilized in
research across various mental health conditions, including schizophrenia, depression,

and post-traumatic stress disorder [84].
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2.2.1 Physiological Data Modalities

Acceleration & GPS - The array of modalities available through wearables for research
into biomarkers and personalized [Al| systems in the context of is broad, as the
technology is moving at a fast pace. Acceleration, which measures the rate of change of
velocity in terms of both speed and direction, is tracked with most wearables, outputted
as raw data or some derived features. Its utility in studying activity and sleep patterns is
well-established, with decades of actigraphy research supporting its relevance in [ MDf
[29]. Some researchers have even proposed interpreting [MDk as disturbances of energy

rather than primarily mood-related phenomena [85, [86]].

[GPS] data, consisting of time-stamped longitudes and latitudes, although not directly
capturing physiological information, serves as a proxy for physical activity and social
interactions. For instance, it can track the time spent at home relative to other locations.
The study of [GPS|data in[MDE is fairly recent, and its unique role relative to acceleration,
which is more commonly collected with wrist-worn devices, is yet to be ascertained
[82]].

Photoplethysmography & Electrocardiogram - Both photoplethysmography
and electrocardiogram sensors assess various aspects of heart health, which
in turn reflects the state of the autonomic nervous system (ANS). However, their
methodologies differ significantly. operates by indirectly estimating changes in
blood flow, illuminating the skin and measuring the absorption or reflection of light
by blood vessels. In contrast, ECG|employs electrodes to directly detect the electrical
activity of the heart muscle, making it the gold standard for heart monitoring. [ECG[’s size
and power requirements, however, typically limit its presence in commercial wearables
[87].

Monitoring heart health is particularly relevant for individuals with MDs, who ex-
perience a higher burden of cardiovascular co-morbidities compared to the general
population [88]. More specifically to mental health, research suggests that an imbalance
in the is common across various psychiatric conditions. This has fuelled interest
in as a potential biomarker for[MDf (Chapter [4)). measures the variation in
time intervals between heartbeats, providing an indirect assessment of function
[89].

Electrodermal Activity - Electrodermal activity (EDAJ) sensors measure changes in

electrical skin conductance, reflecting sweat gland activity. These changes are influenced
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by the sympathetic branch of the which plays a key role in the body’s fight-or-
flight response. Electrodermal hypo-activity has been linked to depression and suicidal
risk [28]].

Temperature - While less commonly explored compared to other physiological data,
skin temperature (I'EMP) may also hold promise as a potential biomarker in [MDs,
where higher values during wake time were associated with greater depression symptom
severity. The reasons behind this connection are still being investigated, and it is
uncertain whether it results from increased metabolic heat production, decreased ability

to induce thermoregulatory cooling, or a combination of both [90].

2.3 Machine Learning Approaches

In addition to its role in advancing our understanding of [MDk, personal sensing is
being explored for its potential to enhance symptom monitoring, thereby enabling
timely interventions. Machine learning approaches have increasingly been uti-
lized towards this end. is a subset within the broader discipline of [All aimed at
creating intelligent systems. It focuses specifically on enabling computers to learn from
data without explicit programming, while |Allencompasses other approaches too, e.g.
logic and rule-based systems. Due to recent popularity and success in various
domains, the terms and are sometimes used interchangeably, as we will do in
this dissertation [91]92]. The growing interest in deploying[ML]in healthcare is evident
from the estimated global market size of USD 19.27 billion in 2023 for[ML}enabled
healthcare applications, projected to grow at a compound annual growth rate of 38.5%
from 2024 to 2030 [93].

2.3.1 Supervised Learning

In the realm of personal sensing, supervised learning, a key paradigm within has
been extensively utilized [94, 95, 196,197,198, 199, 100]. In a supervised learning setting,
there are two spaces of objects X and Y and we would like to learn a function, referred
to as hypothesis, 4 : X — Y, which outputs a prediction y € Y, given x € X. To achieve
this, we have a training set D = {(x;, y,-)}i.\’: | at our disposal, where x; € X is the input
and y; € Y is the correct output we would like 4(x;) to produce [101]. In personal
sensing, x is a wearable recording, concretely a multi-variate time-series (Figure [2.1)),

1.e. a collection of univariate time-series vectors, each coming from one of the sensors
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in the device (Section[5.3). On the other hand, y represents the corresponding mood
state of the wearer: this could be a scalar, e.g. acute episode vs euthymia, or a vector,

e.g. severity of manic-depressive symptoms (Chapter [3)).

Acceleration

20

Continuous Gravitational Force (g)

I
N
o

Time Stamps

Figure 2.1: Triaxial acceleration. An example of a multi-variate time-series input, x,
recorded with the accelerometer from Empatica E4 [102], the device used in
TIMEBASE/INTREPIBD (Section [3.3). On the x-axis are time stamps, and on the y-axis
are gravitational force (g) values across the three orthogonal space directions. Research
grade devices, such as Empatica E4, typically provide other sensory modalities along
with acceleration (Section [2.2.1]and Section[3.3). These may be sampled at different

frequencies (Hz). So, time series from different sensors may have unequal lengths.

Many ML] algorithms, including those presented in the chapters that follow, rely on
the principle of Empirical Risk Minimization to learn % [103]. The (x;,y;) tuples
are assumed to be independent and identically distributed samples from a joint
probability distribution P(x,y). While this assumption may not hold for time-series
data, where temporal dependencies exist, it is still applied across various state-of-
the-art algorithms for time-series [104]. A non-negative real-valued loss function,
L:Y xY — [0,+inf), measures the quality of the prediction J, i.e. how far off it is
from the correct output y. The risk associated with the hypothesis /(x) is defined as the

expectation of the loss function, taken over the joint probability P(x,y):

Reey) () = Ep(uy [£0H(x).2)] = [ L), 3)dP(x.y)
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The optimal hypothesis /(x) minimizes Kp(y ) (h). Unfortunately, we do not have access
to P(x,y), only a collection of [iid samples drawn from it, which constitute our training
set D. Therefore, we select a hypothesis /(x) that minimizes an estimate of Kp(y.y)(h),
called the empirical risk R, (%), calculated by replacing the integral with an average

taken over samples in D:

1 N
Remp(h) = N Zi L (h(xi),i)

The law of large numbers indicates that R (h) =~ Rp(y) (h) when N is large. However,
there is a caveat. There exist multiple functions 4(x) such that R,,,,(h) = 0, some of
which are irregular and do not generalize well to future data points. This is problematic
because we seek good predictions on future, unseen data, not included in the training
set D. To mitigate this, ﬂ{emp(h) 1s minimized over a restricted class of functions ¥,
encoding some regularity we expect A to possess. Regularization is one method that
modifies L to constrain #. While £ minimization is the objective guiding how # is
learned, it is sometimes more convenient to use a different function of A(x) and y,
known as metric, to summarize the performance on a given task and compare different
hypotheses. Metrics are designed to be human-interpretable, encoding insights into the
task at hand, and may allow for greater design flexibility than the loss function, which,

for example, may need to be differentiable with respect to i(x)’s parameters.

There are different tasks within supervised learning, based on the form of the output y
[101]. Regression is concerned with predicting a continuous output variable, such as
the total score on a psychometric scale. In contrast, classification deals with categorical
variables and can be further distinguished into binary classification, where only two
classes are possible (e.g., acute state vs. euthymia), and multi-class classification, where
there are more than two classes (e.g. [MDD] [BD] and [HC). Some output variables y

exist on a discrete scale with a meaningful order between different values. The corre-

sponding supervised task, sitting between classification and regression, is called ordinal
classification (or ordinal regression), such as when the total score on a psychometric
scale is binned into severity bands (absent, mild, and severe symptomatology). In all
the tasks mentioned above, y can be represented with a single scalar. However, there
are instances where y is a vector. For example, in multi-label classification, an input

can belong to multiple classes simultaneously, such as a patient with an who may
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also have various physical comorbidities. The different forms y can take are typically

reflected in the functional form of the loss and the metric.

2.3.2 Unsupervised Learning

Unsupervised learning is another critical paradigm within where the goal is to
discover patterns or structures in data [101]]. Unlike supervised learning, unsupervised

learning deals with a dataset D = {(x;)}

i—1 » where x; € X and no corresponding y;
target values are used to supervise the training process. While labels do not inform the
training objective, they may be still required to validate or examine the insights from
unsupervised methods. Examples of tasks under this learning paradigm, used in the
personal sensing literature or in the chapters that follow, include anomaly detection,

clustering, and dimensionality reduction.

In anomaly detection, the objective is to identify items or events that differ significantly
from the majority of the data. In the context of personal sensing for MDf, an acute
episode can be viewed as a departure from a patient’s baseline patterns of physiological
data [[10S]]. Formally, given a set of observations {(x,)}fil we aim to learn a function
f : X — R that assigns an anomaly score to each x;. Anomalies are then identified as
those observations with scores above a certain threshold. This task can be pursued
probabilistically, i.e. we try to learn P(x) and identify data points that have low
probability under our model. Clustering involves assigning a set of observations
{(x))}Y, into K clusters {(Cy)}1_, such that observations within the same cluster are
more similar to each other than to those in other clusters. For example, we may want to
cluster patients based on some biological data and see to what extent the clusters align
with medical diagnoses or are associated with clinical outcomes [106]. Dimensionality
reduction aims to reduce the dimensionality of the data, such that x; € RY is mapped to
zi € RM with M << N, while preserving some information about the original data. This
is particularly important in high-dimensional data to improve computational efficiency,
facilitate visualization, and reduce noise. Principal Component Analysis [107] is a
staple linear dimensionality reduction technique in which we seek to project the data

into a lower-dimensional space while preserving as much variance as possible.
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2.3.3 Representation Learning vs Feature Engineering

Representation learning refers to the process of learning a representation z = g(x) from
an input object x towards a specific task [[108]. This is in contrast to feature engineering,
where a human expert designs features from the raw data [109]]. Either way, the goal is
to transform raw input data (e.g., acceleration values sampled from a wearable device)
into a form that facilitates performing the task at hand (e.g., detecting whether the
wearer is experiencing an acute mood episode). Traditional techniques, such as
linear regression [[110], support vector machines [[111], and decision trees [[112], rely
on handcrafted features. In this approach, the transformation g(x) is not learned from
data but specified in advance by the researcher, often based on domain knowledge. For
example, the minimum, maximum, or entropy of acceleration values recorded over a
given period may be extracted and fed into a classifier [113]. While using handcrafted
features can enhance interpretability since the features are human-designed, it also

limits the model to a predefined set of features that may not be optimal for the task.

Deep Learning (DL)), a collection of algorithms based on Artificial Neural Networks
(ANN), have revolutionised the field of representation learning. algorithms are
characterized by multiple stacked layers, each composing mathematical functions
defined by the preceding layer. Research in[ANN]has shown that deeper networks, which
stack more layers, outperform their shallower counterparts by learning hierarchical
representations of data. The successive layers refine lower-level representations into
higher-level abstractions. excels particularly in tasks involving unstructured data,
such as images, text, and speech, where basis functions are automatically and adaptively
learned from data. This approach eliminates the need for pre-specified feature extraction
and allows the discovery of optimal features directly from data [114]. However,
requires substantial computational resources and, more importantly, large datasets to
perform well. This poses challenges in healthcare applications, where data collection
is often a bottleneck (Section [2.5). Consequently, traditional techniques remain

viable alternatives for small datasets [115]].

In a supervised setting, models are trained to minimize a loss function L that
quantifies the difference between the desired output y and the model’s predictions y =
hg(x), where the form of A is an with parameters 0. Crucially, L is differentiable
with respect to the[ANN]s parameters 0. The training process involves back-propagation
to compute the gradient of L with respect to © and an optimization algorithm leveraging

the gradient to minimize the loss. Back-propagation works by applying the chain
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rule of calculus from the output layer backwards to the input layer. The optimization
algorithm relies on the gradient, i.e. the vector pointing towards the direction of steepest
increase of the loss as a function of the parameters 0, to navigate the loss function
landscape towards a minimum, updating 6 values in the oppositive direction of the
gradient. Instead of computing the gradient over the entire dataset, which is typically
computationally expensive, mini-batches of data are used to perform 6 updates. For
each mini-batch, the gradient of the loss function with respect to 0 is computed, and 0
values are updated in the direction that reduces the loss. This process is repeated over
multiple iterations (epochs) over the dataset until a stopping criterion is met. As the
0 parameters are updated, the representations (features) encoded by the layers of the
network are refined [|116, [114].

2.4 Which Machine Learning Task?

The field of personal sensing in[MDf has yet to converge on what constitutes a fruitful
and clinically relevant task. While many studies have adopted a supervised learning
approach [94, 95] 96, 97, 98, 199, [100], there is considerable variability in the targets
they aim to predict, even within the same diagnostic category (Chapter[5). These targets
are typically scalar, such as the total scores on mood questionnaires [94] (regression)
or the presence of an acute episode [95] (classification). Moreover, some studies
rely on psychiatrist-led interviews, and others on patient-reported smartphone surveys.
Additionally, retrospective labelling, where mood episodes are determined based on
patient history preceding medical appointments, has been used [99]. A minority of
studies have pursued unsupervised anomaly detection [105, 117, 118]. These studies
too, however, depend on how ground truth labels are defined, as any anomaly in the

data is validated against clinical outcomes.

Regardless of their specific approach, studies utilizing [ML]aim to determine whether
and to what extent clinically relevant events can be inferred with personal sensing.
However, the metrics employed to assess performance in these studies tend to overlook
practical aspects of personal sensing integration into clinical practice. For example, how
far in advance compared to ordinary clinical follow-up should an episode be recognized
so that a significantly better outcome for the patient can be delivered? What is an
acceptable trade-off between specificity and sensitivity in mood episode detection,

considering costs, equally for the patient and the healthcare system, of a false alarm or,
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on the other hand, of a missed exacerbation [[119]]?

A significant barrier to standardizing and accelerating research in solutions for
personal sensing is the limited availability of benchmark datasets for[MDf [[120, [121].
While valid confidentiality concerns contribute to this issue, it is worth noting that the
concept of benchmark datasets for research is relatively new in the clinical research
community. Additionally, the vertical structure of clinical research, where access to
data is often controlled by a few gatekeepers, may further hinder the sharing of datasets.
Curating a collection of existing datasets would also allow for testing of the models

on independent samples, which is not generally done at the moment.

2.5 Scarce and Noisy Labels

systems are typically trained on human-annotated data in a supervised manner,
with performance heavily reliant on access to extensive annotated datasets, running
into dozens of thousands (e.g. CIFAR-10 [122]]) or even millions of data points (e.g.
ImageNet [123]). In the realm of personal sensing for [MDf, labelling entails the
involvement of mental health specialists to assess patients from whom data is collected
via wearables. However, this process is exceptionally resource-intensive, representing
a significant bottleneck in curating large annotated datasets. Consequently, studies
typically can afford to recruit only a few dozen patients [[124, 29, 95, 98| 96| 94, 199,
125]]. Since personal sensing is intended for longitudinal patient monitoring, multiple
assessments from a single patient are required, exacerbating the issue of labelled data

scarcity.

Data annotation poses a constraint across various healthcare applications of |All Further-
more, more specifically to mental health, limited inter- and intra-rater reliability [[126]]
jeopardize labels’ quality. Inter-rater reliability refers to the consistency among different
specialists when evaluating the same patient, such as scoring them on a psychometric
scale or providing a diagnosis. On the other hand, intra-rater reliability pertains to the
consistency of assessments made by the same specialist over time. These challenges
stem from the limited pathophysiological insights into mental health, resulting in a
diagnostic process heavily reliant on clinical observation. Consequently, labels are
noisy and, ideally, assessments from multiple specialists would be required to train and

gauge the performance of [Al| systems.

An alternative approach, albeit underexplored thus far, would involve utilizing "hard"
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labels, eliminating the potential for inter- or intra-reliability issues. For instance,
hospitalization could serve as a concrete outcome measure; however, further research,
including engagement with individuals with lived experience, is warranted to delineate
the most suitable outcomes. As regards the example of hospitalization, it is worth noting
that only a fraction of acute mood episodes reaches a severity level warranting hospital
admission [[127, 128, (129} [130].

2.6 Heterogeneous Signal from Physiological Data

Based on the [10], an acute mood episode, be it or[ME] can be observed

under different symptom combinations. For example, for a diagnosis of MDE] different
combinations including a minimum of five out of nine criteria are allowed (where
at least one of a) depressed mood or b) loss of interest is required). Additionally,
disruptions within specific domains, such as sleep, can manifest in opposing extremes,
e.g. insomnia or hypersomnia. Psychometric scales for symptom severity, such as
[63] or [64], allow for diverse behavioural presentations for the same
score on a given item. For instance, high agitation (HDRS]item 9) may manifest through
hand wringing, nail-biting, hair-pulling, or lip-biting. This shows that, labels in mental
health, where and psychometric scales are staples of clinical research, allow for

high heterogeneity in the patterns of physiological data related to mood episodes.

Recent studies [131]] have confirmed that signals from wearables, indicative of ,
vary across different populations. For instance, mobility may correlate positively with
depression risk in one population but negatively in another. The features (or sensory
modalities) most relevant for detecting likely vary across different populations.
Moreover, factors related to[MDE are often entangled with factors influencing physio-
logical variability, such as age, sex, or physical fitness. systems developed in the
literature are typically trained on physiological data inputs only and do not account for

clinical-demographic factors.

It has been shown that deviation from a person’s mean rather than the absolute value of
a feature (modality) is linked to[MDk [132]. Consequently, [Allsystems, also considering
the scarcity of labelled data mentioned above, struggle to generalize across different
subjects or populations. This problem has been described in other healthcare appli-
cations of personal sensing, e.g. seizure detection [133]], where it has been mitigated

with domain adaptation solutions. An alternative strategy being explored [131] is the
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development of idiographic models — personalized models tailored to each individual —
contrasting with nomothetic models that assume a function mapping from wearable

data to mood states generalizable across different individuals.

2.7 A Multitude of Different Devices

Numerous wrist-worn devices have been developed and utilized for personal sensing
research in [MDg. Fitbit emerges as the most commonly employed wearable device
technology brand in the literature, closely followed by Empatica [[73]. However, the
presence of diverse devices contributes to fragmentation within the field of personal
sensing, presenting a barrier to the aggregation of data from various studies. Notably,
wearables exhibit disparities not only in the sensors or features they offer but also
in the specifics of shared sensors, such as accelerometers, across different devices,
resulting in disparate data distributions. Fitbit and Empatica exemplify the categories of

consumer-grade and research-grade devices, respectively.

Consumer-grade devices usually provide only a limited selection of features, such as
heart rate, steps, sleep duration, and activity intensity, extracted through proprietary
algorithms, while access to the raw data is often limited. Furthermore, in order to maxi-
mize battery life, the sampling frequency is comparatively lower. They are generally
cheaper and prioritize comfort and design [134]). It has been reported that manufacturers
updated their preprocessing algorithms, without giving clinicians or researchers any
notice, making lack of access to raw data even more of a problem [135]]. Lastly, the

reliability of the measurements with respect to gold standard laboratory equipment may
be suboptimal [[136} [137].

Research-grade devices, on the other hand, come equipped with a wider range of sensors
and collect measurements at higher frequencies. This, however, comes at the expense
of battery life. Studies using this kind of device, therefore, usually record shorter
periods of time. Further to pre-processed features, extracted with black-box algorithm,
raw measurements themselves are made available. Research-grade devices tend to be
pricier and bulkier, but efforts are underway to enhance their comfort and aesthetics
[77]. The reliability of their measurements is generally better than their consumer-grade

counterparts [[138, 136].

Compliance remains a crucial challenge toward real-world implementation of personal

sensing, particularly given the intended use for ongoing remote monitoring [37]. Stud-
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ies following up with patients over extended periods often incentivize participation
monetarily to mitigate attrition, though such practices may not be feasible in a clinical
setting [[139]. Without immediate perceived benefits, patients may be less inclined to
maintain device wear, especially if the device serves no purpose beyond data collection.
Strategies such as gamification and equipping devices with additional functions relevant

to patients’ daily lives may play a role in enhancing compliance [[140]].

2.8 Unveiling the Black Box

Interpretability in personal sensing, like in other healthcare applications, is fundamental
for ensuring the reliability and trustworthiness of ML models. It entails justifying the
output of an model with an explanation that is meaningful for the user. Without
some insight into the rationale behind an model’s behaviour, both patients and

clinicians may hesitate to trust it or act upon its recommendations [[141]].

Some models are considered inherently interpretable, at least to some extent. This is the
case of simpler models inputting hand-crafted features, e.g. linear regression where the
weight of each feature represents the mean change in the prediction given a one-unit
increase of the feature. Some architectures incorporate at least some degree
of interpretability. A case in point is attention networks (e.g. Transformers [142]),
essentially computing a weighted context vector as a conditional distribution over input
sequences, or networks learning disentangled latent representations (e.g. B-Variational
Autoencoders [143]]), where each latent factor control a single, independent aspect of

the original data, such as rotation or shape.

Another avenue for achieving interpretability, known as post-hoc interpretability [144],
involves extracting interpretable information from a pre-trained model while keeping the
model itself fixed. Examples of this method include backpropagation-based methods,
computing the gradient of the model’s output with respect to its input, thus highlighting
the input features that most strongly influence the model’s decision. Another intuitive
paradigm is perturbation, which involves systematically perturbing input features and
observing the resulting changes in the model’s output, revealing the importance of each
feature to the model’s predictions. Lastly, approximation-based methods (e.g. Local
Interpretable Model-agnostic Explanations [145]) generate locally faithful explanations
by training interpretable surrogate models on perturbed versions of the input data,

providing insights into the model’s behaviour within specific regions of the input space.
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An emerging and very useful tool for interpretability is causality. Causal interpretability
delves deeper than simple correlations, aiming to explain the underlying causal relation-
ships. Causal interpretability methods, drawing inspiration from frameworks like Judea
Pearl’s causal inference [146], aim to address this challenge. For instance, counterfactu-
als, or what if scenarios, can help explain the changes in input features necessary to
observe a different output from an system [147]. In the realm of personal sensing, a
unique challenge arises as, unlike other healthcare applications, specialists lack a causal
model explaining how affect physiological data. For example, say someone with
pneumonia has a chest X-ray scan; a radiologist can pinpoint what aspects of the image
are suggestive of a pulmonary infection and how the infective pathogen causes changes
from a normal scan. This serves as a benchmark for any [All explanation. Conversely,
with personal sensing, there is no established domain knowledge for telling whether the

recording from a wrist-worn device is suggestive of a mood episode.

2.9 Trust and Actionability beyond Good Metrics

Beyond good test set metrics, ensuring calibration and quantification of uncertainty in
model’s predictions is crucial for reliable decision-making in personal sensing ap-
plications. Calibration refers to a model’s ability to accurately represent the confidence
it assigns to its predictions [[148]. For example, if the model predicts a 70% probability
of a new episode, a new episode should be observed 70% of the time when the model
makes such a prediction. Imagine a model predicting an impending mood episode based
on only partially suggestive variations in sleep patterns. If the model is not calibrated, it
might express high confidence in its prediction, even when the evidence is weak. This

could lead to unnecessary interventions or erode trust in the model.

Predictive uncertainty quantifies the level of confidence or reliability in the model’s
predictions on unseen data [149]. Uncertainty can be the result of noise inherent to
the data (aleatoric uncertainty) or the model’s lack of knowledge because of model
misspecification or poor representation of the training data (epistemic uncertainty).
While the latter can in principle be reduced with better models or better data, the
former is irreducible. Without quantifying uncertainty, the model would not reveal the
limitations of its knowledge. This is crucial in high-stakes environments, such as mental
health. Quantifying uncertainty would enable users to improve the model or to tell

when a model’s output is unreliable so that closer human expert inspection is warranted.
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Unfortunately, achieving calibration and uncertainty quantification with modern
a popular choice for personal sensing and other healthcare applications, presents signifi-
cant challenges. Neural networks often struggle to produce inherently well-calibrated
outputs. Their complex architectures can lead to overconfidence, even when the predic-
tions are inaccurate [150]. Additionally, quantifying uncertainty in neural networks is a
computationally expensive and ongoing area of research. Addressing these challenges
is crucial for building trustworthy and reliable models for personal sensing. Tech-
niques like post-hoc calibration, like Isotonic Regression [151]], and uncertainty-aware
training methods, like Bayesian Neural Networks [152], are being explored to bridge

the gap.



Chapter 3

The TIMEBASE/INTREPIBD study

We herewith introduce the idenTifying dIgital bioMarkers of illnEss activity in BipolAr
diSordEr/Identifying digital biomarkers of illNess activity and Treatment REsPonse
In Bipolar Disorder (TIMEBASE/INTREPIBD) cohort. This is a longitudinal, obser-
vational, exploratory single-centre study with a fully pragmatic design integrated into
existing real-world clinical practice, providing minimal disruption both for clinicians
and patients. The original work presented in Chapters [ [5 and [6] is based on this
dataset. The study protocol along with some exploratory analyses was presented in
the following publications I co-authored, which this chapter is based on: | Exploring
Digital Biomarkers of Illness Activity in Mood Episodes: Hypotheses Generating
and Model Development Study published in JMIR uHealth mHealth and Identifying
digital biomarkers of illness activity and treatment response in bipolar disorder
with a novel wearable device (TIMEBASE): protocol for a pragmatic observational

clinical study published in BJPsych Open .

3.1 Sample & Study Design

Participants are recruited by their psychiatrists, at outpatient clinics, acute inpatient
units, or home hospitalization settings. are drawn from a convenient sample of

researchers and family members.
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3.1.1 Inclusion criteria

Three groups of participants, designated A, B, and C, are recruited in the study. (Fig-
ure [3.1)). The inclusion criteria for group A are as follows: (a) age 18-75 years; (b)
current (subgroup Al), in the context of either[BD| (subgroup A2) or
(subgroup A3), according to the DSM-5|criteria and confirmed by a semi-structured
interview using the Structured Clinical Interview for[DSM-5|(SCID-5-RV)); (c) requiring

admission to the acute in-patient or home hospitalisation units; and (d) willing and able

to give consent (reconfirmed on clinical remission). Current acute affective
episodes is measured at time point 0. As per a mixed features specifier is
used to describe an acute mood episode where at least three symptoms of the opposite
polarity are present. Symptom response is measured at time point 1, defined as a 30%
improvement in the score or score. Time point 2 measures Ssymptomatic
remission, defined as a[YMRS]or[HDRS]|score <7. Time point 3 assesses remission, de-

fined as >8 weeks of sustained remission. If patients do not show clinical improvement

(i.e. 30% improvement in clinical scores after time point 0), such as treatment-resistant
patients, they are only recorded at time point O (acute phase). Likewise, patients at-
taining clinical remission (i.e. [YMRS]|or [HDRS| <7) rapidly (e.g. in <1 week), skip

time point 1 recording and are only recorded at time point O (acute) and time point

2 (remission phase). Patients in acute phases are assessed by the research team on
a weekly basis to assess psychopathological changes corresponding to response or

remission.

The inclusion criteria for group B are as follows: (a) age 18-75 years; (b) patients with

a current diagnosis of [BD|or according to criteria and confirmed with
SCID-5-RV}, (¢) sustained [YMRS] and [HDRS| scores of <7 for at least 8 weeks; and (d)

willing and able to give consent.

The inclusion criteria for group C are as follows: (a) age 18-75 years; (b) no current
or previous psychiatric disorder, according to the [DSM-5|criteria and confirmed with
»CID-5-RV| excluding nicotine substance use disorder; and (c) willing and able to give

consent.
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Figure 3.1: Study Design. Three sets of participants are recruited for the
TIMEBASE/INTREPIBD study. Group A comprises individuals enrolled on an acute
mood episode, that is a manic episode (ME) or a major depressive episode (MDE) in the
context of either a bipolar disorder diagnosis or a major depressive disorder MDD
diagnosis. Participants in group A have four longitudinal assessments: TO or acute
episode; T1 or response, defined as 30% improvement in the Young Mania Rating Scale
or Hamilton Depression Rating Scale total score; T2 or remission, that
is[YMRS| or[HDRS] total score < 7; T3 or recovery, that is remission sustained for > 8
weeks. Group B consists of individuals with an historical diagnosis of either [BD| or MDD}
recruited into the study as they have [YMRS| or[HDRS]|total score < 7 for > weeks.
Group C comprises healthy controls. During each assessment, physiological data were
recorded with an Empatica E4 wristband and the following clinical demographic features
were recorded. Structured Clinical Interview for [DSM-5| (SCID-5-RV));
sociodemographics (e.g. age, sex); medical & psychiatric history; YMRS; HDRS; Social
and Occupational Functioning Assessment Scale (SOFAS); Short Scale International
Physical Activity Questionnaire (IPAQ); Clinical Global Impressions-Severity (CGI-S);
medications. “denotes that assessment was not repeated during follow-up

appointments.



Chapter 3. The TIMEBASE/INTREPIBD study 32

3.1.2 Exclusion criteria

The exclusion criteria for all groups are as follows: (a) severe cardiovascular or neu-
rological conditions that may cause autonomic dysfunction, ongoing cardiovascular
arrhythmia or pacemaker use; (b) current comorbid substance use disorder as per[DSM}
5] criteria, excluding nicotine substance use disorder; (c) current comorbid psychiatric
disorder causing significant interference; (d) current pharmacological treatment involv-
ing beta-blockers or other medications affecting the autonomic nervous system; and (e)

ongoing pregnancy.

3.2 Assessments

3.2.1 Sociodemographic and clinical assessment

At baseline (time point 0), the study collects sociodemographic and clinical data includ-
ing age, sex, psychiatric diagnoses according to criteria, medical and psychiatric
comorbidities, illness duration, frequency of past manic and depressive episodes, lon-
gitudinal course specifiers (e.g., predominant polarity, seasonality, and rapid cycling),

family history of mental illness, and prior substance misuse patterns.

3.2.2 Symptoms, severity, and functional assessment

Psychopathological assessments use the for manic symptoms and the 17-item
for depressive symptoms. Disease severity is evaluated with the Clinical Global
Impressions-Severity (CGI-S)), where higher scores indicate greater severity. Functional
evaluation uses the Social and Occupational Functioning Assessment Scale (SOFAS),
which ranges from 1 to 100, with higher scores indicating better functionality. Clinical
assessments are conducted cross-sectionally for groups B and C and at various time
points (time point O: acute, time point 1: response, time point 2: remission, time point

3: recovery) for group A.

3.2.3 Physical activity assessment

Physical activity is measured using the Short Scale International Physical Activity
Questionnaire ([PAQ)), which assesses different types of activities such as walking,
moderate-intensity, and vigorous-intensity activities. Data on the frequency (days per

week) and duration (time per day) of each activity type is collected. The continuous
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score results is expressed in metabolic equivalent of task minutes (MET-min) per
week, calculated by multiplying the assigned to each activity (§ MET-min for

vigorous, 4 for moderate, and 3.3 for walking) by the number of
days it was performed in a week. corresponds to oxygen consumption during
rest, equivalent to 3.5 ml of oxygen per kg of body mass per minute. Physical activity
assessments are conducted cross-sectionally for groups B and C and at various time
points (time point 0: acute, time point 1: response, time point 2: remission, time point

3: recovery) for group A.

3.2.4 Pharmacological treatments

All pharmacological treatments (both psychopharmacological and others) as recom-
mended in international treatment guidelines are documented, including their generic
name, starting day, and dose per day in each of the 48-hour records: cross-sectionally for
groups B and C, and at different time points (time point O: acute, time point 1: response,
time point 2: remission, time point 3: recovery) for group A. Treatment decisions,
including inpatient discharge, are made solely by the clinicians responsible for the case
and with the patient’s agreement, reflecting routine clinical care. Researchers involved
in study recruitment do not participate in any clinical decisions regarding the patients

included.

3.3 Recording of physiological data with wearables

During each assessment — cross-sectionally for groups B and C, and at different time
points (time point O: acute, time point 1: response, time point 2: remission, time point 3:
recovery) for group A — participants are provided with an E4 Empatica [102] wristband,
which they wear for approximately 48 hours, limited by the device’s battery life.
This non-interventional study ensures that individuals’ behaviour remains unchanged
apart from wearing the wristband. Patients from group A admitted to the psychiatric
inpatient unit remain in the hospital until discharge, adhering to standard practices
for acute patients. During inpatient admission, patients follow a structured routine,
including set meal times (e.g., breakfast at 08:30 h) and sleep schedules (22:30 h to
08:30 h), along with daily activities such as psychiatrist consultations and therapy
groups. Patients may nap during the day. Given the relatively uniform conditions

during inpatient admissions, recordings at time points 0-2 are typically conducted in
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this setting, minimizing variability between individuals. However, patients from group
A admitted to home hospitalization units or outpatient settings (a minority of cases) are
not subject to mobility restrictions. All participants are instructed to wear the wristband
during their daily activities without altering their behavior. They are also instructed to
put on the wristband themselves at the start of recording, and researchers ensure proper
sensor contact with the wrist surface. Participants are advised to remove the device

when showering to maintain its integrity.

Empatica E4 devices are equipped with sensors that collect physiological data at various
sampling rates. During each recording session, the physiological data signals are
obtained in either raw or processed formats. The raw data includes measurements from
the following channels: three-axial acceleration (sampled at 32 Hz), electrodermal
activity sampled at 4 Hz), skin temperature sampled at 4 Hz), and
blood volume pulse (BVP|sampled at 64 Hz). The processed data includes inter-beat
intervals (IBI), representing the time between consecutive heartbeats, and heart rate
(HRY)), sampled at 1 Hz. The BVP]|signal is captured using [PPG] sensor, which measures
blood volume changes. Empatica provides as part of its output, calculated by
detecting peaks and determining intervals between adjacent beats. Similarly, heart
rate is computed from [IBIusing a proprietary algorithm optimized to filter out artefacts.

Various research-grade wearable devices are available. For this project, the following
factors were considered in selecting the Empatica E4: (a) signals of interest to be
captured (e.g., actigraphy, EDAL [HRV] [TEMP)); (b) data availability, as some wearable

devices only provide general data (e.g., mean sleep time) and not fine-grained raw

data, allowing for visual inspection, quality control, and detailed analysis; (c) study
participants (BD| [MDD], [HCk); (d) study setting (inpatients, outpatients); (e) data

confidentiality; and (f) previous literature supporting the device. The Empatica E4

was chosen because it meets all these criteria. It can measure all signals of interest
(especially [HRV| and [EDA)) and provides raw fine-grained data, allowing for data

processing according to study needs. Additionally, it is a device without direct internet

connection and is durable in various physical situations, preserving confidentiality
for patients experiencing acute affective episodes (who may lack insight and exhibit
behavioural changes). The controlled inpatient environment limits the device’s external
communication. Previous literature also supports using this device in studies of bipolar
disorder. Limited battery life could be a limitation if the study aimed to capture day-to-

day variations in physiological signals. However, acute affective episodes show daily
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Figure 3.2: Empatica E4. This wearable records (sampling rate) triaxial acceleration
(32Hz), blood volume pressure (64Hz), electrodermal activity (4Hz), heart rate (1Hz),
inter-beat intervals, i.e. the time between two consecutive heart ventricular contractions,
and skin temperature (1Hz). Heart rate and inter-beat intervals are both features derived

from blood volume pressure.

fluctuations, and response and recovery can only be assessed after sustained symptom
reduction over several days or weeks. This need for sequential psychopathological status
evaluation suggested that 48-hour records would adequately capture mood changes

according to the study’s requirements.

3.4 Ethics and confidentiality

All procedures in this study comply with the ethical standards outlined by national
and institutional committees on human experimentation and adhere to the principles
of the Helsinki Declaration of 1975, as revised in 2008. Approval for all procedures
involving human patients was obtained from the Hospital Clinic Ethics and Research
Board (approval numbers HCB/2021/104 and HCB/2021/1127). Before participating
in the study, all participants provided written informed consent. Data collection is
anonymous, and all data is securely stored in encrypted servers in compliance with the
General Data Protection Regulation and Health Insurance Portability and Accountability
Act regulations. The TIMEBASE/INTREPIBD study was designed before the start of
my PhD, and my clinical practice as a consultant psychiatrist for the NHS has not been

affected by any aspect of this study.
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3.5 Strengths & Limitations

Annotating wearable recordings in populations with is a resource-intensive task,
particularly with multiple longitudinal assessments. This demand arises not only from
the necessity of human expertise, such as psychiatrists, but also due to the nature of
IMD, particularly MEE, which can hinder compliance. As of the writing of this thesis,
the TIMEBASE/INTREPIBD study includes 98 patients recruited at the onset of an[MD|
episode, 52 patients with a historical diagnosis recruited in euthymia, and 41 [HC,
making it one of the largest sample sizes in this field. Figure [3.1] shows the number of
assessments at different time points currently available in the TIMEBASE/INTREPIBD
cohort. At the same time, Table [3.1| summarizes clinical-demographic features of the
participant at the moment of study admittance. The figures herewith presented corre-
spond to the dataset available in spring 2024. Recruitment for TIMEBASE/INTREPIBD
is ongoing, and analyses in the following chapters are based on earlier dataset versions.
Additionally, the study has recently expanded to include patients with psychotic dis-
orders; these, along with participants facing technical issues during assessments (e.g.,

recording time < 12 hours), are categorized as "Others" in the plot.

Comparatively, other studies in personal sensing for[MDf have smaller sample sizes.
For instance, Coté-Allard et al. 95 utilized a dataset of 47 patients (22 during an
and 25 in euthymia) for a binary classification task. More recently, Jakobsen et al.
153! followed 37 patients with over six to twelve months. Earlier studies, like
Ghandeharioun et al. 96, involved even smaller sample sizes, such as 12 patients with
MDD

In addition to the sample size, TIMEBASE/INTREPIBD distinguishes itself from
other studies in the field by encompassing the entire spectrum of [MDg, including both
and BD] spanning both polarities of BD] The study also longitudinally collects
physiological data from clinically significant stages of acute episodes, allowing for the
examination of associations between milestones during acute episodes and changes in
physiological data. The inclusion of [HC| provides a baseline for "normal" physiological
data. Additionally, and subjects categorized as "Others" (due to technical issues or
new psychotic disorder recruitment) can be utilized in various unsupervised learning

models.

The use of a state-of-the-art, research-grade device in TIMEBASE/INTREPIBD enables

the collection of multiple physiological data modalities, unlike devices in other studies
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Table 3.1: Clinical demographic features at the point of study admittance HC:
Healthy Control; BD: Bipolar Disorder; ME: Manic episode; MDE: Major Depressive
Episode; MDD: Major Depressive Disorder; YMRS: Young Mania Rating Scale (total

score); HDRS: Hamilton Depression Rating Scale (total score).

Age Sex YMRS HDRS

mean (sd) Males/Females mean (sd) mean (sd)

HC 38.08 (15.20) 14/27 1.1 (3.12) 1.93 (2.10)

BD (ME) 41.19 (15.21) 16/28 12.81 (10.61) 5.54 (3.85)
BD (MDE) 47.85 (15.20) 11/30 1.59 (2.68) 12.51(7.29)
MDD (MDE) 49.62 (15.20) 7/6 1.36 (2.14)  17.62 (5.85)
BD (Euthymic) 49. 67 (12.24) 18/27 1.35(2.14)  3.42(2.38)
MDD (Euthymic) 45.14 (11.60) 4/3 0.29 (0.70)  3.57 (1.59)

that may only collect a single modality (e.g., acceleration in [98]]). Access to raw data
provides flexibility for custom analyses, as it is not limited by pre-specified features

extracted with proprietary algorithms.

Despite its strengths, TIMEBASE/INTREPIBD is limited in its ability to explore the
feasibility of personal sensing in clinical practice. The cohort’s physiological data is
sampled up to four times and only for 48 hours per session around clinically significant
phases, creating a blind spot regarding within-patient baselines and transitions among
clinical phases. Long-term data collection (e.g., over months), necessary for enabling
early interventions, poses challenges of compliance and technology abandonment. The
shorter battery life of research-grade relative to commercial devices requires frequent

recharging, demanding an unrealistically high level of patient engagement.

Lastly, a single clinician collected psychometric scales for this study. As a result,
inter-rater agreement issues cannot be addressed, potentially affecting the evaluation of
machine learning models. Furthermore, no hard outcomes (e.g., hospitalization) were

collected, limiting the robustness of outcome assessments.
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Figure 3.3: Number of assessments available per longitudinal time point by
diagnosis. Mood disorders manifest in two polarities, mania, and depression. Major
Depressive Disorder is characterized by Major Depressive Episodes (MDEg)

only, whereas Bipolar Disorder is characterized by the presence of (hypo)manic
episodes (ME) that can alternate with[MDEE. Patients with a former mood disorder
diagnosis but currently clinically stable are said to be Euthymic. Except for Healthy
Controls (HCk) and Euthymic Patients, other subjects are recruited at the onset of a
disease episode. They are assessed at subsequent stages (maximum four) during their
clinical course. The scope of TIMEBASE/INTREPIBD has been recently extended to
include patients with a psychotic disorder. These, along with subjects recruited on the
original study design but yielding recordings < 24 hours due to compliance or other

issues, are reported as "Others".
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Chapter 4

Heart Rate Variability: a Promising

Biomarker in Bipolar Disorder

4.1 Heart Rate Variability

[HRV]is a measure of the variation in time intervals between consecutive heartbeats, re-
flecting the dynamic interplay between the sympathetic (“fight-or-flight”) and parasym-
pathetic ("rest-and-digest") branches of the whether ambulatory or per-
formed with a portable Holter device, is considered the gold standard for [HRV| mea-

surement [154]]. Wrist-worn devices implementing [ECG| and [PPG]| sensors, however,

showed good reliability for monitoring and are drawing interest given their wide-
spread use and their non-invasive and continuous monitoring potential [155]. Some
authors [[156] observe that measures blood volume changes and not ventricular
heart contractions directly, unlike Thus, they suggest that PPGderived
should be more appropriately indicated as pulse rate variability. We will follow the
trend in the recent literature [157, [158]] and use regardless of whether it is
or[PPGlderived.

Motion artefacts, resulting from physical movement, can significantly distort
readings from wrist-worn devices, complicating the accurate interpretation of autonomic
activity. To mitigate this issue, researchers advocate for the collection of data
during night sleep time. This not only reduces the impact of motion artefacts but
also provides a more standardized context for data comparison, as it reflects a more

consistent state of autonomic function across different individuals and time points.
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is derived from the time intervals between consecutive heartbeats, i.e. upon
cleaning the data from artefacts, which produces so-called Normal-to-Normal intervals
(NN). However, a number of metrics exist to characterize grouped into time-
domain, frequency-domain, and non-linear features, each offering unique insights into
autonomic function [154]. Time-domain metrics, such as the standard deviation of
[NN]intervals and the root-mean-square of successive differences (RMSSD),
quantify variability over time, with reflecting the combined influence of all
physiological factors contributing [HRV| and RMSSD] highlighting parasympathetic

activity specifically. Frequency-domain metrics analyse the distribution of power into

different frequency bands, like low-frequency and high-frequency components, to
understand the balance between autonomic branches. Non-linear metrics, including
Poincaré plots and entropy measures, assess the unpredictability and complexity of
a series of NN| The RMSSD]is among the most commonly used metric [159]
and reliably captures parasympathetic activity. It is given as the reference metric

across both research and consumer-grade devices.

has long been established as a critical indicator of cardiac stress, where lower
[HRV] values are associated with increased risk of cardiovascular diseases, including
myocardial infarction, hypertension, and heart failure [[160, [161]. Moreover,
is linked to physical fitness, with higher indicating better aerobic capacity and
resilience to stress. Thus, is being used in sports medicine and fitness to monitor

recovery and guide training intensity [162].

More recently, has gained traction in mental health where meta-analyses [163,
164, 165, 169] found a reduced across a range of psychiatric conditions, with
psychotic disorders featuring the greatest reduction. can help monitor cardiac
health in populations with who experience higher cardiovascular co-morbidities.
The literature consistently shows that individuals with exhibit reduced
compared to healthy controls [166, [165]. without any concurrent cardiovascular
disease is also associated with reduced inversely correlated with depression
severity. Critically, a variety of antidepressant treatments do not resolve these decreases

despite the resolution of symptoms [167]].
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4.2 Studies into Bipolar Disorder

Research on in is less extensive than that in A meta-analysis [69]
suggested that is reduced in compared to healthy controls, but heterogeneity
and methodological issues limited the evidence. Most studies in[BD]to date analysed
cross-sectional differences in[BD|relative to healthy controls. Evidence into longitudinal
[HRV]| changes across polarities (mania and depression) is limited. Investigating
intra-individual changes across affective states in is indeed a challenging
and resource-intensive task. Longitudinal studies necessitate multiple follow-ups and
assessments by mental health specialists, which is particularly demanding during [ME,
often leading to poor patient compliance with study protocols. Consequently, recruiting
large cohorts for studies in [BD] has proven unfeasible, with previous studies
involving only a few dozen participants [51, 168} 169, 27].

A key question is whether HRV]improves as an acute episode of BD|resolves, and
whether different patterns across mania and depression exist. Results are mixed
as two studies [S1 [168]] showed reduced during mania relative to euthymia (i.e.
sustained symptoms’ remission) but another study reported an opposite pattern [27]].
As for bipolar depression, no significant differences across depression and euthymia
emerged in two studies[27, [169]. It should be noted that all these studies only sampled
participants twice, that is on an acute episode and during euthymia, thus overlooking
longitudinal trajectories of change in as a function of symptoms’ improvement.
Furthermore, each relied on a small cohort, ranging from 15 [S1] to 37 participants

[169]], and yet, as customary in psychiatric research, they all embraced frequentist null

hypothesis significance testing (NHST).

4.3 Bayesian vs Frequentist Statistics

A core interest in medical research is parameter estimation, i.e. estimating the unknown
value of some parameter(s) of a statistical model describing some phenomenon of
interest in a population using a finite, random sample taken from that population. Two
primary approaches exist to statistics, i.e. frequentist and Bayesian statistics, with
distinct methodologies and philosophical underpinnings. Frequentist statistics, and in
particular NHST] has long been the workhorse of statistical analysis in psychiatric, and
medical research more broadly. In studies, for example, has been used to
test a zero-mean difference in values taken from the same subjects at two different
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moments in their clinical course, i.e. mania and euthymia. Concretely, this was done
with a two-tailed paired t-test [S1]]. Frequentist statistics, however, has recently become
the object of a growing chorus of criticism and the reproducibility crisis in medical

research has partly been blamed on its misuse.

Frequentist statistics operates on the premise that probability describes the long-run
frequency of events; this philosophy shapes its approach to The frequentist
statistician posits a null hypothesis (H0), usually representing the status quo or no effect,
and an alternative hypothesis (H1), representing conversely the existence of an effect.
Assuming the null to be true and under a given sampling intention, a test statistic, i.e.
a function of the data with a known probability distribution (e.g. a t-distribution), is
computed. The test statistic obtained from the data is checked against reference values
from the known probability distribution and a p-value is born. Specifically, p-value is
the probability of observing a result equal to or more extreme than that observed in
the study sample, under the null and the posited sampling intention. A threshold of
p < 0.05 is commonly (arbitrarily) used to reject HO. The dependence on sampling
intention is usually overlooked and not adequately reported in clinical studies, especially
in post-hoc analyses. For instance, the very same coin toss data (say N = 24 flips with
z =7 heads) can yield different p-values based on the form of the likelihood (binomial

with N fixed or negative binomial with z fixed) [170]].

Crucially, by its very definition, p-value is not the probability that the null hypothesis is
true. It expresses, on the other hand, P(data | HO) but does not reverse this to P(HO |
data); the null was indeed assumed to be true in the first place. It is not the probability
that the alternative hypothesis is false, just because the data is unlikely under HO does
not mean it is likely under HO without additional context. In summary, p-value cannot
assess the extent to which the data supports HO versus the alternative hypothesis H1.
Moreover, it measures the existence of an effect but not its magnitude, and standardized
measures of effect size, since grounded on frequentist statistics, inherit its limitations
[1701].

4.3.1 Bayesian Inference

The Bayesian framework mitigates some p-value shortcomings. The outputs of Bayesian
inference are probability distributions over model parameters, which represent degrees
of belief about the values of these parameters, given the data and underlying assumptions

(the specified model and prior distribution over parameters). Inference is concerned with
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gaining knowledge into unobserved parameters ® of a given model M (left implicit in
the notation if it is understood that only a single model is being considered), given a
dataset D. The Bayesian rule, a consequence of the product rule of probability, dictates

that the posterior distribution of ® given D can be expressed as:

p(@|p) = L2IDIO) (DIL(E)I))I)J (©)

Here, P(®|D) is the posterior distribution, P(D|®) is the likelihood of the data under
the model parameters, P(®) is the prior distribution, and P(D) is the marginal like-
lihood or evidence, which acts as a normalizing constant, ensuring that P(®|D) is a
valid probability distribution integrating to 1. The marginal likelihood P(D) involves
integration over all possible values of ®@: [ P(D|®)p(0©)d®.

This integral can be over a high-dimensional space. So, except for a few models where
the prior and the posterior are conjugate, i.e. they belong to the same distribution family,
an analytical closed-form solution for the posterior is not possible. A number of approx-
imation methods have been developed to enable Bayesian inference, including Laplace
approximation, Markov Chain Monte Carlo methods, and variational inference [[171].
These are the inference workhorse in modern probabilistic programming languages,
such as PyMC [172].

4.3.2 Assessing Evidence in a Bayesian Framework

Having the posterior distribution P(®|D) allows for directly interpretable statements
about any model parameter of interest, providing insights into the evidence for both HO
and the competing H/. This contrasts with frequentist p-values, which do not provide
the probability that a parameter value is compatible with H0O. Bayesian methods are
particularly advantageous with small sample sizes, as is often the case with[HRV|studies
in They do not rely on the asymptotic properties of large samples and, due to their
principled approach to handling uncertainty, they provide graded evidence that enables
researchers to extract more information from small studies that might otherwise be

underpowered to achieve statistical significance.

Testing a point (null) hypothesis in a Bayesian framework is commonly done in one of
two ways. One is model comparison, where two models are instantiated, one with a prior
distribution that allows only the value of interest and another that spreads probability
over a wide range of values. The Bayesian factor, i.e. the ratio of two models’ marginal

likelihood, is then computed. This paradigm faces criticism for its sensitivity to the prior
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specification, even when different priors lead to minor differences in the posterior [171].
The other approach encompasses a number of decision rules based on the posterior,
among which the probability of direction and the region of practical equivalence
are popular examples. [PD|is an index of effect existence, robust to the scale of
both the response variable and the predictors. It ranges from 50% to 100%, representing
the certainty with which an effect goes in a particular direction (i.e., is positive or
negative), and is mathematically defined as the proportion of the posterior distribution
that is of the median’s sign. is a range of values, usually centred around the
point (null) hypothesis value, which is considered negligible or too small to be of any
practical relevance for the use case in question. The degree of overlap between the

and the highest density interva ( -9)J), 1.e. the © most plausible values
O d the highest density i 195 (HDI-9)), 1.e. the 95% lausible val

in a parameter’s posterior, is then inspected.

4.4 The paper: Does heart rate variability change over
acute episodes of bipolar disorder? A Bayesian

analysis.

Below, we present our original contribution to the study of in A Bayesian
analysis of heart rate variability changes over acute episodes of bipolar disorder,
published in npj Mental Health Research. Here we opted for[RMSSD|as a metric for
HRV| motivated by its wide use and popularity; specifically, as customary in the field,
we modelled its natural logarithm (InRMSSD) since the log transformation achieves an

easier to use, quasi Gaussian distribution [173} 174, 175, 176].

To our knowledge, we are the first to examine, within the same cohort, changes in
InRMSSD as acute episodes of both mania and depression resolve. We developed an
interpretable probabilistic model, accounting for the hierarchical nature of the data,
1.e. measurements nested within individuals, and individuals experiencing acute
episodes nested within manic and depressive states. This model considers the
interactions of variables that influence InRMSSD and attempts to explain the data-
generating process for[HRV] beyond a simple test statistic. We embrace the Bayesian

paradigm and illustrate its advantages over NHST|in our setting.

We applied our model to data from the TIMEBASE/INTREPIBD study, which in-

cludes at least three time points per person per affective episode. Unlike previous


https://www.nature.com/npjmentalhealth/
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studies that utilized only two time points (e.g., acute state versus euthymia), TIME-
BASE/INTREPIBD enables capturing individual differences in InRMSSD trajectories.
Our findings show a positive rate of change of INnRMSSD as symptom severity lessens
from acute episodes to euthymia. However, additional data is needed to determine
whether the magnitude of this effect is clinically significant. Results do not support

different dynamics across the polarities of i.e., mania and depression.
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Bipolar disorder (BD) involves autonomic nervous system dysfunction, detectable through heart rate
variability (HRV). HRV is a promising biomarker, but its dynamics during acute mania or depression
episodes are poorly understood. Using a Bayesian approach, we developed a probabilistic model of
HRV changes in BD, measured by the natural logarithm of the Root Mean Square of Successive RR
interval Differences (INRMSSD). Patients were assessed three to four times from episode onset to
euthymia. Unlike previous studies, which used only two assessments, our model allowed for more
accurate tracking of changes. Results showed strong evidence for a positive InRRMSSD change during
symptom resolution (95.175% probability of positive direction), though the sample size limited the
precision of this effect (95% Highest Density Interval [-0.0366, 0.4706], with a Region of Practical
Equivalence: [-0.05; 0.05]). Episode polarity did not significantly influence InRRMSSD changes.

Bipolar disorder (BD) is a severe mental health condition affecting > 1% of
the global population'. With a population-level annual economic burden
estimate of £6.43 billion in the UK alone” and an all-cause mortality rate 1.77
times higher than the general population’, BD has huge personal and
societal costs. Symptoms encompass disturbances in mood states, thought,
energy, and vegetative functions manifesting during episodes of (hypo)
mania and depression, the two polarities of BD.

Accumulating evidence' indicates autonomic nervous system dysre-
gulation in BD, detectable through reduced vagally mediated heart rate
variability (HRV). This is a measure of the variation in time between con-
secutive heartbeats and can be computed from interbeat interval (IBI) data
collected via either electrocardiogram (ECG) or photoplethysmography
(PPG). With the widespread adoption of wearable devices recording IBI
data, HRV monitoring can be extended outside the doctor’s office to the
patient natural environment, in a near-continuous fashion, unlocking
unprecedented opportunities for health monitoring’. A number of metrics
have been developed to quantify HRV, grouped into time-domain, fre-
quency-domain, and non-linear measures. Among these, the Root Mean
Square of Successive RR interval Differences (RMSSD) has been suggested
as a robust indicator of vagal tone and parasympathetic activity’. RMSSD is
indeed the most commonly reported HRV output feature by a number of

both commercial’ and research-grade devices’. Modelling the natural
logarithm of RMSSD (InRMSSD) is common practice, as the log-
transformation achieves an easier-to-use, quasi-Gaussian distribution’ "%

Meta-analyses'*™' found a reduced HRV across a range of psychiatric
conditions, not just BD, with psychotic disorders featuring the greatest
reduction. A reduced HRV is also a predictor of increased cardiovascular
risk in the general population'’"®. As of today it has not yet been fully
investigated whether the resolution of symptoms over the course of a BD
episode translates into changes in HRV and whether mania and depression,
the two polarities of BD, display different HRV trajectories. In this study
(Fig. 1) we fill this gap, leveraging the TIMEBASE/INTREPIBD study”, a
longitudinal cohort following up BD acute episodes.

Studying intra-individual HRV changes across affective states in BD is
a challenging and resource-intensive endeavour, especially as longitudinal
settings require patients to be followed up and assessed by a mental health
specialist multiple times. This is particularly demanding with manic epi-
sodes, undermining patients’ compliance to study instructions, such that
recruiting large cohorts in HRV studies on BD proves unfeasible and all
previous studies had only a couple dozen participants™ ™",

A case in points is Stautland et al.”’, limiting their analysis to a sample of
15 patients on a manic episode. A reduced RMSSD in mania relatively to
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Fig. 1 | Longitudinal data from patients with bipolar disorder recruited at the
onset of an acute episode is used to study the InNRMSSD trajectory as symptoms,
as measured with clinician-administered rating scales, improve. Patients with
bipolar disorder on either a manic (in red) or a depressive (in blue) episode are
assessed up to four times, ¢ € {0, 1, 2, 3}, as their symptoms subside. During each
assessment, InRMSSD is collected with a smartwatch while symptoms'improvement
is measured by a mental health specialist with a hetero-administered rating scales,
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the Young Mania Rating Scale™ (YMRS) for mania and the Hamilton Depression
Rating Scale-17"' (HDRS) for depression. A Bayesian Hierarchical Model is fitted to
the data to study the rate of change in InNRMSSD with respect to symptoms'
improvement. Two models are developed and compared where the only difference is
that in one the trajectory of INRMSSD through symptoms' improvement is allowed
to vary across polarities, to test whether a polarity-specific effect on InRMSSD

30

dynamics exists.

euthymia was found. Participants were assessed only twice — mania and
euthymia - and paired two-tailed t-tests were used to test zero mean dif-
ference across manic and euthymic states. Similarly, Wazen et al.”' recruited
19 patients with BD and showed a similar association between RMSSD and
mania-to-euthymia transition. Again, only one acute state and one euthy-
mia measurements were taken; a non-parametric (Wilcoxon’s signed-rank)
test was used, positing as null a zero median difference between paired
observations. On the other hand, Hage et al.” found no significant HRV
changes after 8 weeks in 37 patients with bipolar depression randomized to
receive either escitalopram-celecoxib or escitalopram-placebo, regardless of
treatment response status. The authors opted for a frequency-domain fea-
ture, i.e. high frequency (HF-HRV), as their HRV metric and employed
repeated measures ANCOVA to evaluate differences between baseline and
week 8. Lastly, Faurholt-Jepsen et al.” studied HRV changes in a sample of
16 patients with BD observed for a period of 12 weeks over as many different
affective states (euthymia, depression, mania/mixed state) as possible, using
a linear mixed-effect model. Investigators found an increased HRV during
mania in comparison to both euthymia (in contradiction with***') and
depression, but no significant difference across depression and euthymia.
The difference between the second-shortest and the second-longest IBI
collected during 30-second epochs was used a HRV measure.

All studies mentioned above™ ™ collected only one sample per patient
per affective state (euthymia, mania/mixed state, depression) and thus did
not consider HRV trajectories as a BD acute episode resolves. Moreover,
while it is tempting to equate HRV increments/decrements between acute
state and euthymia™** to a process of positive/negative change in HRYV,
statistical literature’** warns that two-time points are not sufficient to
accurately capture individual differences in trajectories of change and are
prone to confounding true change with measurement error. A minimum of
three data points per subject is indeed recommended to investigate change
over time. Furthermore, as customary in psychiatry research®™, all
embraced frequentist null hypothesis significance testing (NHST), failing to
propose a model explaining how HRV values are generated and which
dependencies among variable govern HRV longitudinal dynamics. Despite
its enduring popularity in psychiatry research, the NHST p-value has indeed
been the object of a growing chorus of criticism*”’. The p-value serves solely

for rejecting the null Hy and lacks the capacity to assess the extent to which
the data supports H, versus the alternative hypothesis H;. Moreover, it
measures the existence of an effect but not its magnitude; standardized
measures of effect size, since premised on a frequentist framework, inherit its
limitations. Further, by simply considering the distribution of a test statistic,
previous studies relying on NHST did not elaborate a model trying to
capture the data (HRV) generating process.

An alternative framework that has been gaining recognition and
popularity in psychiatry research is Bayesian statistics, which mitigates some
of the p values shortcomings™”. The outputs of Bayesian methods are
probability distributions over model parameters, representing the degree of
beliefs about parameters’ values, conditional on data and assumptions (the
specified model and prior distribution over parameters). Posteriors can be
used to make directly interpretable statements about any model parameter
of interest, gaining insights into evidence equally for H, as for the competing
H;. This is in contrast to frequentist p-values, which do not give the prob-
ability that a parameter value is compatible with H,,. Bayesian methods are
particularly useful with small sample sizes, as it is the case for HRV studies
with BD. Indeed, they do not rely on the asymptotic properties of large
samples and, thanks to their principled way of handling uncertainty, they
yield graded evidence allowing us to gather more information from small
studies that may be otherwise underpowered to reach statistical significance.
As research into HRV (as well as other digital biomarkers) has the potential
for delivering clinical decision support tools, interpretability, i.e. being able
to clearly inspect and interrogate the data generating process, and a prin-
cipled quantification of uncertainty in the model output, are key features of a
Bayesian data analysis, that make it particularly appealing in clinical settings.

In this work, using data from the TIMEBASE/INTREPIBD study”, we
investigate INnRMSSD changes in patients with BD on either mania or
depression as their symptoms’ severity, measured with the total score on
respectively Young Mania Rating Scale” (YMRS) and Hamilton Depression
Rating Scale-17°*' (HDRS) respectively, wanes, from acute state up to
euthymia, with at least three samples available per individual over the course
of their episode. Our main contributions are as follows:

- We are the first to the best of our knowledge to study changes in
InRMSSD as an acute episode resolves across both mania and
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depression within the same cohort.

- We develop an interpretable probabilistic model that captures the
natural hierarchical structure in the data (HRV measurements are
nested within subjects, subjects on an acute BD episode can be seen as
themselves nested within mania and depression) and accounts for how
variables interact in generating INRMSSD. Relatedly, we illustrate the
benefits of a Bayesian treatment over NHST, including a principled way
to quantify uncertainty and better suitability to small samples
than NSHT.

- We fit our model to the data from the TIMEBASE/INTREPIBD study
where a minimum of three-time points per individual per affective
episode is available. Unlike previous studies only using two-time points
(e.g. acute state vs euthymia), this allows us to better capture individual
differences in InRMSSD trajectories. Data does not support the
existence of different HRV dynamics across BD polarities, i.e. mania
and depression. Results indicate a positive rate of change of INRMSSD as
symptoms’ severity abates from acute episode up to euthymia; however,
towards being able to claim that the magnitude of this effect has clinic
significance, more data is needed.

Methods

The TIMEBASE/INTREPIBD cohort

Unlike other existing cohort, the TIMEBASE/INTREPIBD study'* gathers
multiple longitudinal assessments per patient over the course of an acute BD
episode. This uniquely positions this cohort to investigate trajectories of
change in InRMSSD as an acute episode resolves. TIMEBASE/INTREPIBD
is a prospective, exploratory, observational, single-center, longitudinal study
with a fully pragmatic design embedded into current real-world clinical
practice. A comprehensive description of the data collection campaign is
detailed in Anmella et al.”. For the purpose of this work, subjects with a
DSM-5 diagnosis of BD (equally type I and type II) were considered.
Exclusion criteria comprised: concomitant severe cardiovascular or neu-
rological medical conditions with a potential autonomic dysfunction,
ongoing cardiovascular arrhythmia, or pacemaker; comorbid current sub-
stance use disorder according to the DSM-5 criteria, excluding nicotine
substance use disorder; comorbid current psychiatric disorder with great
interference of symptoms (e.g., obsessive-compulsive disorder with ritua-
lized behaviours); ongoing pregnancy.

Patients were recruited at the onset of an acute BD episode, either
mania or major depression, and were assessed up to four times over the
course of their episode: acute phase, clinical response, remission, euthymia
(score <7 on the HAMD and YMRS for at least 8 weeks™). During each
assessment, patients were interviewed by a psychiatrist collecting clinical-
demographics, including age, sex, medications being administered, and
YMRS/HDRS. They were also required to wear the Empatica E4 device™ on
their non-dominant wrist until battery ran out (~48 hours). This wearable
records (sampling rate) 3D acceleration (ACC, 32Hz), blood volume
pressure (BVP, 64Hz), electrodermal activity (EDA, 4Hz), heart rate (HR,
1Hz), inter-beat intervals (IBI) and skin temperature (TEMP, 1Hz). Mixed
BD episodes were not included in the present analyses in order to minimise
diagnostic ambiguity and allow for an easier comparison between the two
extreme polarities of BD, also considering that only two such episodes were
available in the cohort at the time of this work. Hypomanic episode, on the
other hand, were not collected in the TIMEBASE/INTREPIBD study".

HRV data extraction

During free-living wear, subjects might remove their device or contact to the
wrist might be otherwise suboptimal; furthermore, PPG data is affected by
motion artefacts, so wake HRV may be unreliable®. Thus, we first per-
formed on-/off-body detection using discontinuity in EDA as a guide. In
particular, similarly to*™, we considered measurements smaller than 0.05
uS as indicative of off-body status. Then, sleep/wake detection was carried
out on on-body recording sequences using the algorithm by Van Hees et al.””
which emerged as the best performing in a recent benchmark study on
sleep-wake detection™.

The RMSSD is arguably the most commonly used HRV metric”™® and
reliably captures parasympathetic activity’. It is derived from RR intervals
(R) on either an ECG or a PPG reading and it is computed as follows:

1 N-1
RMSSD = | — (Z (R, — Ri)2> (1)

i—1

where (R, — R,;) is difference between neighbouring RR intervals and N'is
the total number of RR intervals over which RMSSD is computed. Sleep
occurring at nighttime between 10 pm and 5 am from each recording
session was segmented with a sliding window of length and step size 5 and
1 minute, respectively, from which RMSSD was derived with FLIRT”. This
is a popular open-access feature extractor toolkit compatible with E4 data,
handling IBI pre-processing and RMSSD computation. The average of all
valid 5-minute RMSSD values was taken as a measure for the full night’s
RMSSD. This approach to estimate RMSSD is implemented in commercial
devices* and was used in previous research®’. Five minutes is indeed a
conventional length for RMSSD estimation’. Considering motion artefacts
and circadian rhythms in HRV, nighttime sleep is a popular choice for HRV
extraction; averaging over multiple 5-minute RMSSD is more robust than
using just a random 5-minute RMSSD which would be susceptible to HRV
variations across sleep stages””. Recording sessions from the TIMEBASE/
INTREPIBD study stretched over 48 hours so, while two nights were
available for HRV extraction, only the first one was considered, since closer
to the time when HDRS/YMRS were taken. As standard practice’", we
modelled InRMSSD, that is the natural logarithm of RMSSD, as this
transformation results in an more convenient, quasi-Gaussian distribution.
While wristbands today allow for collecting RMSSD, they do not provide a
model explaining how features of the individual interact in generating
RMSSD values. In the section that follows, we build a Bayesian model
attempting to do just that.

Bayesian modeling

The goal of inference is to get to unobserved parameters (0), given the data.
The Bayesian approach aims for a full distribution over 0, not just a single
value, which, especially when data is scarce, can be misleading, since it does
not consider uncertainty and tells only a part of the story (e.g. the mean or
the mode of the distribution). Our Bayesian analysis is particularly inter-
ested into the rate of change of InRMSSD with respect to symptoms’
severity, so this will be a key parameter of interest. The Bayesian paradigm
commands to posit a process generating the data at hand governed by 6,
referred to as likelihood P(Data|®), as well as a starting hypothesis as to what
values O can credibly take, in advance of seeing any data, referred to as the
prior P(0). The output of Bayesian inference is a posterior P(@|Data), where
the prior beliefs about the values of ©® have been updated in light of the
observed data.

As a running example to illustrate Bayesian methods, we temporarily
assume here that the observed InRMSSD values are sampled from a
Gaussian distribution with mean g and variance o, the latter we assume
given and equal to 1. As with ordinary regression, parameters can be
modelled as a function of relevant covariates. For example, we might have
reasons to believe that y linearly depends on the symptoms’ severity (V) of
the individuals: y = 6, + 0, V;, where i indexes the subjects in the study. The
parameters of our model are thus 6, and 6, and our interest might be into 0,
expressing the dependency of INRMSSD on V. The likelihood P(Data|®) is a
function of the parameters, expressing the probability of observing the given
data under particular values of ®, in our example, how well different values
of 6y and 6, explain the data.

The other key ingredient of a Bayesian model, further to the likelihood,
is the prior probability over the parameters P(0), representing our beliefs
about the parameters before seeing any data. The choice of prior can be
informed by previous research. Alternatively, in case of lack of previous
evidence or when the analyst does not want to favour one hypothesis over
others, a non-committal prior can used, assigning equal credibility to
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competing hypotheses. In the running example we might opt for 6, ~
N(0,1) and 6, ~ U(—1,1), ie. a standard Gaussian for the intercept 6,
favouring values around zero but not giving any preference to either positive
or negative values, and a uniform distribution for the slope 0,, assigning
equal credibility to all values in the interval [-1,1].

Through Bayes’ theorem, the prior is updated in light of the observed
data to yield a posterior probability distribution P(®|Data): this encapsulates
the refined beliefs about the parameters, incorporating both prior knowl-
edge and the information conveyed by the observed data. In our example, we
might move from a flat prior over 6; to a distribution where the over-
whelming majority of the probability density is concentrated on positive
values. This posterior, P(6;|Data), can be directly and naturally interpreted
as our beliefs about values of ), condition on the observed data and the
posited model. This is arguably more intuitive for clinicians to use than a
p-value, the probability of obtaining under the null hypothesis (Hy) and
under the assumed sampling intention a result equal to or more extreme
than the one observed from the data, and can be directly used to make
statements about both the existence and the magnitude of an effect.

The only extra layer of complexity in Bayesian hierarchical models, on
top of the vanilla Bayesian machinery we introduced above, is that para-
meters depend on other parameters too, referred to as hyperparameters,
introducing dependencies between parameters at different hierarchical
levels. This is particularly convenient as it allows us to model InRMSSD
observations as nested into subjects and subjects themselves as nested into
episode polarity 7. In our running example, we can modify the model to
reflect that the relation between V and InRMSSD might differ across

polarities as follows: 8, ~ N ((n[i], 1) and {, ~ U(—1,1). This is now

saying that the intercept 0, is sampled from a Gaussian whose mean is
controlled by another parameter {, with a uniform prior on [-1,1]. There are
II parameters (, one for each polarity and all sampled from the same uni-
form distribution. The notation 7[i] denotes the parameter ( that corre-
sponds to the polarity 7rto which the i* individual’s episode belongs to. It can
be seen how hierarchical models provide a powerful framework for nested
data: in our study, each patient (level-1) generates multiple InRMSSD
measures since patients are indeed assessed at multiple time points as their
symptomatology improves; secondly, from each BD polarity (level-2)
multiple patients are drawn. Hyperparameters enables sharing of infor-
mation across level groups, while allowing for within-group variability.
Conceptually, a hierarchical model provides a middle ground (partial
pooling) between aggregating groups at a given level of the hierarchy
(complete pooling), thus overlooking potential differences across groups, and
treating them as completely independent (n0 pooling).

Variables preprocessing

We wanted to model how InRMSSD changes as symptoms’severity, mea-
sured with the total score on either YMRS (manic episode) or HDRS
(depressive episode), abates during the resolution of an acute BD episode.
Each i" individual of the N included in the analyses was sampled up to four
times along their trajectory of symptoms’ improvement, starting from
episode onset ¢ = 0. For the " individual, their improvement along this
trajectory at time ¢ € {0, 1, 2, 3} was expressed as
I;; = (score; ,_o — score,; )/(score, ;. ), where the notation 7li]
means that the total score on YMRS (HDRS) was used if the episode’s
polarity 7 of the i" individual was manic (depressive). I therefore takes
values in [0, 1], patients have a value of 0 at episode onset, i.e. study
recruitment, and reach a value of 1 if their total score goes down to 0;
intermediary values express fractional improvement with respect to epi-
sode’s onset severity. For a given subject, successive recording sessions were
required to have a strictly monotonic decrease in the relevant scale’s
total score.

A number of factors further to changes in symptoms’ severity can
influence HRV. We therefore controlled for relevant covariates available in
our dataset, i.e. sex S (females = 1, males = 0), age A, and medications M. Age
(in years) was standardized and treated as constant across different

recording sessions for a given individual. Data for a number of drug classes
known to affect HRV was recorded in the INTREPIBD/TIMEBASE dataset
as boolean: lithium, selective serotonin reuptake inhibitors, serotonin and
norepinephrine reuptake inhibitors, tricyclics, monoamine oxidase inhibi-
tors, other antidepressants, typical antipsychotic, atypical antipsychotic,
anticonvulsants, beta-blockers, opioids, amphetamines, antihistamines,
antiarrhythmic agents, other anticholinergic medications, benzodiazepines.
M;, is simply the total number of such medications the i" individual was on
at time t. Lastly, as previous research in cross-sectional samples suggested
that HRV is negatively correlated with symptoms’ severity", we accounted
for baseline severity B; = score,; ,_,/ max(q) where the denominator is
the maximum value by design on either the YMRS or HDRS rating scale,
depending on whether the episode’s polarity of the i subject was mania or
depression.

Regression models

We developed two hierarchical linear models, which we nicknamed two-
polarities-model and one-disease-model, illustrated in Fig. 2, where the only
difference is that the former allows the INRMSSD rate of change with respect
to symptoms’ improvement to vary across polarities (manic and depressive),
letting us test whether a specific polarity effect is supported by the data.

In the two-polarities-model, we assumed that InRMSSD for the i"
subject at time f is drawn from a Gaussian N~ whose mean is a linear
combination of the intercept 3, symptoms” improvement I;;, and medi-
cations M, ;.

InRMSSD;;; ~ N(ﬂo‘i + ﬁl,ili,t + B My, 0i> (2

The subscripts denote that while 8, does not vary across either indi-
viduals or time, each individual has their own intercept term f,; and
coefficient 3, ;. This allows each individual to have their own intercept and
rate of change with respect to I but crucially these parameters are drawn
from a common distribution, as shown below. As regards f3,,, ie. the
expected value InRMSSD takes when I, = 0 (episode onset) and M;, =0 (no
medications with a known effect on HRV), we modelled it as drawn from a
Gaussian with a standard deviation fixed to 0.5 but whose mean linearly
depends on sex S, age A;, baseline severity B; plus the intercept ay:

Boi ~ N (a4 + xA; + ,S; + a3 B;,0.5) 3)

As for f; ; ie. the rate of change of InRMSSD with respect to symp-
toms’” improvement, subjects on different episode polarities draw their slope
B1; from Gaussian distributions centred at different values:

Bri ~ Ny, 0-1) 4)

Here 7n[i] indeed signifies the mean y corresponding to the group
(polarity 71) to which the i" individual’s ongoing episode belongs. We
defined subject-specific INRMSSD standard deviation o; as drawn from an
inverse gamma distribution. The inverse gamma distribution is a con-
venient choice here, as it is the conjugate prior of a normal distribution with
unknown mean and variance. Conjugacy speeds up inference by enabling a
closed-form solution to (part of) the posterior:

0, ~ 7G(3,0.5) 6)

The prior for ay is a Gaussian centred at the sample average InRMSSD,

Le. By pgssp:
o ~ N (Bprusops 0-1) (6)

al, a2, a3, and f3, all had a Gaussian prior with mean -0.1 and standard
deviation 0.1, informed by previous research showing that female sex, older
age, greater symptoms’ severity at onset, and the medications mentioned
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B,

Fig. 2 | INRMSSD data generating process assumed in the regression models.
Grey-shaded nodes represent observed variables, while white nodes represent the
model’s parameters. Arrows define conditional dependencies in the model graph,
while lines connecting parameters to their covariates do not define any probabilistic
dependency but are shown simply to clarify which covariate a parameter refers to.
The plate notation is used for observed variables and parameters that are repeated,
where the letter indicates the number of repetitions; in other words, it indicates the
nested structure in the data and in the model. For example, INRMSSD is contained in

N

two plates: the outer one indicating that samples are drawn at the subjects' level
where N is the total number of subjects, the inner one indicating that within each of
the Nindividuals, samples are taken at T times. The node for y and its outgoing arrow
are in red to mark that this node, and thus the dependency of its descendants on
episode’s polarity where there are IT = 2 polarities (mania and depression), is only
present in the two-polarities-model into which the one-disease-model, differing only
by the lack of this node, is nested. A: age; S: sex; B: baseline symptoms' severity; I:
symptoms' improvement; M: medications.

above are associated with a lower HRV*™:
0607061,062,[32 NN(_0~170‘1) (7)

On the other hand, we made a non-committal choice for the prior over
Y 1.€. a uniform distribution assigning equal probability density to values in
the zero-centered interval [-1, 1]:

Yo~ U=1,1) ®)

In other words, we start from a sceptical position and in advance of
seeing any data we do not favour any value for the polarity-specific mean of
the Gaussian from which S, ; is drawn.

The one-disease-model only differs by the lack of dependency of §; ; on
the episode’s polarity. Here, the prior on f3; ; is a non-committal uniform:

/314‘ ~ u(_17 l) (9)

Consequently, the one-disease-model pools subjects together regardless
of polarity but, as with the two-polarities-model, ,; and f3; ; can still vary
across subjects while being sampled from the same distribution.

There are different approaches to Bayesian inference. For example,
simple models relying on exponential family distributions and conjugacy
admit analytical solutions. Often times, however, with more complex
models, as it is the case with our hierarchical models, different approaches
are required, e.g. sampling-based solutions or variational inference. We
adopted the Hamiltonian Monte Carlo (HMC) No-U-Turn Sampler
(NUTS)™, as state of the art inference algorithm and default choice across a
number of probabilistic programming libraries”**. In particular, we ran four
parallel chains of 2000 tuning steps, 2000 samples, and a target acceptance
probability of 0.99 was used for Bayesian inference in both models.

As explained above, the two-polarities-model and one-disease-model
encapsulate different assumptions about the data-generating process. In

particular, the former allows the rate of change of InRMSSD with respect to
symptoms’ severity to vary across episode’s polarity, while the latter does not
account for episode polarity. Towards model comparison, ie. to assess
which of the two models betters explains our data, we used the Widely
Applicable Bayesian Information Criterion (WAIC)*. WAIC calculates an
estimate of the out-of-sample log-likelihood and adjusts for the effective
number of parameters, providing a more accurate measure of a model’s fit
and predictive ability. The value of WAIC lacks inherent meaning and only
becomes meaningful when comparing it across different models fitted to the
same data. Lower WAIC values suggest a better fit of the model to the data.
We chose WAIC over other criteria for its Bayesian consistency, effective-
ness with complex models, incorporation of uncertainty, focus on predictive
accuracy, applicability to hierarchical structures, and bias correction,
offering a robust approach. The Bayesian factor, comparing model like-
lihoods based on observed data, is another tool for selecting between models
but faces criticism for its sensitivity to the prior specification, even when
different priors lead to minor differences in the posterior™.

We plotted samples from the posterior distributions over the para-
meter(s) relevant to our investigation into RMSSD changes with respect to
symptoms’ improvement (potentially varying across polarities). Towards
summarizing the posterior, we computed the Probability of Direction
(PD)*". This is an index of effect existence, robust to the scale of both the
response variable and the predictors. It ranges from 50% to 100%, repre-
senting the certainty with which an effect goes in a particular direction (i.e., is
positive or negative), and is mathematically defined as the proportion of the
posterior distribution that is of the median’s sign. We also computed the
95% highest density interval (HDI-95), i.e. the 95% most plausible values in
a parameter’s posterior. This is more suited than the PD to measure the
magnitude of an effect by comparing its overlap with a Regional of Practical
Equivalence (ROPE); this is a range of values considered negligible or too
small to be of any practical relevance for the use case in question™ . Unlike
PD, HDI and ROPE are sensitive to the parameter’s scale. For the posterior
over f3;, obtained by pooling together samples from all individuals’ 3 ; to
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study the overall effect across individuals, we seta ROPE of [-0.05, 0.05]. As
we are modelling InRMSSD, for a given sample f3, ; of 3 ;a unit change in I;,
(i.e., 100% improvement in symptoms over baseline severity) translates into
a change of 8 L; iInInRMSSD for fixed values of other predictors in Equation
(2). This is the standard interpretation of regression coefficients. When
mapping back onto the original scale of RMSSD, if f31’i equals an arbitrary
value ¢, RMSSD changes with respect to its baseline value by a multiplicate
factor of ¢, where e is the base of the natural logarithm. In fact, by the
properties of logarithms, if In(Y,_7) — In(Y,—) = ¢, then Y,_1 = Y, x €’ for
any arbitrary c. Thus, the ROPE of our choice considers negligible any
multiplicate effect of a complete resolution of symptoms on RMSSD
between e % = 0.951 and ¢"® = 1.051, in other words, a decrease (increase)
of 4.9% (5.1%).

Ethical approval statement

The TIMEBASE/INTREPIBD study was conducted in accordance with the
ethical principles of the Declaration of Helsinki and Good Clinical Practice
and the Hospital Clinic Ethics and Research Board (HCB/2021/104). All
participants provided written informed consent prior to their inclusion in
the study. All data were collected anonymously and stored encrypted in
servers complying with all General Data Protection Regulation regulations.

Results

Study sample

At the time of this study, a total of 67 patients with BD had been recruited at
the onset of a mood episode (29 depression, 38 mania) in the TIMEBASE/
INTREPIBD study. Ultimately, a sample of 23 patients were available for this
study: 41 dropped out before providing a minimum of three assessments,
while 3 did not have a strictly monotonic decrease in their symptoms’
severity, thus preventing the use of improvement on symptoms’ severity to
clock time in our model of change. 9 (resp. 14) individuals were recruited at
the onset of a major depressive (resp. manic) episode. 17 (resp. 6) subjects
had 3 (resp. 4) follow-up assessments. The median (resp. interquartile range)
time (in years) since illness onset was 5 (resp. 17.5). Clinical-demographics
are given in Table 1. Figures for the sleep time during the 10 pm to 5 am
interval from which RMSSD was extracted are given in Supplementary Table
1. The median percentage of 5-minute sliding windows over sleep time not
passing quality control with FLIRT, thus outputting a nan value, was 9.05
(interquartile range 1.95-25.32). Such segments were discarded from ana-
lyses and thus not considered in the computation of the night RMSSD.

Prior predictive checks

As customary in a Bayesian data analysis, before model fitting, we ran a
series of checks, referred to as prior predictive checks, whose purpose is to
assess the soundness of the model assumptions. This is particularly useful in
hierarchical models, where the effect of hyperparameters might propagate
downstream in the data-generating process in hard-to-predict ways. Spe-
cifically, we verified that, as desirable, in advance of seeing any data the
implied distribution over InRMSSD, i.e. the distribution obtained sampling

from the model prior and generating synthetic INRMSSD values, covered the
sample distribution of INRMSSD and had the bulk of the density lying within
physiologically plausible values. Secondly, we verified that, before seeing the
data, the model did not favour either positive or negative values for the
InRMSSD rate of change with respect to symptoms’ improvement.

The top row of Fig. 3 shows the prior distribution over InRMSSD across
both the two-polarities-model (left) and the one-disease-model (right)
against the one observed in the data. The two models have similar prior
InRMSSD distributions, which contain the observed data. However, prob-
ability is spread over a range of InRMSSD values slightly broader than the
one in the data, whist still keeping within physiologically plausible values.
The 0.05, 0.5, and 0.95 quantiles (go.0s» qo.50- o.95) Were respectively 1.88,
3.21, and 4.51 (1.89, 3.21, and 4.50) for the two-polarities-model (one-
disease-model). The Kullback-Leibler divergence for the prior distribution
over InRMSSD from the two-polarities-model to the one-disease-model, a
measure of “distance” between distributions taking values in [0, + o], was
0.00006. On the other hand, g ¢s, qo 50, 9o.95 Were respectively 3.08, 3.60, and
4.18 for the sample InRMSSD.

The bottom row of Fig. 3 shows the implied distribution over lines within
a subject (shown as a way of example), each line representing a hypothesis, i.e.
a sample from the prior, about the expected INRMSSD value as a function of
symptoms” improvement upon onset severity. In both models the subject’s
true values lie with the array of lines in both model, the lines’ origin is centred
roughly around the sample average InRMSSD and, as a result of the non-
informative prior, a broad range of slopes is credible under the prior with no
preference for either positive or negative values (positive or negative rate of
change of INRMSSD with respect to symptoms’ improvement).

Model convergence and comparison
In order to infer the posterior distribution over the model parameters, we
resorted to Markov Chain Monte Carlo (MCMC) methods, in particular
NUTS?, as our models did not admit an exact, closed-form solution. MCMC
involves generating a sequence of random samples, known as chains, which
approximate the posterior distribution. However, convergence to the true
posterior distribution is not guaranteed, s0 it’s crucial to assess the con-
vergence and mixing properties of the chains. This is typically done using
diagnostics such as the Effective Sample Size (ESS), Gelman-Rubin con-
vergence diagnostic (R), and Bayesian Fractions of Missing Information
(BEMIs). In both the two-polarities-model and the one-disease-model the
chains mixed well with all ESS > 1000, all R = 1, and all BEMIs 20.75.
The WALIS for the two-polarities-model and the one-disease-model was
respectively -92.94 and -98.90, indicating that, conditional on our data, the
latter model, not positing the INRMSSD rate of change with respect to
symptoms’ improvement as dependent on the episode’s polarity, is a better fit.

INRMSSD rate of change with respect to symptoms’
improvement

Further to investigating possible differences across the episode’s polarities, a
central question in our investigation was how InRMSSD changed across the

Table 1 | Clinical-demographic features of the study sample

AGE FEMALES MEDICATIONS # BASELINE SYMPTOMS’ SEVERITY
MEAN (STD) N (PERCENTAGE) MEAN (STD) MEAN (STD)

MANIA 42.14 (12.81) 5(35.71%) 2.86 (1.30) YMRS

N=14 25.64 (5.09)

DEPRESSION 44.34.56 (13.03) 6 (66.67%) 3.78 (0.63) HDRS

N=9 19.11 (3.21)

“Medications #” refers to the number of drugs recorded in our cohort with a known influence on HRV, which subjects were taking at the moment of study admittance; further details on medications are given
in Supplementary Table 2. We report clinical-demographic features for the 44 patients not included in the present analyses as not providing a minimum of three HRV samples in Supplementary Table 3. Total
score on Young Mania Rating Scale (YMRS) and Hamilton Depression Rating Scale-17 (HDRS) was used to track symptoms’ severity in manic and depressive episodes, respectively. The figures herewith
shown refer to the first assessment (acute episode onset). Note that, as YMRS and HDRS do not share the same range ([0-60] and [0-52], respectively), the percentage of improvement with respect to onset

total score was used to clock time across polarities in the regression model.
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Fig. 3 | Prior predictive checks across the two regression models. The left column
refers to the two-polarities-model while the right column to the one-disease-model.
The (normalized) histograms in the top row show the observed INRMSSD dis-

tribution against the InNRMSSD distribution implied by the prior. It can be seen that
the observed InRMSSD (pink) is tightly concentrated over a narrow range in com-
parison to the prior INRMSSD (green), which puts some probability density on

values at the boundaries of the physiologically plausible range. However, the bulk of
the prior InRMSSD contains the observed INRMSSD. The three red crosses in each
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bottom row plot shows InRMSSD measures at different stages of symptoms'
improvement for a subject from our dataset, chosen as a way of example and
assigned the dummy subject-id a. Superimposed are one hundred lines, each
showing the expected INRMSSD value for different draws from the prior. As a result
of a vague and non-committal prior, lines can have a variety of slopes with no
preference for either positive or negative values. The dashed green line represents the
average across the one hundred black lines.

trajectory of symptoms’ improvement, from episode onset up to euthymia.
As the one-disease-model came out on top in model comparison, we col-
lected and pulled together posterior samples from f3;; across the N = 23
individuals in our analyses, in order to study the overall effect f8; regardless
of the specific subject.

Figure 4 a illustrates the prior distribution, defined in Equation (9), for
B1. It can be seen how the prior is non-committal and vague, as it does not
favour any value in the interval [-1,1] and admits a broad variability in the
effect that I;, can have on InRMSSD, from -1 to 1 (the scale is logarithmic).

Figure 4b illustrates the posterior distribution over ;. Bayesian
inference reassigned credibility so that relatively strong effects of 5; on
InRMSSD have very little probability densities, i.e. values below (above) -0.5

(0.5), while hypotheses compatible with the data now have higher density.
Contrast how, upon conditioning on the data, the distribution on f3;
changed from Fig. 4a to b. We calculated commonly used statistics and
decision rules on the posterior. The median (dashed red line) lies at 0.208.
The PD indicates that 3, is strictly positive with high probability, i.e.
95.175%. It can indeed be seen that samples from the posterior over-
whelmingly favour positive values. The HDI-95, i.e. the narrowest interval
containing 95% of the posterior probability density, spans
[-0.03662-0.47061], thus overlapping but not containing the rope [-0.05,
0.05]. As per” recommendations, the HDI-95-based decision rule is
therefore to withhold decision and collect more data to increase the preci-
sion of the estimates.
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Fig. 4 | Prior and Posterior distributions over f8,. a: prior distribution over ;.

b: posterior distribution over f3; along with median (red, dashed line), 95% Highest
Density Interval (HDI-95) spanning [-0.03662-0.47061] and Region of Practical
Equivalence (ROPE) at [-0.05, 0.05]. c: posterior distribution over expected
InRMSSD values as a function of symptoms' improvement for a subject recruited at
the onset of a manic episode, identified with the dummy subject-id a. The posterior
for the other subjects is available in Supplementary Fig. 2. Each black line (a total of

one hundred is herewith displayed to avoid clutter) represents a single draw from the
posterior, while the dashed green line is the average across all black lines sampled
from the posterior. This illustrates how the Bayesian framework naturally incor-
porates uncertainty in its outputs, as in this plot we indeed have a distribution over
lines and not just a single line. This notion of uncertainty enables better-informed
decisions in a clinical setting, e.g. the confidence in a given positive trend in
InRMSSD is higher when lines are tightly packed around the average value.

Figure 4 c lastly shows the posterior for the same individual reported in
prior predictive checks, bottom-right of Fig. 3, to whom the dummy iden-
tifier a was assigned. The distribution over lines now span only a narrow
range of possible values, with a tendency for positive values. The posterior
distribution for other subjects in the study can be seen in Supplementary Fig.
2 and overall confirms the positive trend in f3; values.

The posterior over the co-variates’ coefficients, i.e. age, sex, onset
symptoms’ severity, and number of medications with an influence on HRV,
can also been seen in Supplementary Fig. 5. In general, the posterior did not
differ much from the prior distribution in either shape or direction; however,
for f3,, i.e. the coefficient associated with the number of medications known
to affect HRV, the posterior sharpened and its HDI-95 excluded the 0 value.

Discussion
In this work, we studied how InRMSSD changes as the symptoms’ severity
subsides over the course of an acute BD episode. Our findings do not
support a specific effect of polarity, i.e. mania or depression, on the dynamics
of change in InRMSSD. To the best of our knowledge, only the work by
Faurholt-Jepsen et al.”* considered HRV across the full BD spectrum but
only took one HRV sample per episode across patients, thus not investi-
gating within-episode dynamics and limiting comparability with this study.
The lack of a polarity-specific component to HRV trajectories in our study
suggests that within-episode HRV changes may not be useful to distinguish
between manic and depressive phases. On the other hand, our findings
support with high confidence the existence of a positive rate of change of
InRMSSD with respect to symptoms’ improvement over the course of an
acute BD episode. However, our data did not show that the HDI-95 com-
pletely excludes the ROPE. This is likely related to the sample size, as
sensitivity analyses (Supplementary Note 1) showed that increasing either
the number of recruited subjects or the number of observations per subject
led to a higher chance of a model fit where the HDI-95 completely excludes
the ROPE, assuming a data generating process where the HDI-95 on the
distribution for the InRMSSD slope (f8;) does exclude the ROPE. While the
Bayesian approach commands to consider the entire distribution, the HDI-
95 summary and the ROPE-partial-overlap rule” suggests withholding
decision and collect more data before developing an intervention that might
depend on the parameter of interest completely excluding the ROPE.
Sample size is indeed a limitation of this and previous studies into
intraindividual HRV changes in BD, since collecting longitudinal data from
patients with BD, especially when on a manic episode, is a resource-
intensive endeavour. The inherent limitation of sample size hinders the
frequentist approach™ used in previous studies. We thus opted for a
Bayesian approach in our work, as it is more suitable to small samples and
capable of quantifying uncertainty in a principled manner, a desirably
property when data is used to inform decision-making in potentially high-

risk environments such as healthcare. Furthermore, we went beyond simply
assessing the distribution of a test statistic and proposed an explainable
probabilistic model that attempts to explain how InRMSSD values are
generated across successive observations within-subjects and how different
clinical-demographic covariates interact in this process.

Consistently with our results, the majority of previous studies inves-
tigating intra-individual HRV changes from mania to euthymia, while only
collecting two samples per patient, found a positive difference’*”'. Previous
cross-sectional studies comparing patients on a manic episode to healthy
controls also found a reduced HRV in mania®. Of importance, HRV in
euthymic BD remains lower than in healthy controls despite full clinical
remission, even though at least part of this difference is likely due to
medications™. As regards studies into bipolar depression, one”, taking only
a sample from acute state and one from euthymia, did not find any sig-
nificant difference in HRV across acute state and euthymia. However, a
cross-sectional study” found a negative association between symptoms’
severity and HRV. The inconsistency of findings in the literature may in part
be a result of the sample size used in this type of studies and the frequentist
approach. The Bayesian approach we herewith adopted is arguably better
suited as it yields graded evidence, suggesting when collecting more data is
likely to be fruitful. Secondly, we note that studies differ in the HRV metrics
they employed and, more importantly, the device used for IBI data collec-
tion and the algorithms for IBI pre-processing. This could also explain
inconsistency in findings. For the sake of transparency and reproducibility,
we release the codebase we developed for these analyses.

The results of this study need to be balanced against some limitations.
1) We could not include BMI, alcohol, and nicotine intake as covariates in
our models since these HRV confounders were not collected in the
TIMEBASE/INTREPIBD study. Similarly, while unlike some previous
studies (e.g."®) we included medications, we did not account for their plasma
concentration, receptor profile, or interactions but only considered the total
number of known interfering drugs. 2) We took one step beyond previous
studies and fitted a model of change with at least three samples available per
subject per episode, however the lack of a higher number of intra-individual
observations constrained us to fit a linear model since non-linear patterns
may not be identifiable with only three data points. However, we do not have
reasons to exclude a non-linear trajectory. 3) The limited sample size likely
prevented us from asserting the magnitude of the rate of change in
InRMSSD with respect to symptoms’ improvement in a way to exclude a
region of practical equivalence, and further research in this sense is needed.

In conclusion, previous converging evidence indicated an HRV
reduction in BD relatively to healthy controls, pointing to an impairment in
the autonomous nervous system. This study, the first to the best of our
knowledge to include a minimum of three observations per patient per
episode across both polarities of BD, suggests that an improvement in
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symptoms’ severity upon an acute episode is paralleled by a positive change
in HRV. However, the pattern of HRV change does differ across mania and
depression, the two polarities of BD. Thus, our findings suggest that HRV,
thanks to an increasing adoption of wearable devices, may have a role in
monitoring the course of an episode in clinical settings, acting as a mea-
surable biological signal, which can complement clinical assessments;
however, it may be not useful towards distinguishing polarities in BD.
Studies of HRV in BD have been dogged by limited sample size, a limitation
inherent to this type of studies. Crucially, unlike frequentist statitics, the
Bayesian framework we herewith adopted, allowed for a fine-grained
appreciation of the evidence, inspecting posterior distributions conditioned
on the data (and the posited model), and the formulation of a generative,
interpretable probabilistic model accounting for how different variables
interact in generating HRV values within patients over the course of a BD
episode.

Data availability
The data used for the present study can be made available through rea-
sonable requests to the corresponding author due to data sharing restrictions

Code availability

The codebase developed for this work is available at https://github.com/
april-tools/bayesian-hrv. Python 3.10 programming language was used,
with Bayesian statistical modelling implemented in PyMC* and ArviZ™.

Received: 19 March 2024; Accepted: 22 September 2024;
Published online: 03 October 2024

References

1. Merikangas, K. R. et al. Prevalence and correlates of bipolar spectrum
disorder in the world mental health survey initiative. Arch. Gen.
Psychiatry 68, 241-251 (2011).

2. Simon, J. et al. The costs of bipolar disorder in the united kingdom.
Brain Behav. 11, €2351 (2021).

3. Hayes, J. F., Marston, L., Walters, K., King, M. B. & Osborn, D. P.
Mortality gap for people with bipolar disorder and schizophrenia: Uk-
based cohort study 2000-2014. Br. J. Psychiatry 211,175-181 (2017).

4. Ramesh, A., Nayak, T., Beestrum, M., Quer, G. & Pandit, J. A. Heart
rate variability in psychiatric disorders: A systematic review.
Neuropsychiat. Disease Treat. 2217-2239 (2023).

5. Ronca, V. et al. Wearable technologies for electrodermal and cardiac
activity measurements: A comparison between fitbit sense, empatica
e4 and shimmer gsr3+. Sensors 23, 5847 (2023).

6. Shaffer, F. & Ginsberg, J. P. An overview of heart rate variability
metrics and norms. Front. Public Health 258 (2017).

7. Stone, J. D. et al. Assessing the accuracy of popular commercial
technologies that measure resting heart rate and heart rate variability.
Front. Sports Active Living 37 (2021).

8. Empatica EmbracePlus. Embrace plus user manual https://www.
empatica.com/en-eu/embraceplus/ (2021). Accessed December
18 2023.

9. Plews,D. J., Laursen, P. B., Stanley, J., Kilding, A. E. & Buchheit, M.
Training adaptation and heart rate variability in elite endurance
athletes: opening the door to effective monitoring. Sports Med. 43,
773-781 (2013).

10. Plews, D. J. et al. Monitoring training with heart-rate variability: How
much compliance is needed for valid assessment? Int. J. sports
Physiol. Perform. 9, 783-790 (2014).

11. Tarvainen, M., Lipponen, J., Niskanen, J. & Ranta-Aho, P. Kubios hrv
version 3-user’s guide. Kuopio: University of Eastern Finland (2017).

12. Nuuttila, O.-P.,Nummela, A., Korhonen, E., Hakkinen, K. & Kyréldinen,
H. Individualized endurance training based on recovery and training
status in recreational runners. Med. Sci. Sports Exercise. 54 (2022).

13. Alvares, G. A., Quintana, D. S., Hickie, I. B. & Guastella, A. J.
Autonomic nervous system dysfunction in psychiatric disorders and

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

the impact of psychotropic medications: a systematic review and
meta-analysis. J. Psychiatry Neurosci. 41, 89-104 (2016).

Chalmers, J. A., Quintana, D. S., Abbott, M. J.-A. & Kemp, A. H.
Anxiety disorders are associated with reduced heart rate variability: a
meta-analysis. Front. psychiatry 5, 80 (2014).

Koch, C., Wilhelm, M., Salzmann, S., Rief, W. & Euteneuer, F. A meta-
analysis of heart rate variability in major depression. Psychol. Med. 49,
1948-1957 (2019).

Faurholt-Jepsen, M., Kessing, L. V. & Munkholm, K. Heart rate
variability in bipolar disorder: a systematic review and meta-analysis.
Neurosci. Biobehav. Rev. 73, 68-80 (2017).

Hillebrand, S. et al. Heart rate variability and first cardiovascular event
in populations without known cardiovascular disease: meta-analysis
and dose-response meta-regression. Europace 15, 742-749 (2013).
Sessa, F. et al. Heart rate variability as predictive factor for sudden
cardiac death. Aging (Albany NY) 10, 166 (2018).

Anmella, G. et al. Exploring digital biomarkers of iliness activity in
mood episodes: hypotheses generating and model development
study. JMIR Mhealth Uhealth (2023).

Stautland, A. et al. Reduced heart rate variability during mania in a
repeated naturalistic observational study. Front. Psychiat. 14 (2023).
Wazen, G. L. L., Gregorio, M. L., Kemp, A. H. & de Godoy, M. F. Heart
rate variability in patients with bipolar disorder: from mania to
euthymia. J. Psychiatr. Res. 99, 33-38 (2018).

Hage, B. et al. Diminution of heart rate variability in bipolar depression.
Front. Public health 5, 312 (2017).

Faurholt-Jepsen, M., Brage, S., Kessing, L. V. & Munkholm, K. State-
related differences in heart rate variability in bipolar disorder. J.
Psychiatr. Res. 84, 169-173 (2017).

Singer, J. D. & Willett, J. B.Applied longitudinal data analysis: Modeling
change and event occurrence (Oxford university press, 2003).
Parsons, S. & McCormick, E. M. Two timepoints poorly capture
trajectories of change: A warning for longitudinal neuroscience.
Available at SSRN 4415029 (2023).

Quintana, D. S. & Williams, D. R. Bayesian alternatives for common
null-hypothesis significance tests in psychiatry: a non-technical guide
using jasp. BMC Psychiatry 18, 1-8 (2018).

Colling, L. J. &Sziics, D. Statistical inference and the replication crisis.
Rev. Philos. Psychol. 12, 121-147 (2021).

Wagenmakers, E.-J. et al. Bayesian inference for psychology. part i:
Theoretical advantages and practical ramifications. Psychonomic
Bull. Rev. 25, 35-57 (2018).

Rognli, E. W., Zahl-Olsen, R., Rekdal, S. S., Hoffart, A. & Bertelsen, T.
B. Editorial perspective: Bayesian statistical methods are useful for
researchers in child and adolescent mental health (2023).

Young, R. C., Biggs, J. T., Ziegler, V. E. & Meyer, D. A. Arating scale for
mania: reliability, validity and sensitivity. Br. J. psychiatry 133,
429-435 (1978).

Hamilton, M. A rating scale for depression. J. Neurol. Neurosurg.
psychiatry 23, 56 (1960).

Tohen, M. et al. The international society for bipolar disorders (isbd)
task force report on the nomenclature of course and outcome in
bipolar disorders. Bipolar Disord. 11, 453-473 (2009).

Empatica. E4 wristband technical specifications - empatica support
https://support.empatica.com/hc/en-us/articles/202581999-E4-
wristband-technical-specifications (2020).

Li, K., Cardoso, C., Moctezuma-Ramirez, A., Elgalad, A. & Perin, E.
Heart rate variability measurement through a smart wearable device:
Another breakthrough for personal health monitoring? Int. J. Environ.
Res. Public Health 20, 7146 (2023).

Vieluf, S. et al. Twenty-four-hour patterns in electrodermal activity
recordings of patients with and without epileptic seizures. Epilepsia
62, 960-972 (2021).

Nasseri, M. et al. Signal quality and patient experience with wearable
devices for epilepsy management. Epilepsia 61, S25-S35 (2020).

npj Mental Health Research| (2024)3:44



https://doi.org/10.1038/s44184-024-00090-x

Article

37. VanHees, V. T. et al. A novel, open access method to assess sleep
duration using a wrist-worn accelerometer. PloS one 10, 0142533 (2015).

38. Patterson, M. R. et al. 40 years of actigraphy in sleep medicine and
current state of the art algorithms. NPJ Dig. Med. 6, 51 (2023).

39. Foll, S. et al. Flirt: A feature generation toolkit for wearable data.
Comput. Methods Prog. Biomed. 212, 106461 (2021).

40. Cao, R. et al. Accuracy assessment of oura ring nocturnal heart rate
and heart rate variability in comparison with electrocardiography in
time and frequency domains: comprehensive analysis. J. Med.
Internet Res. 24, e27487 (2022).

41. de Vries, H., Kamphuis, W., van der Schans, C., Sanderman, R. &
Oldenhuis, H. Trends in daily heart rate variability fluctuations are
associated with longitudinal changes in stress and somatisation in
police officers. In Healthcare, 10, 144 (MDPI, 2022).

42. Boudreau, P., Yeh, W.-H., Dumont, G. A. & Boivin, D. B. Circadian
variation of heart rate variability across sleep stages. Sleep 36,
1919-1928 (2013).

43. Ortiz, A. et al. Reduced heart rate variability is associated with higher
iliness burden in bipolar disorder. J. Psychosom. Res. 145, 110478 (2021).

44. O’Regan, C., Kenny, R., Cronin, H., Finucane, C. & Kearney, P.
Antidepressants strongly influence the relationship between
depression and heart rate variability: findings from the irish
longitudinal study on ageing (tilda). Psychol. Med. 45, 623-636 (2015).

45. Sammito, S. & Béckelmann, I. New reference values of heart rate
variability during ordinary daily activity. Heart Rhythm 14, 304-307 (2017).

46. Hoffman, M. D. et al. The no-u-turn sampler: adaptively setting path
lengths in hamiltonian monte carlo. J. Mach. Learn. Res. 15,
1593-1623 (2014).

47. Phan,D., Pradhan, N. & Jankowiak, M. Composable effects for flexible
and accelerated probabilistic programming in numpyro. arXiv preprint
arXiv:1912.11554 (2019).

48. Abril-Pla, O. et al. Pymc: a modern, and comprehensive probabilistic
programming framework in python. PeerJ Computer Sci. 9, 1516 (2023).

49. Watanabe, S. A widely applicable bayesian information criterion. J.
Mach. Learn. Res. 14, 867-897 (2013).

50. Gelman, A., Carlin, J. B., Stern, H. S. & Rubin, D. B.Bayesian data
analysis (Chapman and Hall/CRC, 1995).

51. Makowski, D., Ben-Shachar, M. S., Chen, S. A. & Liidecke, D. Indices
of effect existence and significance in the bayesian framework. Front.
Psychol. 10, 2767 (2019).

52. Kruschke, J. K. Bayesian data analysis. Wiley Interdiscip. Rev.: Cogn.
Sci. 1, 658-676 (2010).

53. De Prisco, M. & Vieta, E. The never-ending problem: Sample size
matters. Eur. Neuropsychopharmacol.: J. Eur. Coll.
Neuropsychopharmacol. 79, 17-18 (2023).

54. Bassett, D. Aliterature review of heart rate variability in depressive and
bipolar disorders. Aust. N.Z. J. Psychiatry 50, 511-519 (2016).

55. Bassett, D. et al. Reduced heart rate variability in remitted bipolar
disorder and recurrent depression. Aust. N.Z. J. Psychiatry 50,
793-804 (2016).

56. Kumar, R., Carroll, C., Hartikainen, A. & Martin, O. A. Arviz a unified
library for exploratory analysis of bayesian models in python (2019).

Acknowledgements

We acknowledge the contribution of all the participants to the study.This
project was funded by the Instituto de Salud Carlos Il (ISCIII) (PI21/00340,
TIMEBASE Study), cofunded by the European Union, as well as a Baszucki
Brain Research Fund grant (P1046998) from the Milken Foundation. The
ISCIII or the Milken Foundation had no further role in study design; in the
collection, analysis, and interpretation of data; in the writing of the report; and
in the decision to submit the paper for publication.F.C. and B.M.L. are
supported by the United Kingdom Research and Innovation (grant EP/
S02431X/1), UKRI Centre for Doctoral Training in Biomedical Al at the
University of Edinburgh, School of Informatics. For the purpose of open
access, the author has applied a creative commons attribution (CC BY)

licence to any author accepted manuscript version arising.G.A. is supported
by a Rio Hortega 2021 grant (CM21/00017) and M-AES mobility fellowship
(MV22/00058), from the Spanish Ministry of Health financed by the Instituto
de Salud Carlos Il (ISCIIl) and co-financed by the Fondo Social Europeo Plus
(FSE+).C.V.P. is supported by a contract funded by MCIN/AEI/TED2021-
131999BI00 Strategic Projects Oriented to the Ecological Transition and the
Digital Transition 2021 and by the “European Union NextGenerationEU/
PRTR”.1.G. thanks the support of the Spanish Ministry of Science and
Innovation (MCIN) (PI123/00822) integrated into the Plan Nacional de 14+-D+l
and cofinanced by the ISCIII-Subdireccion General de Evaluacion y con-
financiado por la Unién Europea (FEDER, FSE, Next Generation EU/Plan de
Recuperacion Transformacion y Resiliencia PRTR); the Instituto de Salud
Carlos lll; the CIBER of Mental Health (CIBERSAM); and the Secretaria
d’Universitats i Recerca del Departament d’Economia i Coneixement (2021
SGR 01358), CERCA Programme / Generalitat de Catalunya as well as the
Fundacié Clinic per la Recerca Biomédica (Pons Bartran 2022-FRCB PB1
2022). A.V. is supported by the "UNREAL" project (EP/Y023838/1) selected
by the ERC and funded by UKRI EPSRC.

Author contributions

F.C. conceived of the study, proposed the methodology, developed the
software codebase for the analyses, and prepared the manuscript. B.M.L.
contributed to the manuscript writing. G.A. contributed to manuscript writing
and data collection. C.V.P., .P., M.V, .G.F., A.B., and M.G. collected the
data for the TIMEBASE/INTREPIBD study. E.V., S.L., and H.W. critically
reviewed the manuscript and provided feedback on the clinical side. D.H.M.
is the principal investigator and the co-ordinator of the TIMEBASE/INTRE-
PIBD study and critically reviewed the manuscript. A.V. contributed to the
study design, methodology development, and manuscript writing.

Competing interests

G.A. has received CME-related honoraria, or consulting fees from Angelini,
Casen Recordati, Janssen-Cilag, Lundbeck, Lundbeck/Otsuka, Rovi, and
Viatris, with no financial or other relationship relevant to the subject of this
article. I.G. has received grants and served as consultant, advisor or CME
speaker for the following identities: ADAMED, Angelini, Casen Recordati,
Esteve, Ferrer, Gedeon Richter, Janssen Cilag, Lundbeck, Lundbeck-
Otsuka, Luye, SEI Healthcare, Viatris outside the submitted work. She also
receives royalties from Oxford University Press, Elsevier, Editorial Médica
Panamericana. M.V. has received research grants from Eli Lilly & Company
and has served as a speaker for Abbott, Bristol-Myers Squibb, Glax-
oSmithKline, Janssen-Cilag, and Lundbeck. E.V. has received grants and
served as consultant, advisor or CME speaker for the following entities: AB-
Biotics, AbbVie, Adamed, Angelini, Biogen, Beckley-Psytech, Biohaven,
Boehringer-Ingelheim, Celon Pharma, Compass, Dainippon Sumitomo
Pharma, Ethypharm, Ferrer, Gedeon Richter, GH Research, Glaxo-Smith
Kline, HMNGC, Idorsia, Johnson & Johnson, Lundbeck, Luye Pharma, Med-
incell, Merck, Newron, Novartis, Orion Corporation, Organon, Otsuka,
Roche, Rovi, Sage, Sanofi-Aventis, Sunovion, Takeda, Teva, and Viatris,
outside the submitted work. All authors report no financial or other rela-
tionship relevant to the subject of this article.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s44184-024-00090-x.

Correspondence and requests for materials should be addressed to
Filippo Corponi.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

npj Mental Health Research| (2024)3:44

10



https://doi.org/10.1038/s44184-024-00090-x

Article

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

npj Mental Health Research| (2024)3:44

1



Supplementary information

Supplementary Note 1 Sensitivity analyses

In sensitivity analyses, first (i), we assessed to what extent the results from the one-disease-model
were influenced by the choice of prior for 3; ;. Second (ii), we examined with what frequency the
HDI-95 would completely exclude the ROPE if multiple synthetic datasets were generated according
to the one-disease-model, sampling 81 ; from N (0.247,0.1) — in other words positing for the data
generating process a distribution on /3, ; whose HDI-95 does exclude the ROPE [-0.05, 0.05] — and
the one-disease-model described in was fit to each such dataset. This experiment indicates how likely
our pipeline is to recover a distribution whose HDI-95 does not overlap with the ROPE, assuming
the true data generating process is indeed governed by such a distribution, under the constraints of a
limited sample size (N=23) with up to four follow-up measurements per patient. We also investigated
how increasing either the number of follow-up observations per patients or the sample size would
affect the chances of recovering a posterior whose HDI-95 excludes the ROPE.

i We experimented with two alternative choices of priors for 3; ; in the one-disease-model: (a) a
beta distribution with parameters a and b of 5 and 2, scaled by 1.5 and shifted by -0.85, and (b) a
normal distribution with parameters p and o of 0 and 0.1. The probability density function (PDF)
of the two distributions is displayed in Supplementary Figure 1. (a) is a distribution favouring
positive values for 3; ;, the area under the curve (AUC) to the right of 0 is indeed 81.50%. On the
other hand, (c) has its mode at zero and does not favour positive over negative values or vice versa,
the AUC between -0.1 and 0.1 is 68.26%. (a) and (b) have a positive probability of direction of
96.677% and 95.152% respectively, but neither led to an HDI-95 excluding the ROPE ([-0.0120,
0.4658] and [-0.0952, 0.2500] respectively). The WAIC was -92.623 and -91.992 respectively.

Synthetic data for age was generated from a Gaussian whose mean and standard deviation were set
to the sample mean and standard deviation. Sex was sampled from a Bernoulli with mean set to
the sample proportion of female participants. Baseline severity was sampled from a uniform, with
support going from the sample minimum baseline severity to 1. Medications’s number was sampled
from a discrete uniform distribution over [2, 3, 4, 5, 6] where the probability for a patient of
remaining on the same number of medications was 97.5%. This value reflects the clinical practice
tendency to use continue the starting treatment regime throughout the episode. 73.91% (26.09%)
of the subjects were sampled three (four) times over their trajectory of symptoms’ improvement,
where the first sampled was collected at 0, i.e. acute episode onset, as per the study design. Other
observations were sampled uniformly at random at a symptoms’ improvement position between
0.2 and 1. 73.91% (26.09%) corresponded to the fraction of patients in our sample with three (four)
observations. All parameters but 3; ; were sampled according to prior specified in . For 8; ; we
assumed a normal prior N ~ (0.25,0.1). As shown in Supplementary Figure 1 (c), the HDI-95
[0.0540, 0.4460] is just to the right of the ROPE [-0.05, 0.05].

Synthetic datasets were sampled as described above. The model specified in , i.e. using a non-
committal uniform prior on [3; ;, was subsequently fit to each synthetic dataset. We computed
the proportion of times out of 100 simulations (i.e. 100 synthetic datasets) the HDI-95 from the
posterior over 3; ; excluded the ROPE. With 23 patients, of whom 73.91% (26.09%) have three
(four) longitudinal observation, the HDI-95 completely lay to the right of the ROPE 62% of the
time. Keeping the sample size N to 23 but generating synthetic datasets where all subjects are
sampled 5 times over the trajectory of their symptoms’ improvement, the fraction of time the
HDI-95 excluded the ROPE rose to 75%. Lastly, keeping the number of longitudinal samples
across subjects unvaried from that observed in our cohort but increasing N to 50, the HDI-95
excluded the ROPE 71% of the times.
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Supplementary Figure 1: Priors for InRMSSD rate of change with respect to symptoms’ improve-
ment Probability density function of the priors on /3; ; used in sensitivity analyses.
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Supplementary Figure 2: Posterior distribution from the one-disease-model over expected
InRMSSD values as a function of symptoms’ improvement. All subjects included in our are
analyses are herewith shown. Red (blue) crosses indicates observed INRMSSD values in patients on a
mania (major depression) episode. The subplot with heading "subject-i=a" is the same as the one
shown in Figure 4c. Within each subplot corresponding to a given subject in the cohort, each black
line (a total of one hundred is herewith displayed to avoid clutter) represents a single draw from the
posterior, while the dashed green line is the average across all black lines sampled from the posterior.
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Supplementary Figure 3: Trends in RMSSD when considering subjects from the TIME-
BASE/INTREPIBD cohort with at least two measurements. Plots on the left hand-side shows
subjects with only two measurements available, while those on the right hand-side subjects with a
minimum of three measurements, i.e. the very same subjects used for the main analyses and depicted
in Supplementary Figure 2. For this latter group of subjects, we just retained the first and the last
measurement available to avoid clutter and aid direct comparison. A positive trend in RMSSD as
symptoms improve can be seen in subjects with just two RMSSD measurements available.
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Supplementary Figure 4: Posterior distribution from the one-disease-model over expected
InRMSSD values as a function of symptoms’ improvement aggregated by episode’s polar-
ity. The plot on the left (right) is obtained aggregating posterior draws from subjects recruited at the
onset of a manic (major depressive) episode. The dashed line corresponds to the average of INRMSSD
expectations, i.e. the average across samples for the mean y of the Gaussian in Equation (2), shown
as a function of symptoms’ improvement; the area shaded in red (blue) indicated the HDI-95 for the
InRMSSD expectation. Note that the one-disease-model is blind to information regarding episode
polarity and was preferred, based on the WAIC, to the two-polarities-model which explicitly encodes
the episode polarity.
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the number of medications, sharpened around a narrower range of values relative to the posterior for
other co-variates and its HDI-95 excluded the 0 value, suggesting a significant effect of medications

number on InRMSSD changes.
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Supplementary tables

Supplementary Table 1: Nighttime sleep (hours) across episode polarities and follow-up assess-
ments. We herewith report the mean (sd) sleep time, in hours, dected with the algorithm by Van Hees
et al. 37 during the 10 pm and 5 window on the first day of the recording.

to t1 to ts
MEAN (STD) MEAN (STD) MEAN (STD) MEAN (STD)
MANIA 5.65(0.69) 5.12(0.34) 5.45(0.76) 5.89 (0.61)
DEPRESSION 5.34 (0.45) 5.59 (0.58) 5.12(0.63) 5.71(0.24)

Supplementary Table 2: Medications by class across manic and depressive episodes for each
longitudinal assessment. Each cell shows the average (standard deviation) number of medications
under a given drug class for patients across manic episode (ME) and major depressive episode (MDE)
during each of the follow-up assessments, ¢ € {tq, t1,t2,t3}. Li: lithium; SSRI: selective serotonin
reuptake inhibitors; SNRI: serotonin and norepinephrine reuptake inhibitors; TCA: tricyclics; MAOL:
monoamine oxidase inhibitors; OAD: other antidepressants; AP1: first generation antipsychotic; AP2
second generation antipsychotic; AED: antiepileptic drug; AMP: amphetamines; AH: antihistamines;
AAD: antiarrthythmic drug; AC: other anticholinergic medications; BDZ: benzodiazepines

L1 SSRI SNRI TCA MAOI OAD AP1 AP2
. ME 0.64 (0.5) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0.21 (0.43) 1(0)
* MDE 1(0) 0.22 (0.44) 0.33(0.5) 0.11(0.33) 0(0) 0.22(0.44) 0.11(0.33) 0.67 (0.5)
‘ ME 0.85(0.36) 0 (0) 0 (0) 0(0) 0 (0) 0 (0) 0.21 (0.43) 1(0)
! MDE 0.88(0.33) 0.44 (0.52) 0.11 (0.33) 0(0) 0(0) 0.11(0.33) 0.11(0.33) 0.78 (0.44)
‘ ME 0.85(0.36) 0(0) 0(0) 0(0) 0 (0) 0 (0) 0.14 (0.36) 0.86(0.36)
2 MDE 0.88(0.33) 0.33(0.11) 0.11(0.33) 0(0) 0(0) 0.44(0.22) 0(0) 0.67 (0.5)
‘ ME 1(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0.25(0.5) 0.5(0.57)
3 MDE 0.5(0.71) 0(0) 0(0) 0(0) 0(0) 0.5(0.71) 0(0) 0.5 (0.71)
AED [-BLOCKER OpPIOD AMP AH AAD AC BDZ
' ME 0.36(0.50) 0(0) 0(0) 0() 0() 0 0.21(0.42) 0.43(0.51)
O MDE 0.44(0.52) 0.11(0.33) 0(0) 0(0) 0(0) 0(0) 0.11(0.33) 0.44(0.52)
' ME 0.36(0.50) 0(0) 0(0) 0() 0(0) 0(0) 0.07(0.27) 0.64(0.50)
! MDE 0.55(0.53) 0.11(0.33) 0(0) 0(0) 0(0) 0/(0) 0 (0) 0.55 (0.52)
' ME 0.21(0.43) 0(0) 0(0) 0() 0() 0(0) 0.07(0.27) 0.43(0.51)
2 MDE 0.55(0.53) 0.11(0.33) 0(0) 0(0) 0(0) 0(0) 0 (0) 0.44 (0.53)
B ME 0(0) 0(0) 0(0) 0() 0() 0(0) 0(0) 0.5 (0.57)
3 MDE 0.5(0.71) 0.5(0.71) 0(0) 0(0) 0(0) 0(0) 0(0) 0 (0)

Supplementary Table 3: Clinical-demographic features of patients on an acute manic or depres-
sive episodes excluded from analysis as not providing a minimum of three samples "Medications
#” refers to the number of drugs recorded in our cohort with a known influence on HRV which
subjects were taking at the moment of study admittance. The figures herewith shown refer to the first
assessment (acute episode onset), when patients were surveyed twice.

AGE FEMALES MEDICATIONS # BASELINE SYMPTOMS’
SEVERITY
MEAN (STD) N (PERCENTAGE) MEAN (STD) MEAN (STD)
MANIA 40.30 (14.87) 17 (73.91%) 3.04 (1.08) YMRS
N=23 19.61 (8.27)
DEPRESSION 52.38 (11.34) 15 (71.42%) 3.43 (1.56) HDRS

N=21 18.85 (5.42)




Chapter 5

Alignhing mood states detection to

psychiatry modus operandi

5.1 Inferring Mood States with Wearables and Al

In parallel to advancing knowledge into how physiological data are affected by [MDk
(Chapter [)), the advent of personal sensing promises to usher in a new clinical paradigm
enabling early detection and early interventions. Researchers have therefore been
investigating whether abnormal mood states can be inferred from physiological data with
the use of [All The majority of studies [124} 29,96, 94, 99,95, 98] cast personal sensing
for[MDk as a problem of time-series classification (Section [2.3.1) outputting a single
scalar, i.e. the total score on a psychometric scale, such as the (Appendix [A), or

the disease state, for example disease exacerbation vs remission.

A minority of studies used anomaly detection (Section[2.3.2)) for detecting acute episodes
[105, 117, 118]], viewed as departures from a patient’s baseline mood, sleep patterns,
and energy levels. Anomaly detection systems can be trained in an unsupervised
fashion. This is an advantage over supervised learning as labelling in psychiatry (e.g.
item scores on a psychometric scale) is resource-intensive, subject to limited inter-rater
agreement [177]], and imprecise regarding specific recording segments. Additionally,
acute episodes can manifest differently across and within patients over time, leading to
diverse data patterns. Anomaly detection might be more adaptable to these variations
and less affected by data imbalance, as acute episodes represent a minority of a patient’s

life. However, anomaly detection requires long observation periods, which are difficult
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to acquire, and still depend on human labelling for results validation.

5.2 A Clinically Meaningful Label

Overall, most studies look like exercises in [All as they do not try to align the |All sys-
tems’ outputs with clinical psychiatry modus operandi. Supervised-learning works
(124, 29,196, 94, 99| 95, 98] predicting a single scalar have only limited clinical action-
ability, as the same label may underlie different symptom combinations, with different
treatment needs. For example, an with marked agitation may benefit from dif-
ferent medications than one with prominent retardation. Secondly, knowledge of what
symptoms support a given single-label diagnosis would help build trust in otherwise

opaque systems.

Similar considerations apply to studies using anomaly detection [105} 117, [118]]. First,
unlike what has been done in previous studies, anomalies should be detected online, i.e.
as new data comes in, the clinical translatability is otherwise very limited. Knowing in
hindsight that an episode might have occurred does put patients or clinicians in a position
where better clinical outcomes can be attained. Secondly, for an anomaly detection
system to be clinically actionable, and thus usable, it should provide explanations of its
output, in a way that is clinically accessible. Anomaly detection in personal sensing
requires long recording sessions, unavailable in TIMEBASE/INTREPIBD, where an
anomaly (i.e. an acute episode) is seen within the context of “normality” (Section|/.1.1)).

I will herewith focus on supervised approaches.

5.3 Time-Series Classification with Machine Learning

In what follows, we propose a clinically meaningful supervised-learning task in personal
sensing in . This is in the context of time-series classification, which we herewith
briefly review with a focus on modern neural architectures. A univariate time-series
X = [x1,x2,...,x7] is an ordered set of real values of length 7 and can thus be represented
with a vector x € RT. A multi-variate time-series X = [X{,Xa,...,Xp| consists of D
univariate time-series of length 7', with d = 1,2,...,D indexing the features in the
time series, and can therefore be represented with a matrix X € R”*P. Multi-variate
time series are common in personal sensing as wearables come equipped with various

sensors, corresponding to the different features (channels or modalities) in the multi-
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variate time series. Note however that, as wearable sensors may have different sampling
frequencies, the x; vectors in the multi-variate time-series may have different lengths

T, while typically mapping to the same wall-time.

A dataset D = {(X;,Y;)}Y_, is a collection of (X;,Y;) pairs, where X; is a multivariate
time-series (in the univariate case X; € R7*!) and Y; € R7*C is its corresponding one-
hot label vector, i.e. at each time stamp ¢, Y; takes value 1 at the index ¢ corresponding to
the correct class and O otherwise. In personal sensing, human labelling is not performed
in a point-wise fashion, i.e. time-step by time-step, on the recording itself. On the
other hand, a given label, e.g. a certain mental state or the score on a psychometric
scale, acquired during an assessment, is posited to hold true for a given time interval, as

suggested by domain knowledge.

The objective of time-series classification is to learn a function f : X; — SA(,- where
Y, is the predicted label. Some loss L(Y;, \A(,-) measures the “compatibility” between
the prediction Y; and the ground truth Y;. A widely-used option is the cross-entropy
loss, which, given a vector of predicted probabilities over the ¢ classes § and the

corresponding one-hot-encoding ground truth vector y, is defined as:

C
Y 10g (yc> :

c=1
The majority of studies [[124] 29, 96, 94, 99] in personal sensing used classical
algorithms for the map f : X; — SA(I-, while two studies [95, 98] experimented with
Regardless of the approach, segments obtained with a sliding window, rather than the
whole time series itself, typically constitute the units of analysis inputted to models.
Specifically, given a window length / and a step size s, the number of segments resulting
from segmentation is equal to LTT_IJ + 1 where | x| denotes the floor function, returning
the greatest integer less than or equal to x. Segmentation is usually done as a form of

data augmentation, i.e. to increase the number of data points for training models.

Capturing long-range dependencies, e.g. for a time-series sampled at 64 Hz stretching
over weeks, is challenging. Segments are effectively treated as independent, identically
distributed data points by most modern systems, including those used in personal
sensing studies. Where appropriate, predictions over segments from the same recording,
or parts thereof, can be aggregated with a majority vote. Classical models rely on

hand-crafted features extracted from segments, i.e. human-engineered features, obtained
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with pre-set functions, are derived from segments. On the other hand, [DLmodels can
operate on real-valued raw segments, whence they can adaptively and automatically

extract features.

5.3.1 Recurrent Neural Networks

Recurrent Neural Networks (RNNf) are powerful architectures, explicitly incorpo-
rating temporal dependencies [178]]. They accomplish this by processing a time-series
X one time step at a time, where X € RT*D T is the number of time steps and D is
the number of features. While processing each time step, the RNN| simultaneously
considers information from previous time steps contained in the hidden state, which is
updated continually as new steps are processed. In a standard the hidden state h

at time step ¢ is computed as follows:

hy = g(Wpp-hy—1 + Wy - X +by)

Here, Wy, is the weight matrix for the connections between the hidden states, W,
is the weight matrix for the connections between input x; (the " time step of X) and
hidden state, by, is the bias, and g is an activation function, typically a non-linearity such
as tanh or sigmoid. In classification tasks, the hidden state from the last time step 7 is
generally used as a summary of the entire time series to determine the output label, for
example inputting it into a Multilayer Perceptron [179].

Some architectural improvements have been suggested to mitigate the vanishing (ex-
ploding) gradient problem, a limitation in standard where gradients become
too small (large) during backpropagation, thus hindering the learning of long-term
dependencies. The Long Short-Term Memory Network [180] is one such
architecture that utilizes special gating mechanisms — including input, output, and
forget gates — that control the flow of information through the network. This allows the
network to maintain information over extended time lags while being less affected by
the gradient instabilities. However, still face challenges in handling very long
sequences. Furthermore, processing information sequentially can lead to computational

inefficiency, limiting parallelization during training.
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5.3.2 Transformers

Transformers, a more recent architecture originally proposed for neural machine trans-
lation as an encoder-decoder sequence-to-sequence model [[142], offer an alternative
approach to modelling sequential data. Unlike RNNk, Transformers do not process
data sequentially, therefore enabling parallelization. They rely on a mechanism called
self-attention, which allows the model to attend to all parts — fokens, as borrowed
from the literature — of the input sequence simultaneously. This also enables
Transformers to capture long-range dependencies more efficiently than [RNNE.

Self-attention assigns a weight to each token, reflecting its importance for understanding
the current token. These weights are used to create a context vector that summarizes
the relevant information from the entire sequence. An analogy with the retrieval of a
value from a database of key-value pairs, where the "similarity" between a query and
the keys determines the retrieval, helps to build intuition and motivates the notation
used in Transformers. With self-attention, rather than retrieving a single value for a
given query, all values are returned but, crucially, each value is scaled by the computed

similarity (using the scaled dot product) between the query and the keys.

Concretely, for a time-series X € R7*P, T being the number of time steps and D
being the number of features per time step, each token, i.e. each time-step ¢, is first
transformed into a query q, key Kk, and value v vectors using trainable weight matrices,

in parallel, thus producing the following query, key, and value matrices:

Q=XW2 K=XWK v=xw"

Where WQ, wk , and WV are the parameter matrices for queries, keys, and values,
respectively. Self-attention is computed by taking a dot product of the query with all

the keys, followed by a softmax operation to obtain the weights:

. QK’
SelfAttention(Q, K, V) = softmax \%
Vi
Here, dj, refers to the dimensionality of the key vectors, and the division by 1/dj is a
scaling factor that helps in stabilizing gradients during training. The softmax function

ensures that the weights sum to one, providing a probabilistic interpretation of relevance.
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To enhance the ability of the Transformer to handle various aspects of the data simulta-
neously, multi-head self-attention is utilized. This approach involves splitting the query,
key, and value matrices into multiple heads, and performing the self-attention process
independently on each head. The outputs of these multiple attention processes are then

concatenated and linearly transformed into the desired dimension:

MultiHeadSelfAttenion = Concat(head;, head,, ..., head;, ) W°

where each head; = SelfAttention(QWiQ, KWX VW) and WY is the output weight
matrix that combines the contributions from all heads. Multi-head self-attention allows
the Transformer model to simultaneously process information from different representa-
tional spaces, improving the model’s ability to focus on different positions and features

of the input sequence at once.

The output of self-attention is a set of context vectors, each weighted by its relevance to
other tokens. This output is then typically passed through more layers in the network,
including position-wise feedforward neural networks, normalization, and dropout layers,
which jointly constitute a Transformer block [[142]. The output of the final Transformer

block can then be inputted into an for classification tasks.

Transformers in time-series modelling originally used point-wise input tokens, in other
words, they treated each time step of the input segment as a token. Recently, however, it
has been shown [[181] that aggregating time steps into subseries-level patches enhances
the locality and captures comprehensive semantic information that is otherwise not
available at point-level. This approach also reduces space and time complexity by a
factor of the stride S; in other words, the number of tokens is reduced from the number
of time steps T to the number of patches P ~ T /S. With multi-variate time-series,
patches can be obtained from individual channels (channel-independence) [181] or all

of them (channel-mixing) [182].

Transformers have nowadays become the de facto standard architecture in
across different domains, including time series. A recent work [183]] however questioned
the effectiveness of Transformer-based solutions in some time-series tasks (long-term
time-series forecasting), showing this architecture is outperformed by simpler linear

models.
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5.4 The paper: Automated mood disorder symptoms
monitoring from multivariate time-series sensory

data: getting the full picture beyond a single number

Below, we present our work Automated mood disorder symptoms monitoring from
multivariate time-series sensory data: getting the full picture beyond a single
number, published in Translational Psychiatry. As its main contribution, this study
proposes a new task, i.e. inferring all items in the[YMRS|and [HDRS| among the most

widely used psychometric scales for assessing symptoms of depression and mania

respectively, as scored by a clinician. This task aligns with everyday psychiatric
practice where the specialist, when recommending a given intervention, considers the
specific features of a patient, including their symptom patterns, beyond a reductionist
disease label. Secondly, we explore challenges associated with the new task.
These include multi-task learning for multiple target variables, modelling ordinal data,
learning subject-invariant representations to improve generalization, and learning with

imbalanced classes.

Inferring individual symptoms, which can then be used to support a given diagnosis,
works similarly to a concept bottleneck model [184]. Such a model first predicts a set
of human-understandable concepts from the input data and then uses these concepts to
make the final prediction. This structure allows for better interpretability because the
predicted concepts can be scrutinized, making it easier to understand how the model

arrived at its conclusion.
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Mood disorders (MDs) are among the leading causes of disease burden worldwide. Limited specialized care availability remains a
major bottleneck thus hindering pre-emptive interventions. MDs manifest with changes in mood, sleep, and motor activity,

observable in ecological physiological recordings thanks to recent advances in wearable technology. Therefore, near-continuous
and passive collection of physiological data from wearables in daily life, analyzable with machine learning (ML), could mitigate this
problem, bringing MDs monitoring outside the clinician’s office. Previous works predict a single label, either the disease state or a
psychometric scale total score. However, clinical practice suggests that the same label may underlie different symptom profiles,
requiring specific treatments. Here we bridge this gap by proposing a new task: inferring all items in HDRS and YMRS, the two most
widely used standardized scales for assessing MDs symptoms, using physiological data from wearables. To that end, we develop a
deep learning pipeline to score the symptoms of a large cohort of MD patients and show that agreement between predictions and
assessments by an expert clinician is clinically significant (quadratic Cohen’s k and macro-average F1 score both of 0.609). While
doing so, we investigate several solutions to the ML challenges associated with this task, including multi-task learning, class

imbalance, ordinal target variables, and subject-invariant representations. Lastly, we illustrate the importance of testing on out-of-
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’

distribution samples.

Translational Psychiatry (2024)14:161 ; https://doi.org/10.1038/s41398-024-02876-1

INTRODUCTION
Mood disorders (MDs) are a group of diagnoses in the Diagnostic
and Statistical Manual 5th edition [1] (DSM-5) classification system.
They are a leading cause of disability worldwide [2] with an
estimated total economic cost greater than USD 326.2 billion in
the United States alone [3]. They encompass a variety of symptom
combinations affecting mood, motor activity, sleep, and cognition
and manifest in episodes categorized as major depressive
episodes (MDEs), featuring feelings of sadness and loss of interest,
or, at the opposite extreme, (hypo)manic episodes (MEs), with
increased activity and self-esteem, reduced need for sleep,
expansive mood and behavior. As per the DSM-5 nosography,
MDEs straddle two nosographic constructs, i.e.,, Major Depressive
Disorder (MDD) and Bipolar Disorder (BD), whereas MEs are the
earmark of BD only [4].

Clinical trials in psychiatry to this day entirely rely on clinician-
administered standardized questionnaires for assessing symp-
toms’ severity and, accordingly, setting outcome criteria. With

reference to MDs, Hamilton Depression Rating Scale-17 [5] (HDRS)
and Young Mania Rating Scale [6] (YMRS) are among the most
widely used scales to assess depressive and manic symptoms [7],
quantifying behavioral patterns such as disturbances in mood,
sleep, and anomalous motor activity. The low availability of
specialized care for MDs, with rising demand straining current
capacity [8], is a major barrier to this classical approach to
symptom monitoring. This results in long waits for appointments
and reduced scope for pre-emptive interventions. Current
advances in machine learning (ML) [9] and the widespread
adoption of increasingly miniaturized and powerful wearable
devices offer the opportunity for personal sensing, which could
help mitigate the above problems [10]. This can involve a near-
continuous and passive collection of data from sensors, with the
aim of identifying digital biomarkers associated with mental
health symptoms at the individual level, therefore backing up
clinical evaluation with objective and measurable physiological
data. Personal sensing holds great potential for being translated
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Fig. 1 The same severity level can be realized from different symptom combinations, underlying different treatment needs. Top row: a
pair of patients with Major Depressive Disorder on a Major Depressive episode; while both share the same severity levels, total Hamilton
Depression Rating Scale (HDRS) > 23 [33]. Patient (a), with total HDRS = 24, exhibits high levels of anxiety (H9, H10, H11), whereas patient (b),
with total HDRS = 26, displays a marked insomnia component (H4, H5, H6). Bottom row: a pair of patients with Bipolar Disorder on a Manic
Episode with a total Young Mania Rating Scale (YMRS) = 25. Patient (c), with total YMRS = 30, has an irritable/aggressive profile (Y2, Y5, Y9)
whereas patient (d), with total YMRS =30, has a prominently elated/expansive presentation (Y1, Y3, Y7, Y11). Knowing what specific
symptoms underlie a given state may allow clinicians to tailor treatment accordingly: e.g., a molecule with a stronger anxiolytic profile such as
paroxetine or a short course of a benzodiazepine as an antidepressant is introduced may be appropriate in patient (a) whereas patient (b)
might benefit from a compound with marked hypnotic properties such as mirtazapine.

into clinical decision support systems [11] for the detection and
monitoring of MDs. Specifically, it could be particularly appealing
to automate the prediction of the items of the HDRS and YMRS
scales as they correlate with changes in physiological parameters,
conveniently measurable with wearable sensors [12-14].

However, so far, the typical approach has been to reduce MDs
detection to the prediction of a single label, either the disease state
or a psychometric scale total score [15, 16], which risks over-
simplifying a much more complex clinical picture. Figure 1
illustrates this issue: patients with different symptoms and thus
(potentially very) different scores on individual HDRS and YMRS
items are “binned together” in the same category, leading to a loss
of actionable clinical information. Predicting all items in these scales
can instead align with everyday psychiatric practice where the
specialist, when recommending a given intervention, considers the
specific features of a patient, including their symptom patterns,
beyond a reductionist disease label [17, 18]. Figure 1 illustrates a
case in point where knowledge of the full symptom profile might
enable bespoke treatment: on the face of it, patient (a) and (b) (top
row) share the same diagnosis, i.e., MDE in the context of MDD;
however, considering their specific symptom profile patient (a)
might benefit from a molecule with stronger anxiolytic properties
whereas patient (b) might require a compound with hypnotic
properties. Furthermore, an item-wise analysis can lead to the
identification of drug symptom specificity in clinical trials [19, 20].

Table 1 summarizes previous works in personal sensing for MDs
and shows that all previous tasks collapsed the complexity of MDs
to a single number. Coté-Allard et al. [21] explored a binary
classification task, that is distinguishing subjects with BD on an ME
from different subjects with BD recruited outside of a disease
episode, when stable. The study experimented with different
subsets of pre-designed features from wristband data and
proposed a pipeline leveraging features extracted from both
short and long segments taken within 20-hour sequences.

SPRINGER NATURE

Pedrelli et al. [22], expanding on Ghandeharioun et al. [23], used
pre-designed features from a wristband and a smartphone to infer
HDRS residualized total score (that is total score at time t minus
baseline total score) with traditional ML models. Tawaza et al. [24]
employed gradient boosting with pre-designed features from
wristband data and pursued case-control detection in MDD and,
secondarily, HDRS total score prediction. Similarly, Jacobson et al.
[25] predicted case-control status in MDD from actigraphy features
with gradient boosting. Nguyen et al. [26] used a sample including
patients with either schizophrenia (SCZ) or MDD wearing an
actigraphic device and explored case-control detection where SCZ
and MDD were either considered jointly (binary classification) or
as separate classes (multi-class classification). Of notice, this was
the first work to apply artificial neural networks (ANNs) directly on
minimally processed data, showing that they outperformed
traditional ML models. Lastly, the multi-center study of Lee et al.
[27] investigated mood episode prediction with a random forest
and pre-designed features from wearable and smartphone data.
Further to proposing a new task, our work stands out for a sample
size larger than all previous works by over 2 dozen patients, with
the exception of a multi-center study by Lee et al. [27], where,
however, clinical evaluation was carried out retrospectively,
thereby inflating chances of recall bias [28] and missing out on
the real-time clinical characterization of the acute phase. Indeed,
collecting data from patients on an acute episode, using specialist
assessments and research-grade wearables, is a challenging and
expensive enterprise. Relatively to previous endeavors, the
contribution of this work is two-fold: (1) Taking one step beyond
the prediction of a single label, which misses actionable clinical
information, we propose a new task in the context of MDs
monitoring with physiological data from wearables: inferring all
items in HDRS (17 items) and YMRS (11 items), as scored by a
clinician, which enables a fine-grained appreciation of patients’
psychopathology therefore creating opportunity for tailored

Translational Psychiatry (2024)14:161
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Table 1. This work is the first in personal sensing for MDs attempting to infer the full symptom profile, providing actionable clinical information
beyond a single reductionist label, and it also stands out for the relatively large sample size (the largest among studies where MD acute phase clinical

evaluation was not retrospective).

Device(s) Num. Patients
This work Empatica E4 75
Coté-Allard et al. [21] Empatica E4 47
Ghandeharioun et al. [23] Empatica E4 and 12
Android Phone
Pedrelli et al. [22] Empatica E4 31
and Smartphone
Jacobson et al. [25] Actiwatch 23
Tazawa et al. [24] Silmee W20 45
Nguyen et al. [26] Actiwatch 45

Patients Features

MDD, BD; M,ge = 44.16

SD,ge = 14.42 Fy, = 56

BD; Mage = 44 SD,ge = 15 Fo, = 67.24
MDD; M,ge =37 SDage =17 Fo, =75

MDD; M,ge = 33.7 SDage = 14 Fo, = 74

MDD; M,ge = 48.2 SDage = 11.0 Fy, = 43

MDD, BD; M,ge = 52.1
SDage = 13.2Fy, = 46.7

MDD, SCZ; M,qe = 44.70
SDage = 11 Foo = 73.33

Task

HDRS and YMRS
items multi-task
regression

Mania vs Euthymia
binary classification
HDRS total score
regression

HDRS total score
regression
Depression
detection binary
classification
Depression detection
binary
classification

Disease detection
binary/multi-class

Lee et al. [27] Fitbit Charge Hr 2 or 3 270
and

Smartphone

classification

Mood episode prediction
binary

classification

MDD, BD; M,ge = 23.3
SDage = 3.63 Fy, = 54.5

Previous studies recruiting patients with either a DSM or an International Classification of Diseases (ICD) MD diagnosis and using passively collected wearable
data are reported. Fo,: Percent Females; M,4.: mean age; SD,ge: standard deviation age.

treatment (Fig. 1). (2) We investigate some of the methodological
challenges associated with the task at hand and explore possible
ML solutions. ¢1: inferring multiple target variables (28 items from
two psychometric scales), i.e., multi-task learning (MTL, see Section
3.4.1). ¢2: modeling ordinal data, such are HDRS and YMRS items
(see Section 3.4.1). 3: learning subject-invariant representations,
since, especially with noisy data and sample size in the order of
dozens, models tend to exploit subject-idiosyncratic features
rather than learning disease-specific features shared across
subjects, leading to poor generalization [29] (see Section 3.4.2).
c4: learning with imbalanced classes, as patients on an acute
episode usually receive intensive treatment and acute states
therefore tend to be relatively short periods in the overall disease
course [30, 31] thereby tilting items towards lower ranks.

METHODS

Data collection and cohort statistics

The following analyses are based on an original dataset, TIMEBASE/
INTREPIBD, being collected as part of a prospective, exploratory,
observational, single-center, longitudinal study with a fully pragmatic
design embedded into current real-world clinical practice. A detailed
description of the cohort is provided in Anmella et al. [32]. In brief, subjects
with a DSM-5 MD diagnosis (either MDD or BD) were eligible for
enrollment. Those recruited on an acute episode had up to four
assessments: TO acute phase (upon hospital admission or at the home
treatment unit), T1 response onset (50% reduction in total HDRS/YMRS), T2
remission (total HDRS/YMRS <7), and T3 recovery (total HDRS/YMRS
continuously <7 for a period of =8 weeks) [33]. On the other hand, subjects
with a historical diagnosis but clinically stable at the moment of study
inclusion (euthymia, Eu) were interviewed only once. At the start of each
assessment, a clinician collected clinical demographics, including HDRS
and YMRS, and provided an Empatica E4 wristband [34] which participants
were required to wear on their non-dominant wrist until the battery ran
out (~48 h). A total of 75 subjects, amounting to a total of 149 recording
sessions (i.e., over 7000 h), were available at the time of conducting this
study. An overview of the cohort clinical-demographic characteristics is
given in Table 2 and the number of recordings available per observation
time (TO to T3) by diagnosis is given in Supplementary Figure (SF) 1;
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Table 2. Clinical-demographic characteristics of the study population
(N=75).

MEAN (SD) MEDIAN (IQR)
AGE 44.66 (14.42) 45.00 (24.50)
HDRS (TOTAL) 7.27 (6.94) 4.00 (6.00)
YMRS (TOTAL) 7.21 (8.75) 3.00 (10.00)

NUMBER OF SUBJECTS (%)
SEX male: 33 (44) female: 42 (56)

MOOD STATE MDE-MDD: 9 (12) EU-MDD: 3 (4) MDE-
BD: 12 (16) ME: 28 (37) MX: 7 (9) EU-BD:
16 (21)

ASSESSMENT(S) 1: 75 (100) 2: 44 (59) 3: 22 (29) 4: 8 (11)

According to the DSM-5, an MD can be categorized as either a major
depressive episode or a manic episode. As a bridge between these two, the
DSM-5 admits a mixed symptoms specifier (MX) to cases where symptoms
from both polarities are present.

EU-BD euthymia in bipolar disorder, EU-MDD euthymia in major depressive
disorder, HDRS Hamilton Depression Rating Scale, IQR inter-quartile range,
MDE-BD major depressive episode in bipolar disorder, MDE-MDD major
depressive episode in major depressive disorder, ME manic episode, MX
mixed symptoms episode, SD standard deviation, YMRS Young Mania
Rating Scale.

observation times (TO to T3) merely reflect how the data collection
campaign was conducted and were not used (or implicitly assumed) as
labels for any of the analysis herewith presented. Given the naturalistic
study design, medications were prescribed as part of the regular clinical
practice: subjects on at least one antidepressant, lithium, an antic-
onvulsant, or at least one antipsychotic were respectively 37.83%, 70.94%,
34.45%, 12.16% of the cohort. The median (interquartile range) time since
disease onset was 6 (14) years.

The E4 records the following sensor modalities (we report their
acronyms and sampling rates in parentheses): 3D acceleration (ACC,
32 Hz), blood volume pressure (BVP, 64 Hz), electrodermal activity (EDA,
4 Hz), heart rate (HR, 1 Hz), inter-beat interval (IBl, i.e,, the time between
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Patients Clinician
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Fig.2 Analysis workflow. Patients had up to four assessments. At the start of each assessment, a clinician scored the patient on the Hamilton
Depression Rating Scale (H in the figure) and Young Mania Rating Scale (Y) and provided an Empatica E4 device asking the patient to wear it
for ~48 h (i.e,, average E4 battery life). An Artificial Neural Network (ANN) model is fed with recording segments and is tasked with recovering
clinician scores. The quadratic Cohen’s k measures the degree to which the machine scores are in agreement with those of the clinician. The
ANN model is made of Classifier (CF) and Critic (CR). The former comprises three main modules: (1) Encoder (EN), projecting input sensory
channels onto a new space where all channels share the same dimensionality, regardless of the native E4 sampling frequency; (2)
Representation Module (RM), extracting a representation h that is shared across all items; and (3) one Item Predictor IP; for each item. CR is
tasked with telling subjects (S in the figure) apart using h and is pitted in an adversarial game against RM(EN(-)), designed to encourage the

latter to extract subject-invariant representations.

two consecutive heart ventricular contractions) and skin temperature
(TEMP, 1 Hz). IBI was not considered due to extensive sequences of missing
values across all recordings. This is likely due to high sensitivity to motion
and motion artifacts, as observed previously [35].

Data pre-processing

An E4 recording session comes as a collection of 1D arrays of sensory
modalities. We quality-controlled data to remove physiologically implau-
sible values with the rules by Kleckner et al. [36] and the addition of a rule
to remove HR values that exceeded the physiologically plausible range
(25-250 bpm). The median percentage of data per recording session
discarded from further analyses because of the rules above was 8.05 (range
1.95-32.10). Each quality-controlled recording session was then segmen-
ted using a sliding window, whose length (1, in wall-time seconds) is a
hyperparameter, enforcing no overlap between bordering segments (to
prevent models from exploiting overlapping motifs between segments).
These segments (x;) and the corresponding 28 clinician-scored HDRS/YMRS
items (y) from the subjects wearing the E4 formed our dataset,
{(xi,y;)}iz;- Note that all segments coming from a given recording
session share the same labels, i.e.,, the HDRS/YMRS scores of the subject
wearing the E4. HDRS/YMRS items map symptoms spanning mood, sleep,
and psycho-motor activity. Some likely fluctuate over a 48-h session,
especially in an ecological setting where treatments can be administered
(e.g., Y9 disruptive-aggressive behavior may be sensitive to sedative
drugs). To limit this, we isolated segments from the first five hours (close-
to-interview samples) and used them for the main analysis, splitting them
into train, validation, and test sets with a ratio of 70-15-15. Then, to study
the effect of distribution shift, we tested the trained model on samples
from each 30-min interval following the first five hours of each recording
(far-from-interview samples). It should be noted that further to a shift in the
target variables, a shift in the distribution of physiological data collected
with the wearable device is to be expected [37], owing to different
patterns of activity during the day, circadian cycles, and administered
drugs. Details on the number of recording segments in train, validation,
and test splits are given in Supplementary Table (ST) 1

Evaluation metrics
HDRS and YMRS items are ordinal variables. For instance, H11 anxiety
somatic has ranks O0-Absent, 1-Mild, 2-Moderate, 3-Severe, or 4-
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Incapacitating. The item distribution (see SF2) was imbalanced towards
low scores due to patients on an acute episode usually receiving intensive
treatment such that acute states tend to be relatively short-lived periods in
the overall disease course [30, 31]. This can be quantified with the ratio
between the cardinality of the majority rank and that of the minority rank
p: e.g., say there are 100, 90, 50, 30, and 10 recording segments with an
H11 rank of respectively 0, 1, 2, 3, and 4, then p is 100/10 = 10 as 100 is the
cardinality of the H77 rank (0) with the highest number of segments and 10
is the cardinality of the H17 rank (4) with the lowest number of segments.
Metrics accounting for class imbalance should be used when evaluating a
classification system in such a setting to penalize trivial solutions, e.g.,
systems always predicting the majority class in the training set regardless
of the input features. We used Cohen'’s k, in particular its quadratic version
(QCK), since, further to its suitability to imbalanced ordinal data, it is
familiar and easily interpretable to clinicians and psychometrists [38-41]. It
expresses the degree to which the ANN learned to score segments in
agreement with the clinician’s assessments. This is similar to psychiatric
clinical trials where prospective raters are trained to align with assessments
made by an established specialist [42]. Cohen’s k takes values in [—1,1],
where 1 (—1) means perfect (dis)agreement. In a psychiatric context,
0.40-0.59 is considered a good range while 0.60-0.79 is a very good range
[43]. Cohen'’s k compares the observed agreement between raters to the
agreement expected by chance taking into account the class distributions;
the quadratic weightage in QCK penalizes disagreements proportionally to
their squared distance. As individual HDRS/YMRS items have different
distributions (see SF2), we checked whether item level performance was
affected by sample Shannon entropy (). To this end, we computed a
simple Pearson correlation coefficient (R) between item QCK and H.

Model design

The task at hand is supervised, specifically, we sought to learn a function
mapping recording segments to their HDRS and YMRS scores: f : x;—;.
The model we developed to parametrize f comprised two independent
sub-models (Fig. 2): (a) a classifier (CF), which learns to predict the HDRS/
YMRS scores from patients’ physiological data, and (b) a patient critic (CR),
which penalize CF for learning subject-specific features (i.e., memorize the
patient and their scores), rather than features related to the underlying
disorder shared across patients. Both CF and CR are simply compositions of
mathematical functions, that is layers of the neural network. The CF
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module itself consisted of three sequential modules (or, equivalently,
functions): (a.1) a channel encoder (EN) for projecting sensory modalities
onto the same dimensionality regardless of the modality’s native sampling
rate so that they could be conveniently concatenated, (a.2) a representation
module (RM) for extracting features, and lastly, to address (c1) multi-task
learning, (a.3) 28 parallel (one for each item) item predictors (IP), each
learning the probability distribution over item ranks conditional on the
features extracted with RM. The critic module CR, instead, uses the
representation from RM for telling subjects apart. CR competes in an
adversarial game against EN and RM, designed to encourage subject-
invariant representations. Details on the model's architecture, the
mathematical form of CF and CR, and the model's loss are given in
“Supplementary Methods — Model architecture and loss functions”.

Learning from imbalanced data

We adapted to our use case the following three popular imbalance
learning approaches. (i) Focal loss [44]: the categorical cross-entropy (CCE)
loss from the item predictor IP; was multiplied during training by a scaling
factor correcting for rank frequency (such that under-represented ranks
have a similar weight on the loss as over-represented ones) while at the
same item focusing on instances where the model assigns a high
probability to the wrong rank (these are instances the model is very
confident about but its confidence it misplaced as it is outputting the
wrong rank). (ii) Probability thresholding [45]: during inference, probabil-
istic predictions for each rank under the jth item were divided by the
corresponding rank frequency (computed on the training set), plus a small
term to avoid division by zero in case of zero frequency ranks. The new
values were then normalized by the total sum. (iii) Re-sampling and loss re-
weighting: HDRS/YMRS severity bins (defined in [33]) were used to derive a
label which was then used to either random under-sampling (RUS) or
random over-sampling (ROS) segments with, respectively, over-
represented and under-represented labels. The loss of x; was then re-
scaled proportionally to the re-sampling ratio of its class.

Hyperparameter tuning

In order to find the hyperparameters that yield the best QCK in the
validation set, we performed an exhaustive search using Hyperband
Bayesian optimization [46]. ST2 shows the hyperparameters search space
and the configuration of the best model after 300 iterations. We also
computed which hyperparameters were the best predictors of the
validation QCK. This was obtained by training a random forest with the
hyperparameters as inputs and the metric as the target output and
deriving the feature importance values for the random forest. Details on
model training are given in “Supplementary Methods — Model training”.

Baseline model using classical machine learning

Most previous works into personal sensing for MDs (as discussed in the
Introduction) did not use deep learning for automatically learning features
from minimally processed data but deployed classical ML models relying
on hand-crafted features. Thus, we developed a baseline in the same spirit,
in order to better contextualize our deep-learning pipeline performance on
close-to-interview samples. Namely, from the same recording segments
inputted to the ANN we extracted features (e.g., heart rate variability,
entropy of movement) with a commonly used feature extractor for
Empatica E4, named FLIRT [47], and developed random forest classifiers (28
in total, as many as there are HDRS and YMRS items), using random
oversampling to handle class. We opted for random forest since it was a
popular choice in previous relevant works [22, 27]. The hyperparameter
space was explored with a random search of 300 iterations for each
classifier. Details are given in ST3.

Prediction error examination

Towards gaining insights into the best-performing setting among those
explored in the experiments detailed above we computed residuals on
close-to-interview samples and illustrated their distribution across items. For
the sake of better comparability, items with a rank step of two (e.g. Y5
irritability) were re-scaled to have a rank step of one like other items.
Furthermore, towards investigating correlations between residuals, check-
ing for any remarkable pattern in view of the natural correlation structure
of HDRS and YMRS, we estimated a regularized partial correlation network,
in particular a Gaussian graphical lasso (glasso [48]), over item residuals
(“Supplementary Methods — Gaussian Graphical Lasso” for details). Lastly,
towards having a subject-level perspective, we computed the item-
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average macro-averaged F1 score (F1M) for each subject, checked for any
pattern of cross-subjects variability in subject performance, and checked
for association with available clinical-demographic variables (age, sex,
HDRS/YMRS total score) using Pearson’s R and independent samples t-test
with Bonferroni correction.

Channels importance

In order to assess each sensory modality contribution to the HDRS-YMRS
items prediction, we took a simple, model-agnostic approach to assess
each individual channel contribution to the task at hand. That is to say, we
selected the system performing best on the task and re-trained it including
all channels (tri-axial ACC, EDA, BVP, HR, and TEMP) but one. For each left-
out channel, we measured the difference in performance across items
relative to the baseline model (the one trained on all channels).

RESULTS

Best model details - ANN

The loss type is the hyperparameter most predictive of validation
QCK (ST4). The selected model employs the Cohen’s k loss with
quadratic weightage [39] (c2). The best model uses a (small) critic
penalty (A=0.07) added to the main objective, i.e, scoring HDRS/
YMRS (c3). However, the training curve shows that the reduction in
the multi-task loss (each item prediction can be thought of as a task)
across epochs is paralleled by the reduction in the loss (cross-
entropy) paid by CR, tasked with telling subjects apart. Resampling
and loss re-weighting (c4) is the preferred strategy for class
imbalance. We found that a segment length of 16 yields the best
result. The difference in QCK (Aqck) for other choices of T (in seconds)
relative to the best configuration is —0.092 (8 s), —0.100 (32's), —0.191
(64s), —0.246 (1285s), 0.355 (256's), —0.4431 (512s), —0.577 (1024 s).
Note that T was explored among powers of 2 for computational
convenience and that, when segmenting the first 5 hours of each
recording, different 1 values produced different sample numbers and
lengths (the lower the T values, the higher the number of samples,
the shorter the sample). The predictive value of hyperparameter 1
towards validation QCK is fairly low relative to other hyperparameters.

Main results

Our best ANN model achieves an average QCK across HDRS and
YMRS items of 0.609 in close-to-interview samples, a value that can
be semi-qualitatively interpreted as moderate agreement [49],
confidently outperforming our baseline random forest model that
only reached an average QCK of 0.214. Item level QCK correlates
weakly (R = 0.08) with the degree of item class imbalance (p) but
fairly (R = 0.42) with item . Table 3a shows QCK for each item in
HDRS and YMRS. Briefly, QCK is highest for H12 somatic symptoms
gastrointestinal (0.775) and lowest for H10 anxiety psychic (0.492).
H10 has also the highest H (1.370), however, H7 work and
activities, despite having the second highest H (1.213), has a QCK
of 0.629, ranking as the 9™ best-predicted item.

Shift over time

When tested on far-from-interview samples, our system overall has
a drop in performance (Table 3b and SF3). The average QCK is
0.498, 0.303, and 0.182 on segments taken respectively from the
first, second, and third thirty-minute intervals. Thereafter, it
fluctuates through the following thirty-minute intervals with
0.061 as the lowest value 15 h into the recording. The items with
the biggest drop in QCK relative to their baseline value across the
first three 30-min intervals are H9 agitation, H10 anxiety somatic,
Y4 sleep, and Y9 disruptive-aggressive behavior. On the other hand,
items that retain their original QCK value the most in the first three
30-min intervals are H1 depressed mood, Y11 insight, H2 feelings of
guilt, and H17 insight. This pattern matches clinical intuition as
items in the former group may be more volatile and reactive to
environmental factors (including medications), whereas items in
the latter group tend to change more slowly.
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Table 3.

(a) Quadratic Cohen’s k ranges from 0.775 on “somatic symptoms gastrointestinal” and to 0.492 on “anxiety psychic” (mean of 0.609). (b)

Quadratic Cohen’s k deteriorated across both Hamilton Depression Rating Scale (HDRS) and Young Mania Rating Scale (YMRS) on segments taken

further away from when the interview took place.

(a)

Item QCK H1 0.642 H2 0.624 H3 0.694 H4 0.534 H5 0.595 H6 0.512 H7 0.629 H8 0.604 H9 0.508 H10 0.492
H11 H12 H13 H14 H15 H16 H17 Y1 Y2 Y3
0.636 0.775 0.582 0.594 0.691 0.637 0.574 0.602 0.590 0.627
Y4 Y5 Y6 Y7 Y8 Y9 Y10 Y11
0.629 0.591 0.572 0.582 0.588 0.755 0.602 0.566
(b)
Item-average QCK 5:01-6:00 6:01-6:30 6:31-7:00 7:01-7:30 7:31-8:00 8:01-8:30 8:31-9:00
HDRS 0.483 0.301 0.183 0.178 0.180 0.177 0.178
YMRS 0.499 0.307 0.182 0.181 0.181 0.173 0.175

Notes for (a): Item level QCK across HDRS and YMRS items. See Supplementary Table 5 for macro-averaged F1 scores.
Notes for (b): Item average QCK is herewith shown,see Supplementary Fig. 3 for a zoom on individual items across all available 30-min intervals.
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Fig. 3 All physiological modalities contributed to the test performance across items, however, this was particularly pronounced for
Acceleration (ACC) and relatively modest for Blood Volume Pressure (BVP). Effect of dropping individual channels on item performance.
The dotted line is at the level of baseline model performance while each bar indicates the performance upon re-training the best model
including all channels but the one corresponding to the bar color code, as shown in the legend.

Post-hoc diagnostics

In order to gain further insights into the errors that our system made
on close-to-interview holdout samples, we studied the distribution of
residuals, i.e, the signed difference between prediction y and
ground truth y. SF4 illustrates that the model is correct most of the
time, residuals are in general evenly distributed around zero, and
when wrong the model is most often off by just one item rank.
Summing individual items’ predictions, we could get predictions on
HDRS/YMRS total sore (which is indeed simply the sum over the
questionnaire items) which had a Root Mean Squared Error (RMSE)
of 4592 and 5.854, respectively.

Furthermore, we investigated the correlation structure among
item residuals to check whether any meaningful pattern emerged.
SF5 shows the undirected graphical model for the estimated
probability distribution over HDRS and YMRS item residuals. The
graph only has positive edges, that is, only positive partial
correlations between item residuals and co-variates. HDRS and
YMRS nodes tend to have weak interactions across the two scales,
with the exception of nodes that map the same symptom, e.g., Y11
and H17 both query insight. Within each scale, partial correlations
are stronger among nodes underlying a common symptom
domain, e.g.,, HT and H2 constitute “core symptoms of depression”
[50], and speech (Y6) is highly related to mood (Y7) and thought (Y7,
Y8) [51]. Average node predictability for HDRS and YMRS items, a
measure of how well a node can be predicted by nodes it shares an
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edge with, akin to R? is 48.43%. Stability analyses showed that
some edges are estimated reliably (i.e,, they were included in all or
nearly 500 bootstrapped samples), but there also is considerable
variability in the edge parameters across the bootstrapped models.
Subjects’ item average F1 macro-averaged F1 score (F1") score had
a mean value of 0.605 (std = 0.015) with no subjects standing out
for a remarkable high (or low) performance. No associations with
age, sex, HDRS/YMRS total score emerged (SF6).

Channels contribution

We were interested in whether physiological modalities contributed
differently towards performance across items. This question, further to
clinical interest, has also practical implications since other devices may
not implement the same sensors as Empatica E4. Figure 3 shows that
while all modalities seem to positively contribute to test performance
across items, this is markedly the case with ACC as the model records
the biggest drop in performance upon removal of this channel from
input features. Specifically, upon zeroing out the contribution of ACC,
the biggest deterioration in performance was observed for items
mapping anxiety (e.g, HI11 anxiety somatic Aqcx= —0.321),
YMRS4 sleep, and YMRS9 disruptive- aggressive behavior (with a Aqck
of —0.371 and —0.281 respectively), and core depression items (e.g.,
H1 depressed mood Aqck=—0276). On the other hand, the
contribution of BVP was relatively modest since, upon dropping this
channel, items generally had only a marginal reduction in QCK.
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DISCUSSION

In this work, we proposed a new treatment of MDs monitoring
with personal sensing: inferring all 28 items from HDRS and YMRS,
the most widely used clinician-administered scales for depression
and mania respectively. Casting this problem as a single-label
prediction, e.g., disease status or the total score on a psychometric
scale, as done previously in the literature, dismisses the clinical
complexity of MDs, thereby losing actionable clinical information,
which is conversely preserved in the task we introduced here.
Furthermore, the predicted total score on a psychometric scale
can always be recovered if item-level predictions are available by
simply summing them out, whereas the other direction, i.e., going
from total score to individual item predictions, is not possible.

We developed and tested our framework with samples taken over
five hours since the start of the clinical interview (close-to-interview
samples), achieving moderate agreement [52] with expert clinician
(average QCK of 0.609) on a holdout set and showing that our deep-
learning pipeline vastly exceeded the performance (average QCK of
0.214) of traditional ML baseline relying on hand-crafted features.
Item level performance showed a fair correlation with item H,
indicating that items with a higher “uncertainty” in their sample
distribution tend to be harder to predict. The difference in H is
partly inherent to the scale design, as different items admit a
different number of ranks. HDRS/YMRS total scores, with the range
of [0-52] and [0-60], were predicted with an RMSE of 4.592 and
5.854, respectively (note that item level error compounds across
items when summing them out). A five and three-point interval are
the smallest bin widths for YMRS and HDRS respectively [53, 54], e.g.,
a YMRS total score in the range of [20-25] is considered a mild
mania and an HDRS total score in [19-22] is considered as severe
depression. This shows that on average our model would be off by
two score bands at most, in case of a true score falling on the edge
of a tight severity bin (i.e,, the ones reported above). We recommend
caution in interpreting these results however as metrics suited for
continuous target variables, unlike QCK and F1", are not robust in
settings where the distribution is skewed (towards lower values in
our case). Furthermore, while these results are comparable to
previous ones (e.g., Ghandeharioun et al. [23] reported a RMSE of 4.5
on the HDRS total score), differences in the sample limit any direct
comparison.

When used on samples collected from thirty-minute sequences
following the first five hours of the recordings (far-from-interview
samples), our model had a significantly lower performance with
average QCK declining down to 0.182 in the third half-hour and
then oscillating but never recovering to the original level.
Consistently with clinical intuition, items suffering the sharpest
decline relative to their baseline performance were those mapping
symptoms that naturally have a higher degree of volatility (e.g., H9
agitation) while items corresponding to more stable symptoms
(e.g., H17 insight) had a gentler drop in performance. Besides (some)
symptoms plausibly changing over time, a shift in the physiological
data distribution is very likely in a naturalist setting.

Residuals on holdout close-to-interview samples showed a
symmetric distribution, centered around zero, thus the model
was not systematically predicting either over- or under-predicting.
The network of item residuals illustrated that our model erred
along the correlation structure of the two symptom scales, as
stronger connections were observed among items mapping the
same symptom or a common domain. An ablation study over
input channels showed that ACC was the most important
modality, lending further support to the discriminative role of
actigraphy with respect to different mood states [14]. Coherently,
items whose QCK deteriorated the most upon removing this
channel were those mapping symptom domains clinically
observable through patterns of motor behavior.

In conclusion, we introduced a new task in personal sensing for
MDs monitoring, overcoming limitations of previous endeavors
which reduced MDs to a single number, with a loss of actionable
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clinical information. We indeed advocate for inferring symptoms’
severity as scored by a clinician with the Hamilton Depression
Rating Scale-17 [5] (HDRS) and the YMRS [6]. We developed a deep
learning pipeline inputting physiological data recordings from a
wearable device and outputting HDRS and YMRS scores in
substantial agreement with those issued by a specialist (QCK =
0.609). This outperformed a competitive classical machine
learning algorithm. We illustrated the main machine learning
challenges associated with this new task and pointed to general-
ization across time as our key area of future research.

Limitations

We would like to highlight several limitations in our study. (a) All
patients were scored on HDRS and YMRS by the same clinician.
However, having scores from multiple (independent) clinicians on
the same patients would help appreciate model performance in
view of inter-rater agreement. (b) The lack of follow-up HDRS and
YMRS scores within the same session did not allow us to estimate to
what degree a shift in target variables might be at play. Relatedly,
we acknowledge that the choice of five hours for our main analyses
may be disputable and other choices may have been valid too. Five
hours was an informed attempt to trade off a reasonably high
number of samples with a minimal distribution shift over both target
variables and physiological data; studying the effect of different cut-
offs was not within the scope of this work. (c) Given the naturalist
setting, medications were allowed, and their interference could not
be ruled out. (d) As pointed out by Chekroud et al. [52], the
generalizability of Al systems in healthcare remains a significant
challenge. While we tested our method on out-of-distribution
samples explicitly (close-to-interview vs far-from-interview), other
aspects of generalization that are meaningful to personal sensing,
such as inter-individual and intra-individual performance, have not
yet been tested. For instance, we evaluated our methods on data
obtained in a single centre, and it is unclear how well the model
would perform in a cross-clinic setting.

Future work

(i) The decline in performance over future time points stands out
as the main challenge towards real-world implementations and
suggests that the model struggles to adapt to changes in
background (latent) variables, e.g., changes in activity patterns.
Research into domain adaptation should therefore be prioritized.
We also speculate that MD symptoms and relevant physiological
signals have slow- as well as fast-changing components. A
segment length of 16 would seem unsuitable for representing
the former and an attempt should be made at capturing both. (ii)
Generalization of unseen patients is a desirable property in real-
world applications and something we consider exploring in the
future. Another approach to tackle this point is to develop (or fine-
tune) a model for each individual patient, as done in related fields
[55]. (iii) Supervised learning systems notoriously require vast
amounts of labeled data for training; as annotation (i.e., enlisting
mental health specialists to assess individuals and assign them
diagnoses and symptoms’ severity scores) is a major bottleneck in
mental healthcare [56], self-supervised learning [57] should be
considered for applications using the E4 device. (iv) For an ML
system to be trustworthy and actionable in a clinical setting,
further research into model explainability and uncertainty
quantification is warranted [58].

CODE AND DATA AVAILABILITY

The software codebase used is available at https://github.com/april-tools/wear-your-
scales. Python 3.10 programming language was used for the symptoms scoring
system, where deep learning models were implemented in PyTorch [59],
hyperparameter tuning and visualization model performance were performed in
Weights and Biases [60], and random forest classifiers were developed in scikit-learn
[61]. Graphical modeling of the residuals and related analyses were performed in R
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4.2.2 using packages ggraph [62] for network estimation and visualization, and
bootnet [63] for bootstrapping. Data in de-identified form may be made available
from the corresponding author upon reasonable request.
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Supplementary Table 1. Number of recording segments across train,

validation, and test splits by segment length. While the same parts of the

recording were used for train, validation, and test sets, regardless of the

choice of segment length t, different 7 values (in seconds) resulted in

different numbers of segments as shown below. While exploring different

values of T might add a layer of complexity to data splits, yet this was more

principled than simply fixing segment length to an arbitrary number as done

in previous works.

Segment length T (sec) Train (N) Validation (N) Test (N)
8 232894 49905 49905
32 58224 12476 12476
64 29112 6238 6238
128 14608 3130 3130
256 7252 1554 1554
512 3528 735 735
1024 1728 432 432

10
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Supplementary Table 2. Artificial Neural Network hyperparameter

search space and final configuration after Hyper-band Bayesian

optimization.
Hyperparameter Search Space Final Value
Batch size Uniform, min: 8, max 128, interval: 8 96
Critic A Uniform, min: 0, max 1 0.0723
Segment length T Uniform, 2,3 <n<10 16
Focal loss y 0,1,2,3,4,5 5
Imbalance mode N/A, Focal loss, prob. threshold, resample and reweight Focal loss
Learning rate a; Uniform, min: 0.0001, max: 0.01 0.0009
Preprocessing N/A, Normalization, Standardization Standardization
Loss function Cross-entropy, Weighted k, ONTRAM Weighted
Weight decay Uniform, min: 0, max: 1 0.1853
Channel encoders EN
Embedding type MLP, GRU, Time2Vec MLP
Embedding Dim. Uniform, min: 32, max: 64, interval: 8 312
Representation Module RM
Num. Units Uniform, min: 8, max: 2048, interval: 8 1568
0.4870

Dropout

Uniform, min: 0, max: 1
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Supplementary Table 3. Random Forest Classifiers search space. 28
random forest classifiers were developed, one for each HDRS and YMRS
item. Hyperparameters for each classifier were selected based on best

validation set performance out of 300 randomly sampled configurations.

Hyperparameter Search Space
Segment length T Uniform, 2",3<n <10
Criterion Uniform: Gini, entropy log loss
Max features Uniform, min: 8, max 184, interval: 8
Max depth Uniform: 3, 9, 15, 30, None
Num. estimators Uniform, 10",2<n<5
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Supplementary Table 4. Hyperparameters sorted by their importance
towards predicting the monitored metric, validation Quadratic Cohen's K
(QCK). QCK predictability from hyperparameters is derived by training a
random forest with the hyperparameters as inputs and the metric as the target
output and estimating feature importance values for the random forest. Details at

docs.wandb.ai/parameter-importance.

Hyperparameter importance

loss function 0.205

dropout 0.073

batch size 0.070

weight decay 0.055

preprocessing 0.035

RM num. units 0.033

EN dim. 0.032

critic A4 0.026

learning rate air 0.025

imbalance mode 0.022

focal loss y 0.019

segment length 7 0.013
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Supplementary Table 5. F1 score ranges from 0.877 on “disruptive aggressive

behavior” and to 0.379 on “anxiety psychic” with an average of 0.609. Item

level macro-averaged F1 score (FI1M) across HDRS and YMRS items.

Item HI H2 H3 H4 H5 Hé H7 HS8 H9 H10
FIM 0.512 | 0.531 | 0.445 | 0.643 | 0.702 | 0.645 | 0.610 | 0.398 | 0.562 | 0.380
Hl11 HI12 H13 H14 H15 H16 H17 Y1 Y2 Y3
0.560| 0.860| 0.723| 0.641| 0.753| 0.736| 0.681| 0.629| 0.599| 0.481

Y4 Y5 Yo Y7 Y8 Y9 Y10 Y11

0.647| 0.710| 0.581| 0.501| 0.562| 0.877| 0.653| 0.430
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Supplementary Figure 1. Number of recording sessions available at
different time points (T0-T3) by diagnosis. A total of 149 recordings were
available from the data collection campaign at the moment of conducting
this study. Mood disorders manifest in two polarities, mania, and
depression. Major Depressive Disorder (MDD) is characterized by Major
Depressive Episodes (MDEs) only, whereas Bipolar Disorder (BD) features
(hypo)manic episodes (ME) that can alternate with MDEs. The presence of
symptoms from both polarities within the same episode connotes a mixed
episode (MX). Patients with a former mood disorder diagnosis, clinically
stable at present are said to be Euthymic (Eu). With the exception of
Healthy Controls (HCs) and Euthymic Patients, other subjects are recruited
at the onset of a disease episode. They are assessed at subsequent stages
(maximum four) during their clinical course. Exclusion criteria are co-
morbidity with another psychiatric or neurological disorder or current drug

abuse and pregnancy.
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Supplementary Figure 2. Distribution over Hamilton Depression Rating
Scale (blue) and Young Mania Rating Scale (red) items across the
recording sessions used in this study. The number above each bar plot, p,
1s the cardinality of the majority class over that of the minority rank. Higher
values of p thus indicate a more pronounced imbalance between the

majority and the minority rank.
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Supplementary Figure 3. Quadratic Cohen’s k (QCK) deteriorated
across all items when the model was tested on segments taken further
away from when the interview took place. The first point (0 on the x-
axis) is the baseline performance, i.e. holdout segments from the first five
hours of recordings (close-to-interview). The following points refer to the

successive thirty-minute intervals (close-to-interview).
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Supplementary Figure 4. Item residuals overall show a symmetric
distribution centered around zero, showing that the model is correct most
of the time, it is not systematically either under- or over-predicting, and
when wrong, it is usually off by only one. Residuals, signed difference
between prediction (¥;) and ground truth (y), are shown across Hamilton

Depression Rating Scale (Top) and Young Mania Rating Scale (Bottom)
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Supplementary Figure 5. Partial correlations between item residuals
indicate that the model learned the scales’ natural correlation
structure. Network displaying the relationship between HDRS (blue) and
YMRS (red) item residuals. Green edges represent positive partial
correlations between variables. Rings around nodes represent variance in a
given variable with shadowed parts displaying the proportion of variance in

that node that is explained by nodes that connect with it.
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Supplementary Figure 6. Performance was consistent across subjects, with
no associations with age, sex, or total score on psychometric scales. Each
point on the scatter plot corresponds to a subject score as expressed with mean
item macro-average F1 score (F1M). Subjects are sorted in descending order
by F1Mand assigned a dummy ID for the sake of this plot. We could not reject
the null hypothesis that the distributions of item-average F1Mscores and, on
the other hand, age/HDRS/YMRS underlying the samples are uncorrelated
(Pearson R=0.016, p-valg=3.762, Pearson R=0.117, p-valg=3.964 for HDRS
total score, Pearson R=0.152, p-valg=3.114 for YMRS total score) or the null
hypothesis that difference of item-average F1™ mean across males and

females is zero (t=1.422, p-valg=0.631).

063 Performance across subjects

0.62—

o
o
-
|

Item Average F1"
(=]
o
o
|

0.59—

0.58—

| | | |
10 20 30 a0 50 60 70
Subject ID

o—i



21

Supplementary Methods

1. Model architecture and loss functions

Our Artificial Neural Network (ANN) classifier (a), tasked with inferring
Hamilton Depression Rating Scale (HDRS) and Young Mania Rating Scale
(YMRYS) items, consisted of three modules: channel encoders, representation
modules, and item predictors. An auxiliary critic (b) aided the classifier in

learning (challenge ¢3) subject invariant representations.
a) Classifier

The task of inferring HDRS and YMRS items is an instance of MTL
(challenge c1), to which we adopted a hard parameter-sharing approach: all
tasks shared the same model trunk RM(EN(-)), and thus the same base

representation of the input data h; = RM(EN(x;)), which was then

distributed across task-specific layers, IP!. As usually done with hard
parameter-sharing?, the multi-task loss was set equal to the average of task-
specific losses, each weighted by the corresponding item rank step to account

for different item weights on the scale total score:

T

2j 1

Lur(x;; ¢, ¢,9) = — £;(1P;(RM(EN(x;))), ;)

where 7; is the rank step size of the j thitem (e.g., Y5 irritability ranks have a

step size of 2) and &, ¢, and  are respectively EN, RM, and IP parameters.

Details on the specific form of £, the task-loss, are given below.

Channel encoders Since the sampling rate varies across the recorded signals
within a segment, these are typically time-aligned, e.g. to the level of a second

in wall-time usually via max-pooling or averaging®*, before being further
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analysed. However, we took a different approach that did not pre-specify the
function for time alignment and mapped each channel to the same
dimensionality with the use of a channel encoder EN. We experimented with a
simple Multilayer Perceptron (MLP), a Gated Recurrent Unit (GRU®) or,
alternatively, the Time2Vec representation proposed in®. Before passing
segments through EN, each channel was re-scaled. The optimal embedding
dimensionality and re-scaling type (either standardization or normalization)

were set during tuning.

Representation module We used a BILSTM? as architecture for our RM, as
it belongs to Recurrent Neural Networks (RNNs), a class of deep learning
architectures specifically engineered to exploit dependencies in time series
data, and, thanks to its bidirectionality in consuming an input sequence, it

enjoys a richer time representation than a vanilla RNN.

Item predictors (challenge c2) The extracted representation h = RM(EN(-))
was then used as input to 28 IP, each dedicated to a specific HDRS/YMRS
item. We experimented with three different treatments of the target variables,
each translating to a different set-up of the task-specific layer and the task-
specific loss. 1) Each item score prediction was simply treated as a multi-class
classification problem. Accordingly, the j* item predictor consisted of a fully
connected layer, with as many output units as the number of ranks under that
item, to which a SoftMax activation was applied, and the categorical cross-
entropy (CCE) was used as loss function. 2) We used the same task-specific
architecture as in 1) but adopted the QWK loss, as proposed in®, which re-
writes Cohen’s k in terms of probability distributions. 3) We implemented the
ordinal neural network transformation model (ONTRAM?) which
parameterizes the CCE loss to incorporate the order of the outcome, by
deriving class probabilities from the conditional density function of a latent

variable onto which observed classes are mapped.
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b) Critic

We encouraged cross-subjects invariance in the representation extracted with
RM (EN ()) by adding a critic CR, whose task was to correctly distinguish
subjects apart from extracted representation, in an adversarial game, similarly
to 19 and . Concretely, CR, a simple MLP, inputs the extracted representation
h and is trained to identify subjects from it. CR's task was therefore to

minimize, with respect to CR's parameters 0, the following CCE loss:
L(RM(EN(x))); 6) = —15log CR, (RM(EN(x)))

where 1 is an indicator taking value 1 when the i*"*segments belong to the
st" subject and 0 otherwise, and CR.(+) is the critic output (i.e. probabilities
from a softmax activation) for the st"* subject. On their part, EN and RM tried
to trump the CR by filtering out from h information that could make CR 's task
easy, while, at the same time retaining enough useful information for the item
predictors IP;. To achieve this, the following term was added to Ly (the
multi-task loss), which was minimized with respect to EN's and RM's

parameters, § and ¢ :

Lr(xi €,0) = A|~15log (1 — CRy (RM(EN(x) )]

where A € [0,1]. The classifier's total loss was then L = Ly + L, where
Ly acted as a regulariser, a price CF paid for encoding subject-specific
information in the representation h learned by RM(EN(-)). Values of 1 trade
off learning cross-subjects invariant representations h against solving the
main objective; for A = 0, no incentive is given towards learning cross-

subjects invariant representation.

2. Model training
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All models were trained with AdamW!'? optimizer for a maximum of 400
epochs. Moreover, to speed up the training and search procedure, we
employed an early stopping learning rate scheduler: we reduce the learning
rate o), = 0.3¢,, if the model has not improved in its validation performance
after 10 consecutive epochs; we terminate the training procedure if the model
has not improved after 2 learning rate reductions. Dropout’® and weight

decay were added to prevent overfitting.

3. Gaussian Graphical Lasso

Network edge sparsity, to avoid false positives, is enforced with the least
absolute shrinkage and selection operator (LASSO'%), which indeed shrinks
all edge weights towards zero and sets small weights to exactly zero. The
strength of the regularization is traded off by a hyperparameter A, selected
with the Extended Bayesian Information Criterion (EBIC'®). The EBIC itself
has a tuning parameter y controlling the trade-off between sensitivity and
precision, which we set to 0.25 as in 6. We also estimated node predictability,
measuring how well a node can be predicted by nodes it shares an edge with,
which can be interpreted similarly to R%!7. Lastly, bootstrapping routines

were used to gain insight into thestability of the estimated parameters.



25

References

1

10

11

12

13

14

15

Crawshaw M. Multi-task learning with deep neural networks: A survey. ArXiv Prepr
ArXiv200909796 2020.

Ruder S. An overview of multi-task learning in deep neural networks. ArXiv Prepr
ArXivi70605098 2017.

Adler DA, Wang F, Mohr DC, Choudhury T. Machine learning for passive mental
health symptom prediction: Generalization across different longitudinal mobile sensing
studies. Plos One 2022; 17: €0266516.

Li BM, Corponi F, Anmella G, Mas A, Sanabra M, Hidalgo-Mazzei D ef al. Inferring
mood disorder symptoms from multivariate time-series sensory data. In: NeurIPS 2022
Workshop on Learning from Time Series for Health.
2022https://openreview.net/forum?id=awjU8fCDZ;S.

Chung J, Gulcehre C, Cho K, Bengio Y. Empirical evaluation of gated recurrent neural
networks on sequence modeling. ArXiv Prepr ArXivi4123555 2014.

Kazemi SM, Goel R, Eghbali S, Ramanan J, Sahota J, Thakur S et al. Time2vec:
Learning a vector representation of time. ArXiv Prepr ArXivi90705321 2019.

Schuster M, Paliwal KK. Bidirectional recurrent neural networks. /EEE Trans Signal
Process 1997; 45: 2673-2681.

de La Torre J, Puig D, Valls A. Weighted kappa loss function for multi-class
classification of ordinal data in deep learning. Pattern Recognit Lett 2018; 105: 144—
154.

Kook L, Herzog L, Hothorn T, Diirr O, Sick B. Deep and interpretable regression
models for ordinal outcomes. Pattern Recognit 2022; 122: 108263.

Ozdenizci O, Wang Y, Koike-Akino T, Erdogmus D. Learning invariant
representations from EEG via adversarial inference. IEEE Access 2020; 8: 27074—
27085.

Cheng JY, Goh H, Dogrusoz K, Tuzel O, Azemi E. Subject-aware contrastive learning
for biosignals. ArXiv Prepr ArXiv200704871 2020.

Loshchilov I, Hutter F. Decoupled Weight Decay Regularization. In: International
Conference on Learning Representations.
2019https://openreview.net/forum?1d=Bkg6RiCqY7.

Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. Dropout: a
simple way to prevent neural networks from overfitting. J Mach Learn Res 2014; 15:
1929-1958.

Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Soc Ser B
Methodol 1996; 58: 267-288.

Foygel R, Drton M. Extended Bayesian information criteria for Gaussian graphical
models. Adv Neural Inf Process Syst 2010; 23.



26

16 Haslbeck J, Waldorp LJ. mgm: Estimating time-varying mixed graphical models in
high-dimensional data. ArXiv Prepr ArXivi51006871 2015.

17 Haslbeck JM, Waldorp LJ. How well do network models predict observations? On the

importance of predictability in network models. Behav Res Methods 2018; 50: 853—
861.



Chapter 6

Self-supervised Learning Mitigates the

Annotation Bottleneck

6.1 The lack of labelled data cripples supervised and

transfer learning

As mentioned in Chapter 2| labelling data in the context of personal sensing for[MDf
(as with other clinical applications) is expensive and time-consuming. Concretely, it
involves enlisting mental health specialists to assess patients with structured, standard-
ized questionnaires (Appendix [A)). Large annotated datasets are therefore extremely
hard to curate (see Table 1 in Section @) On the other hand, modern algorithms
are notoriously data hungry, especially large ANNE, where bigger models have been
shown to outperform smaller ones when data is not a constraint [185]]. This means that
task-specific supervised learning (Section in personal sensing, in other words
randomly initializing the parameters of some and updating them by minimizing a
task-specific loss (e.g. a cross-entropy classification loss), comes up against data size as

a major limitation.

Naturally, researchers in [Al have looked at ways to transfer knowledge across domains.
Transfer learning [186] has been a first attempt in this direction and has been extensively
investigated in The general recipe is first training in a supervised way a model
on some source domain, for which a large amount of labelled data is available, and
then fine-tuning a sub-set of the model parameters using the target-domain data, for

which only limited labelled data is available. As an example of a biomedical application

95
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[187], researchers pre-trained convolutional on ImageNet [[123]] and then fine-
tuned them on medical image tasks. This works because low-level features, typically
learned in the initial layers, capturing basic concepts like edges, lines, or shapes, can be
leveraged and transferred over to other domains in such as medical imaging [188].
While more data efficient than end-to-end supervised learning, transfer learning still
relies on some large source annotated datasets. This is problematic for personal sensing,
as there is only limited data openly available for time series. For context, ImageNet is
~150 GB whereas annotated datasets in the time-series domain are in the order of only
a few GB [189]].

6.2 Self-supervised learning

Self-supervised learning has seen great success in the fields of [CV]and [NLP| by
eliminating the need for human annotations, thereby leveraging the wealth of unlabelled
data available. In this paradigm, the supervisory signal is derived from the data itself,
training a model fy, an parametrized by 0, on some pre-text (also referred to
as surrogate) task [190]. There are two dominant paradigms for self-supervised pre-

training based on the pre-text task design: generative and contrastive [[191].

6.2.1 Generative

The generative approach involves training fg to generate or reconstruct parts of the data.
A notable example in this category is BERT (Bidirectional Encoder Representations
from Transformers) [[192], where random words in a sentence are masked, and the model
must predict these missing words. This forces the model to understand the context of
the surrounding text, capturing deep semantic relationships. In the time-series domain,
models learning to impute parts of the input set to missing with a Boolean mask follow

the same principle. A mean squared error (MSE])) objective can be used to guide training:

S

1

& 2
Mi (Xmasked.,i — Xmasked,i )

1

LvMsg =

where M is the number of masked inputs, Xmasked,; represents the actual values of these
masked inputs, and X asked,; denotes the model’s predictions for these specific inputs.

So, while the model generally inputs the entire vector x and reconstructs a full vector
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X = fp(x), the calculation is exclusively concerned with the reconstructed values

corresponding to the originally masked components.

6.2.2 Contrastive

Contrastive methods, on the other hand, focus on learning representations by bringing
similar samples closer together in the embedding space Z, with z = fy(x),z € R, x €
RP and H << D, while pushing representations of dissimilar samples apart. SimCLR
(Simple Framework for Contrastive Learning of Visual Representations) [193] is a
prime example of this approach. A critical component of contrastive learning is the use
of data augmentation to create multiple views of the same data point. Transformations
such as rotation and cropping create different views of the same image; the model
learns representations invariant to these transformations. In the time-series domain,
determining suitable transformations to create positive pairs is more challenging due
to less intuitive human-level domain knowledge compared to vision tasks. Common
transformations in this domain include time-warping, jittering, and permutation [194].
A popular choice for the contrastive loss is the Normalized Temperature-Scaled Cross-
Entropy (NT-Xent) loss [1935, [196], which for a positive pair of examples (i, j) is

formulated as:

exp (sim (z;,z;) /7)
Yo s exp (sim(z;, ;) /T)

Here, each of the N samples in a mini-batch is augmented to produce a corresponding
pair, creating N positive pairs in a batch of 2NV augmented samples. The NT-Xent loss
is computed for each sample against the augmented version of itself (forming a positive
pair) and compared against the rest of the augmented mini-batch (as negative samples).
The function sim(-,-) denotes a similarity metric (e.g., cosine similarity), and T is a
temperature parameter controlling the sharpness of the softmax. This loss function
effectively encourages the model to pull positive pairs’ embeddings closer together
while repelling negative pairs’. The final loss is computed across all positive pairs, both

(i, j) and (j,7) in a mini-batch.
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6.2.3 Fine-tuning vs Linear Readout

Two strategies are used to adapt self-supervised pre-trained models fg, with 0 indicating
the model parameters learned during pre-training, to downstream tasks: fine-tuning and
linear readout [[190, [191]].

Fine-tuning involves adjusting the entire set of model parameters 8 on a labelled dataset
for a specific target task. So, rather than taking on the target task with a randomly
initialized model fy, like ordinary supervised learning (Section , 0 are first copied
onto 0; fg, 1.e. O 0, is then refined onto the target task for which labelled data is

available:

0" = arg rnein Ltarget (f 0 (Xtarget) ) Ytarget)

The loss function Liaeer is defined with respect to some target task, where Xarget
and Yiareer represent the input features and labels of the target task data, respectively.
An optimizer adjusts 0 iteratively to reduce this loss, culminating in the fine-tuned

parameters 0*.

In contrast, the linear readout approach freezes the pre-trained model parameters 0,
treating fj as a feature extractor, and introduces and trains on top of such featurizer a

linear layer g parametrized by w:

wh= arg mvin Ltarget (g w (f 8 (Xtarget) ) ) Ytarget)

Fine-tuning and linear readout have distinct advantages and limitations [[190, [191]. The
former allows model representations, captured by 0, to adapt specifically to the nuances
of the target task. This can be particularly beneficial when the downstream task differs
significantly from the scenarios anticipated during pre-training, however it might come
at the price of overfitting. So, fine-tuning might be better indicated when a substantial
amount of data for the target task is available. Furthermore, as fine-tuning updates
the entire model, it can be computationally expensive. On the other, linear readout
is computationally more efficient and less prone to overfitting, since it recycles fg
as a frozen featurizer and only trains a linear layer (or another simple model) on top
of it. However, this method’s simplicity may fall short of capturing the task-specific

complexities that fine-tuning could address.
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6.2.4 Foundation Models

Over the past few years, both the size of models and the corpus of unlabelled data for
self-supervised learning have significantly expanded, leading to the development of
foundation models, particularly in the natural language domain, such as BERT [192]
and GPT-3 [[197]. These are models trained on massive datasets which can generalize to
new tasks with little to no task-specific training data, enabling few-shot and zero-shot
learning. The creation of these foundation models has required substantial financial
investments, making it a pursuit beyond the reach of most institutions. Additionally, the
development and deployment of foundation models are associated with a significant

carbon footprint, often disproportionately affecting disadvantaged economies [[198]].

Efforts to develop foundation models in time series are underway [199] 200] but are
generally hampered by the relative data scarcity, as compared to the data size available
for natural language, even when pulling together time series from different domains.
Furthermore, while a token in natural language preserves a semantic across different
domains, this is not the case with time series, which cannot be created from a fine
number of discrete tokens. Motivated by these considerations, model reprogramming
[201], a recent paradigm, tries to bootstrap the remarkable capabilities of foundation
models from [NLP] recycling them as a frozen backbone, while linear input and output

transformations align the time-series and language modality and vice versa [202]].

6.3 The paper: Wearable Data From Subjects Playing
Super Mario, Taking University Exams, or Perform-
ing Physical Exercise Help Detect Acute Mood Disor-
der Episodes via Self-Supervised Learning: Prospec-

tive, Exploratory, Observational Study

Collecting and labelling data for personal sensing in[MDk is extremely laborious. As a
result, studies cannot afford to recruit but a few patients. This can severely limit the train-
ing of modern |Al| systems. Below, we present our original work Wearable Data From
Subjects Playing Super Mario, Taking University Exams, or Performing Physical
Exercise Help Detect Acute Mood Disorder Episodes via Self-Supervised Learning:

Prospective, Exploratory, Observational Study published in JMIR mHealth uHealth


https://mhealth.jmir.org/
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where using [SSI]I make progress towards overcoming the data annotation bottleneck.

I gathered eleven open-access datasets recording physiological data with an Empatica
E4 device and developed a pre-processing pipeline for on-/off-body detection, sleep-
wake detection, segmentation, and optional feature extraction. I have made both the
pre-processing pipeline and the pre-processed data publicly available. This collection,
named E4SelfLearning [203], includes 161 subjects and is the largest open-access
dataset of its kind to date, aiming to stimulate future research into with mul-
tivariate time-series sensory data by addressing barriers in pre-processing and data
availability. E4SelfLLearning can indeed be used for pre-training across a variety of

personal sensing tasks, unrelated to [MDk.

I proposed a novel Transformer-based architecture (E4mer) and demonstrated that
is a viable paradigm, outperforming both the fully-supervised E4mer and classical ma-
chine learning models using handcrafted features in distinguishing [MD]acute episodes
from euthymia in a binary time-series classification task. I investigated the factors
contributing to [SSIJs success, comparing two pretext task designs and conducting

ablation analyses to study sensitivity to unlabelled data availability.
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Abstract

Background: Personal sensing, leveraging data passively and near-continuously collected with wearables from patientsin their
ecological environment, isapromising paradigm to monitor mood disorders (M Ds), amajor determinant of the worldwide disease
burden. However, collecting and annotating wearable data is resource intensive. Studies of this kind can thus typically afford to
recruit only afew dozen patients. This constitutes one of the major obstacles to applying modern supervised machine learning
techniquesto MD detection.

Objective: In this paper, we overcame this data bottleneck and advanced the detection of acute MD episodes from wearables
dataon the back of recent advancesin self-supervised learning (SSL). Thisapproach leverages unlabeled datato learn representations
during pretraining, subsequently exploited for a supervised task.

Methods: We collected open access data sets recording with the Empatica E4 wristband spanning different, unrelated to MD
monitoring, personal sensing tasks—from emotion recognition in Super Mario playersto stress detection in undergraduates—and
devised a preprocessing pipeline performing on-/off-body detection, sleep/wake detection, segmentation, and (optionally) feature
extraction. With 161 E4-recorded subjects, we introduced E4SelfL earning, the largest-to-date open access collection, and its
preprocessing pipeline. We developed a novel E4-tailored transformer (E4mer) architecture, serving as the blueprint for both
SSL and fully supervised learning; we assessed whether and under which conditions self-supervised pretraining led to an

https://mhealth.jmir.org/2024/1/€55094 JMIR Mhealth Uhealth 2024 | vol. 12 | €55094 | p. 1
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improvement over fully supervised baselines (ie, the fully supervised E4Amer and pre—deep learning algorithms) in detecting acute
MD episodes from recording segments taken in 64 (n=32, 50%, acute, n=32, 50%, stable) patients.

Results: SSL significantly outperformed fully supervised pipelines using either our novel E4Amer or extreme gradient boosting
(XGBoost): n=3353 (81.23%) against n=3110 (75.35%; E4mer) and n=2973 (72.02%; X GBoost) correctly classified recording
segments from a total of 4128 segments. SSL performance was strongly associated with the specific surrogate task used for
pretraining, as well as with unlabeled data availability.

Conclusions: We showed that SSL, aparadigm whereamodel is pretrained on unlabeled datawith no need for human annotations
before deployment on the supervised target task of interest, hel ps overcome the annotation bottleneck; the choice of the pretraining
surrogate task and the size of unlabeled data for pretraining are key determinants of SSL success. We introduced E4mer, which
can be used for SSL, and shared the E4SelfLearning collection, along with its preprocessing pipeline, which can foster and
expedite future research into SSL for personal sensing.

(IMIR Mhealth Uhealth 2024;12:€55094) doi: 10.2196/55094
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Introduction

Mood disorders (MDs) are agroup of mental health conditions
inthe Diagnostic and Satistical Manual, Fifth Edition (DSM-5)
classification system [1]. They are chronic, recurrent disorders
featuring disturbances in emotions, energy, and thought,
standing out as a leading cause of worldwide disability [2,3]
and suicidality [4]. Timely recognition of MD episodesiscritical
toward better outcomes [5]. However, this is challenging due
to generaly limited patient insight [6], compounded with the
low availability of specialized carefor MDs, with rising demand
straining current capacity [7,8].

Personal sensing, involving the use of machine learning (ML)
to harness data passively and near-continuously collected with
wearabledevicesfrom patientsin their ecol ogical environment,
has been attracting interest as a promising paradigm to address
thisgap [9]. Indeed, some of the core MD clinical features (eg,
disturbance in mood and energy levels) trandate into changes
in physiological parameters measurable with wearable devices
[10-12]. A major barrier to the devel opment of clinical decision
support systemsfeaturing personal sensing has been the scarcity
of labeled data, that is, datawith annotations by clinicians about
the MD state (eg, diagnosis, disease phase, symptom severity).
Collecting and annotating data for personal sensing in MDsis,
indeed, an expensive and time-consuming enterprise; thus,
studies typically use samples running into only a few dozen
patients [13-20].

In this work, we took a different perspective and leveraged
unlabeled data collected with the Empatica E4 (hereafter E4)
wristband [21], a popular research-grade device for persona
sensing studies [22], as well as recent advancements in
self-supervised learning (SSL) techniques that can learn
meaningful representations from such unlabeled data
Specifically, we took advantage of open access data sets that
record physiological data with the E4 across different settings
but do not address MDs and therefore do not provide
information about the mood state of the subjects involved.
Although each such data set has only a limited nhumber of
subjects, our aggregated and preprocessed data set

https://mhealthjmir.org/2024/1/e55094

E4SelfLearning can break the labeled data bottleneck for
personal sensing in MDs (Figure 1) [23-33].

Fully supervised systems require vast amounts of datato train,
thuslimiting their application in different fields, such as health
care, where amassing large, high-quality data setsisdemanding
in terms of time and human resources [34]. Although previous
studies on personal sensing for MDs have investigated different
tasks, including acute M D episode detection [13-16], regression
of apsychometric scaletotal score[17-19], and, more recently,
multitask inference of al items in 2 commonly used
psychometric scales [35], they all developed their modelsin a
fully supervised fashion (ie, they were trained on samples for
which ground-truth labels were available). As a result,
considering that obtaining clinical annotations from patients,
especially when on an acute MD episode, is a challenging and
expensive enterprise, the sample size is generally modest (eg,
N=52in Coté-Allard et al [15], N=45in Tazawaet a [13], and
N=31in Pedrelli et a [18]).

SSL, in contrast, isaframework wherethe model creates proxy
supervisory signals within the data themselves, therefore
aleviating the annotation bottleneck and alowing us to
repurpose existing unlabeled data sets [36]. Specifically, SSL
derives supervisory signals from the datathemselves, thanksto
pretext tasks, which are new supervised challenges, for example,
imputing occluded parts of the input data. Through such
preparatory pretext tasks, not requiring expert annotation, the
model learns useful representations, partial solutions to the
downstream target task of interest, for which only a
comparatively small amount of annotated data are available
[37]. Onthe back of the great success of SSL in computer vision
(CV) [37] and natural language processing (NLP) [38], and with
encouraging findings in other health care applications [39], we
extended pioneering SSL works on multivariate time series
[40-42] to personal sensing in MDs.

In this work, we made the following contributions:

« We gathered 11 open access data sets recording
physiological data with an E4 wristband and developed a
pipeline for preprocessing such data that performed
on-/off-body detection, seep/wake detection, segmentation,
and (optionaly) feature extraction. We made the

IMIR Mhealth Uhealth 2024 | vol. 12 | 55094 | p. 2
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preprocessing pipeline and the preprocessed data publicly
available. This collection (E4SelfLearning), with 161
subjects, is the biggest open access data set to date. We
believe that this effort can stimulate future research into
SSL with multivariate time-series sensory data by removing
2 barriers, preprocessing and data availability.

We proposed a novel E4-tailored transformer (E4mer)
architecture (Figure 2) [43] and showed that SSL isaviable
paradigm, outperforming both fully supervised E4mer and
classical machinelearning (CML) models using handcrafted
featuresin distinguishing acute MD episodes from clinical

Corponi €t a

stability (euthymia in psychiatric parlance), that is, a
time-series (binary) classification task.

We investigated what makes SSL successful. Specifically,
we compared 2 main pretext task designs (ie, masked
prediction [MP] and transformation prediction [TP]) [44],
and for the best-performing routine, we studied its
sensitivity to the unlabeled data availability in ablation
analyses. We inspected learned embeddings and showed
that they capture meaningful semantics about the underlying
context (ie, sleep/wake status) and symptom severity.

Figurel. A total of (156254 hours (261 days) of unlabeled recordings from 252 subjects while avake were used for self-supervised pretraining. Unlabeled
data comprised a collection of 11 open access data sets, whose aggregation we make publicly available (E4SelfLearning), along with part of the
TIMEBASE/INTREPIBD study that was not relevant for the target task under investigation (ie, acute episode vs euthymia classification). Unlabeled
data were passed through a model consisting of an encoder and a transform head for self-supervised pretraining; the pretrained encoder block was then
retained for the target task, while the transform head was replaced with anew, randomly initialized classification head. (TThetarget task (Iabeled) training
set from the TIMEBASE/INTREPIBD study was also used during self-supervised pretraining. Further details on the data sets used in this study are
available in Table S1 in Multimedia Appendix 1. ADARP: Alcohol and Drug Abuse Research Program; PGG-Dalia: PPG Dataset for Motion
Compensation and Heart Rate Estimation in Daily Life Activities; TIMEBASE/INTREPIBD: Identifying Digital Biomarkers of IlIness Activity in
Bipolar Disorder/Identifying Digital Biomarkers of Iliness Activity and Treatment Response in Bipolar Disorder; UE4W: Unlabeled Empatica E4
Wristband; WEEE: Wearable Human Energy Expenditure Estimation; WESAD: Wearable Stress and Affect Detection; WESD: Wearable Exam Stress
Dataset.
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Figure 2. E4mer isatransformer model tailored to the Empatica E4 input data. E4mer consists of 3 sequential modules: (1) channel embeddings set
inparalle, 1for each EmpaticaE4 raw input channel (ie, accelerationy, accelerationy, acceleration,, BVP, EDA, TEMP), extracting features and mapping
channelsto tensors of dimensionality (B=batch size, N=time steps, F=number of filters) so that they can be conveniently concatenated a ong dimension
F; (2) RM learning contextual representations of the input time steps within the input segment, thanks to the multihead self-attention mechanism; (3)
classification head outputting probabilities for the 2 target classes (ie, acute MD episode and euthymia). SSL models used in our experiments featured
the same E4mer architecture described before, where, however, the classification head was replaced with atransform head projecting onto alabel space
compatible with the pretext task at hand. BVP: blood volume pressure; E4mer: E4-tailored transformer; EDA: electrodermal activity; MD: mood

disorder; MLP: multilayer perceptron; RM: representation module; SSL: self-supervised learning; TEMP: temperature.
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The TIMEBASE/INTREPIBD Cohort

Our target task was to distinguish acute MD episodes from
euthymia using wearable data. We started from a data set for
which we had labeled samples, the TIMEBASE/INTREPIBD
(Identifying Digital Biomarkers of IlIness Activity in Bipolar
Disorder/Identifying Digital Biomarkersof IlIness Activity and
Treatment Responsein Bipolar Disorder) cohort [45]. A detailed
description of the data collection campaign was given by
Anmellaet al [45]. In brief, thiswas a prospective, exploratory,
observational study conducted at the Hospital Clinic, Barcelona,
Spain. Patients with a DSM-5 diagnosis of either mgor
depressive disorder (MDD) or bipolar disorder (BD) were
enrolled either in the acute affective episode group (defined
according to the “Structured Clinical Interview” for DSM-5
disorder criteria) or in the euthymia group (score<7 on the
Hamilton Depression Rating Scale-17 [46] and the Young Mania
Rating Scale [47] for at least 8 weeks [48], as confirmed with
weekly ambulatory assessments). The former group had
post—acute-phase follow-ups, which were, however, excluded
from all analyses presented here. At thetime of conducting this
study, atotal of 64 patients were available for the target task,
half in the acute affective episode group and half in the euthymia
group. Additionally, an extra 91 subjects (including healthy

https://mhealthjmir.org/2024/1/e55094
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cohort for self-supervised pretraining.

Patients were interviewed by a psychiatrist collecting clinical
demographics (Table 1 and Table S2 in Multimedia Appendix
1) and were required to wear on their nondominant wrist an E4
wristband until the battery ran out (~48 hours). The E4 records
3D acceleration (sampling rate 32 Hz), blood volume pressure
(BVP, sampling rate 64 Hz), electrodermal activity (EDA,
sampling rate 4 Hz), heart rate (HR, sampling rate 1 Hz),
interbeat interval (IBI, ie, the time between 2 consecutive heart
ventricular contractions), and skin temperature (TEMP, sampling
rate 1 Hz).

Asshownin Table 1, MD episodes clinically lie on a spectrum,
with depression on one end and mania on the other; mixed
episodes, featuring symptoms from both polarities, areabridge
between the 2 spectrum extremes. In this study, we considered
acute MD episodes of any polarity, and similarly, we considered
euthymia as a unique class, whether in the context of a BD or
an MDD diagnosis. Medication classes administered to the
cohort are shown in Table S2 in Multimedia Appendix 1,
Bonferroni-corrected chi-square tests found no significant
association between treatment status (being on a given drug
class or not) and target class (acute affective episode vs
euthymia).
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(page number not for citation purposes)



JMIR MHEALTH AND UHEALTH

Corponi €t a

Table 1. Clinical-demographic features of the target task (acute affective episode vs euthymia classification) population (N=64).

Features

Acute affective episode group (n=32) Euthymia group (n=32)

Age (years), means (SD)
Females, n (%)
MDE-BD?

Patients, n (%)

HDRS" score, mean (SD)
YMRS? score, mean (SD)

MDE-MDD*®

Patients, n (%)

HDRS score, mean (SD)

YMRS score, mean (SD)
ME'

Patients, n (%)

HDRS score, mean (SD)

YMRS score, mean (SD)
Mx9

Patients, n (%)

HDRS score, mean (SD)

YMRS score, mean (SD)
BD"

Patients, n (%)

HDRS score, mean (SD)

YMRS score, mean (SD)
MDD

Patients, n (%)

HDRS score, mean (SD)

Y MRS score, mean (SD)

50.56 (13.05) 47.22 (16.06)
15 (46.9%) 14 (43.8%)
9(28.1) _b

20.22 (6.34) _

2.56 (3.94) —

7(21.9) —

25.14 (4.79) —

1.86 (2.41) _

14 (43.8) _

5.67 (4.37) _

20.13 (6.29) —

2(6.2) —

16 (4.24) _

13.5 (4.95) —

— 26 (81.3)
— 2.93(1.73)
_ 1.3(1.61)
— 6 (18.7)
— 3.14 (1.95)
— 0.29 (0.76)

3\IDE-BD: major depressive episode in bipolar disorder.

ENot applicable.

°HDRS: Hamilton Depression Rating Scale-17.

dYMRS: Young Mania Rating Scale.

EMDE-MDD: major depressive episode in major depressive disorder.
TME: manic episode.

IMX: mixed episode.

hBD: bipolar disorder.

IHDRS: Hamilton Depression Rating Scale-17.

E4SelfLearning

For self-supervised pretraining, we gathered 11 open access
data sets recording with an E4 [23-33]. Although they all used
the same hardware, software, and firmware, such data setscould
differ substantially for population, recording setting, and task:
from students taking exams [29] or attending classes [31] to
nurses carrying out their duty [30] and subjects performing
different physical activities [28] or playing Super Mario [27].

https://mhealthjmir.org/2024/1/e55094

Subjects that were not part of the target classes from the
TIMEBASE/INTREPIBD study were also included in the
unlabeled datafor SSL.

Data Preprocessing

Our preprocessing encompassed the following sequential stages:
on-/off-body detection, sleep/wake detection, segmentation,
and (when preparing datafor CML models) feature extraction.

JMIR Mhealth Uhealth 2024 | vol. 12 | €55094 | p. 5
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During free-living wear, subjects might remove their device or
contact with the wrist might be suboptimal. Asaresult, off-body
periods can be erroneously mistaken for periods of sleep or
sedentary behavior, due to the shared feature of an absence of
movement. Signal discontinuity in biopotentials, such as EDA,
dueto alack of skin contact can bereliably leveraged to detect
nonwear periods. As shown by Vieluf et a [49] and Nasseri et
al [50], we considered measurements less than 0.05 S as
indicative of off-body status. Furthermore, as we noticed
occurrences of values greater than the EDA sensor range (ie,
100 uS[51]), aswell asinstances of TEMP values outside the
physiological range (30°C-40°C), we set both to off-body.

As physiological data vary wildly across sleep and wake
statuses, we used sleep/wake detection asaform of datacleaning
to reduce the variance in the signal and considered only the
waketimein our analyses, especially asmost publicly available
data sets are recorded in wake conditions. We opted for the
algorithm developed by Van Hees et al (Van Hees) [52], which
was reported as the best-performing algorithm in a recent
benchmark study on deep/wake detection (average
F,-score=79.1) [53]. Like most nonproprietary algorithms, Van
Hees uses triaxial acceleration and, specificaly, relies on a
simple heuristic defining sleep with the absence of achangein
the arm angle >5° for 5 minutes or more. To accommodate this
rule, wherever on-body sampling cycles did not constitute
unbroken sequences of at least a 5-minute duration, al the
measurements in that period were considered as off-body and
discarded from further analysis.

The wake time from each recording was then segmented with
asliding window, whose segment length (w) and step size (Aw)
were set to 512 and 128 seconds, respectively. This approach,
also referred to as window dlicing [54], is a common form of
data augmentation in time-series classification as multiple
segmentsare produced from asingle recording, each one marked
with the same label, and is common in persona sensing for
MDs. Previous relevant works [15,18,55] have defined w (Aw)
based on clinical intuition and convenience concerning the
available data. Another work [35] investigating the regression
of HDRS and the YMRS items found the optimal w through
tuning, a computationally expensive approach in our setting;
however, it showed that w was not among the most important
hyperparameters for the task at hand. Here, we opted for 512
seconds (~8.5 minutes, conveniently a power of 2 for
computational efficiency in binary computers), similar to the
5-minute intervals used by Panagiotou et al [55] for training
neural autoencoder architectures on anomaly detection by
reconstruction error estimation. Our choice was a trade-off
between clinical insight and technical constraints. Clinical
intuition suggests that too small avalue of w may beill suited
to capture enough information toward acute affective episode
versus euthymia discrimination. However, unlabeled data sets
used for self-supervised pretraining recorded relatively short
sessions (eg 1 hour [26]). As both CML and deep learning
models are trained on individual segments and too long a
segment length equates to fewer training data points, a
512-second-long segment allowed us to have enough data for
developing ML models[55].

https://mhealthjmir.org/2024/1/e55094
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Recording segments constituted our basic unit of analysis, and
for the target task, segments from the same recording all shared
the same ground-truth label (ie, either acute affective episode
or euthymia). When fed to deep learning models, segmentswere
channel-wise standardized by subtracting the mean and dividing
by the SD. Such statistics were learned from the target task
training set or, inthe case of SSL, itsaggregation with unlabeled
data. Acceleration, the BVP, EDA, and TEM P were considered
in deep learning models, while the HR and the IBI, as features
derived from the BVP through a proprietary agorithm, were
excluded from the deep learning experiments shown here (see
Multimedia Appendix 1). However, when using CML,
handcrafted featureswere extracted from segmentsusing FLIRT
[56], apopular open accessfeature extraction toolkit for the E4.
Note that a single row of features per segment was extracted;
in other words, the window size parameter in FLIRT was set
equal to w. We used all features available through this package,
derived with the flirt.acc.get_acc features (eg, acceleration
entropy), flirt.eda.get_eda_features (eg, tonic and phasic EDA
components), and flirt.hrv.get_hrv_features (eg, HR and HR
variability measures) functions. ASFLIRT does provide built-in
functionsfor TEMP, we also extracted the segment mean (SD)
for this channel. Any missing value was handled with mean
imputation. The percentage rate of missing values had arange
of 0-37.31, with amean of 10.44 (SD 16.78).

Data Splitsand Metrics

In SSL experiments, we split unlabeled datain aratio of 85:15
into train and validation sets, partitioning recordings across the
2 sets. For thetarget task, we investigated atime-split scenario,
therefore splitting each recording into train, validation, and test
setsagain in aratio of 70:15:15 along the recording time, thus
testing generalization across future time points. We made sure
that segments with overlapping motifs at the border between
target task splits (resulting from using a diding window with
Aw<w) were confined to 1 split only, thus ultimately producing
18896, 3904, and 4128 segments for the train, validation, and
test sets. The target task validation set doubled as atest set for
estimating generalization performance on the SSL pretext task.
Thetime-split scenario iscommonin personal sensing for MDs
(eg, [18,35]), and indeed, despite efforts toward learning
subject-invariant  representations  [57,58], cross-subject
generalization remains an unsolved challenge, so personal
sensing systems typically require access to each subject’s
physiological datadistribution at training time [59].

The target task was a time-series binary classification. As
expected in free-living wear, thetotal wear time and the off-body
and wake times varies across subjects (and, as a result, so did
the number of segments). Two-tailed t tests were performed to
verify significant mean differencesin off-body and wake times
across individuals from the 2 target classes (acute affective
episode and euthymia) but yielded a Bonferroni-corrected P
value of >.05 (P=.56 for off-body time and P=.82 for wake
time). An equal number of segments from each class was
extracted for the target task. To that end, we found the pairing
of euthymia and acute affective episode recordings that
minimized the pairwise difference between the number of
segments available per participant; next, within each pair, the
first n segments were retained, where n is the number of
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segments of the shortest recording in the pair. We optimized
models on the target task for segment-level accuracy
(ACCggment)- Second, to provide a subject-level perspective,
we reported the subject ACC:

1 PN
Accsubject = 525:1 1(YS = YS)’

wherey, isthe ground-truth mood state of the s-th subject, which
isconstant across al the s-th subject’srecording segments, and

s isa majority vote on the s-th subject, corresponding to the
majority predicted class across the sth subject’s recording
segments.

Machine L earning Models

We developed 2 types of baselines for the target task: (1) an
E4-tailored deep learning pipeline inputting raw recording
segments (E4mer) and (2) CML models using handcrafted
features extracted with FLIRT from recording segments. We
then assessed what boost in performance, if any, a
self-supervised pretraining phase might deliver, where the SSL
models shared the same building blocks as E4mer.

Baseline Models

E4-Tailored Transformer

Edmer is an artificial neural network discriminative classifier
modeling the probability of an acute MD episode, given a
recording segment. As shown in Figure 2, E4mer has 3
sequential blocks: (1) channel embeddings (CEs) setin paralldl,
consisting of the same 1D convolutionswith akernel size equal
to the channel sampling frequency, followed by Gaussian error
linear unit (Gelu) activation, 1D BatchNorm, and 1D
MaxPooling using the channel sampling frequency as both
kernel size and step size, so each CE output has the same
dimensionality and can be conveniently concatenated with the
others before being passed onto (2) a transformer [43]
representation module (RM), and (3) a multilayer perceptron
(MLP) classification head (Hg). The CEs extract features from
the input E4 channels and are designed to handle channels
sampled at different frequencies; the RM, powered by multihead
self-attention, learns contextual representations of the input
tokens (timestamps in our case) within a recording segment;
lastly, the Hy maps such representations onto a label space
appropriate for a binary classification. E4mer was trained to
minimize the binary cross-entropy (BCE) loss between acute
affective episode/euthymia predictions and the corresponding
ground truth.

Classical Machine Learning

We experimented with the following algorithms, given their
popularity and state-of-the-art performance in biomedical
applications [60], including persona sensing [13,14]: elastic
net logistic regression (ENET), K-nearest neighbor (KNN),
support vector machine (SVM), and extreme gradient boosting
(XGBoost).

Self-Supervised L earning Schemes

SSL schemes rely on devising a pretext task, for which a
(relatively) large amount of unlabeled data is available,

https://mhealthjmir.org/2024/1/e55094
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conducive to learning, during a pretraining phase,
representations useful to solve the downstream target task [44].
What definesan SSL paradigmisthusits pretext task, consisting
of a process, P, to generate pseudo labels and an objective to
guide the pretraining. An SSL model typically consists of (1)
an encoder EN(x;0): X->V, learning a mapping from input

views X€X to a representation vector V € Rd, and (2) a
transform head Hg(uv;§): V-> Z, projecting the feature

embeddinginto alabel spacez € RY compatiblewith the pretext
task at hand. When solving the target task, the pretrained
encoder EN isretained asapartial solution to thetarget problem,
whereas the pretrained transform head Hy is discarded and
replaced with a new one, Hy. Next, EN’s parameter 6 may be
kept fixed and only Hy's parameters may be learned on the
target task. This approach, often referred to as linear readout
(LR), amounts to treating EN as a frozen feature extractor.
Alternatively, instead of just training a new head, the entire
network may be retrained on the target task, initializing EN’s
parameter 6 to the values learned during self-supervised
pretraining, a paradigm known as fine-tuning (FT). Our SSL
model s used the same architecture as EAmer, that is, an encoder
EN, consisting of convolutional CEs, followed by atransformer
RM, and an MLP for the transform head Hy. The success of
SSL methods largely comes from designing appropriate pretext
tasks that produce representations useful for the downstream
target task. This usually involves domain knowledge of the
target task. We investigated how different pretext tasks affected
downstream performance, experimenting with 2 popular SSL
routinesthat have shown successin other applications: MP and
TR,

Masked Prediction

This family of SSL methods is characterized by training the
model to impute data that have been removed or corrupted by
P. It relies on the assumption that context can be used to infer
some types of missing information in the data if the domain is
well modeled. This strategy was popul arized by the huge success
of bidirectional encoder representations from transformers
(BERT) [38] in NLP applications, and 1 of thefirst adaptations
to multivariate time-series classification was proposed by
Zervess et a [41]. Similar to their implementation, for each
segment channel, we sampled a Boolean mask where the
sequences of Os and 1s were sampled from geometric
distributions with means of | and |, respectively, with:

l, =

T 10 )

where r is the masking ratio. As shown by Zerveas et al [41],
the average length of the O sequences (l,,) and the proportion
of masked values (r) were set to 3 seconds and 0.15,
respectively. Each segment channel was then multiplied by its
corresponding mask, effectively setting to O some of the
channel-recorded measurements, and inputted to a model that
was tasked to recover the original channel values. This was
done by minimizing the root mean square error (RM SE) between
the masked original valuex(t, ) and itsreconstruction outputted

by the network %(t©);
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1 -
Lymse = MZteM Ycem (R(t ) —x(t )%,

where ¢ and t, respectively, index the channels, and the
timestamps of the 0 valuesin the masks M and M| are the total
number of Os sampled (ie, the masks' cardinality).

Transformation Prediction

We followed the implementation shown by Wu et a [42], which
used SSL for a target task of emotion recognition with E4
recordings. In brief, for each channel, 1 of 6 transformations
(ie, identity, Gaussian noise addition, magnitude warping,
permutation, time warping, and cropping) was sampled
uniformly at random and then applied. Thetransformed segment
was then inputted into a model, which was tasked to guess, for
each channel, which of the 6 transformationswas applied. This
amounted to a multitask, multiclass classification, where the
model was trained to minimize channel average categorical
cross-entropy (CCE):

L —1lyc T
CCEmultitask — ¢ &4c=1 4j=1

- 1c,j : log (pc,j),

where ¢ indexes the channels and | the transformations, 1;; is
an indicator taking value 1 when j is the correct transformation
for channel ¢ and 0 otherwise, and p;; denotes the predicted
probability that transformation j was applied to channel c. By
solving this task, Wu et al [42] argued that the model learns
representations robust to disturbancesin the magnitude and time
domains.

Tuning

A hyperparameter search for all models was carried out with
hyperband Bayesian optimization [61]. For the target task, we
selected the setting yielding the highest ACCgymen: In the
validation set, whereas in self-supervised pretraining, we
selected hyperparameters associated with the lowest relevant
loss in the validation pretraining set. Multimedia Appendix 1
shows the hyperparameter search space and the best
configuration across all models. Deep learning models were
trained with the AdamW optimizer for a maximum of 300
epochs, with a batch size of 256. Moreover, to speed up the
training and search procedure, we used an early stopping
learning rate scheduler: we reduced the learning rate o, g by a
factor of 0.3 if the model did not improve in its validation
performance after 10 consecutive epochs, and we terminated
the training procedure if the model did not improve after 2
learning rate reductions. Dropout [62] and weight decay were
added to prevent overfitting.

Post hoc Analyses

Toward elucidating key contributors to the viability of SSL, in
addition to comparing different pretext task designs, we studied
how (1) progressively downsampling unlabeled data sets or (2)
removing each data set in turn from the unlabeled collection
might impact the performance of our best SSL model. Thus,
using the most performative self-supervised scheme, we
retrained the SSL model from scratch under configurations (1)

https://mhealthjmir.org/2024/1/e55094
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and (2) and then tested it on the target task. Note that in both
settings, the entire target task training set was kept for
pretraining; this is because pretraining on the training set can
be aways performed at no extracost in terms of dataacquisition.
Lastly, we conducted statistical tests to better appreciate how
the self-supervised EAmer compared against itsfully supervised
counterpart and the best-performing CML algorithm and how
it was affected by different ablations. Based on whether we
considered either (1) recording segments or (2) subjects as our
basic analysis units, we had 2 different hypotheses. In (1), we
used a linear mixed effects (LME) model to anayze the
differencein correct class probabilities between the SSL model
and each comparator, considering subjects as a random effect.
This accounted for the nested structure of the data, where
segmentswere sampled from individual subjects. A fixed effects
intercept was included to test a 0 mean difference between the
classifiers at the population level. Additionally, as the ML
models we implemented, like most state-of-the-art algorithms
[63], effectively treat segments as independent and identically
distributed, we used a 2-tailed paired t test to assess whether a
0 mean difference in the probability assigned to the correct class
was 0. In (2), we checked with a 2-tailed paired t test whether
the between-classifiers mean difference in the ACCgygmen: DY
subject was different from 0. To account for multiple testing,
within both (1) and (2), a Bonferroni correction was applied.
The number of testswas 19, that is, 17 different ablation settings
plus 2 tests comparing the best baselines (fully supervised E4mer
and the best CML) to SSL.

Code Used

Python 3.10 programming language was used where deep
learning and CML models were implemented in PyTorch [64]
and Scikit-learn [65]/XGBoost [66] respectively, while
hyperparameter tuning was performed in both caseswith weights
and biases [67]. The best hyperparameter setting found during
tuning for each model is reported in Multimedia Appendix 1.
All deep learning modelsweretrained on asingle NvidiaA100
graphical processing unit (GPU).

Ethical Consider ations

The TIMEBASE/INTREPIBD study was conducted in
accordance with the ethical principles of the Declaration of
Helsinki and Good Clinical Practice and the Hospital Clinic
Ethics and Research Board (HCB/2021/104). All participants
provided written informed consent prior to their inclusion in
the study. All data were collected anonymously and stored
encrypted in servers complying with the General Data Protection
Regulation (GDPR) and the Health Insurance Portability and
Accountability Act (HIPAA). Regarding other studiesincluded
in thiswork, we referred to relevant publications.

Results

Surrogate Tasks Used in Self-Supervised Pretraining

The same model, using the E4mer architecture (Figure 2), was
used across different pretext tasks. Figure 3 illustrates the
surrogate tasks we experimented with. In MP (Figure 3d), parts
of the input segments were zeroed out by multiplication with a
Boolean mask sampled, as shown by Zerveaset al [41], and the

JMIR Mhealth Uhealth 2024 | vol. 12 | €55094 | p. 8
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model was trained to recover the original input segments.
Although the model output entire segments, only the masked
values were considered toward the loss computation, that is,
the RMSE. The assumption was that the model acquires good
representations of the underlying structure of the data when
learning to solvethistask. Our best model had an error of 0.1347
on the test set (notice that input segments were channel-wise
standardized).

Corponi €t a

In TP (Figure 3b), 1 transformation was sampled from a set and
applied to each channel independently, and the model learned
which transformation each channel underwent, minimizing the
channel average CCE. We used the same transformations as
Wu et al [42], who experimented with an E4 for a downstream
task of emotion recognition. The rationale was to encourage
robustness against signal disturbances introduced with the
transformations. Thetest loss of the selected model was 0.5000.

Figure3.
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Target Task Performance Comparison

Table 2 illustrates the performance under each model we
developed. Although they wereall optimized for segment ACC,
we also reported subject ACC since in a clinical scenario, a
decision needs to be made at the subject level. Note that
although ACC was asuitable metric in our use case as datawere
perfectly balanced, we also provided complementary metrics
(precision, recall, F;-score, and areaunder the receiver operating

Corponi €t a

characteristic curve [AUROC]), both at the segment and at the
patient level. At the subject level, the predicted class was the
result of amajority vote over that subject’s segments, while the
predicted probabilities under each class were derived by
summing segments’ predicted probabilities for that subject and
normalizing by the corresponding segment number. MP
self-supervised pretraining comfortably outperformed end-to-end
SSL, while also surpassing other self-supervised approaches.

Table 2. Performancein differentiating an acute M D2 episode from euthymia across different models.

Model ACCP Precision Recall F1 score AUROC®
Segment  Subject  Segment Subject  Segment Subject  Segment Subject  Segment  Subject
SL d
ENET® 66.38 71.88 66.22 75 66.86 65.63 66.54 70 72.24 82.25
KNN 70.37 82.81 69.09 80 73.74 812 7134 80.6 73.27 83.26
svMY 7125 81.25 71.87 80 71.40 77.65 71.63 78.81 73.44 83.21
XGBoogt 72.02 82.81 71.33 83 7211 811 7172 82.03 72.44 83.17
E4mer 75.35 81.25 73.46 80.55 75.34 82.14 74.39 81.33 75.68 82.22
ss
MP* (LR)) 77.53 87.5 78.34 88.6 77.41 88 77.87 88.3 78.02 89.2
MP (FT™) 81.23"  90.63" 8091" 9011" 8200 9287"  8145" 9147" 8202" 9311"
TP (LR) 71.16 81.25 7212 82.44 72.01 8231 72.06 82.37 71.89 84.12
TP (FT) 75.69 84.38 75.41 82.11 74.79 83.9 751 83 75.21 84.23

3 D: mood disorder.

bacc: accuracy.

CAUROC: area under the receiver operating characteristic curve.
dgi supervised learning.

®ENET: elastic net logistic regression.
FKNN: K-nearest neighbor.

9SVM: support vector machine.

P GBoost: extreme gradient boosting.
'E4mer: E4-tailored transformer.
IssL: self-supervised learning

KMP: masked prediction.

ILR: linear readou.

MET: fine-tuning.

"The best results.

OTP: transformation prediction.

The E4mer and CML baselines performed to a similar level:
adthough E4mer was superior to XGBoost in terms of ACCggment
(75.35vs 72.02), it was trumped by CML on ACCy et (82.81
vs 81.25). Other CML baselines fared worse than XGBoost.
MP pretraining led to atarget task performance, substantially
higher than the baselines, under both metrics. Although both
LR and FT dominated over supervised learning (SL), the latter
scored the highest performance with ACCggymen and ACCgpject
of 0.8123 and 0.9063, respectively. However, TP led to only
modest improvement over E4Amer. Statistical tests comparing

https://mhealthjmir.org/2024/1/e55094

the best SSL scheme (ie, MP with FT) against the fully
supervised E4mer and XGBoost were significant at both the
segment and the subject level. In particular, comparison with
Edmer yielded Pggntaroni VA Ues of .03 for the LME model and
<.001 and .02 for thett test at the segment and the subject level,
respectively. For XGBoost, Pgoferoni VAlUES were .04 for the
LME model and <.01 and .01 for thet test at the segment and
the subject level, respectively.

Comparison of the best SSL with its SL counterpart in terms of
ACCggment by subject (Figure 4) suggested that only 2 (3.1%)

JMIR Mhealth Uhealth 2024 | vol. 12 | 55094 | p. 10
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patients with euthymiawere misclassified by SSL but correctly
classified by the supervised E4mer. However, SL mispredicted
8 (12.5%) individuals that SSL got right. Patients on an acute
MD episode are shown as dotswith acolor gradient proportional
to their total score on the HDRS [46] (left half) and the Y MRS
[47] (right half), 2 clinician-administered questionnairestracking
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depression and mania severity, respectively. Subjects on an
acute MD episode misclassified by SL included patients with
severe depressive (or manic) symptomatology. Notably, both
SSL and SL failed in the case of 4 (6.3%) subjects, including
3 (75%) patients on an acute MD episode with relatively
moderate severity.

Figure4. SSL beats SL by 4 (9.4%) more correctly classified subjects. ACCsegment under SSL and SL (E4mer) within each subject’s test segments:
subjects in the euthymia group are represented as triangles, while subjects on an acute affective episode are shown as circles with the left half colored
in blue and theright half in red, with a gradient proportional to the total sum on the HDRS and the Y MRS, respectively. Subjects’ position on the x and
y axes corresponds to their proportion of recording segments correctly classified by SL and SSL, respectively. Note that a subject’s majority vote over
their segmentsisin agreement with the subject’s true mood state when the proportion of correctly classified segments from that subject is greater than
0.5. The HDRS and the Y MRS range shown on the color bar refer to values scored in the TIMEBASE/INTREPIBD sample, while the total score, in
general, range is 0-52 and 0-60, respectively. ACCsegment: segment accuracy; E4mer: E4-tailored transformer; HDRS: Hamilton Depression Rating
Scale-17; SL: supervised learning; SSL: self-supervised learning; TIMEBASE/INTREPIBD: Identifying Digital Biomarkers of Iliness Activity in

Bipolar Disorder/ldentifying Digital Biomarkers of I1Iness Activity and Treatment Response in Bipolar Disorder.
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Ablation Analyses and L earned Representations

Tables 3 and 4 show the differencein the target task ACCgeyment
and ACCg;pject resulting from pretraining the best SSL on parts
of the unlabeled data collection and then FT it onto the target
task. Ablation analyses showed a positive trend between
unlabeled data availability and target task performance, but data
set—specific unobserved factors likely played a role. The
differencein ACCygment aNd ACCyg e from pretraining on just
parts of the entire unlabeled data collection is shown in the
tables. An LME model and a 2-tailed paired t test assessed

https://mhealthjmir.org/2024/1/e55094

RenderX

whether the mean difference in predicted probabilities for the
segment’s correct class differed from 0, with the former
correcting for subjects as a random effect. A 2-tailed paired t
test assessed whether the mean difference in the number of
correctly classified segments by subject differed from 0. In each
test, the comparator was the best-performing self-supervised
model. P values are corrected with Bonferroni’s method. Note
that amajority vote over a subject’s segments was used to issue
subject-level predictions, and ACCyg p: Was imply thefraction
of correct mgjority votes in the test set. ACCgpecr, therefore,
did not consider the proportion of votes over a subject’s
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segmentsin favor of the subject’s correct class but just whether
a majority, no matter how small or large, was reached in
agreement with the correct class. However, the t test (subject)
assessed a 0 mean difference in the proportion of votes, within
subjects, for the correct class. As shown in Table 3,
self-supervised pretraining, preceding FT on the target task,
therefore used only afraction of the total unlabeled collection.
A resampling ratio of 0% meant that self-supervised pretraining
was performed on the target training set only.

The Pearson correlation coefficient (PCC) between unlabeled
data downsampling ratios and the difference in ACCgeymen and
ACCy pject Was 0.9401 and 0.9449, respectively, indicating a
strong dependence between performance and unlabeled data
availability. Similarly, excluding individual data sets from
pretraining impacted ACCggment and ACCg e Proportionally
totheir relative size (PCC=-0.8185 and —0.4083, respectively).
Notably, however, TIMEBASE/INTREPIBD, despite being
collected at the same site as the target task data and making up
the largest share of the unlabeled data collection, did not leave
the largest dent in performance when excluded from training.
Furthermore, excluding some data sets resulted in performance
improvement. Differences in ACCgggmen ad ACCg e did NOt
always have the same sign because of the way they were
defined. Indeed, it is, for example, possible that the absolute
number of correctly classified segments decreased but enough
previously misclassified segments within a subject were now
correctly classified so that the majority vote for that subject
flipped. Statistical analyses showed that the ablation of asingle
data set was associated with nonsignificantly different
performance in terms of correctly classified segments within
subjects. At the level of the probability assigned to the correct
class for each segment, LME results were significant only for
a data set, whereas results were mixed for t tests. Stratified
resampling gave positive results, but the significance for LME
was reached only at lower downsampling ratios.

Lastly, we visualized the representati ons | earned by the encoder,
EN, part of our best-performing modelsto gain further insights.
As EN’s output had dimensionality (B=number of segments,
N=number of timestamps, D=transformer’s model dimension),
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for visualization purposes, we averaged out the D axis and then
used Uniform Manifold Approximation and Projection (UMAP)
[68], apowerful nonlinear dimensionality reduction technique,
to embed the resulting N-dimensional data points into 3
dimensions. The top-left plot of Figure 5 shows the
representations learned during self-supervised pretraining with
MP. The segments shown arethe target task test segments, along
with an equal number of segments belonging to the same
sessions but taken from the sleep state, which the SSL model
was never exposed to during training. Wake and sleep segments
have different embeddings, suggesting that the model captured
this structure in the physiological data: a Gaussian mixture
model, indeed, recovered 2 clusters, one with predominantly
deep segments (n=4081, 82.66%) and the other with the
majority of wake segments (n=3272, 95.58%). It should be
noted that dleep and wake naturally have quite different
semantics with respect to physiological data, and the algorithm
we used for sleep/wake differentiation (Van Hees [52]) uses a
simple heuristic defining sleep as a sustained lack of significant
changes in the acceleration angle. The top-right and bottom
plots of Figure 5 illustrate the representations from the SSL
model upon FT on the target task. The top-right scatter plot
displays the target task test segments, as well as pretraining
validation set segments (except for the pretraining segments
fromthe TIMEBASE/INTREPIBD collection). Thelatter group
of segments we assumed as being taken from subjects without
an acute MD episode and, arguably, most even without any
historical MD diagnosis, since the open access data sets we
found did not select for patients with an MD. The plot shows 3
clusters whose composition, as recovered with a Gaussian
mixturemodel, was asfollows: (1) n=1464 (79.26%) acute MD
episode and n=383 (20.7%) euthymia; (2) n=1120 (74.16%)
euthymia and n=390 (25.84%) acute MD episode; and (3)
n=7801 (91.01%) unlabeled segments, n=683 (7.96%) euthymia,
and n=88 (1.02%) acute M D episode. The bottom plotsin Figure
5 show target task segments test segments only (no unlabeled
segment), colored with a gradient proportional to symptoms
severity, as assessed with the HDRS [46] and the Y MRS [47].
Embeddingswould seem to suggest aprogression in symptoms’
severity across the 2 clusters of segments on the right of the
scatter plot.

Table 3. Ablation analyses results: the unlabeled collection was downsampled, stratifying by data sets.

Resampling ratio 80% 60% 40% 20% 0%
ACC?ggmen difference -0.23" —2.14° —-6.07° —6.35" —7.07°
ACCqjpject difference -157° -157° —4.70° —4.70° —7.82°
LMECP value 09 07 06 05 04

t Test (segment) P value <.001 <.001 <.001 <.001 <.001
t Test (subject) P value 001 001 001 .001 001

8ACC: accuracy.

bDeterioration in performance upon retraining on the ablated unlabeled data collection.

SLME: linear mixed effects.

https://mhealthjmir.org/2024/1/e55094
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Table 4. Ablation analyses results: self-supervised pretraining was conducted, leaving out each data set in turn from the unlabeled collection.

Data set Relativesize ACC?gment ACCwbj et LMEPPvalue  tTest(segment) t Test (subject)
difference difference P vaue P value

Alcohol and Drug Abuse Research Program 12.34 _2.44° _157° .01 <.001 .99

(ADARP)

Toadstool 0.04 0. 52d —3.13° .99 .99 .99

Unlabeled Empatica E4 Wristband (UE4W) 2.32 193¢ _4.70° .99 .003 .99

Wearable Human Energy Expenditure Estimation 0.18 1199 1579 .99 .90 .99

(WEEE)

Wearable Stress and Affect Detection (WESAD) 0.42 _051° _157¢ .99 .99 .99

Wearable Exam Stress Dataset (WESD) 0.72 1.909 1574 .06 .05 .99

In-GaugeEn-Gage 17.55 _4.44° _4.70° .99 <.001 .63

Nurse Stress Detection 11.82 _0.81°¢ _157° .99 .99 .99

BIG IDEAsLab 19.38 _2.09¢ _157° .99 .08 .99

PPG Dataset for Motion Compensationand Heart  0.69 1.939 4.709 .53 <.001 .99

Rate Estimation in Daily Life Activities (PPG-

DalLiA)

TIMEBASE/INTREPIBD® 34.24 -4.32° -313° 99 99 38

8ACC: accuracy.
BLME: linear mixed effects.

CDeterioration in performance upon retraining on the ablated unlabeled data collection.
q mprovement in performance upon retraining on the ablated unlabeled data collection.
®TIMEBASE/INTREPIBD: Identifying Digital Biomarkers of Iliness Activity in Bipolar Disorder/Identifying Digital Biomarkers of IlIness Activity

and Treatment Response in Bipolar Disorder.
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Figure 5. Reassuringly, the learned embeddings seem to have captured meaningful semantics about the underlying context. (Top left) Embeddings
from the encoder pretrained on MP map sleep and wake segments to different parts of the latent space. (Top right) Embeddings from the encoder FT
on the target task show that segments from the unlabeled open access data sets, which presumably do not contain subjects on an acute MD episode,
tend to cluster with part of the segments from patients in euthymia. Embeddings from the fine-tuned encoder show a gradient in symptoms’ severity
across target task segments, as revealed by (bottom left) the HDRS and (bottom right) the YMRS total score. Note that unlabeled segments are not
shownin the bottom | eft or right plot and that the HDRS and Y MRS ranges shown on the color bar refer to values scored in the TIMEBASE/INTREPIBD
sample, while the total scorerange, in general, can be 0-52 and 0-60, respectively. FT: fine-tuning; HDRS: Hamilton Depression Rating Scale-17; MD:
mood disorder; MP: masked prediction; TIMEBASE/INTREPIBD: Identifying Digital Biomarkers of 1liness Activity in Bipolar Disorder/Identifying
Digital Biomarkers of IlIness Activity and Treatment Response in Bipolar Disorder; YMRS: Young Mania Rating Scale.
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Discussion

Principal Findings

Personal sensingislikely to play akey rolein health care supply,
creating unprecedented opportunitiesfor patient monitoring and
just-in-time adaptive interventions [69]. Toward delivering on
this promise, expert annotation is a major obstacle; this is
especially the case with MDs, wherein data annotation is
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particularly challenging and time-consuming, considering the
nature of the disorders.

To the best of our knowledge, we are the first to show that SSL
is a viable paradigm in persona sensing for MDs, mitigating
the annotation bottleneck, thanks to the repurposing of existing
unlabeled data collected in settings as different as subjects
playing Super Mario [27], taking university exams [29], or
performing physical exercise[28].
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We took on a straightforward yet fundamental task, that is, to
distinguish acute MD episodes from euthymia. Timely
recognition of an impending MD episode in someone with a
historical MD diagnosis regardless of the episode polarity
(depressive, manic, or mixed) may, indeed, enable preemptive
interventions and better outcomes [5]. Our results suggest that
with a sample size on the order of magnitude that is typical of
studiesinto personal sensing for MDs, amodern deep learning
fully supervised pipeline (E4mer) may offer no substantial
improvements over simpler CML algorithms (eg, XGBoost),
despite higher devel opment and computational costs. However,
the accumulation and repurposing of existing unlabeled data
sets for an SSL pretraining phase leads to a confident margin
of improvement: ACCgyment and ACCg et improve by 7.8%
and 11.54%, respectively, relative to the fully supervised E4mer,
with 6 (9.4%) of 64 more subjects correctly classified.

Our findingsfurther show that careful choice of the pretext task,
aswell documented in the literature on SSL [40], iskey toward
learning useful representations for the downstream target task.
Unlike MP, improvement, if any at al, from TP was only
modest. Thisisnot to say that such a pretext task may in general
fall to deliver on acute MD episode versus euthymia
differentiation. Indeed, the specific transformations we
implemented, borrowed from Wu et a [42], may have been
suboptimal for our downstream task, pointing to theimportance
of domain knowledge (including clinical expertise) in pretext
task design. Lastly, although SSL relaxes dependence on large,
annotated data sets, our results indicate that its success relies
on the size of unlabeled data. Ablation analyses, indeed, showed
a positive correlation between target task performance and the
size of the corpus available for pretraining. Data
set—idiosyncratic factors accounting for the nonperfect
correlation between the relative size and impact on target task
performance may be present. Speculatively, these may include
noise in the data, (dis)similarity of recording conditions, or
(inrelevance for the target task of the representations learned
modeling the domain of the unlabeled data set.

Statistical analyses showed that excluding from pretraining any
of the individual unlabeled data sets, while keeping all others,
is not associated with a significant change in performance on
the proportion of correctly classified segments within subjects.
Thelack of asignificant effect in either direction (improvement
or deterioration), dong with asignificantly superior performance
of SSL over fully supervised schemes, indicate that pretraining
on hig data collections |eads to higher performance than taking
on thetarget task from scratch. Of importance, adding data sets
for pretraining from domains not immediately related to the
target task did not undermine the model. Pretraining under
progressively lower downsampling ratios lent further support
to the importance of data size. Thisis consistent with the deep
learning recipe where the bigger the pretraining corpus, the
better the results [70]. Results from tests at the level of
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segment-predicted probabilities are consistent with this view.
Of the data sets comprising less than 1% of the entire unlabeled
collection, only 1 reached statistical significance. LME has
more flexibility to explain the data since rather than pooling all
segmentstogether in aunique (bigger) population, it treatsthem
as embedded within subjects. Thisexplainsthelack of statistical
significance relative to the t tests under various data ablation
regimes.

Limitations

We acknowledge the following limitations of this study. We
deliberately chose the simplest task that has clinical relevance
in persona sensing for MDs since our focus was on SSL;
however, we appreciate that a more fine-grained MD
description, beyond asimple acute MD episode versus euthymia
binary classification, may add further clinical value [35]. As
the literature on SSL is expanding at a fast pace, a thorough
search of different approaches was beyond the scope of this
work. We acknowledge that other pretext tasks can be deployed,
and although the architectural choice may have an impact on
SSL, we settled for just 1 reasonable, modern model design
with a transformer [43] as a workhorse for representation
learning. Lastly, given the naturalist design of the study,
reflective of the intended use of personal sensing in aclinical
setting, we could not exclude the effect of confounders,
including medications, on the physiological variables. However,
we reported medication classes administered in the cohort and
verified a lack of any significant association between target
classes (euthymia vs acute MD episode) and being on a given
medication class.

Future Directions

As our findings indicate that the choice of the pretext task has
a significant impact on target task performance, further efforts
should be put into pretext task design. Indeed, although MPis
agenera-purpose strategy inspired by the great success of BERT
[38] in NLB, the literature on SSL [40] suggests that domain
knowledge may help tailor the pretext task to the specific use
case. A promising approach we did not explore is contrastive
learning [71], which, indeed, relies on domain knowledge of
how augmented views of the input are created, especialy since
most experience today is in computer vision and NLP, while
physiological multivariate time seriesarerel atively unexpl ored.

Conclusion

This work shows that SSL is a promising paradigm for
mitigating the annotation bottleneck, 1 of the major barriersto
the development of artificial intelligence—powered clinical
decision support systemsusing personal sensing to help monitor
MDs, thus enabling early intervention. The collection and
preprocessing of open access unlabeled data setsthat we curated
(E4SelfLearning) can foster future research into SSL, therefore
advancing the trandlation of personal sensing into clinical
practice.
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Chapter 7

Conclusions

This dissertation explored the burgeoning field of personal sensing for MDk. These
are prevalent and severe mental health conditions manifesting with recurring episodes
involving disturbances in mood, rest-activity rhythms, and vegetative functions. Wear-
ables, particularly wrist-worn devices, collect data reflecting such disturbances. This
technology thus offers a unique opportunity to advance our understanding of and

improve symptom monitoring, enabling early detection and intervention.

Innovative data analytics approaches from[Al| can harness physiological data collected
with wearables. This can be achieved with relatively simple models, such as those pre-
sented in Chapter 4] which are clinically interpretable. Such models enable researchers
to test simple hypotheses and advance knowledge of the biological underpinnings of
[MDk. Alternatively, large(r) models can be used to mine wearable data to identify
abnormal mental states, though this may come at the cost of lower interpretability.
However, for a large model to be actionable and have clinical value beyond a mere

exercise in[All it must incorporate and reflect clinical knowledge, as shown in Chapter 5]

The road towards the clinical translatability of wearables for remote monitoring in
[MDf presents several challenges, as reviewed in Chapter 2] Chief among these is data
scarcity since collecting and annotating data in personal sensing is resource-intensive.
Chapter [6| explored how can exploit unlabeled data, available in large(r) quantities,
to learn useful representations without the need for human supervision, and then recycle
these representations for supervised downstream tasks, such as detecting acute MD|
episodes. My original research contributions to the field of personal sensing in [MD]|

were presented in Chapter @, Chapter[5] and Chapter [6]
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Chapter d|investigated longitudinal changes in as acute episodes of [BD|subside.
Motivated by the small sample size typical of this kind of study and seeking a principled
way to quantify uncertainty in parameter values, I introduced a Bayesian framework to
the study of I did not simply check the distribution of test statistics but proposed
a probabilistic model, attempting to capture the generating process. I showed a
positive rate of change in with respect to symptoms’ improvement, albeit without
polarity-specific (mania vs depression) patterns. positions itself as a potential

biomarker for recovery upon acute episodes of underlying an improvement in the
parasympathetic branch of the

Chapter [5|aligned time-series classification in personal sensing for[MDk to everyday
psychiatry practice, where patients sharing the same overall label (e.g. a diagnosis)
may display different symptom combinations, requiring different management and
therapeutic approaches. I therefore attempted to infer all items from two popular
psychometric scales, assessing manic and depressive symptoms, respectively. These
can be viewed as the concepts motivating a given diagnosis, therefore adding to the
model’s interpretability. This new task is hard and comes with a number of technical

challenges, which I explored and proposed some solutions to.

Chapter [6| showed that leveraging unlabelled data collected for personal sensing
tasks unrelated to [MDg, can be deployed to mitigate the annotation bottleneck and
outperforms fully-supervised learning. Labelling data for personal sensing in [MD§
is indeed very resource intensive, foiling attempts to develop directly trained
in a supervised way on the task at hand. In ablation post-hoc analyses, I showed
which ingredients are key to the success of the recipe. Furthermore, I release the
curated unlabelled corpus of data, the largest open access to date, as well as the pre-
processing pipeline doing, on-/off-body detection, sleep/wake detection, segmentation,

and (optionally) feature extraction.

Overall, my work shows that personal sensing can contribute to a better understanding
of the biological underpinnings of [MDk, since it provides novel ways of measuring
physiological data that correlate with various regulatory systems that are impaired
in[MDg. A case in point is [HRV] a proxy for [ANS] activity, which my dissertation
focused on. The case for personal sensing as a revolutionary paradigm enabling remote
monitoring and therefore creating scope for timely interventions seems compelling. A
solid basis is that core manifestations of include changes in sleep, rest-activity

patterns, and vegetative functions, which wearables can measure ecologically and near-
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continuously. Towards delivering on the promises of personal sensing, novel solutions at
the intersection between[Allresearch and clinical science are needed. Despite enthusiasm
around personal sensing, some fundamental challenges still stand along the way to

clinical implementations.

7.1 Limitations

I hereby acknowledge some limitations across the works presented in this dissertation,
in addition to what has already been discussed within each article. While TIME-
BASE/INTREPIBD represents a commendable effort towards delivering personal sens-
ing, certain aspects of its design, partly dictated by the choice of a research-grade device

like the Empatica E4, limited the scope of our analyses.

7.1.1 Brief recording sessions

TIMEBASE/INTREPIBD records only brief, 48-hour sessions collected around clin-
ically significant states, such as acute episodes, response, remission, and recovery
(Chapter [3). Brief sessions, ranging from 48 hours to only a few weeks, are common in
studies using research-grade devices 95,94, 96]. The recording duration is constrained
by battery life and the risk of technology abandonment in psychiatric cohorts. While
wearables only work if patients are wearing them, compliance remains a major chal-
lenge in personal sensing. As it currently stands, it is impractical to expect patients with

IMDf to charge a wrist-worn device every few days and consistently wear it.

The TIMEBASE/INTREPIBD design implicitly assumes that the data-generating pro-
cess remains the same within any 48-hour sample taken from a given mental state
(stationarity) and disregards transitions across clinical stages. Such an assumption has
not been verified in the literature, and it is likely that transitions across mental states are

gradual rather than stepwise.

Sessions lasting 48 hours, or even a few weeks, are insufficient to assess the clinical
potential of personal sensing. The intended use case is remote monitoring during
daily life, which requires several months of monitoring to capture periods of disease
exacerbation in the context of daily life. Studies extending over several months [139]
use commercial devices with longer battery life but lack access to raw data and offer

limited sensory modalities. Furthermore, no such cohort to date has included BDj
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retention is likely even lower in this population, particularly during

Lastly, the short recording time makes it difficult to model within-subject variability
related to background characteristics, such as age, sex, and daily habits, separate from
disease status. It is likely that a significant proportion of variability in wearable data is
physiological and subject-specific rather than[MD}related. Thus, with short recording
sessions, it is challenging to determine the extent to which a model has learned MD}
related patterns (possibly specific to subpopulations) versus memorizing subject-level

idiosyncrasies in the signal.

7.1.2 Lack of hard outcomes

As explained in Chapter [2] labelling in mental health, i.e. scoring patients on psychome-
tric scales (Appendix [A) or issuing a diagnosis, is subject to significant inter- and intra-
rater variability [[126]. Clinical trials typically mitigate this issue by training raters until
a minimum threshold of inter-rater agreement is reached. In TIMEBASE/INTREPIBD,
only a single mental health specialist conducted the clinical assessments. Thus, when
developing and validating our models, it was not possible to account for inter-rater

reliability and noise in human annotation.

Furthermore, TIMEBASE/INTREPIBD did not record hard, objective outcomes, such
as hospital admissions. While these labels may not have substantive biological meaning,
as the literature does not support a specific and unique pathophysiology behind hospital-
ization in [MDE, they represent hard outcomes, overcoming inter-rater agreement issues.
Moreover, hospitalization accounts for a significant proportion of healthcare costs asso-
ciated with@]s (127,128} 1129, [130]. However, only a minority of acute episodes in
[MDk result in hospital admission, making it challenging to collect a significant number

of these events within a single cohort.

7.1.3 Generalization across subjects

Both in Chapter [5|and Chapter [6] data was partitioned into train and validation sets
using a time-split (also referred to as subject-dependent) approach. This means that the
same subjects, but different samples thereof, appeared in both the train and validation
sets. This scenario potentially introduces ’information leakage’, where the model may
inadvertently learn and memorize subject-specific distributions rather than disease-

related features. This contrasts with a subject-split (or subject-independent) approach,
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where different subjects are used for training and validation. Developing a method that
effectively captures common features among subjects while disregarding individual
noise remains an unsolved problem [204]. For this reason, a time-split is a popular
option, as it still retains value by testing the model’s ability to generalize across different

points in time (e.g., as a subject may engage in different activities).

7.2 Future Directions

A fundamental challenge towards clinical translation is patient compliance, i.e. ensuring
that patients will wear the device. Studies over long observation periods [139] tend to
monetarily reward patients to sustain engagement and still show non-negligible attrition
rates. Most research in personal sensing in[MDf focus on elucidating how physiological
parameters are affected by illness states, or showing that data from wearables can
reveal aberrant mood states with the help of [All More effort should be given to the
mundane problem of compliance, which is a requirement for clinical applications
(2051206, 205]]. Gamification, text or email reminders, or equipping wrist-worn devices
with functionalities beyond mere physiological data collection (e.g. checking emails or
the news) may play a role. At the same time, digital navigators i.e. trusted individuals
with experience in technology and mental health, whose role is to increase access to
digital health, can be another impactful intervention, also towards maximizing access

for people from marginalized communities or with less technology familiarity.

More efforts should go into collecting long longitudinal recordings, which are indeed
better reflective of the intended setting for personal sensing. This could help establish
how early an impending mood episode can be detected and, as a result, to what extent
remote monitoring is conducive to better outcomes. Furthermore, having such long
longitudinal observations would help contextualize[MD}related changes in physiological
data within a patient’s baseline patterns. With long (months) recording, a time-split of
the data and the development of idiographic (patient-tailored) models are better justified:
the goal in this setting, in line with the envisioned clinical application, becomes to

detect abnormal mental states within each subject.

In parallel to generating new datasets, sharing existing ones within the research commu-
nity would increase data availability, which is a constraint in this field. Furthermore,
the open-access framework would ensure transparency and reproducibility, as well as

increase engagement of the community. [Alpowered clinical decision support tools



Chapter 7. Conclusions 127

notoriously suffer from poor generalization to independent samples [207]. Sharing
datasets would make it possible to test the model on independent cohorts, as well as set

up benchmark datasets.

Lastly, time series poses some unique challenges relative to other data modalities. State-
of-the-art algorithms (e.g. Transformers [142]) were borrowed from other fields of [Al]
but recent works [[183, 208] showed their shortcomings when modelling time-series.

So, more methodological research in this data modality is probably needed.
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Appendix A

Hamilton Depression Rating Scale

Hamilton Depression Rating Scale (HDRS) [63] which consist of 17 items, each with a

score to indicate severity of the symptom.
H1. Depressed Mood (sadness, hopeless, helpless, worthless)
0 - Absent.
1 - These feeling states indicated only on questioning.
2 - These feeling states spontaneously reported verbally.

3 - Communicates feeling states non-verbally, i.e. through facial expression,

posture, voice and tendency to weep.

4 - Patient reports virtually only these feeling states in his/her spontaneous verbal

and non-verbal communication
H2. Feelings of guilt
0 - Absent.
1 - Self reproach, feels he/she has let people down.
2 - Ideas of guilt or rumination over past errors or sinful deeds.
3 - Present illness is a punishment. Delusions of guilt.

4 - Hears accusatory or denunciatory voices and/or experiences threatening

visual hallucinations.

H3. Suicide
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0 - Absent.
1 - Feels life is not worth living.
2 - Wishes he/she were dead or any thoughts of possible death to self.
3 - Ideas or gestures of suicide.
4 - Attempts at suicide (any serious attempt rate 4).
H4. Insomnia: early in the night
0 - No difficulty falling asleep.
1 - Complains of occasional difficulty falling asleep, i.e. more than 12 hour.
2 - Complains of nightly difficulty falling asleep.
HS5. Insomnia: middle of the night
0 - No difficulty.
1 - Patient complains of being restless and disturbed during the night.

2 - Waking during the night — any getting out of bed rates 2 (except for purposes

of voiding).
H6. Insomnia: early hours of the morning
0 - No difficulty.
1 - Waking in early hours of the morning but goes back to sleep.
2 - Unable to fall asleep again if he/she gets out of bed.
H7. Work and Activities
0 - No difficulty.

1 - Thoughts and feelings of incapacity, fatigue or weakness related to activities,

work or hobbies.

2 - Loss of interest in activity, hobbies or work — either directly reported by the
patient or indirect in listlessness, indecision and vacillation (feels he/she has

to push self to work or activities).

3 - Decrease in actual time spent in activities or decrease in productivity. Rate 3

if the patient does not spend at least three hours a day in activities (job or
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hobbies) excluding routine chores.

154

4 - Stopped working because of present illness. Rate 4 if patient engages in no

activities except routine chores, or if patient fails to perform routine chores

unassisted.
H8. Retardation
0 - Normal speech and thought.
1 - Slight retardation during the interview.
2 - Obvious retardation during the interview.
3 - Interview difficult.
4 - Complete stupor.
H9. Agitation

0 - None.
1 - Fidgetiness.
2 - Playing with hands, hair, etc.
3 - Moving about, can’t sit still.
4 - Hand wringing, nail biting, hair-pulling, biting of lips.

H10. Anxiety Psychic
0 - No difficulty.
1 - Subjective tension and irritability.
2 - Worrying about minor matters.
3 - Apprehensive attitude apparent in face or speech.
4 - Fears expressed without questioning.

HI11. Anxiety Somatic (physiological concomitants of anxiety)
0 - Absent.
1 - Mild.

2 - Moderate.
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3 - Severe.
4 - Incapacitating.

HI12. Somatic Symptoms Gastro-Intestinal
0 - None.

1 - Loss of appetite but eating without staff encouragement. Heavy feelings in

abdomen.

2 - Difficulty eating without staff urging. Requests or requires laxatives or

medication for bowels or medication for gastro-intestinal symptoms.
H13. General Somatic Symptoms
0 - None.

1 - Heaviness in limbs, back or head. Backaches, headaches, muscle aches. Loss

of energy and fatigability.

2 - Any clear-cut symptom rates 2.
H14. Genital Symptoms

0 - Absent.

1 - Mild.

2 - Severe.
H15. Hypocondriasis

0 - Not present.

1 - Self-absorption (bodily).

2 - Preoccupation with health.

3 - Frequent complaints, requests for help, etc.

4 - Hypochondriacal delusions.
H16. Loss of Weight

0 - Less than 1 Ib weight loss in week.

1 - Greater than 1 Ib weight loss in week.
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2 - Greater than 2 Ib weight loss in week.
H17. Insight
0 - Acknowledges being depressed and ill.

1 - Acknowledges illness but attributes cause to bad food, climate, overwork,

virus, need for rest, etc.

2 - Denies being ill at all.
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Young Mania Rating Scale

Young Mania Rating Scale (YMRS) [64] which consist of 11 items, each with a score

to indicate severity of the symptom.
Y1. Elevated Mood
0 - Absent.
1 - Mildly or possibly increased on questioning.

2 - Definite subjective elevation; optimistic, self-confident; cheerful; appropriate

to content.

3 - Elevated; inappropriate to content; humorous.

4 - Euphoric; inappropriate laughter; singing.
Y2. Increased Motor Activity-Energy

0 - Absent.

1 - Subjectively increased.

2 - Animated; gestures increased.

3 - Excessive energy; hyperactive at times; restless (can be calmed).

4 - Motor excitement; continuous hyperactivity (cannot be calmed).
Y3. Sexual Interest

0 - Normal; not increased.

1 - Mildly or possibly increased.

2 - Definite subjective increase on questioning.

3 - Spontaneous sexual content; elaborates on sexual matters; hypersexual by

self-report.
4 - Overt sexual acts (toward patients, staff, or interviewer).
Y4. Sleep
0 - Reports no decrease in sleep.

1 - Sleeping less than normal amount by up to one hour.
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2 - Sleeping less than normal by more than one hour.
3 - Reports decreased need for sleep.
4 - Denies need for sleep.
YS5. Irritability
0 - Absent.
2 - Subjectively increased.

4 - Irritable at times during interview; recent episodes of anger or annoyance on

ward.
6 - Frequently irritable during interview; short, curt throughout.
8 - Hostile, uncooperative; interview impossible.
Y6. Speech (Rate and Amount)
0 - No increase.
2 - Feels talkative.
4 - Increased rate or amount at times, verbose at times.
6 - Push; consistently increased rate and amount; difficult to interrupt.
8 - Pressured; uninterruptible, continuous speech.
Y7. Language-Thought Disorder
0 - Absent.
1 - Circumstantial; mild distractibility; quick thoughts.
2 - Distractible, loses goal of thought; changes topics frequently; racing thoughts.
3 - Flight of ideas; tangentiality; difficult to follow; thyming, echolalia.

4 - Incoherent; communication impossible.
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YS8. Content
0 - Normal.
2 - Questionable plans, new interests.
4 - Special project(s); hyper-religious.
6 - Grandiose or paranoid ideas; ideas of reference.
8 - Delusions; hallucinations.
YO. Disruptive-Aggressive Behavior

0 - Absent, cooperative.
2 - Sarcastic; loud at times, guarded.
4 - Demanding; threats on ward.
6 - Threatens interviewer; shouting; interview difficult.
8 - Assaultive; destructive; interview impossible.

Y10. Appearance
0 - Appropriate dress and grooming.
1 - Minimally unkempt.
2 - Poorly groomed; moderately disheveled; overdressed.
3 - Disheveled; partly clothed; garish make-up.
4 - Completely unkempt; decorated; bizarre garb.

Y11. Insight
0 - Present; admits illness; agrees with need for treatment.
1 - Possibly ill.
2 - Admits behavior change, but denies illness.
3 - Admits possible change in behavior, but denies illness.

4 - Denies any behavior change.



	Cover Sheet.pdf
	Filippo_PhD_Thesis_2024.pdf
	Introduction
	Mood Disorders
	Digital Phenotyping
	Sensing Physiological Data
	Main Contributions and Structure of the Thesis

	Background
	Major Depressive Disorder & Bipolar Disorders
	Elusive Biological Underpinnings

	The Case for Wrist-Worn Devices
	Physiological Data Modalities

	Machine Learning Approaches
	Supervised Learning
	Unsupervised Learning
	Representation Learning vs Feature Engineering

	Which Machine Learning Task?
	Scarce and Noisy Labels
	Heterogeneous Signal from Physiological Data
	A Multitude of Different Devices
	Unveiling the Black Box
	Trust and Actionability beyond Good Metrics

	The TIMEBASE/INTREPIBD study
	Sample & Study Design
	Inclusion criteria
	Exclusion criteria

	Assessments
	Sociodemographic and clinical assessment
	Symptoms, severity, and functional assessment
	Physical activity assessment
	Pharmacological treatments

	Recording of physiological data with wearables
	Ethics and confidentiality
	Strengths & Limitations

	Heart Rate Variability: a Promising Biomarker in Bipolar Disorder
	Heart Rate Variability
	Studies into Bipolar Disorder
	Bayesian vs Frequentist Statistics
	Bayesian Inference
	Assessing Evidence in a Bayesian Framework

	The paper: Does heart rate variability change over acute episodes of bipolar disorder? A Bayesian analysis.

	Aligning mood states detection to psychiatry modus operandi
	Inferring Mood States with Wearables and AI
	A Clinically Meaningful Label
	Time-Series Classification with Machine Learning
	Recurrent Neural Networks
	Transformers

	The paper: Automated mood disorder symptoms monitoring from multivariate time-series sensory data: getting the full picture beyond a single number

	Self-supervised Learning Mitigates the Annotation Bottleneck
	The lack of labelled data cripples supervised and transfer learning
	Self-supervised learning
	Generative
	Contrastive
	Fine-tuning vs Linear Readout
	Foundation Models

	The paper: Wearable Data From Subjects Playing Super Mario, Taking University Exams, or Performing Physical Exercise Help Detect Acute Mood Disorder Episodes via Self-Supervised Learning: Prospective, Exploratory, Observational Study

	Conclusions
	Limitations
	Brief recording sessions
	Lack of hard outcomes
	Generalization across subjects

	Future Directions

	Bibliography
	




