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Abstract

Within mental health disorders, mood disorders describe those that have a significant
impact on an individual’s emotional state. These disorders represent a leading cause of
disability worldwide and can have a severe impact on an individual’s quality of life,
including frequently reported problems with diurnal patterns of rest and activity. As a
result, sleep and activity patterns represent a target for future phenotypic markers and

therapies, but further investigation is required.

Given the heterogeneity of symptoms, it is helpful to consider rest-activity patterns within
sub-groups of mood disorders. Typically, these disorders are grouped into depressive
disorders (characterised primarily by low mood or anhedonia) and bipolar disorders
(characterised primarily by feeling unusually hyper or irritable, often with depressive
episodes). Less acknowledgement has been given to a potential third group, unipolar
mania, who experience episodes of mania but not depressive episodes. Within common
diagnostic criteria (DSM-5 and ICD-11) unipolar mania is grouped with bipolar-I disorder,
yet the limited research available suggests considerable differences in demographics and
outcomes. Combining bipolar disorder and unipolar mania groups may be contributing to

the variability of research findings in this area.

This thesis investigates the relationship between rest-activity thythms and mood disorders
in a large UK-based population (UK Biobank). Through a combination of statistical and
machine learning methods it aims to (a) investigate whether these rhythms can help us
validate the nosological status of unipolar mania; (b) characterise rest-activity rhythm
differences in these mood disorder groups, including seasonal patterns; (c) determine how
accurately mood disorder groups can be differentiated using rest-activity measures; and (d)

compare rest-activity measures in criteria-driven vs data-driven mood disorder groupings.
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Chapter 1

1.1 Mood disorders

1.1.1 An introduction to mood disorders

Mood disorders describe psychiatric conditions that primarily affect a person’s emotional
state. Whilst there are many disorders contained within this category, major depressive
disorders (MDD) and bipolar disorders (BD) are most prevalent and are therefore of high
priority within the mood disorder research community; BD is estimated to affect 1% of the
population, whilst depressive disorders are estimated to affect 3.8% making them a leading
cause of disability worldwide (Institute of Health Metrics and Evaluation, 2019; McIntyre
et al., 2020; Merikangas et al., 2007).

In clinical diagnostic manuals such as the Diagnostic and Statistical Manual of Mental
Disorders, MDD is characterised by an extensive period (approximately 2 weeks or more)
of low mood, irritability, and/or anhedonia (a lack of pleasure derived from activities that
were previously enjoyed). This is accompanied by a range of other psychophysiological
symptoms including poor concentration, excessive guilt, hopelessness, suicidal thoughts,
sleep disruption, changes in appetite or weight and changes in energy levels. The life
course of MDD may take the form of a single acute episode (sMD) or recurring episodes
(rMD), with recurrence estimated to affect 40-60% of first episode MDD patients. Whilst
little is understood about the factors leading to recurrence, it has been associated with a
more severe symptom profile, post-episode residual symptoms, family history of MDD and
social avoidance (Fava et al., 2010; Lewinsohn et al., 2000; Lye et al., 2020; Monroe &
Harkness, 2022).

BD is differentiated from MDD by the presence of episodes of mania or hypomania and
often, but not always, the depressive episodes described above. Manic episodes involve a
period of feeling extremely happy/excited or irritable to the extent that it affects a person’s
ability to perform normal day-to-day activities, and can include symptoms such as
increased activity levels, talkativeness, risk-taking, and reduced sleep. Whilst manic
episodes are severe and often result in hospital admission, hypomanic episodes are milder
and often shorter in duration; this presence of manic or hypomanic episodes is the main

differentiator of the BD subtypes type 1 (BD-I) and type 2 (BD-II) respectively (Carvalho
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et al., 2020; Mclntyre et al., 2020). Despite exhibiting less severe manic symptoms,
bipolar-II is associated with frequent depressive episode recurrence and high rates of
disability and therefore still represents an important subgroup within BD (Rosa et al.,

2010; Vieta et al., 1997).

1.1.2 Mood disorder diagnosis and heterogeneity

Due to the high levels of symptom overlap between rMD, sMD and BD, timely and
accurate diagnosis proves difficult for researchers and clinicians. The classification of
these disorders (also known as psychiatric nosology) is primarily done with reference to
the criteria outlined in The Diagnostic and Statistical Manual for Mental Disorders, 5
edition (DSM-5) or International Classification of Diseases, 11" edition (ICD-11). Whilst
the BD criteria are identical across both, there is a minor difference in the MDD diagnosis
criteria; namely that ICD-11 lists hopelessness about the future as a symptom and DSM-5
does not (First et al., 2021). Despite this high level of cross-diagnostic-criteria agreement,
reliability and validity of diagnosis are still questionable and addressing this remains a

priority within mood disorder research (Ratheesh et al., 2023; Regier et al., 2013).

A key issue with mood disorder heterogeneity is the vast number of potential symptom
profiles that exist within these mood disorder groups. For example, within DSM-5 there
are potentially more than 1000 different symptom and severity combinations that would
lead to MDD diagnosis, over 100 of which have been observed clinically (Ratheesh et al.,
2023). Furthermore, in a wide range of measurements from genetics through to treatment
response, analysis has often identified multiple different profiles (or sub-groups) within
these mood disorder groups suggesting that current definitions of BD and MDD may
actually be capturing a variety of individual disorders (Almeida et al., 2020; Gildengers et
al., 2012; Nguyen et al., 2022). Recently, dimensional approaches to the study and
classification of psychiatric disorders have been gaining popularity in an effort to address
these issues; two proposed frameworks include the Research Domain Criteria (RDoC)
framework and the Hierarchical Taxonomy of Psychopathology (HiTOP) framework
(Conway et al., 2019; Cuthbert, 2015). These frameworks focus on the underlying
biological and behavioural systems leading to psychopathology without the confinement of

traditional categorical diagnoses.
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1.1.3 Unipolar mania

One under-researched group that may be contributing to the heterogeneity of BD are those
with unipolar mania or hypomania (UM). These patients experience manic episodes like
their BD counterparts, but not major depressive episodes. Despite this, under current DSM-
5 and ICD-11 criteria they are categorised as having bipolar-I disorder (Angst et al., 2020).
This is because, for many people presenting with an initial manic episode, this is later
followed by one or more major depressive episodes over the lifetime (BD). Some
epidemiological studies have suggested that between 0.18% and 3.1% of the population
may present with unipolar mania, however these studies are severely limited by
insufficient follow-up length and recall bias with respect to mild depression episodes
(Angst et al., 2019; Beesdo-baum et al., 2009; Merikangas et al., 2012). Despite this, a
review of the limited available evidence suggests that UM diagnosis remains stable for
many, and likeliness of a diagnosis change to BD decreases with the number of manic

episodes (Angst & Grobler, 2015).

Whilst research featuring UM is limited, there is some evidence to support clinical
population differences between UM and BD. Clinical sample size for UM is a recurring
problem in the research and this was addressed by Angst et al. (2018) by pooling nine
epidemiological studies, resulting in the largest UM study to date (UM(N)=304) (Angst et
al., 2019). Results from this, and additional studies, suggest that UM is more frequent in
males than females, whilst the proportion of each sex affected in BD is approximately
equal (Angst et al., 2019; Baek et al., 2014). UM was also associated with a reduced risk of
co-morbid conditions including suicide attempts, anxiety disorders, drug-use disorders and
eating disorders when compared to BD. Family history, anxious temperament and onset
age did not differ between BD and UM. Hyperthymic temperament did not differ either;
however, other findings have found an increased risk of hyperthymic temperament in UM

(Perugi et al., 2007).

Additional differences have been identified in smaller studies. UM appears to be more
frequent in non-western countries including Nigeria, Ethiopia, South Africa, Tunisia, India
and Hong Kong, and as such has been retained as a distinct disorder within the Chinese
Classification of Mental Disorders (Angst & Grobler, 2015; Y.-F. Chen, 2002; S. Lee & Yu,

1994). There is some evidence to suggest this may be partly due to increased stigma and
16
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discrimination, resulting in reduced reporting of depression and other mental health
concerns (Krendl & Pescosolido, 2020). Manic episodes also appear to be more frequent in
UM when compared to BD (Stokes et al., 2020). Treatment response differences are
unclear, with some finding no differences and others noting a decreased response to lithium

(the widely accepted gold standard for BD treatment) (Stokes et al., 2020; Yazici, 2014).

1.1.4 A note on co-morbid anxiety disorders

Whilst not classified as a mood disorder, anxiety disorders are frequently reported to co-
occur with mood disorders. A meta-analysis of mood and anxiety disorder comorbidity
estimates that having either anxiety disorder or BD increases the probability of developing
the other 7.8-fold, whilst having either anxiety or MDD increases the probability 13.8-fold
(Saha et al., 2021a). In comparison to having just one, comorbid mood and anxiety
disorders are linked to a more severe illness trajectory, increased suicidal risk, substance
use, and treatment resistance (Gaudiano & Miller, 2005; Melton et al., 2016; Rohde et al.,
2001; Saha et al., 2021b). Anxiety disorders are not the focus of this thesis, but the role of

co-morbid anxiety is further explored in chapter 6.

1.2 Circadian disruption & mood disorders

1.2.1 Chronobiological underpinnings of mood disorders

No single mechanism exists to explain mood disorders, but one promising area of research
involves the role of circadian disruption. In mammals (including humans), the molecular
clock network regulates the 24-hour rhythm through a variety of clock genes which are
expressed in most cells throughout the body (Takahashi, 2015). These genes can sustain
their own autonomous rhythms but are synced throughout the body by a ‘master clock’, the
suprachiasmatic nucleus (SCN) located within the anterior hypothalamus. The SCN and
other regional clocks throughout the nervous system take cues from the environment, so
called ‘external zeitgebers’ that keep the 24-hour rhythm in line with the surrounding
natural environment. The most impactful external zeitgeber for the SCN is light, but
regional areas may rely more on others including food intake, exercise, and temperature,

which can lead to desynchrony between these central and peripheral clocks (Heyde &
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Oster, 2019). Chronobiological theories of mood disorders suggest that de-regulation of
either the master clock or regional clocks results in disturbances to clock-regulated outputs
including dopamine, serotonin, cortisol, melatonin and inflammation; and this in turn
contributes to the biological, physiological and behavioural changes identified in mood
disorders (McCarthy et al., 2022). These theories are supported by evidence that mood
disorder symptoms improve following circadian rhythm stabilisation, for example through
the use of bright light therapy which can be used to advance or delay circadian timing
(McClung, 2007). Notably, there is some evidence suggesting that this relationship may be
bi-directional as mood disorder symptoms have been linked to increased risk of future

circadian disruption (Doane et al., 2015).

The sleep-wake cycle is closely linked to the circadian rhythm and is widely accepted to
consist of two processes: regulation by the circadian clock as described above, and
homeostatic sleep pressure (Borbély, 1982). Homeostatic sleep pressure builds
exponentially throughout time spent awake and decreases exponentially when asleep
(Wirz-Justice, 2006). Whilst the circadian clock and homeostatic sleep pressure are
independent processes, there is evidence that they influence each other. For example, when
homeostatic sleep pressure is high, external zeitgebers such as light may have less

influence on the circadian clock (Deboer, 2018).

1.2.2 Measurement of circadian disruption: self-report measures

There has long been a link between circadian disruption and mood disorders in humans
which can be observed at every level from genetics to behaviour. The importance of this
relationship is highlighted by its inclusion within the RDoC framework as part of the
arousal and regulatory systems domain, consisting of three related sub-units: arousal,
circadian rhythms, and sleep-wakefulness (Feld & Feige, 2021). Whilst understanding
these three sub-units at all levels is necessary to build a complete understanding of
circadian disruption in mood disorders, behavioural and self-report measurements are an

attractive option as they are often cost effective and minimally invasive for participants.
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1.2.2.1 Self-report measures

A popular self-reported phenotype for circadian timing is chronotype which describes the
timing of an individual’s sleep-wake cycle. Whilst the exact categorisation differs
depending on measurement technique, this phenotype involves identifying individuals with
a preference for morning activity (so-called ‘larks”) and those with a preference for
evening activity (‘owls’). Well established chronotype questionnaires include the Munich
Chronotype Questionnaire which focuses on actual sleep and activity timing (Roenneberg
et al., 2003), and the Horne-Ostberg Morningness-Eveningness Score which is more
concerned with preferential sleep and activity timing (Horne & Ostberg, 1976), both of
which have shown high levels of correlation with each other (Zavada et al., 2005). Whilst
chronotype determines when a person prefers to sleep and when they are at their cognitive
and physical peak, this is rarely accounted for in natural environments which can lead to a
social jet-lag effect (Farkova et al., 2021). This social jet-lag is thought to be a contributing
factor in the association between late chronotype and poor health outcomes, including
higher levels of fatigue (Farkova et al., 2021); higher body mass index (Arora & Taheri,
2015); increased nicotine, alcohol and caffeine consumption (Hasler et al., 2013; Wittmann
et al., 2010); poorer exam performance (Zerbini et al., 2017); and increased risk of type-2

diabetes when compared to earlier chronotypes (Tan et al., 2020).

Notably, late chronotype has repeatedly been associated with increased risk of mood
disorders, though the direction of this effect is still unclear. This includes a spectrum of
depression symptoms, from increased depressive symptom severity in healthy subjects to
clinical cases of MDD (Antypa et al., 2016; Au & Reece, 2017; Bauducco et al., 2020;
Kiveli et al., 2018). Many findings also report increased propensity for late chronotype in
BD, however these reports are mixed. Some evidence suggests that late chronotype may be
associated with increased risk of depressive episodes and not (hypo)manic episodes, yet
others have found that BD-I and BD-II are both equally likely to have late chronotype
compared to matched control participants (Melo et al., 2017; Romo-Nava et al., 2020;
Wood et al., 2009). Two published studies have investigated chronotype in a UM group
and found increased morningness in the UM group when compared to a BD group (Chang
et al., 2023; Mittal et al., 2013). These findings point towards a relationship between

polarity and chronotype in BD, but further research is required.
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There are some limitations to consider with the use of chronotype and other self-report
measures of rest-activity rhythms. Most methods do not account for variable rhythms,
including workday and weekend differences in sleep timing and seasonal changes. They
may also be affected by reporting bias. Despite this, they have shown strong correlation
with objective measures of rest-activity thythms and show good stability over 2-year

periods (Murray et al., 2020).

1.2.2.2 Behavioural measures

Objective behavioural measures address some of the limitations of self-report
measurements such as chronotype. In diurnal rest-activity measurement, actigraphy is
commonly utilised due to its ability to track sleep and activity in naturalistic conditions
with relatively low impact on the wearer (Murray et al., 2020). This usually involves a
participant wearing a research-grade accelerometer on their wrist to measure acceleration,
frequency, and direction of movement; however, the increasing public use of personal
activity trackers is prompting research into the viability of using these devices too (Cho et
al., 2020; Van Til et al., 2020). Summary statistics are then derived from this information,
providing objective measures of sleep (sleep timing, duration and efficiency), activity
(average acceleration, moderate and vigorous physical activity), thythm variability
(relative amplitude, interdaily stability, intradaily variability) and circadian rhythm
parameters (phase, amplitude) (Nelson, 1979; Van Someren et al., 1999). These measures

and their derivations are described in further detail in the methods chapter (chapter 2).

As with the self-reported measures above, actigraphy studies have also identified
associations between rest-activity disruption and mood disorders. Less differentiation
between active and inactive periods within a day (as measured by relative amplitude) have
been found in both MDD and BD groups when compared to healthy control groups,
suggesting they exhibit low activity levels throughout the day and/or disrupted sleep (Lyall
et al., 2019). These differences are also related to increased symptom severity in MDD
(Difrancesco et al., 2022). A recent systematic review and meta-analysis of actigraphy for
mood disorder categorisation found that, when compared to healthy control groups, BD
was associated with significant differences in sleep measures including sleep onset,
duration, and efficiency, and that this persisted in euthymic states (Tazawa et al., 2019). In
contrast, these pervasive sleep differences were not found in MDD groups (with the

exception of decreased sleep efficiency) suggesting that actigraphy-measured rest-activity
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profiles may be able to differentiate between mood disorders. This relationship is further
supported by the many studies that have found improvements in rest-activity rhythm
following treatment for mood disorders, including increased levels of daytime activity and
sleep efficiency (Burton et al., 2013). No published studies have assessed rest-activity
rhythms via actigraphy in UM; however, sleep duration, quality and activity level
differences have been observed during manic episodes in BD (Lahti et al., 2009; Ortiz et
al., 2021). Sleep reduction has been theorised as a key pathway to mania with evidence that
manic episodes can be triggered by enforcing reduced sleep, but the relationship between

sleep duration and UM requires further research (Wehr, 1992).

Whilst actigraphy can provide an objective measure of diurnal rest-activity rhythms, this
methodology also comes with limitations. Measurement length is limited by battery life
and researchers must balance this with measurement resolution (Murray et al., 2020). User
error, discomfort or technical problems can result in poor quality data, and so appropriate
quality-control checks are necessary. Objective measures may also overlook an important
aspect of rest-activity rhythm disruption in mood disorders; an actigraphy study that
included self-report questions found that lower physical activity and later phase were more
common in MDD when compared to controls, but only in the actigraph measures.
Conversely, significant sleep differences were found in MDD, but only in self-report
measures (Difrancesco et al., 2019). This highlights the benefits of including both

objective and subjective measures of activity and sleep.

1.2.3 Incorporating seasonality

Seasonal changes are strongly implicated in both mood disorder and circadian research. In
geographic areas with changeable climates, both sleep and activity are influenced by
seasonal and environmental factors including daylight hours, temperature, and weather
(Ferguson et al., 2023; Friborg et al., 2012; Tucker & Gilliland, 2007). Mood disorder
symptoms and episodes also appear to have a seasonal element, with major depressive
episodes peaking in winter months and manic episodes peaking in non-winter months
(Akhter et al., 2013; Medici et al., 2016; Patten et al., 2017). One published study has
assessed seasonality in UM using the Seasonal Pattern Assessment Questionnaire, a

questionnaire designed to quantify seasonal mood and behavioural changes (Mittal et al.,
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2013). UM participants were found to exhibit lower levels of seasonality when compared

to a BD group, but further research is required to confirm this finding.

Table 1-1 Key circadian terms used within this thesis.

Term Description
Chronobiology The study of biological rhythms.
Circadian rhythm The daily cycle of processes within the (human) body that

occur approximately every 24 hours.

Sleep-wake cycle

Closely related to the circadian rhythm, this describes the
resulting cycles of alertness and sleepiness that occur

approximately every 24 hours.

Diurnal rest-activity

Like sleep-wake cycles this refers to cycles of alertness
and sleepiness that occur approximately every 24 hours,
but specifically for organisms where alertness is highest
during the daytime and sleepiness is highest during the

night.

Chronotype

This describes the timing preference for a person’s
activity and sleep and can be a behavioural phenotype

for circadian rhythm timing.

Social jet-lag

Irregular rest-activity patterns as a result of a person's
daily schedule not being adequately aligned to their
chronotype.

Actigraphy/accelerometery

A popular method for measuring naturalistic rest-activity

rhythms in humans. An actigraph (accelerometer) is worn

by the participant and continuously measures movement.

1.3 Key gaps in the literature

The heterogeneity of symptom profiles within mood disorders is a key focus within the

psychiatric research community as reducing this could potentially improve the timing and

accuracy of diagnosis, treatment selection, and identification of relevant biomarkers and

behavioural phenotypes. UM is currently included within BD in DSM-5 and ICD-11, and
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as a result we have insufficient knowledge of UM within the context of other mood
disorder groups (rMD, sMD and BD) and healthy controls. Existing studies focused on

UM are often clinic-based, have small sample sizes, and have not been replicated.

Circadian disruption is repeatedly observed in mood disorders and increasing our
understanding of this relationship may lead to the development of better therapies and
identification of biomarkers and behavioural phenotypes. However, we currently have a
limited understanding of these rhythm differences in rMD, sMD and BD, and no reliable
understanding of rest-activity rhythm differences in UM. Furthermore, differences in

methodology make comparisons between studies difficult.

Both mood disorders and diurnal rest-activity rhythms are associated with seasonal factors.
Whilst the season of measurement is often accounted for in mood disorder and circadian
research, few studies set out to specifically describe or quantify these seasonal patterns, nor
to incorporate wider seasonal measures such as meteorological factors. Differences in
seasonal and meteorological conditions at the time of measurement may be contributing to

the mixed findings in the literature.
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1.4 Thesis aims and contributions

Increasing our understanding of circadian disruption in mood disorders may contribute to
the development of targeted treatment and diagnostic tools, increasing quality of life for
those affected. Unfortunately, mood disorder research is currently hindered by the

heterogeneity problem and this thesis aims to address that as follows:

1. This thesis aims to investigate the nosological status of UM using behavioural and
self-report phenotypes of circadian rhythms in a large population-based dataset

(chapter 3).

2. It aims to characterise rest-activity rhythms in rtMD, sMD, BD and UM, and any

associated seasonal patterns (chapter 4).

3. It aims to investigate the extent to which any rest-activity and seasonal differences
are unique to a specific mood disorder group and potential discriminatory value

(chapter 5).

4. Finally, it assesses remaining mood disorder heterogeneity by comparing rest-
activity rhythms in (a) mood disorders groups based upon established DSM-5
criteria and (b) data-driven mood disorder groups based upon reported symptom

profiles (chapter 6).

Addressing these aims provides novel findings that will contribute significantly to our very

limited understanding of UM and its role in mood disorder heterogeneity.
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Chapter 2

Data description and key methods.
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2.1 Overview

The following provides a detailed description of the datasets used in this thesis; UK
Biobank and HadUK-Grid. It also describes the methodology used to identify probable
mood disorder groups and measurements of rest-activity rhythms, both of which are key
features in subsequent analysis chapters. Additional analysis-specific methodologies are

described within each relevant chapter.

2.2 UK Biobank

2.2.1 Dataset description

UK Biobank is a large-scale data resource containing a wide range of detailed health and
biomedical data for approximately 500,000 volunteers. Participants were UK residents and
aged 37-73 years old at the time of recruitment. Data collection began in 2006 and covers a
wide range of questionnaires and physical assessments including, but not limited to,
lifestyle and demographic questionnaires, mental health questionnaires, physical activity
monitoring, brain imaging, cognitive testing, and genetics. Baseline assessments and
subsequent in-person assessments were administered at one of 22 assessment centres
throughout the UK, apart from brain imaging which was administered at one of 4

assessment centres. Some follow-up assessments were administered online/remotely.

All participants who opted to join UK Biobank provided written, informed consent, and
had the option of being removed from this study at any time. UK Biobank has generic
ethical approval from the Northwest Multi-centre Research Ethics Committee (ref
11/NW/03820). The analyses in this thesis were performed under UK Biobank project
approvals 6553 (PI Smith), 26209 (PI Wyse), 54772 (PI Lyall) and 17689 (PI Lyall).
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2.2.2 ldentifying probable mood disorders in UK Biobank

2.2.2.1 Probable mood disorder criteria

For the analysis in this thesis, it was necessary to identify participants with a probable

mood disorder; unipolar mania (UM), bipolar disorder (BD), recurrent major depression

(rMD) and single episode major depression (sMD). Potential sources included

questionnaires in which participants answered a variety of questions related to mental

health, self-reported diagnosis provided during the interview section of each assessment

centre, and linked hospital records which included primary or secondary diagnosis for

hospital in-patients. The questionnaires were chosen as they encapsulated a wider pool of

participants, including those that may not have sought formal diagnosis or those with sub-

threshold mania symptoms (hypomania).

Two mental health questionnaires (MHQ) are available within UK Biobank, both of which

contain information on depressive and manic symptoms. The touchscreen MHQ was

administered to a subset of participants at baseline (2006 onwards, 231,287 participants)

and at subsequent in-person follow up sessions (up to 3 follow-up sessions at the time of

writing). A separate sample of 172,966 participants voluntarily took part in a more

comprehensive MHQ in 2016 which was completed remotely online. Both the touchscreen

and online MHQs contained questions related to depression and mania, however the

following differences existed:

1)

2)

3)

Possible mania symptoms in the touchscreen questionnaire included: being more
active than usual, more talkative than usual, less sleep required than usual and more
creative than usual. The online questionnaire had a more extensive list of possible
mania symptoms which included those listed above and additionally: more restless
than usual, racing thoughts, easily distracted, and more confident than usual.
Mania/hypomania duration within the touchscreen questionnaire included: less than
a week, less than a week but more than two days, a week or more. In the online
questionnaire the options were less than 24 hours, more than one day but less than
one week, and a week or more.

Within the touchscreen questionnaire participants could only report the key
depressive symptoms which are feelings of depression or anhedonia (unenthusiastic
or disinterested in things that are usually enjoyed). In the online questionnaire

participants could report depression and anhedonia, but also weight changes, sleep
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changes, feeling of worthlessness, difficulty concentrating, and an increase in
thoughts related to death.

4) During the touchscreen questionnaire, the full depression questionnaire was only
available to participants that answered ‘yes’ to experiencing feelings of depression
or anhedonia for 1+ week, whereas the depression section of the online
questionnaire required participants to have experienced feelings of depression or
anhedonia for 2+ weeks.

5) Within the touchscreen questionnaire participants were asked if they had “ever seen
a general practitioner (GP) for nerves, anxiety, tension or depression”, whereas in
the online questionnaire they were asked if they had “told a professional about
these problems (medical doctor, psychologist, social worker, counsellor, nurse,

clergy, or other helping professional)”.

As the questions within the online MHQ are more extensive than those of the touchscreen
MHQ), the online MHQ was the preferred source when identifying probable mood disorder.
However, the touchscreen MHQ has been used to identify probable mood disorder
elsewhere and contains an acceptable level of detail (Smith et al., 2013). Therefore, where
the online MHQ had been completed this was used to identify probable mood disorder, and
where it had not been completed the most recent completed touchscreen questionnaire was

used in its place.

Figure 2.1 provides a detailed summary of the criteria for each probable mood disorder. In
short, the questionnaires were used to identify participants that had experienced probable
episodes of (hypo)mania or depression, and probable mood disorder was categorised based
on the combination and recurrence of these episodes; UM for 1+ episodes of mania or
hypomania and no depression episodes; BD for 1+ episodes of mania or hypomania and 1+
episodes of major depression; rMD for 2+ episodes of depression and no episodes of mania
or hypomania; sMD for 1+ episodes of depression and no episodes of mania or hypomania.
This criteria approximates the Diagnostic and Statistical Manual of Mental Disorders, fifth
edition (DSM-5) criteria for these diagnoses as closely as possible within the confines of

the available questions.
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B) Probable mood disorder criteria

A) Probable mood disorder episode(s) criteria

Online Questionnaire

Touchscreen Questionnaire

Online Touchscreen
(Primary source) (Secondary source) @i Ot
N N Total N
Has felt hyper/manic or Has felt hyper/manic or
Probable mania argumentatlve/untabie for 1+ weeks argumentatlve/untabie for 1+ weeks
TR 3 or more symptoms 3 or more symptoms
P Symptoms caused problems with daily Symptoms caused problems with daily Probable mania episode(s) OR probable
activities activities Probable hypomania episode(s) _
“:::’::il:' ; ; —_— 1,234 336 1,570
Probable Has felt hyper/manic or Has felt hyper/manic or UM) Probable single o depl;esswe eplspde
hypomania argumentative/irritable for 2+ days argumentative/irritable for 2+ days % probable recurring major depressive
episode(s) 3 or more symptoms* 3 or more symptoms* episodes
Probable single major depressive episode
OR probable recurring major depressive
Probable no N Tl st o Never felt hyper/manic or Pl:‘i::::::e il
(hypo)mania e argumentative/irritable for 2+ days disorder AND 5,519 1,195 6,714
episode(s) g (BD) —
Probable mania episode(s) OR probable
Had feelings of depression and/or LD GEse)
Had feelings of depression and/or anhedonia for 1 week
Probable single anhedonia for 2+ weeks Reported 1 period of depression and/or Probable Probable recurring major depressive
maior de resfive Reported 1 period of depression and/or anhedonia for 1+ weeks Eecurning episodes
i P anhedonia for 2+ weeks Longest period of major 22.784 16,744 39528
episode o . . d " 5 3 )
5 or more symptoms depression/anhedonia lasted 2+ weeks EDECSSIVE
Professional informed about symptoms GP or psychiatrist seen for disorder Probable mania episode(s) OR probable
nerves/anxiety/tension/depression (rMD) hypomania episode(s)
Had feelings of depression and/or
i Probable
Had feelings of depression and/or Ehen i 1 week. ingl Probable single major depressive episode
a Reported multiple periods of single
Probable anhedonia for 2+ weeks A q isod
o q q q q depression and/or anhedonia for 1+ episode 10.987 5.443 16,430
recurring major Reported multiple periods of depression fle e > g g
depressive and/or anhedonia for 2+ weeks T &
episo des 5 or more symptoms* Longest period of disorder Probable mania episode(s) OR probable
P = re Symp! depression/anhedonia lasted 2+ weeks (sMD) hypomania episode(s)
Professional informed about symptoms A
GP or psychiatrist seen for
nerves/anxiety/tension/depression Probable Probable no (hypo)mania episode(s)
control AND probable no major depressive 55,020 48,332 103,352
Probable no . . q q cpisodels)
e G Never had feelings of depression and/or Never had feelings of depression
q anhedonia for 2+ weeks and/or anhedonia for 1 week
episode(s) Total N - 95,544 72,050 167,594
* Mania and depression symptoms for the online q i ire and een q ire are listed in section 2.2.2.1

Figure 2.1: Criteria for probable mood disorder episodes (A) which are subsequently combined to identify probable mood disorders (B)
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2.2.2.2 Exclusions

Participants that met the following criteria were excluded from the analysis in this thesis;
severe neurological diagnoses, brain injury, schizophrenia, sleep apnoea or insomnia, or a
main job that involved shift-work. Severe neurological diagnoses, brain injury,
schizophrenia, sleep apnoea and insomnia were based on illnesses reported by participants
during the verbal interview at assessment centres and coded by trained medical
professionals (UK Biobank Field ID 20002). This included stroke, transient ischaemic
attack, subdural haemorrhage/haematoma, subarachnoid haemorrhage, neurological
injury/trauma, infection of nervous system, brain abscess/intracranial abscess, encephalitis,
meningitis, chronic/degenerative neurological problem, motor neurone disease, multiple
sclerosis, parkinsons disease, dementia/alzheimers/cognitive impairment, epilepsy, head
injury, other demyelinating disease (not multiple sclerosis), cerebral aneurysm, cerebral
palsy, other neurological problem, brain haemorrhage, spina bifida, ischaemic stroke,
fractured skull/head, meningioma/benign meningeal tumour, and benign neuroma. Shift-
work was reported by participants during the touchscreen questionnaire at assessment
centres (UK Biobank Field ID 826). In total 23,290 participants were excluded
(UM(N)=257, BD(N)=1,284, tMD(N)=6,294, sMD(N)=2,360, Control(N)=13,095).

2.2.3 Subjective rest-activity measures

Participants were asked about their sleep characteristics and rest-activity rthythms as part of
the assessment centre touchscreen questionnaire. This included information on sleep
duration, difficulty getting up in the morning, chronotype, sleeplessness, snoring and
napping, however this thesis focused specifically on sleep duration, difficulty getting up,
chronotype and sleeplessness for analyses that included subjective rest-activity rhythms

(Table 2.1).
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Table 2-1: Subjective rest-activity measures featured in each analysis chapter.

Chapter 3 Chapter 4 Chapter 5 Chapter 6
Sleep duration vk - v vk
Chronotype vk - v v
Difficulty getting up v - v vk
Sleeplessness v - - -

* measure was refined, as described below.

Sleep duration was assessed by asking participants to report the approximate number of
hours of sleep they get in every 24-hour period, including naps (UK Biobank Field ID
1160). Participants were asked to confirm if they entered low or high values (< 3 hours

or > 12 hours), and durations < 1 hour or > 23 hours were excluded by UK Biobank. 3,327
participants answered ‘do not know’ or ‘prefer not to answer’ and were subsequently
excluded in analyses using this measure. In the analysis for chapter 3 and 6 this measure
was further categorised into short (< 7 hours), regular (7-9 hours), and long sleep duration

(> 9 hours) (Kyle et al., 2017).

To measure chronotype participants were asked to choose which describes them best:
‘definitely a morning person’, ‘more a morning than evening person’, ‘more an evening
than morning person’, or ‘definitely an evening person’ (UK Biobank Field ID 1180).
63,130 participants answered ‘do not know’ or ‘prefer not to answer’ and were
subsequently excluded in analysis using this measure. For chapters 3 and 6 participants
choosing ‘more morning than evening person’ and ‘more evening than morning person’

were combined to create an ‘intermediate’ group (Taillard et al., 2003).

Participants were asked to report how easy they find it to get up in the morning on an
average day: ‘not at all easy’, ‘not very easy’, ‘fairly easy’, or ‘very easy’ (UK Biobank
Field ID 1170). 1,015 participants answered ‘do not know’ or “prefer not to answer’ and
were subsequently excluded in analyses using this measure. In chapter 6 this was
dichotomised to a difficult (‘not at all easy’ and ‘not very easy’) and not difficult (‘fairly

easy’ and ‘very easy’) group.
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Participants were also asked whether they have difficulty falling asleep (or staying asleep)
to measure sleeplessness and insomnia (UK Biobank Field ID 1200). Available options
were ‘never/rarely’, ‘sometimes’ or ‘usually’. 612 participants answered ‘prefer not to

answer’ and were excluded from analysis using this measure.

Figure 2.2 shows the distribution of time differences between subjective rest-activity
measurement and the MHQ used to derive probable mood disorder category. Subjective
rest-activity measures were taken from the baseline assessment centre touchscreen
questionnaire. There is no time difference for those who only participated in an MHQ
during the baseline assessment centre, and the maximum time difference is 16.92 years for

those who completed a follow-up touchscreen MHQ or online MHQ.

Time difference between MHQ and subjective rest-activity measures

=]

Time difference (years)

) @

~ - A

Control um BD D sMD
Probable Mood Disorder Group

Figure 2.2: Time difference between MHQ and subjective rest-activity measures.
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2.2.4 Objective rest-activity measures

2.2.4.1 UK Biobank accelerometer study

An accelerometer is a microelectromechanical system that measures accelerations in
relation to the Earth’s gravitational field, and outputs a three-dimensional time series of
accelerations (up-down, left-right and back-forward) measured in gravitational units (g)
(Karas et al., 2019). Given their small size and ability to capture large amounts of data with
limited impact on the user, they are widely used to objectively assess naturalistic physical

activity and sleep in population studies (Doherty et al., 2017; Strath et al., 2013).

Between May 2013 and December 2015, 103,720 UK Biobank participants took part in an
additional accelerometery study. Participants received an Axivity AX3 wrist-worn triaxial
accelerometer by mail, sampled at 94-104Hz with a dynamic range of £8 g, and were asked
to wear this on their dominant wrist for a 7-day period whilst continuing with their normal
activities. Upon return of the device, the raw data was processed in line with the
processing-plan devised by the UK Biobank Physical Activity Expert Working Group (full
information available at

https://biobank.ndph.ox.ac.uk/ukb/ukb/docs/Physical ActivityMonitor.pdf). Briefly, pre-
processing included device calibration to local gravity, identification of any recording
errors, and resampling to 100Hz. Following this, all three axes were combined to one
acceleration measurement (calculated as the Euclidean norm of the 3 axes), machine noise
was removed from this value using a Butterworth low pass filter (20Hz cut-off), and this
was then summarised to five-second long epochs. Non-wear periods were defined as
stationary episodes lasting 60 minutes or more, and participants that had less than 3 days’

worth of data were removed.

2.2.4.2 Accelerometer derived rest-activity measures
The analyses in this thesis used summarised rest-activity measures that were derived from

the pre-processed 5-second epoch acceleration values (Table 2.2). Mean sleep duration and
efficiency were derived by Jones et al. using GGIR Version 1.5-17 in R (Jones, van Hees,
et al., 2019); Average acceleration, relative amplitude, interdaily stability, intradaily
variability, phase and amplitude were derived by Wyse et al. (2018, unpublished) using
Clocklab Version 6 (Actimetrics). Additional ‘other’ variables were derived as part of the

analysis for chapter 5.
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Table 2-2: Objective rest-activity measures featured in each analysis chapter.

Chapter 3 Chapter 4 Chapter 5 Chapter 6
Mean sleep duration vk 4 4 v
Mean sleep efficiency 4 v 4 v
Average acceleration v - v v
Relative amplitude 4 v v v
Interdaily stability v v v v
Intradaily variability 4 v v v
Phase - v v -
Amplitude - - v -
Other - - v -

* measure was refined, as described below.

For sleep duration and efficiency, Jones et al. estimated sleep period time windows (SPT-
window) by re-estimating the z-angle (representing the dorsal-ventral direction) from the
acceleration data for 5-minute rolling windows across each 24hr measurement period. This
allowed them to identify periods of movement and non-movement, with non-movement
being defined as periods below the 10™ percentile. Periods of non-movement lasting 30
minutes or more, and that were less than 60 minutes apart, were combined to define the
start and end of a SPT-window. Within the SPT-window, periods of inactivity that lasted 5
minutes or more and had no z-angle movement greater than 5 were totalled to get a daily
sleep duration, and these were averaged across the 7-day measurement period to get mean
sleep duration. In chapter 3 sleep duration was modified to 3 groups in line with adult sleep
duration recommendations: short (mean sleep duration < 7 hours), regular (mean sleep
duration 7-9 hours), and long (mean sleep duration > 9 hours) (Chaput et al., 2018). Sleep
efficiency was calculated as the daily sleep duration divided by the daily SPT-window, and
this was also averaged across the 7-day measurement period to get mean sleep efficiency

(Jones, van Hees, et al., 2019).

Relative amplitude (RA), interdaily stability (IS) and intradaily variability (IV) are non-

parametric measures that describe rhythm variability (Van Someren et al., 1999). RA
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describes the ratio of activity between the most active 10-hour period (M10) and least
active 5-hour period (L5) of a day:

_ (M10 - L5)

RA= (M10 + L5)

RA ranges from 0 to 1 with higher values representing higher levels of distinction between
active and rest periods, and lower values possibly indicating lower levels of daytime
activity and/or disturbed sleep. In this thesis RA is the mean of the RA values from all

measured days.

IS quantifies the stability of rest-activity rhythms across multiple days, where 7 is the total
number of acceleration measures, p is the number of acceleration measures per day, X, are
hourly mean accelerations, X is the mean acceleration across all days, and X; is the

acceleration at an individual sampling point:

IS = n25=1(X_h_ ‘i?)z

IS ranges from 0 to 1 with higher values representing a more stable rhythm and better

coupling to external zeitgebers.

IV describes the fragmentation of the rest-activity rhythm within a given day, where 7 is
the total number of acceleration measures, X is the mean acceleration across all days, and

X; is the acceleration at an individual sampling point:

n2?=2(Xi - Xi—1)2

V= a-DyLo - X7

IV ranges from 0 to 2+, with higher values representing more fragmentation which can
signify disturbed sleep or periods of low activity throughout the day. In this thesis IV is the

mean of the IV values from all measured days.

Phase and amplitude are calculated using cosinor analysis, a parametric method for
estimating characteristics of a circadian rhythm that involves fitting continuous cosine
functions to observed data using regression (Suibkitwanchai et al., 2020). Phase describes

the timing of peak activity in any 24-hour period (lower values representing earlier
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timing), whilst amplitude describes the peak activity level itself (higher values representing

higher activity levels).

A range of additional measures were derived from the accelerometer data for chapter 5
including differences between weekday and weekend activity levels, periods of moderate-
to-vigorous-activity, and mean acceleration at various times of day. These are described in

further detail within chapter 5.

Figure 2.3 shows the distribution of time differences between accelerometery derived rest-
activity measures and the MHQ used to derive probable mood disorder category. This
ranges from -6.52 years (MHQ was completed before the accelerometery study) to 9.71
years (MHQ was completed after the accelerometery study).

Time difference between MHQ and objective rest-activity measures

Time difference (years)

Control um 8D ™D sMD
Probable Mood Disorder Group

Figure 2.3: Time difference between MHQ and objective rest-activity measures.
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The distribution of time differences between subjective and objective measures of rest-
activity are shown in Figure 2.4. Participants took part in the accelerometery study

between 2.79 and 9.69 years after the baseline assessment centre.

Time difference between objective and subjective rest-activity measures

Control ul BD o SHD
Probable Mood Disorder Group

Time difference (years)

Figure 2.4: Time difference between objective and subjective rest-activity measures.

2.2.5 UK Biobank strengths and limitations

UK Biobank provides the unique opportunity to assess a wide variety of objective and
subjective rest-activity rhythm outcomes in a large sample of UK adults. The inclusion of
high-quality accelerometer data and comprehensive questionnaire data covering mental
health, subjective sleep and activity, and lifestyle preferences allows for novel
investigations into the relationships between these factors. However, there are some
limitations; the UK Biobank cohort are not adequately representative of the UK adult
population as they are older, healthier, and more highly affluent. As described in sections
2.2.3 and 2.2.4, there are varying time differences between rest-activity measures and the
criteria used to determine probable mood disorder category. Additionally, it is not possible

to assess mood state for probable mood disorder groups at the time of rest-activity
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measurement in this dataset. Finally, whilst the range of questions included within the
mental health questionnaires allowed for criteria that approximates clinical diagnostic
criteria (section 2.2.2), these questionnaires were not administered by a professional and

are therefore of limited clinical validity.

2.3 HadUK-Grid

2.3.1 Dataset description

HadUK-Grid (version 1.1.0.0) was made available in 2018 by the Met Office Centre for
Environmental Data Analysis and provides meteorological information dating from 1862
to the present day. This information is collected from up to 600 weather stations across the
UK, however this varies by time and measure. Regression and interpolation were applied
to this station data to generate meteorological values for 1km x 1km grid areas across the
UK, accounting for latitude, longitude, altitude, terrain shape, coastal proximity, and urban
land use. This is described in further detail here:
https://www.metoffice.gov.uk/binaries/content/assets/metofficegovuk/pdf/weather/learn-

about/uk-past-events/papers/monthly gridded datasets uk.pdf.

Grids are provided on daily, monthly, seasonal, and annual timescales and include
precipitation, air temperature, sunshine, sea level pressure, wind speed, humidity, vapour

pressure, lying snow and ground frost.

2.3.2 Data linkage and measures

Meteorological data files were downloaded for each measure of interest, and each year of
accelerometery wear (2013, 2014 and 2015). Each file contained a 3-dimensional array of
meteorological measurements; the x and y axes represented 1km easting and northing grid
points (900x1450), and z-axis represented time (e.g. 12 for a monthly resolution). Figure
2.2 shows the x and y axes of the sunlight-hours measure plotted for a specific z-axis

‘slice’ (January 2013).
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Figure 2.5: Sunshine hours from HadUK-Grid for January 2013.

For meteorological measures of interest (hours of sunshine, days of ground frost and
precipitation), the HadUK-Grid data was linked to the UK Biobank data based on the
approximate latitude and longitude of the participants’ home address (converted to easting
and northing) and the start date of accelerometer wear, using the ‘sp’ (version 1.6-0) and

‘raster’ (version 3.6-20) packages in R.

Precipitation (mean rainfall, mm) was the highest resolution meteorological measure, with
daily data available. This was averaged over the 7-days of accelerometer wear, and a lag
variable was also calculated for the 7-days prior to accelerometer wear. Sunshine (mean
hours) and ground frost (mean days) were provided on a monthly basis. The monthly
average corresponding to the month in which accelerometer wear was started was used,

and a lag variable for the prior month was also included.
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Chapter 3 The nosological status of unipolar mania and
hypomania within UK Biobank according to objective and
subjective measures of diurnal rest and activity.
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3.1 Introduction

There is longstanding debate about whether individuals who experience episodes of mania
or hypomania in the absence of depressive episodes (so-called unipolar mania, UM) should
be considered as nosologically distinct from individuals with bipolar disorder (BD).
Currently, both DSM-5 and ICD-11 incorporate UM as part of bipolar-I disorder (Angst et
al., 2020). It has been suggested that including UM within BD hinders research on the
pathophysiology of mania and increases heterogeneity within BD research (Angst, 2015).

Studies comparing characteristics of UM groups to BD groups are relatively rare, but some
work suggests that there may be differences in both demographic and lifestyle factors, as
well as mental health outcomes. For example, the sex distribution in BD is approximately
equal but UM may be more common in males (Angst et al., 2019; Baek et al., 2014).
Individuals with UM tend to experience more manic episodes than those with BD but have
similar treatment and self-harm characteristics (Stokes et al., 2020). People with UM may
also have less social disability and higher scores for hyperthymic temperament (Perugi et
al., 2007). In contrast, some studies have found UM groups to be at higher risk of
hospitalisation, greater use of medications and worse overall functioning compared to BD
(Andrade-Nascimento et al., 2011). BD tends to be associated with a higher risk of
comorbid Attention Deficit Hyperactivity Disorder (ADHD) and anxiety disorders than
UM (Andrade-Nascimento et al., 2011; Baek et al., 2014). Overall, low participant
numbers in these studies make it difficult to identify consistent and objective biological

and/or phenotypic markers that might differentiate between UM and BD.

One area that may provide new insights on biological or phenotypic markers is sleep and
circadian rhythm function. A large body of research has highlighted associations between
disturbed circadian rhythms and mood disorders, particularly BD (Benard et al., 2019; H.-
J. Lee et al., 2013; Lewis et al., 2017; McClung, 2013). Morningness-eveningness
preference (chronotype) is a behavioural phenotype for circadian rhythm timing which has
good reproducibility over time (Kantermann & Eastman, 2018; Murray et al., 2020),
although subjective measures such as chronotype are more prone to reporting bias than
objective measures such as actigraphy. Although findings are mixed overall, multiple
studies have identified chronotype differences between BD and control groups, with later

chronotype (a preference for evening activity) more commonly observed in people with
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BD, even before the onset of illness (Alloy et al., 2017; Seleem et al., 2015). The
relationship between chronotype and UM has not yet been investigated in detail, but one
study found no difference in chronotype preference between participants with sub-
threshold mania and controls (Giglio et al., 2010). Mania is more typically examined in the
context of BD where published findings have shown that chronotype differences exist
regardless of polarity or mood state in BD (Alloy et al., 2017), and that late chronotype is

associated with a more depressive course of BD (Vidafar et al., 2021).

Actigraphy can provide an objective and naturalistic approach to measuring diurnal
patterns of rest and activity. A small activity monitor, usually worn on a wrist, measures
acceleration, frequency and direction of movement (Murray et al., 2020). Actigraph studies
have identified aberrant rhythms of rest and activity in BD (Alloy et al., 2017; Melo et al.,
2017). This includes lower activity levels throughout the day, longer sleep duration (but
more disturbed sleep), and a less stable daily rhythm compared to controls. No studies to
date have explicitly compared actigraphy measures in UM versus BD, but there is
inconsistent evidence of associations between manic episodes and changes in objectively
measured sleep duration, sleep quality and activity levels (both increases and decreases
have been reported) (Beiwinkel et al., 2016; De Crescenzo et al., 2017; Lahti et al., 2009;
Ortiz et al., 2021; Torous & Powell, 2015).

We set out to test for similarities and differences between UM, BD, and a non-mood
disordered comparison group within the large UK Biobank cohort, making use of a broad
range of demographic, lifestyle and mental health outcomes and with a particular focus on
objective and subjective measures of diurnal patterns of activity and sleep. Our primary
hypothesis was that individuals with UM would have a different profile of sleep and timing

of diurnal rest/activity compared to individuals with BD.
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3.2 Methods

3.2.1 Participants

We used data from UK Biobank which comprises of a range of data on health, lifestyle,
demographics and physical characteristics from over 502,000 UK residents. These tests
and questionnaires were administered at testing centres across the UK from 2006 onwards
and included questionnaires relating to mental health, and (for a subset of participants,
N=103,617) data from wrist-worn accelerometers. Participants who self-reported severe
neurological diagnoses, brain cancer/injury, personality disorder, psychosis, schizophrenia,
sleep apnoea/insomnia, or a main job that involved shift-work were excluded from the

analysis (N=29,522).

3.2.2 Probable mood disorder criteria

Participants were provided with a touchscreen mental health questionnaire within which
there were five mania specific questions (this questionnaire was introduced part way
through UK Biobank recruitment and so was only administered to a subset of participants,
N=214,576). Two of these questions identified whether a participant had a period of
elevated mood or irritability lasting at least two days, and participants only answered the
remaining mania questions if they answered yes to one of these questions. The remaining
three questions assessed symptoms experienced during this time, duration of the episode,
and how problematic the episode was. This questionnaire also assessed depressed mood,
firstly by identifying whether the participant had experienced depressed feelings or
anhedonia lasting 2+ weeks and, if yes, assessing additional symptoms, number of
episodes and how problematic the episode had been. In our analysis, participants were
identified as having probable UM if they answered yes to being irritable or ‘hyper’ for two
days or more and had experienced 3 or more manic symptoms. Participants were
considered to have probable BD if they met UM criteria and additionally met criteria for
single or recurring major depression (yes to 2 or more weeks of depressed feelings or
anhedonia, 5 or more depressive symptoms and a health professional had been consulted
about these symptoms). These criteria resemble the DSM-5 criteria as closely as possible

within the limitations of the questions available within the UK Biobank cohort.
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A subset of UK Biobank participants opted in for completion of a specific mental health
follow-up questionnaire completed online in 2016-2017 (N=157,317). The mania section
of this questionnaire was structured similarly to the baseline touchscreen mental health
questionnaire, although the multiple-choice options for symptoms and duration questions
were slightly different. The online symptoms assessment had eight symptoms whereas the
touchscreen version only had four symptoms. The duration options included ‘less than 24
hours’, ‘more than one day but less than a week’, and ‘a week or more’ (the touchscreen
duration included ‘less than a week’, ‘less than a week but more than two days’, and ‘a
week or more’). Due to the additional level of detail, if a participant had completed this
more comprehensive online questionnaire, the mood disorder criteria were applied from

this assessment rather than from the touchscreen questionnaire.

3.2.3 Measurement of activity and sleep outcomes

Participants who opted into the UK Biobank accelerometer sub-study were provided with
an AX3 triaxial accelerometer (Axivity, Newcastle upon Tyne, UK) and asked to wear this
on their dominant wrist for 7 days. Data collection took place from 2013 to 2016. The UK
Biobank Accelerometer Expert Working Group conducted data pre-processing and
provided acceleration averages which were then used to calculate the following variables
(further details are available at

http://biobank.ctsu.ox.ac.uk/crystal/docs/Physical ActivityMonitor.pdf).

Average Acceleration (AA) is the average level of activity over the full measurement period
(Doherty et al., 2017). Relative Amplitude (RA) is the relative difference between the most
active 10-hour period and least active 5-hour period of a given day, calculated as an
average across all days of available data. Lower RA values suggest disturbed sleep and/or
lower levels of daytime activity. Interdaily Stability (IS) indicates the level of coupling of
activity levels to 24-hour daily patterns. Higher values suggest a regular daily rhythm
whereas lower values indicate more variation in wake-up times or activity levels across
various days. Intradaily Variability (IV) quantifies how fragmented the daily rhythm is,
with higher values suggesting disturbed sleep or periods of inactivity during the daytime.
Further information on the calculation of RA, IS and IV can be found here (Van Someren
et al., 1999). Mean Sleep Duration is the number of hours spent sleeping within the sleep

window (i.e. between going to bed and getting out of bed), averaged across all days of
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wear. Mean Sleep Efficiency quantifies the amount of time spent sleeping as a proportion
of the total sleep window, with higher values suggesting less disturbed sleep. Further
information on the calculation of mean sleep duration and mean sleep efficiency can be
found here (Jones, Lane, et al., 2019). In total 25,388 participants had complete
accelerometer data which passed quality control and met the criteria for either probable

BD, probable UM, or no mood disorder.

As well as the above objective measures, participants at recruitment completed
questionnaires that included questions relating to sleep. This included self-reported average
sleep duration, level of difficulty getting up in the morning (lower values indicated more
difficulty), sleeplessness (higher values indicated more sleeplessness), and chronotype

(higher values indicated more eveningness).

3.2.4 Measurement of mental health and psychological outcomes

The mental health follow-up questionnaire included questions relating to happiness, of
which two were considered: ‘In general how happy are you?’ and ‘In general how happy
are you with your health?’, both of which had options of extremely, very or moderately
happy/unhappy. Within this questionnaire participants also reported whether they had ever
self-harmed and if they had ever experienced anxiety (“a period lasting one month or

longer when most of the time you felt worried, tense, or anxious”).

Within the touchscreen mental health questionnaire, participants reported whether they
considered themselves to be risk-takers. A neuroticism score was also calculated based
upon the answers to twelve questions that cover domains of neurotic behaviour (Smith et

al., 2013).

3.2.5 Additional measures

During the baseline assessment visits participants provided demographic and lifestyle
information including age, sex, ethnicity, educational attainment, smoking status and
alcohol intake. Postcode of residence at the time of the assessment was used to derive
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Townsend deprivation scores. Body-mass index (BMI) was calculated from measurements
of height and weight taken at the time of assessment. Regular prescription medication was
recorded by a trained nurse during the verbal interview section at the assessment centre

and this was summarised into a categorical variable representing psychotropic medication

use if the medication was any of those listed in Supplementary Figure S3.1.

3.2.6 Statistical analysis

Group differences for each variable of interest across each of the mental health groups
(BD, UM, controls) were examined using individual multivariable logistic regression
models. Three group comparisons were performed for each variable of interest: BD vs

UM; UM vs control; and BD vs control.

Continuous relative amplitude, interdaily stability, average acceleration and sleep
efficiency were inverted so that an increased score reflected a more negative outcome, for
consistency with all other comparisons. These continuous variables, along with intradaily

variability, were divided into quintiles due to their narrow ranges.

Both objective and subjective sleep duration were categorised into short (less than 7
hours), regular (between 7 and 9 hours) and long (more than 9 hours), with regular as the
reference category (Kyle et al., 2017). Chronotype was condensed into three categories:
early (“definitely a morning person’), intermediate (‘more morning than evening’ and
‘more evening than morning’) and late (‘definitely an evening person’), with intermediate

as the reference category. Participants who chose not to answer or answered ‘do not know

were excluded.

Objective and subjective sleep duration were compared in a follow-up analysis to assess
whether there were group differences in overestimating or underestimating sleep duration.
These measures are not directly comparable as participants were asked to include daytime
napping in the subjective sleep duration question, but napping is not included within the
objective sleep duration estimate. For this reason participants who reported regular

napping in the multiple-choice questionnaire were excluded. For the remaining participants
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subjective sleep duration was subtracted from objective sleep duration (rounded to the
nearest hour) to estimate the objective/subjective sleep duration difference. If the sleep
duration difference was 0 this was categorised as ‘accurate’. If the difference was greater
than 0 this was categorised as an ‘overestimation’, and less than 0 was categorised as an

‘underestimation’.

General happiness and happiness with health were both condensed into two categories:
happy (‘extremely happy’, ‘very happy’, ‘moderately happy’) and unhappy (‘extremely
unhappy’, ‘very unhappy’, ‘moderately unhappy’). Getting up in the morning was also
condensed into a binary category of not difficult (‘fairly easy’ and ‘very easy’) and difficult
(‘not at all easy’ and ‘not very easy’) with not difficult as the reference category.

Participants who chose not to answer or answered ‘Do not know’ were excluded.

For each of these comparisons the multivariable logistic regression model was both partly
adjusted and fully adjusted. The partly adjusted models included age, sex, Townsend
deprivation score, education level and ethnicity as covariates. The season in which the
accelerometer was worn as a covariate was also included in the partly adjusted model for
objectively measured variables of interest. The fully adjusted models additionally included
BMI, smoking status, alcohol status and psychotropic medication status. Group
comparisons for lifestyle and demographic variables were assessed with one-way ANOVA
for continuous numeric variables and Pearson’s chi-squared test for categorical variables.
All statistical analyses were performed using R version 3.6.1 (R Core Team 2019. R: A
language and environment for statistical computing. R Foundation for Statistical
Computing, Vienna, Austria.). False Discovery Rate (FDR) correction was applied to the
probability values of the fully adjusted models. The acceptable FDR was defined as < 0.05.
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3.3 Results

3.3.1 Demographic/lifestyle comparisons

All assessed demographic variables varied significantly between groups (Table 3.1),
confirming their importance as covariates within the subsequent models. UM participants
were on average younger than control participants but older than the BD group. The UM
group had a higher proportion of male participants, whereas the BD group had more
female participants. The control group had significantly lower Townsend deprivation
scores (indicating greater affluence) and the UM group were more affluent than the BD
group. The BD group were more likely to have a higher BMI than both the UM and control
groups, with the UM group having a higher BMI than the control group. Both the UM and
BD groups had a higher rate of current or past smoking compared to the control group,
with the BD group twice as likely to be current smokers as the UM group. The BD group

were more likely to have given up drinking alcohol than the UM and control groups.

Table 3-1: Descriptive statistics of demographic and lifestyle variables.

Mean (SD) / Percentage (N) Test p Effect
BD UM Control | Statistic | value Size
Age 52.11 54.05 57.06 1030 <0.001 0.031
(7.31) (7.76) (7.56)
Sex - - - 437.99 | <0.001 0.083
Female 61.66 39.12 46.65 - - -
(2,978) (470) (27,166)
Male 38.34 60.83 53.35 - - -
(1,852) (730) (31,072)
Townsend -1.02 -1.71 -2.00 297.6 <0.001 0.009
Score (3.16) (2.82) (2.67)
Education - - - 87.63 <0.001 0.026
Incomplete | 6.15 (295) | 3.60 (43) 8.16 - - -
(4,703)
Compulsory 15.05 12.13 14.45 - - -
(722) (145) (8,336)
Continued | 7.36 (353) | 6.95 (83) 6.07 - - -
(3,498)
College 29.14 28.28 27.07 - - -
(1,398) (338) (15,612)
University 42.31 49.04 44.25 - - -
(2,030) (586) (25,521)
Ethnicity - - - 77.01 <0.001 0.025
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White 96.30 95.82 97.06 - - -
(4,637) (1,146) | (56,374)
Mixed | 1.14 (55) | 0.59(7) | 0.37 (214) - - -
Asian or Asian | 0.98 (47) | 1.42 (17) | 0.98 (569) - - -
British
Black or Black | 0.85(41) |0.92(11) | 0.84 (489) - - -
British
Chinese | 0.17 (8) 0.17(2) | 0.27 (159) - - -
Other Ethnic | 0.56 (27) | 1.09 (13) | 0.48 (277) - - -
Group
BMI 27.81 27.25 26.53 217.3 <0.001 0.007
(5.19) (4.36) (4.14)
BMI (>=18.5 & 25.33 25.58 25.16 18.21 <0.001 0.001
<30) (2.68) (2.57) (2.59)
Smoking Status - - - 764.26 | <0.001 0.077
Never 48.18 55.63 61.46 - - -
(2,321) (667) (35,714)
Previous 37.16 37.03 33.05 - - -
(1,790) (444) (19,206)
Current 14.66 7.34 (88) 5.50 - - -
(706) (3,194)
Alcohol Status - - - 287.36 | <0.001 0.047
Never | 2.45 (118) | 2.08 (25) 3.01 - - -
(1,753)
Previous | 5.59 (270) | 2.58 (31) 1.91 - - -
(1,114)
Current 91.96 95.33 95.07 - - -
(4,438) (1,144) | (55,330)
Any - - - 906.47 | <0.001 0.119
Psychotropic
Medication
Yes | 3.77 (182) | 0.33(4) | 0.33 (191) - - -
No 96.23 99.67 99.67 - - -
(4,648) (1,196) | (58,047)

3.3.2 Mental health and psychological comparisons

As expected, both mood disorder groups had poor mental health/psychological outcomes

compared to the control group (Figure 3.1; Table 3.2). This included greater levels of

reported anxiety (BD vs Control OR=47.97, 95% CI=44.03, 52.30; UM vs Control

OR=3.01, 95% CI=2.54, 3.56; BD vs UM OR=15.47, 95% CI=12.93, 18.59). The anxiety

results are not included within Figure 3.1 due to scale differences - the ORs were very high

due to much higher proportions of BD and UM reporting anxiety compared to controls

(Table 3.2). For most measures, the BD group were more likely to report a negative
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outcome, followed by the UM group. The only exception to this was risk-taking behaviour,
where both the UM and BD groups were more likely to declare themselves risk-takers than

controls (but were not different from each other).

Happiness
- General

Happiness
— Health

Group Comparison
BD vs Control
* -4~ BDvsUM
UM vs Control

Mental Health Measures
Neuroticism

RN SN I I

Risk
Taking

Self-Harm

10 15
Odds Ratio (95% Confidence Interval)

Figure 3.1: Group comparisons of mental health and psychological variables.

Odds Ratios and their 95% Confidence Intervals for measures related to mental health and
psychological outcomes. Anxiety is not included in this figure due to the difference in

scale. Higher odds ratios reflect a more negative outcome.
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Table 3-2: Descriptive statistics of mental health, sleep, and activity.

Measure BD UM Control
Sample | Mean (SD) | Sample | Mean (SD) Sample | Mean (SD)
Size ! % (N) Size ! % (N) Size ! % (N)
General 4632 80.03% 1151 96.52% 51651 98.95%
Happiness (3707) (1111) (51109)
Happiness 4691 70.33% 1150 87.22% 51667 93.97%
with Health (3299) (1003) (48552)
Neuroticism 3989 | 6.95(3.27) | 1038 | 4.35(3.13) | 49685 | 2.54(2.55)
Risk Taking 4629 39.34% 1158 43.52% 55974 24.65%
(1821) (504) (13798)
Self-Harm 4674 17.86% 1151 3.82% 51685 0.79%
(835) (44) (406)
Anxiety 4210 74.16% 1123 15.41% 51100 5.71%
(3122) (173) (2917)
Relative 1889 0.86 495 0.86 23004 0.87
Amplitude (0.07) (0.07) (0.06)
(RA)
Average 1889 28.40 495 29.29 23004 28.32
Acceleration (8.72) (8.22) (8.23)
(AA)
Interdaily 1889 0.53 495 0.53 23004 0.54
Stability (IS) (0.13) (0.14) (0.13)
Intradaily 1889 0.92 495 0.92 23004 0.93
Variability (0.24) (0.27) (0.25)
av)
Sleep 1889 0.76 495 0.75 23004 0.76
Efficiency (0.08) (0.08) (0.07)
Objective 1889 - 495 - 23004 -
Sleep
Duration
<7 hours - 36.95% - 42.42% - 33.45%
(Short) (698) (210) (7695)
7 - 9 hours - 61.04% - 57.17% - 65.05%
(Normal) (1153) (283) (14964)
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> 9 hours - 2.01% - 0.40% - 1.50%
(Long) (38) 2) (345)
Subjective 4771 - 1189 - 57443 -
Sleep
Duration
<7 hours - 29.78% - 24.81% - 19.27%
(Short) (1421) (295) (11068)
7 - 9 hours - 68.06% - 74.26% - 80.01%
(Normal) (3247) (883) (45960)
> 9 hours - 2.16% - 0.93% - 0.72%
(Long) (103) (11) (415)
Sleeplessness | 4775 | 2.20(0.69) & 1191 | 2.02(0.71) = 57486 | 1.89 (0.72)
Difficulty 4773 29.54% 1191 15.45% 57498 10.84%
Getting Up (1410) (184) (6233)
Chronotype 4429 - 1105 - 50918 -
Early - 24.43% - 29.86% - 26.91%
(1082) (330) (13704)
Intermediate - 61.14% - 59.46% - 65.76%
(2708) (657) (33483)
Late - 14.43% - 10.68% - 7.33%
(639) (118) (3731)

3.3.3 Objective activity and sleep assessments

Figure 3.2 shows the odds ratios and confidence intervals for the objective measures of
activity and sleep (AA, IS, IV, RA, and Sleep Efficiency quintiles). IS did not differ in any
of the comparisons, suggesting that all three groups had a similar level of rhythm stability
across the seven measured days. Both mood disorder groups had more defined activity and
rest periods within each day compared to the control group, as shown by IV, however this
effect was only significant for the UM group. Despite better IV, the BD group had lower
RA than both the control and UM groups, suggesting less differentiation between periods
of sleep and activity in this group. Comparison of AA shows that the BD group had lower
overall levels of activity than the control group, whilst the UM group had higher levels of
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activity than the control group. Both mood disorder groups also exhibited lower sleep
efficiency (more disturbance during the sleep period) compared to the control group,

although this difference was only significant for the BD group.

Interdaily
Stability

Intradaily
Variability

1 | BD vs Control
! | -4~ BDvsUM
UM vs Control

Acceleration

Objective Activity/Sleep Measures
Mean

Relative
Amplitude

Sleep
Efficiency

09 1.0 11
0Odds Ratio (95% Confidence Interval)

Figure 3.2: Group comparisons of objective measures of rest and activity.

Odds Ratios and their 95% Confidence Intervals for objectively measured sleep and

activity variable quintiles.

3.3.4 Objective and subjective sleep duration

Figures 3.3 and 3.4 show the logistic regression results for objective and subjectively

Group Comparison

|

measured sleep duration. A very small number of participants in the UM group met criteria

for long sleep duration (> 9 hours; objective sleep duration N=2, subjective sleep duration

N=11), so Fishers Exact Test was used for those group comparisons instead of logistic

regression (Supplementary Table S3.1).
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Having a long sleep duration, as derived from the 7-day accelerometer data, was more
likely in the BD group than both UM and control groups. The UM group were more likely

to have a shorter average sleep period (< 7 hours) than the control group.

As with the objective measure, BD was associated with longer subjective sleep duration.
However, although only UM was associated with short sleep duration on the objective
measure, both UM and BD were associated with short subjective sleep duration compared
to controls. It is worth noting that these findings are not directly comparable as they were

derived from different (but overlapping) populations.

Group Comparison

BD vs Control

Obj Sleep Duration (Long)

4~ BDvsUM
UM vs Control

Objective Sleep Duration

Obj Sleep Duration (Short)

15 20
Odds Ratio (95% Confidence Interval)

Figure 3.3: Group comparisons of objective sleep duration.

Odds Ratios and their 95% Confidence Intervals for objectively measured sleep duration.
Short sleep duration is defined as < 7 hours and long sleep duration is defined as > 9 hours.
Groups are compared to a reference group that averaged 7-9 hours of sleep over the period
of accelerometer wear. Long sleep comparisons involving the UM group are not included

due to small group numbers.
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Group Comparison

Sub Sleep Duration (Long)

BD vs Control
4~ BDvsUM
UM vs Control

Subjective Sleep Duration

Sub Sleep Duration (Short)

1 2 3
Odds Ratio (95% Confidence Interval)

Figure 3.4: Group comparisons of subjective sleep duration.

Odds Ratios and their 95% Confidence Intervals for subjectively measured sleep duration.
Short sleep duration is defined as < 7 hours and long sleep duration is defined as > 9 hours.
Groups are compared to a reference group that reported 7-9 hours of sleep. Long sleep

comparisons involving the UM group are not included due to small group numbers.

In a follow-up analysis, group differences in the accuracy of reported sleep duration were
assessed. Table 3.3 summarises the differences in observed and subjectively estimated
sleep duration within the UM, BD and control groups. The UM group were most likely to
overestimate sleep duration and the BD group were most likely to underestimate sleep

duration. As shown in the multinomial logistic regression analysis (Supplementary Table

S3.2), the UM group had an increased likelihood of incorrect estimation (both under- and
overestimation) compared to the control group, whereas the BD group only exhibited an

increased risk of underestimation compared to controls.
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Table 3-3: Group comparisons of the difference between objective and subjective

sleep duration.

Test statistics are paired samples t-values comparing the mean difference between

objectively and subjectively measured sleep duration for each group. Subjective

estimations are classed as “accurate” if they are equal to the objective sleep duration

(derived from accelerometer wear data, rounded to the nearest hour).

UM BD Control
Mean Difference (Minutes) 5.8 17.3 7.2
Test statistic 1.332 6.666 12.165
p value 0.184 <0.001 <0.001
r? 0.219 0.090 0.156
Underestimated (%) 40.19 43.36 36.51
Accurate (%) 30.23 32.72 37.76
Overestimated (%) 29.58 23.92 25.73

3.3.5 Subjective activity and sleep comparisons

The mood disorder groups reported more difficulties with sleep than the control group. As

seen in Figure 3.5, both the BD and UM group were more likely to report disturbed sleep
and difficulty getting up, but the BD group reported this to a greater extent than the UM

group. This was also true for late chronotype, however early chronotype (a preference for

activity in the morning) was reported more often in the UM group compared to both

control and BD groups.
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Figure 3.5: Group comparisons of the difference between subjective measures of
activity and sleep.

Odds Ratios and their 95% Confidence Intervals for self-report measures of sleep and

activity.
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3.4 Discussion

Categorical classifications are useful in clinical settings and account for a small number of
changes to rest and activity rhythms when classifying bipolar disorders. However, the
significant overlap between bipolar disorder categories and high heterogeneity within these
groups has inspired interest in dimensional approaches to understanding these groups
(Phillips & Kupfer, 2013). Approaches such as the Hierarchical Taxonomy of
Psychopathology (HiTOP) and Research Domain Criteria Initiative (RDoC) aim to address
this issue by encouraging research into underlying biological and behavioural systems of
psychopathology (Conway et al., 2019; Cuthbert, 2015). RDoC specifically identify ‘sleep-
wakefulness’ as of interest in psychiatric illness, and the findings above consider

behavioural and self-report aspects of this domain.

Overall, several of the findings described above are of interest with respect to similarities
and differences between UM and BD in terms of mental health, wellbeing, sleep and
activity characteristics. The UM group had a higher proportion of males than the BD
group, in keeping with other reports (Angst et al., 2019; Baek et al., 2014). It is well
established that depression affects more females than males, however it is also possible
that the UM group may have experienced some sub-threshold depressive symptoms (Angst
et al., 2004). Other demographic characteristics also support previous findings, including
higher levels of educational attainment in the UM group. Although a limitation of UK
Biobank is the low heterogeneity in reported ethnicity, there was a greater proportion of
‘Asian or Asian British’ ethnicity reported within the UM group. This may be consistent
with some reports that rates of UM and mania-predominant BD are higher in South Asia

(Angst & Grobler, 2015; Subramanian et al., 2017).

Across all mental health and wellbeing measures, both BD and UM groups reported more
negative outcomes compared to controls. Although the BD group generally had worse
outcomes than the UM group, this was not true for risk-taking where UM and BD groups

were comparable.

Both mood disorder groups reported worse outcomes than controls on sleep and activity.

As with the mental health outcomes, the BD group reported the worst outcomes, followed
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by the UM group. An exception to this was reported chronotype. Late chronotype (a
preference for evening activity) was more likely in BD than healthy controls, consistent
with previous findings (Giglio et al., 2010; Kanagarajan et al., 2018; Melo et al., 2017).
However, the UM group were more likely to report both early and late chronotypes. The
literature suggests that late chronotype may be related to more severe depressive episodes
and a reduction in manic episodes (Vidafar et al., 2021), and that episodes of mania are
related to an advance in phase (Moon et al., 2016), which broadly supports the relationship
between UM and early chronotype. Early chronotype preference may therefore be a useful

distinguishing feature of UM.

There were differences in sleep duration between UM and BD. Sleep duration was
measured both subjectively as part of a questionnaire, and objectively during the 7-day
accelerometer assessment. Findings relating to sleep duration in BD in other studies have
been mixed (Geoffroy et al., 2015; Meyer et al., 2020; Ng et al., 2015) and we found that
this may be due to measurement method: the BD group were more likely to have a longer
sleep duration (more than 9 hours) in both the objective and subjective measures compared
to both UM and controls. However, the BD group were also more likely to report a short
sleep duration (less than 7 hours) in the subjective measure which was not supported by the
objective measure. The BD group also experienced lower levels of sleep efficiency
suggesting that they experience overall poor sleep quality. A follow-up analysis comparing
the difference between objective and subjective sleep duration across groups found that the
UM group were more likely to overestimate their sleep duration than the BD or control
group. Both mood disorder groups were also more likely to underestimate sleep duration

compared to controls.

Sleep duration in UM has not been extensively studied, but loss of sleep is an important
trigger for mania in BD (Leibenluft et al., 1996), and increased sleep duration can
contribute to improvements in manic symptoms (Galynker et al., 2016). We found that
short sleep duration was more likely in UM, whether self-reported or objectively assessed.
Although the timing of episodes of mania and depression were not known for these group,
the subjective measures were not limited to any specific time period, suggesting that
chronic sleep disturbances may persist regardless of proximity to an episode of mania

and/or depression.
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Although objective measures of sleep and activity had a similar pattern of negative
outcomes for both mood disorder groups, average activity levels may represent a useful
differentiator between UM and BD. The UM group demonstrated higher levels of average
activity than both BD and controls. A more detailed investigation of temporal daily activity
patterns could lead to specific markers of individuals at greater risk of BD or UM and help

to target the most appropriate interventions (Krane-Gartiser et al., 2018).

Whilst rest-activity outcomes are usually assessed in relation to depressive or manic
episodes, in this analysis the timing of episodes of mania and depression were not known
for these groups and the subjective measures were not limited to any specific time-period.
This suggests that chronic changes to sleep and activity may persist regardless of proximity
to an episode of mania and/or depression which has implications for future study design

and disease management.

Dimensional approaches to understanding (hypo)mania in absence of depressive symptoms
at a genetic level have suggested that mania and depression represent two distinct pathway
(Merikangas et al., 2014), but little is known about UM at a behavioural level. The above
findings suggest that negative sleep, activity and mental health outcomes appear to be
transdiagnostic across BD and UM, however by analysing a variety of these outcomes in a
large non-clinical population we have found evidence of key differences that may support
UM being nosologically distinct. This supports further research into dimensional

approaches to classification at a behavioural level.

We acknowledge some limitations to this work. The UK Biobank cohort are older,
healthier and somewhat more affluent than the general population, so there may be issues
relating to representativeness and our method of classifying BD and UM mood disorder
categories was based on self-report measures rather than formal clinical assessments. We
acknowledge that these groups are not identical to unipolar mania or bipolar disorder as
defined in the DSM or ICD classifications. The nature of the large data collections within
UK Biobank was such that a formal diagnostic interview was not feasible. Our groups
were therefore constructed as pragmatic proxies of diagnoses, making use of all the

available self-reported questionnaire data within the dataset.

60



Chapter 3

There are varying levels of time between self-report measures and accelerometer measures,
as these were administered separately between 2013 and 2017. Further, the UM sample
size was relatively small compared to BD and healthy controls and the UM group mostly
satisfied criteria for hypomania rather than mania. However, the strengths of this study
include the relatively large samples and the comprehensive phenotyping information that
was available, including high quality objective (actigraph) measures of rest/activity

rhythmicity.
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3.5 Conclusions

We identified negative outcomes in mental health, activity and sleep in both BD and UM
groups compared to controls. For most measures, the BD group had worse outcomes,
perhaps suggesting that UM is a less severe subgroup of BD. However, there were some
key differences between UM and BD groups that provide some support for UM as
nosologically distinct, specifically: a much higher proportion of males; an early chronotype
preference; significantly shorter objective sleep duration; and increased levels of activity.
We conclude that these findings may have implications for the assessment, classification
and treatment of patients who do not experience episodes of major depression but who do

have a history of hypomania and/or mania.
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Chapter4  Seasonal differences in objective rest-activity
profiles across the unipolar-bipolar mood spectrum within
the UK Biobank cohort.
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4.1 Introduction

Within mental health disorders, mood disorders (or affective disorders) describe those that
have a significant impact on an individual’s emotional state. These disorders can be
grouped into depressive disorders (characterised primarily by low mood or anhedonia),
unipolar mania (characterised primarily by feeling unusually hyper or irritable), and
bipolar disorders (frequently a combination of both). Mood disorders represent a leading
cause of disability worldwide and can have a severe impact on an individual’s quality of

life (McIntyre et al., 2020).

Mood disorders are frequently linked with changes to daily activity levels and sleep, and so
these behaviours represent a promising target for diagnosis and treatment options.
Actigraphy involves users wearing a small activity monitor (usually wrist-worn) which
tracks acceleration, frequency, and direction of movement, allowing for non-obtrusive and
objective measurement of activity and sleep (Murray et al., 2020). In a large-scale UK
based study disrupted rest-activity cycles were associated with increased lifetime risk of
both major depressive disorder and bipolar disorder (Lyall et al., 2018). Lifetime
depression and bipolar disorder have also been linked to a wide range of adverse sleep
outcomes, including later bedtime and wake-time, more disturbed sleep, and increased
napping (Wainberg et al., 2021). We have previously identified objective activity and sleep
differences in participants with probable unipolar mania, including higher levels of activity

and shorter sleep duration (chapter 3, Sangha et al., 2022).

In geographic areas that experience seasonal variation in climate, seasonal changes in sleep
and activity levels have been established in studies of the general population. In a large-
scale study based in Canada winter months have been associated with a decrease in self-
reported walking time, whilst self-reported moderate physical activity was higher in
summer (McCormack et al., 2010). Smaller studies using objective measures
(accelerometers) have found light-intensity physical activity is increased in spring and
summer months whilst sedentary behaviour and time in bed is increased in winter
(O’Connell et al., 2014). Middle-aged and elderly populations are at particular risk of
increased sedentary behaviour, and these groups have been assessed in accelerometer
studies including the Rotterdam Study and UK Biobank (Hofman et al., 2015; UK

Biobank, 2016). Within the Rotterdam Study (a middle-aged to elderly population, 50+
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years old) participants’ level of physical activity increased in summer months, but

sedentary behaviours remained stable across seasons (Cepeda et al., 2018). In UK
Biobank, summer was associated with reduced sleep duration and increased energy
expenditure when compared to winter, and spring was associated with a significant

increase in walking time (Willetts et al., 2018).

Whilst there is debate about the diagnostic status of seasonal affective disorder as a
subtype of major depression (Traffanstedt et al., 2016), there is some evidence to support
seasonality in the timing of mood disorder symptoms and episodes. In a large-scale
Canadian study participants aged 12-24 exhibited significant seasonality in depression
symptom reporting (peaking in winter), whereas the 25+ group only showed seasonal
changes in appetite and sleep (also peaking in winter) (Lukmanji et al., 2020). Reported
major depressive episodes have also been found to peak in winter months and are at the
lowest in summer months (Patten et al., 2017). Seasonality of mania symptoms also exists
in the literature, though results are mixed with peaks identified in spring, summer, and
autumn (Geoffroy et al., 2014). In a nationwide Danish study mania-related hospital
admissions were found to peak in summer months (Medici et al., 2016); a large cohort
study in the United States found autumn was associated with increased hypomania in a
bipolar disorder group (Akhter et al., 2013); and in the southern hemisphere hospital

admissions for mania increased in spring (Parker & Walter, 1982).

In this analysis we set out to identify differences between objective rest-activity measures
in control and probable mood disorder groups, within a large UK-based cohort of middle-
aged and elderly adults. Furthermore, we aimed to identify whether these differences are
season specific. Our primary hypothesis was that depression groups would exhibit
increased adverse rest-activity behaviours when compared to the control group in winter,
and the rest-activity profile of bipolar/mania groups would differ from the control group in

non-winter seasons.
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4.2 Methods

4.2.1 Participants

Participants were identified from the UK Biobank in which a wide range of health,
lifestyle, demographic and physical characteristics have been collected from over 502,000
UK residents. Baseline measures were collected between 2006 and 2010 at 22 testing
centres across Britain, including a mental health questionnaire and demographic data
collection. A subset of participants completed a follow-up mental health questionnaire
online between 2016 and 2017 (N=~160,000). Approximately 100,000 participants took
part in a wrist-worn accelerometer study between 2013 and 2015, providing up to 7 days of

data (Doherty et al., 2017).

Participants were excluded from this analysis if they self-reported severe neurological
diagnoses, brain cancer/injury, personality disorder, psychosis, schizophrenia, sleep
apnoea/insomnia, or a main job that involved shift-work (N=29,522). After exclusions,
40,494 participants had valid accelerometery data and met the criteria for either control or

a probable mood disorder based on the criteria specified in section 4.2.2.

4.2.2 Probable mood disorder criteria

Probable mood disorder categorisation was based on answers to the online follow-up
mental health questionnaire where available, as this is the most comprehensive mental
health questionnaire within UK Biobank. Where participants had not completed the online

follow-up, the baseline touchscreen questionnaire was used.

Participants were classified as being in the probable unipolar mania/hypomania (UM)
group if they answered yes to ever being hyper/manic or irritable/argumentative for 2+
days, reported 3 or more symptoms of (hypo)mania, and answered no to the depression
lead question (feeling depressed or anhedonic for 2 or more weeks). To be classified as
probable single episode of major depression (sMD) participants had to report ever feeling

depressed or anhedonic for 2 or more weeks, have 5 or more symptoms, have informed a
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professional about their symptoms, and have had only one episode within their lifetime.
They also had to have answered no to the mania lead question (feeling hyper/manic or
irritable/argumentative for 2+ days). Probable recurring major depression (rMD) required
the same criteria as sMD with the exception that they had to have reported more than one
episode within their lifetime. The probable bipolar disorder group (BD) were defined as
those that met the criteria for both UM and either sMD or rMD, whilst the probable control
group were classified as those that answered no to both the lead mania and lead depression
questions (and therefore all subsequent questions). A total of 24,696 participants met the
criteria for the control group; 9,135 participant met the criteria for rMD; 4,328 participants
met the criteria for sMD; 1,867 met the criteria for BD; and a further 468 met the criteria
for UM.

4.2.3 Objective rest-activity measures

Data collection for the UK Biobank accelerometer sub-study took place between 2013 and
2016, during which time over 100,000 participants were provided with an AX3 triaxial
accelerometer (Axivity, Newcastle upon Tyne, UK) and asked to wear this on their
dominant wrist for 7 days. The UK Biobank Accelerometer Expert Working Group
conducted all data pre-processing and provided acceleration averages (further details are

available at http://biobank.ctsu.ox.ac.uk/crystal/docs/Physical ActivityMonitor.pdf).

Non-parametric calculations are used to derive common measures of rest and activity,
including relative amplitude, interdaily stability, and intradaily variability (Van Someren et
al., 1999). Relative Amplitude (RA) describes the ratio between the activity levels during
the most active 10-hour period and least active 5-hour period of a given day, averaged
across all recorded days. Lower RA indicates lower levels of daytime activity and/or
disturbed sleep. Interdaily Stability (IS) is a measure of how closely activity levels follow
consistent 24-hour daily patterns between days, with higher values suggesting a regular
daily rhythm and lower values indicating more variation in wake times or activity levels
across recorded days. Intradaily Variability (IV) describes how fragmented the daily
rhythm is within a given 24-hour period, averaged across all recorded days. Higher values
suggest disturbed sleep or periods of inactivity during the daytime. Cosinor analysis was
used to derive Acrophase (Phase) which describes the timing of peak activity within a 24-

hour period, averaged across all recorded days. Mean Sleep Duration is the number of
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hours spent sleeping within the sleep window, averaged across all wear days, whilst Mean
Sleep Efficiency is the ratio of time spent sleeping within the sleep window, with higher
values suggesting less disturbed sleep. Further information regarding the derivation of

mean sleep duration and efficiency can be found in chapter 2.

4.2 .4 Lifestyle and demographic measures

Baseline assessment included the collection of demographic and lifestyle measures
including age, sex, and easting and northing coordinates of home location (to 1km
resolution). Ethnicity was converted into a binary variable of ‘white’ and ‘non-white’ due
to small numbers of participants with non-white ethnicities (Lyall et al., 2018). Educational
attainment was condensed into 5 categories: incomplete (‘none of the above’), compulsory
(‘O levels/GCSEs’ or ‘CSEs or equivalent’), continued (‘A levels/AS levels or
equivalent’), college (‘NVQ or HND or HNC or equivalent’ or ‘Other professional
qualifications’) and university (‘College or University degree’). Smoking and alcohol use
status were both categorised into never, previous, or current. Townsend deprivation scores
were derived from the participants’ postcode of residence at the time of the assessment and
assigned to quintile group based on the 2011 census analysis (Yousaf & Bonsall, 2017a).
Body-mass index (BMI) was calculated from the height and weight measurements that

were taken during the baseline assessments.

4.2.5 Statistical analysis

Demographic and lifestyle measures were compared across the 5 participant groups
(controls, UM, BD, rMD and sMD) using one-way ANOVA (continuous) or Pearson’s chi-
squared tests (categorical). Multiple R-squared (continuous) or Cramer’s V (categorical)
are reported for effect size of each comparison. Correlation coefficients are reported for
continuous variables. Median, interquartile range, minimum, maximum and outliers for
rest-activity measures were calculated for each participant group, as were mean rest-

activity values by season.

Participants were split into season of accelerometer wear based on the date that they started

wearing the accelerometer: spring (start date in March, April or May), summer (start date
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in June, July or August), autumn (start date in September, October or November), winter
(start date in December, January, February). Within each season, group differences for
individual rest-activity measures were examined using multivariable logistic regression
models, one for each control group and mood disorder group combination (control & UM,
control & BD, control & rMD and control & sMD). This resulted in 24 group comparisons
for each season (96 comparisons in total). Each multivariable logistic regression model
was adjusted for age, sex, Townsend deprivation score, education level, ethnicity, smoking
status, alcohol status and easting co-ordinate as covariates. RA, IS and sleep efficiency
were inverted so that an increased score reflected a less favourable outcome, for

consistency with all other measures.

All statistical analyses were performed using R version 3.6.1 (R Core Team 2019. R: A
language and environment for statistical computing. R Foundation for Statistical
Computing, Vienna, Austria.). False Discovery Rate (FDR) correction was subsequently
applied to the probability values of the multivariable logistic regression models and the

acceptable FDR was defined as < 0.05.
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4.3 Results

4.3.1 Demographic comparisons

Statistically significant group differences existed across most demographic measures, but
the effect sizes were negligible, except for sex which exhibited a small effect size (Table
4.1). Whilst most mood disorder groups had a higher proportion of female participants
when compared to the control group, the UM group had a higher proportion of male
participants. The UM group were also more likely to have completed university level
education than both other mood disorder groups and the control group. Mood disorder
groups were on average younger, had higher Townsend scores, higher BMI scores and
were more likely to be current smokers than the control group. BD and rMD groups were

more likely to have stopped consuming alcohol than the UM, sMD and control groups.

Season of actigraph wear was distributed similarly for all groups, with a higher proportion
of participants taking part in the summer and autumn months and decreased participation
in the winter and spring months. There was no difference in north-south distribution of
participants across the groups, however the BD group lived further west on average than
the other groups. Whilst the Easting and Northing statistics are useful in evaluating this
data set, the UK Biobank accelerometer study did exclude the Northwest region for a large
part of the project due to potential participant burden, as these participants had been
involved in trials for new UK Biobank projects (Doherty et al., 2017). Easting and
Northing are therefore not an accurate representation of the true geographical distribution

of these groups.
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Table 4-1: Descriptive statistics of demographic variables.

Mean (SD) / Percentage (N) Test Statistic p value Effect
Ctrl UM BD rMD sMD Size
Age 63.68 (7.60) 60.62 (7.95) 58.77 (7.53) 60.71 (7.67) 61.36 (7.51) 418.738 <0.001 0.040
Sex - - - - - 2024.866 <0.001 0.224
Female % (N) | 48.04 (11,864) 41.03 (192) 62.02 (1,158) | 70.99 (6,485) 72.62 (3,143) - - -
Male % (N) | 51.96 (12,832) 58.97 (276) 37.98 (709) 29.01 (2,650) 27.38 (1,185) - - -
Townsend Score -2.04 (2.61) -1.93 (2.74) -1.12 (3.10) -1.35(2.97) -1.79 (2.74) 138.100 <0.001 0.014
Education - - - - - 108.043 <0.001 0.026
Incomplete % (N) 8.50 (2,100) 3.42 (16) 6.59 (123) 6.58 (601) 5.85(253) - - -
Compulsory % (N) | 14.55(3,594) 11.75 (55) 14.62 (273) 14.79 (1,351) 14.72 (637) - - -
Continued % (N) 6.10 (1,506) 6.41 (30) 6.32 (118) 6.96 (636) 6.52 (282) - - -
College % (N) | 26.20 (6,470) 26.28 (123) 28.44 (531) 24.74 (2,260) 27.66 (1,197) - - -
University % (N) | 44.65 (11,026) 52.14 (244) 44.03 (822) 46.93 (4,287) 45.26 (1,959) - - -
Ethnicity - - - - - 8.797 0.066 0.015
White % (N) | 97.08 (23,975) 95.94 (449) 96.46 (1,801) | 97.03 (8,864) 97.60 (4,224) - - -
Non-white % (N) 2.92 (721) 4.06 (19) 3.54 (66) 2.97 (271) 2.40 (104) - - -
BMI 26.35 (4.12) 27.19 (4.09) 27.57 (5.09) 26.91 (4.96) 26.81 (4.76) 57.360 <0.001 0.006
BMI (>=18.5 & <30) 25.05 (2.60) 25.64 (2.53) 25.23 (2.69) 24.94 (2.71) 24.96 (2.67) 9.967 <0.001 0.001
Smoking Status - - - - - 472.680 <0.001 0.076
Never % (N) | 61.94 (15,275) 58.71 (273) 49.36 (920) 53.62 (4,892) 55.82 (2,411) - - -

p Joydeyn



Previous % (N) | 33.58 (8,281) 36.34 (169) 37.71 (703) 38.8 (3,540) 37.62 (1,625) - - -
Current % (N) | 4.47 (1,103) 4.95 (23) 12.93 (241) 7.57 (691) 6.55 (283) - - -
Alcohol Status - - - - - 193.597 <0.001 0.049
Never % (N) 3.14 (776) 2.56 (12) 2.57 (48) 2.93 (268) 2.43 (105) - - -
Previous % (N) 2.22 (548) 2.35(11) 6.21 (116) 4.48 (409) 3.28 (142) - - -
Current % (N) | 94.64 (23,372) 95.09 (445) 91.22 (1,703) | 92.59 (8,458) 94.29 (4,081) - - -
Actigraph Season - - - - - 31.707 0.002 0.016
Spring % (N) | 22.06 (5,448) 21.58 (101) 23.94 (447) 22.16 (2,024) 20.91 (905) - - -
Summer % (N) | 27.00 (6,668) 25.00 (117) 26.41 (493) 28.08 (2,565) 28.05 (1,214) - - -
Autumn % (N) | 28.12 (6,945) 33.33 (156) 28.39 (530) 28.56 (2,609) 29.97 (1,297) - - -
Winter % (N) | 22.82 (5,635) 20.09 (94) 21.26 (397) 21.20 (1,937) 21.07 (912) - - -
Northing 331178 319968 331913 328634 332936 1.325 0.258 0.000
(153208) (152852) (150153) (150887) (150687)
Easting 422370 422581 417680 423574 422727 2.940 0.019 0.000
(68144) (67437) (68809) (68432) (66751)
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4.3.2 Descriptive analysis

Linear correlations between the continuous numerical measures in this analysis,
including the sleep-wake variables of interest and demographic covariates, are shown
in Figure 4.1. The highest levels of correlation were between the sleep-wake variables
themselves, with sleep efficiency and sleep duration being the most strongly correlated
(2= 0.564). Increase in sleep efficiency was also correlated with better RA (= 0.358),
and better IS with better IV (72 = -0.392), though the strength of these correlations is
low. Increases in age were weakly associated with earlier phase (72 = -0.186) and better
IS (2= 0.262), whilst an increased BMI was associated with poorer RA (r>=-0.272).
Correlations between demographic covariates were low except for Northing and
Easting (7> = -0.452) which could adversely affect the stability of a regression model.
Given that Northing was not significantly different between groups (Table 4.1), this

was removed from the regression models as a covariate.
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Figure 4.1: Linear correlations between sleep-wake and demographic variables.

Correlations for each combination of the linear sleep-wake and demographic variables
are shown. The colour and size of each circle represents the size and magnitude of the

correlation coefficient.
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Boxplots were used to visually assess the distribution of the rest-activity variables for
each mood disorder group (Figure 4.2). For each measure the distributions were
broadly similar across all groups, and outliers were common. There was some
indication of possible group differences, such as poorer RA and a delayed phase in the

BD group; and shorter sleep duration and poorer sleep efficiency in the UM group.
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Figure 4.2: Boxplot of rest-activity measures by mood disorder group.

Median, interquartile range, minimum, maximum and outliers are shown for each rest-

activity variable, grouped by probable mood disorder.

Seasonal averages for the rest-activity measures suggested some seasonality may exist
(Figure 4.3). Both the control and mood disorder groups showed seasonal trends in all
measured rest-activity measures, but there were notable diversions from these trends
for some season-group combinations. The seasonal pattern of IV was inverted in BD
when compared to the other groups. The control group had a more prominent difference
in IV in winter than other groups. Groups that include mania (UM and BD) exhibited a
delayed phase in winter whilst depression-only groups (rMD and sMD) showed little
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phase difference, and the control group had an advanced phase. The UM group

demonstrated better sleep efficiency in spring when compared to other groups.

Seasonal Averages of Rest-Activity Measures
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Figure 4.3: Rest-activity averages across seasons.

Mean rest-activity values are shown for each season, with each line/colour representing

a single mood disorder group.

4.3.3 Statistical comparisons of rest-activity measures

Multivariable logistic regression models were used to compare rest-activity measures
between the control group and each mood disorder group (Figure 4.4; full results in

Supplementary Table S4.1). No statistically significant differences were found between

the UM group and control group after multiple comparisons corrections, but there was
a trend towards better rest-activity rhythms in UM, including better IV. The BD, tMD
and sMD groups exhibited significantly different profiles of rest-activity when
compared to controls, which was characterised by delayed phase, poorer RA, longer
sleep duration and poorer sleep efficiency. However, they did also show better [V and a

trend towards better IS.
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Rest-Activity Measure Odds Ratios, Control vs Mood Disorder Groups
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Figure 4.4: Group comparisons of rest-activity measures.

Odds ratios and 95% confidence intervals are shown for each mood disorder group

compared to the control group.

As the descriptive analysis highlighted potential seasonal differences in rest-activity
measures, these were investigated using further multinomial logistic regression models

(Figure 4.5; full results in Supplementary Table S4.1). Rest-activity measures were

compared between each mood disorder group and the control group, and this was
repeated across each season. After adjusting for demographic covariates and correcting
for multiple comparisons, poor IS and IV appeared to have a protective effect in some
seasons. Poorer IS in autumn was associated with a reduced risk of being in the sMD
group when compared to controls; whilst poorer IV was associated reduced risk of

being in the rMD group in summer, and both the rMD and BD groups in winter.
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compared to the control group. These are shown for each rest-activity measure and split

by season of actigraph wear.

A delayed phase was broadly associated with a higher risk of probable mood disorder,

but this relationship appears to have some seasonality. Delayed phase was associated

with an increased risk of rMD across all seasons, but only in spring for sMD, and
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spring, summer, and winter for BD. Similarly, poorer RA was associated with an
increased risk of rMD across all seasons, but only in autumn and winter for sMD, and

spring, autumn, and winter for BD.

Longer mean sleep duration was associated with increased risk of probable rMD across
all seasons but was only associated with an increased risk of probable BD in spring and
summer. Poor sleep efficiency appeared to have a seasonal pattern and was associated
with increased risk of probable BD in spring. Poor sleep efficiency was also associated
with an increased risk of probable rMD in summer and autumn. Probable UM was
associated with better sleep efficiency in spring and poor sleep efficiency in summer
when compared to the control group, but this finding was not statistically significant
after correcting for multiple comparisons, possibly due to this group having a smaller

number of participants than other groups.
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4.4 Discussion

4.4.1 Summary

After controlling for relevant demographic and lifestyle factors and correcting for
multiple comparisons, the UM group did not differ significantly from the control group
on any of the rest-activity measures investigated. The remaining mood disorder groups
(BD, rtMD and sMD) exhibited different profiles of rest-activity when compared to
controls. They had a delayed phase, poorer RA, longer sleep duration and poorer sleep

efficiency. However, they did also show better IV and a trend towards better IS.

The results of this analysis also highlight the impact that season can have on these rest

activity differences; when models were applied to season-specific subgroups, seasonal
differences existed for one or more mood disorder groups in all measured rest-activity
variables. This includes the UM group who exhibited sleep efficiency differences in
spring and summer; however, these differences were not significant after multiple

comparisons corrections, possibly due to small sample size.

We hypothesised that depression groups (BD, tMD and sMD) would have increased
adverse rest-activity outcomes in winter. There were more statistically significant
differences in total between the depression groups and control group in winter (spring =
8, summer = 7, autumn = 7, winter = 9), but individually the BD group had a peak of
differences in spring (5), rtMD in summer (5) and sMD in autumn and winter (2). The
increase in spring for the BD group does support our second hypothesis; that groups
with probable mania symptoms (UM and BD) may have increased rest-activity
differences in non-winter months. With larger sample sizes, this could be further

supported by the UM group differences that were identified in spring and summer.

4 .4.2 Rest-activity profiles

The finding that depression groups show widespread adverse rest-activity differences

supports previous research in this area (Germain & Kupfer, 2008; Lyall et al., 2018).
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These differences appear to be transdiagnostic in nature, as probable mood disorder
group was based on lifetime symptoms and there was a considerable gap between the
mental health questionnaire and the accelerometer study (Wainberg et al., 2021).
Differences were more frequent and of a greater magnitude for severe depression
groups (rMD and BD) in comparison to the less severe depression group (sMD), further
supporting the link between circadian desynchrony and depression outcomes (Hasler et

al., 2010).

IV (fragmentation of 24-hour rest-activity rhythm within a day) and IS (stability of rest-
activity rhythm across days) are typically poorer in depression groups within the
literature (Krafty et al., 2019; Luik et al., 2015). An unanticipated finding in this
analysis is that IV and IS showed a trend of being more stable in the mood disorder
groups when compared to controls. Better IV and IS have previously been associated
with schizophrenia, however these results were not replicated in a depression group
(Berle et al., 2010). IV quantifies the frequency and extent of transitions between rest
and activity periods on an hourly basis, with better IV usually being interpreted as
participants having less daytime napping and/or nocturnal activity (Gongalves et al.,
2014). However, RA in the depression groups was also found to be poorer which
contradicts this finding by suggesting lower levels of daytime activity and/or nocturnal
activity. Furthermore, the reduced sleep efficiency in these groups also supports an
increase in nocturnal activity. Given this combination of findings, it is likely that
depression groups are exhibiting reduced hour-to-hour variability in activity levels, but
that this is comprised of both chronic restless sleeping patterns and low activity levels
throughout the day. This is consistent with common depression symptoms including
reduced motivation and social withdrawal (Saeb et al., 2015; Vallée et al., 2011). The
trend towards better IS in depression groups suggests that this pattern of rest-activity
may persist with little day-to-day variation as opposed to the control group that may
exhibit more variation in daily routine. Whilst higher IS is typically considered
favourable, IS has been found to increase with age as a reflection of a more rigid daily
routine and can indicate reduced social interaction and work-related activity which is
not necessarily a positive outcome (Li et al., 2021). These results highlight the
importance of considering multiple measures in research related to rest-activity

rhythms.
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Whilst these findings generally support disrupted rest-activity rhythms in mood
disorder groups, the UM group exhibited similar rest-activity patterns to the control
group in the non-seasonal analysis. There was a trend towards shorter sleep duration
and better IV, but neither were statistically significant after correction for multiple
comparisons. This finding may be due to the small sample size of the UM group in
comparison to other mood disorder groups. Alternatively, as the UM group are
primarily comprised of participants that meet the criteria for less severe hypomania,
this finding may support the link between circadian desynchrony and symptom severity

(Hasler et al., 2010).

4.4.3 Seasonal rest-activity profiles

As hypothesised, seasonal differences in rest-activity rhythms exist in these mood
disorder groups. The protective effect of IV was most apparent for the more severe
depression groups (rMD and BD) in winter, though the trend persisted during other
seasons. In the non-seasonal analysis, better IV coincided with poorer RA and sleep
efficiency, suggesting that the reduced hour-to-hour variability was being driven by
disturbed sleep and daytime inactivity. However, in the seasonal analysis we found that
better IV in winter coincided with poorer RA but not poorer sleep efficiency, suggesting
that this is being influenced by reduced daytime activity only. Increased sedentary
activity in winter months is pervasive in adult populations, and this finding suggests
that individuals with a lifetime history of depression are at increased risk of this
seasonal behaviour difference (O’Connell et al., 2014). Whilst IV appears to have a
seasonal effect, lower RA in depression groups was pervasive across all seasons. The
exception to this was the sMD group who showed no difference from controls in RA
during summer, suggesting that people with milder symptom profiles may be at

reduced risk of sedentary behaviour during this season.

The phase shift hypothesis associates later onset of morning light with a delayed phase
and increase in depressive symptoms (Lewy et al., 2007). Here, accelerometer-derived
phase was significantly delayed for winter and spring depression groups (BD, rMD and
sMD) when compared to the winter and spring control groups, supporting the
relationship between late light onset and phase delay. However, the phase delay also

existed in seasons with earlier light onset for the more severe depression groups (rMD
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and BD). For rMD, phase delay was persistent across all season groups, whilst the BD
group had a normalised phase in autumn and the sMD group had a normalised phase in
summer and autumn. This may reflect group differences in chronotype (morningness vs
eveningness) which exists independent of season. Mania symptoms are reportedly at
their highest in spring, summer, and autumn months and this is hypothesised to be
driven by phase advances caused by earlier onset morning light during these seasons
(Moon et al., 2016). Whilst not statistically significant, the UM group did trend towards
an advanced phase in the spring and summer seasons. Sleep efficiency, however, was
significantly better for the spring UM group and this was followed by significantly
worse sleep efficiency in the summer UM group. Better sleep efficiency has previously
been linked to an increased number of mania symptoms, with the authors hypothesising
that excessive goal-orientated behaviour may be causing individuals to leave bed

during awakenings (Eidelman et al., 2010).

Disturbances in sleep efficiency and increases in sleep duration are common symptoms
in depression and appear to have a seasonal pattern; however, these findings suggest
these deficits are less common in winter. The BD group exhibited poor sleep efficiency
in spring and summer, whilst the rMD group exhibited poor sleep efficiency in summer
and autumn. Sleep duration was longer in the rtMD group across all seasons, but only
longer during spring, summer, and winter for the BD group. Lack of sleep differences
in winter may be due to increased time in bed during winter months within healthy
adult populations, as supported by the seasonal rest-activity averages in the exploratory

analysis (O’Connell et al., 2014).

4.4 .4 Limitations

We acknowledge some limitations to this work. The UK Biobank cohort are not an
accurate representation of the UK population as they are older, healthier, more affluent,
and less ethnically diverse than the general population. Probable mood disorder
categories were based on self-report measures as opposed to formal clinical
assessments; while this allows for a larger sample, it also means there is potential recall
bias and increased heterogeneity in these groups. Whilst the criteria used to define
probable mood disorder groups here are not identical to those defined in the DSM-5 or

ICD-11 classifications, the groups were constructed to proxy these as closely as
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possible within the limitations of the questionnaire data. The UM group were
considerably smaller than other mood disorder groups which may have reduced the

ability to detect differences between UM and control groups.

The cross-sectional nature of the UK Biobank means self-report and accelerometer
measures were collected at varying times between 2013 and 2017. As the accelerometer
data was collected during one season for each participant, seasonal differences may be
partly reflecting group differences between participants recruited in different seasons.
UK Biobank are currently collecting repeat accelerometer data for a subset of
participants in a different season to their initial accelerometer study. When available,
future studies may focus on this repeat data to eliminate any between-group

differences.
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4.5 Conclusions

Here we have characterised rest-activity profiles in probable mood disorder groups as
compared to controls, and further characterised seasonal differences between probable
mood disorder groups and controls. Probable mood disorder groups with depression
symptoms (BD, rMD and sMD) exhibit rest-activity differences when compared to
controls. These groups have a delayed phase, poorer RA, longer sleep duration and
poorer sleep efficiency. Better IV and a trend towards better IS may be indicative of
low daytime activity levels in these groups. Furthermore, we find seasonal rest-activity
differences between probable mood disorder and control groups. These seasonal
patterns are generally similar across depression groups and are more prevalent during
winter, except for sleep measures which align more closely with controls over winter
months. The UM group exhibit less rest-activity disruption than depression groups, but
seasonal analysis reveals that sleep efficiency differences in spring and summer may be
a distinctive pattern within this group. We conclude that these findings may have

implications for further research and clinical assessment of these mood disorder groups.
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Chapter 5 Come rain or shine: investigating the use of
meteorological and rest-activity factors in mood disorder
discrimination.
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5.1 Introduction

Mood disorders, including depressive and bipolar disorders, are prevalent but are
estimated to go undetected in approximately 50% of cases (James et al., 2018; Kohn et
al., 2004). These disorders are associated with a reduced quality of life and have been
identified as a leading cause of disability worldwide (Mclntyre et al., 2020). Early
detection is associated with improved outcomes and treatment response, making the
removal of barriers to diagnosis a key priority in this research area (Berk et al., 2011).
One promising target is the increased public use of wearables which can provide
objective measurement of physiological and behavioural measures that are associated

with mood disorders.

Mood disorders are frequently associated with disturbances in both subjective and
objectively measured rest-activity rhythms. In studies involving objective measures
from accelerometers, depression and bipolar disorder have been associated with
increased sedentary behaviour, reduced moderate-to-vigorous physical activity (MVPA)
and decreased relative amplitude (del Pozo Cruz et al., 2020; Helgadottir et al., 2015;
Ku et al.,, 2018; Lyall et al., 2018). Sleep differences include increased time-in-bed,
changes to sleep efficiency and duration (both increases and decreases have been
reported), later bedtime and later wake-time (Husu et al., 2022; Sangha et al., 2022;
Wainberg et al., 2021).

Whilst the use of accelerometers can mitigate the potential bias associated with
subjective questionnaires, there are limitations with this methodology. For example,
accelerometer studies that take place over a short period of time and are only
administered once per participant are not robust to environmental factors. In geographic
regions with variable seasonal climates (China and Chicago, USA) accelerometer
studies that included meteorological measures found that increased sedentary time is
associated with increased rainfall and reduced daylight hours (Feinglass et al., 2011;
Wen et al., 2019). Ambient air temperature may also affect physical activity in older
adults, though there appear to be geographic differences in this relationship; increased
sedentary time is associated with temperatures below -7c¢ and above 23¢ in Chicago
(USA), step count reductions were observed in temperatures above 17c¢ in Nakanojo

(Japan), but higher temperatures up to 22c were associated with an increased step count
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in Tayside (Scotland) (Feinglass et al., 2011; Togo et al., 2005; Witham et al., 2014).
Non-accelerometer studies have found an increase in reported depressive symptoms for
areas with higher wind speed, humidity, snowfall, rainfall, cloud cover and lower
atmospheric pressure, whilst protective effects have been found in areas with higher
levels of sunshine (Braziené et al., 2022; O’Hare et al., 2016; Xu et al., 2020). These
meteorological differences have been found to impact both reported mood disorder
symptoms and objectively measured rest-activity rhythms individually, but little is
known about the combined relationship of these measures. The only study, to our
knowledge, that included all three factors found that higher minimum daily temperature
and longer day length were associated with higher activity levels, and depression status

did not modify this relationship (Witham et al., 2014).

This analysis aimed to address this research gap by assessing whether meteorological
and accelerometer-derived rest-activity measures can differentiate between mood
disorder and control groups with greater accuracy than accelerometer-derived rest-
activity measures alone in a large UK-based cohort of middle-aged and elderly adults.
As there are many available measures, and we hypothesised that these relationships

may be non-linear, this was investigated using a machine learning methodology.
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5.2 Methods

5.2.1 Participants

UK Biobank contains data collected from approximately 500,000 volunteers aged 37-
73 at recruitment. Participants completed a range of tests and questionnaires which
were administered at 22 testing centres across the UK from 2006 onwards. The data
includes questionnaires relating to mental health, sleep, and activity, as well as wrist-
worn accelerometer measures for a subset of almost 100,000 participants. Further
information about the collection protocol is detailed in chapter 2 and elsewhere (UK

Biobank, 2007).

5.2.2 Probable mood disorder criteria

Probable mood disorder was determined based on answers to an online mental health
questionnaire (MHQ) which was administered to a subset of UK Biobank participants
in 2016. For participants who had not taken part in the online MHQ, probable mood
disorder was based on answers to the touchscreen MHQ at their most recent assessment
centre visit. Both questionnaires are structured similarly; however, in the mania section
the online MHQ asks participants to report on 8§ mania symptoms whereas the

touchscreen MHQ only lists 4 mania symptoms.

Participants were classed as having probable unipolar mania or hypomania (UM) if
they reported having experienced at any point in their life a period of elevated mood or
irritability lasting at least two days, 3 or more mania related symptoms, an episode
duration of 24 hours or more (2 days or more in the touchscreen MHQ) and did not
report having experienced depressed feelings or anhedonia lasting 2 or more weeks.
They were categorised as probable recurring major depressive disorder (rMD) if they
reported depressed feelings or anhedonia lasting 2 or more weeks, 5 or more depression
related symptoms, had informed a professional of these symptoms, and reported
multiple episodes throughout their lifetime. Alternatively, participants were categorised
as having probable single episode major depression (sMD) if they met the criteria for

rMD but only reported one episode throughout their lifetime. If a participant met the
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criteria for UM (excluding the lack of depression/anhedonia) and either rMD or sMD
they were classed as probable bipolar disorder (BD). This criterion mirrors the DSM-5
as closely as possible within the limitations of the questions available. The control
group were defined as participants that reported never having a period of elevated
mood or irritability lasting at least two days, and never having depressed feelings or

anhedonia lasting 2 or more weeks.

5.2.3 Rest-activity outcomes

Subjective measures of rest-activity were obtained at assessment centre visits by
multiple-choice questionnaire. Participants reported their average sleep duration,
whether they find it difficult to get up in the morning and their chronotype. Objective
measures of rest-activity were available for a subset of participants who took part in the
accelerometery study. This took place between 2013 and 2016, and participants were
provided with an AX3 triaxial accelerometer (Axivity, Newcastle upon Tyne, UK)
which was worn on their dominant wrist for up to 7 days. The UK Biobank
Accelerometer Expert Working Group conducted data pre-processing and provided
acceleration averages in 5-second epochs which are used to derive further rest-activity
measures (UK Biobank, 2016). For each day the percentage of acceleration averages
that were 50mg or lower, 51mg-100mg, 101mg-150mg, 151mg-200mg and 200mg and
above were calculated. The percentage at each activity level was averaged across
weekdays and weekends separately, and the variation (standard deviation) was also
calculated. At each activity level the difference between weekday average and weekend
average was calculated, as well as the difference between weekday and weekend
variation. Moderate-and-vigorous-physical activity (MVPA) was defined as a period of
10 minutes where 80% of the acceleration readings were 100mg or above (Sabia et al.,
2015). This was calculated for rolling 10-minute windows and the total number of
MVPA sessions over the course of the accelerometer wear were calculated (windows
that were 10-minutes apart were defined as a new session). Further measures of rest-
activity rhythm included relative amplitude, interdaily stability, intradaily variability,
mesor, phase, and cosinor amplitude which have previously been derived (chapter 2);
and measures of sleep included mean sleep efficiency, mean sleep duration, sleep
duration variation, mean sleep midpoint and mean time in bed which have also

previously been derived (Jones, van Hees, et al., 2019). In total 39,687 participants had
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rest-activity data and met the criteria for a probable mood disorder or control based on

the MHQ data.

5.2.4 Seasonal and meteorological measures

Season of accelerometer wear was defined as winter (December, January and
February), spring (March, April and May), summer (June, July and August) and autumn
(September, October and November) (Trenberth, 1983). Using the HadUK-Grid data
from the Centre for Environmental Data Analysis, average rainfall (mm) per week,
number of frost days per month and hours of sunshine per month were calculated for
participants’ home to a resolution of 1 kilometer (Met Office; Hollis, D.; McCarthy, M.;
Kendon, M.; Legg, T.; Simpson, 2018). These measures were calculated for the week
(or month) of accelerometer wear and the week (or month) prior. Day length was also
calculated for each location based on the first day of accelerometer wear. Levels of
light at night (LAN) for participants’ home were obtained from National Aeronautics
and Space Administration satellite data. Additional features targeting the interaction
between rest-activity and seasonal measures were also included in seasonal models.
The ratio between number of MVPA sessions and each of sun, rain, and frost was

calculated, as well as the ratio between average acceleration and sun, rain, and frost.

5.2.5 Demographic measures

Demographic features included age at the time of accelerometer wear, sex, ethnicity,
education level, alcohol and smoking status, body mass index (BMI), Townsend
deprivation score, and home latitude and longitude. All rest-activity, meteorological and

demographic features are listed in Supplementary Table S5.1. Calculated smoking

status consisted of smokers, previous smokers, and never smoked, as did alcohol status.
Townsend deprivation category was calculated by categorising scores into one of 5
UK-census-calculated quintiles as published here (Yousaf & Bonsall, 2017b). BMI was
categorised into <18.5, >=18.5 and <25, >=25 and <30, >=30 and <40, and >=40 based
upon Centres for Disease Control and Prevention guidelines; more information can be

found here: https://www.cdc.gov/obesity/basics/adult-defining.html.
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5.2.6 Machine learning analysis

Participants that had self-reported a severe neuropsychological diagnosis or brain
cancer/injury; personality disorder, psychosis, or schizophrenia; sleep apnoea, insomnia
or a main job involving shift work were excluded from this analysis. Participants with
low quality accelerometery data (flagged by UK Biobank), or accelerometer data that

was collected over a daylight savings clock change, were also excluded.

The remaining data (N=29,687) was split into 6 approximately equal groups (N=4,937—
4,968), stratified by probable mood disorder category, age (rounded to the nearest 10
years), sex, Townsend deprivation score, season of accelerometer wear, BMI, smoking
status and alcohol intake. Of these groups, 5 were used for model training and
validation in a 5-fold cross validation design, and 1 was used for model testing and
final accuracy reporting. Within the training and validation set, categorical features
(sex, alcohol status, smoking status, Townsend deprivation category, BMI category,
season of accelerometer wear, LAN status, chronotype, difficulty getting up) were
transformed to multiple binary features using one hot encoding. This was then applied

to the test data set.

Gradient boosted models are a group of supervised machine learning models in which
multiple simple tree-based models are combined iteratively so that new trees reduce the
error of the previous trees. As a result, they can handle complex nonlinear relationships
and both numerical and categorical data types. Here we use a highly optimised
implementation, XGBoost, using the ‘xgboost’ package in R (T. Chen & Guestrin,
2016). XGBoost was used to predict binary outcomes (control vs any mood disorder)
using just rest-activity and demographic measures, and then using rest-activity,
seasonal and demographic measures to understand whether adding seasonal variables
increases model accuracy. Best model parameters were chosen using a grid-search
algorithm during the model training and validation stage. Model performance was
assessed using the F1 score (the harmonic mean of recall and precision) as this is the
most suitable metric for imbalanced classification when false positive and false

negative results are of equal importance.
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Further individual XGBoost models compared each mood disorder group to controls
(UM vs control, BD vs control, rMD vs control and sMD vs control) with and without
seasonal and meteorological measures. The model workflow above was repeated for
this analysis with an additional step: to account for the large differences in group size
between probable mood disorders, the synthetic minority over-sampling technique
(SMOTE) algorithm was used to inflate each probable mood disorder group to a sample
size matching the control group within the training data sets. This workflow is

summarised in Figure 5.1.

All analyses were performed using R version 4.1.1 (R Core Team 2021. R: A language
and environment for statistical computing. R Foundation for Statistical Computing,

Vienna, Austria).
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A) Train, validation and test set creation.
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Figure 5.1: Model workflow for individual mood disorder models.

This workflow was repeated with and without seasonal and meteorological data for
each mood disorder group: UM, BD, rMD and sMD. The same workflow was used for

the ‘any mood disorder’ analysis except for minority class up-sampling using SMOTE.
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5.3 Results

Multiple (N=243) combinations of model hyperparameters were tested using cross-
validation for each binary classification XGBoost model and the set of parameters that
yielded the lowest mean F1 score was used in the final model. Final model predictions
were then applied to each test data set and dichotomised using the standard
discrimination cutoff score of 0.5. F1 score and further evaluation metrics were applied

to assess model performance (Table 5.1).

5.3.1 All probable mood disorders

The test set accuracy for both the seasonal and non-seasonal model is better than the no
information rate (the rate of the largest class; p < 0.05), signifying that these are useful
models. For both models, approximately 54% of those predicted as being in the mood
disorder category were accurate. Of all test-set participants in the mood disorder
category, both models accurately identified 63%. Accuracy, precision and F1 score
were improved in the seasonal model when compared to the non-seasonal model, but

only marginally (accuracy +0.003, precision +0.004, F1 +0.002).

When sub-setting these results by original mood disorder category (UM, BD, rMD and
sMD), both the seasonal and non-seasonal model were worse at identifying UM
participants compared to all other groups (Figure 5.2). This is likely because UM
comprises a small proportion of all probable mood disorder participants (total training
and validation sample size: N(UM)=375, N(BD)=1,553, N(rtMD)=7,524,
N(sMD)=3,557).
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Table 5-1: Model parameters and results for the ‘all mood disorders’ model and ‘individual mood disorders’ models.

Model Type Best Model Parameters Test Set Mood Test Set Test Set Test Set | Test Set Test Set
Disorder N (%) Control N (%) @ Accuracy @ Precision @ Recall F1
All Without (eta = 0.3, max_depth = 3, colsample bytree = 2,626 4,000 0.644 0.544 0.625 0.582
Seasonal 1.0, subsample = 0.6, min_child weight = 10, (39.6%) (60.4%)
Information nrounds = 201)
With (eta= 0.3, max_depth = 3, colsample_bytree = 0.647 0.548 0.625 0.584
Seasonal 1.0, subsample = 0.6, min_child weight =5,
Information nrounds = 154)
Difference - - - 0.003 0.004 0.000 0.002
UM Without (eta=0.1, max_depth = 6, colsample_bytree = 72 4,031 0.876 0.015 0.097 0.027
Seasonal 1.0, subsample = 1.0, min_child weight = 10, (1.8%) (98.2%)
Information nrounds = 104)
With (eta= 0.3, max_depth = 3, colsample_bytree = 0.766 0.020 0.264 0.038
Seasonal 0.6, subsample = 0.8, min_child_weight =1,
Information nrounds = 18)
Difference - - - -0.110 0.005 0.167 0.011
BD Without (eta=0.1, max_depth = 3, colsample_bytree = 316 4,009 0.680 0.142 0.674 0.235
Seasonal 0.8, subsample = 0.6, min_child weight =5, (7.3%) (92.7%)

Information nrounds = 23)

G Jeydeyn



rMD

sMD

With
Seasonal
Information
Difference
Without
Seasonal
Information
With
Seasonal
Information
Difference
Without
Seasonal
Information
With
Seasonal
Information

Difference

(eta= 0.1, max_depth = 3, colsample bytree =
1.0, subsample = 1.0, min_child weight = 10,
nrounds = 52)

(eta=0.3, max_depth = 3, colsample_bytree =
0.6, subsample = 0.6, min_child weight =5,
nrounds = 31)

(eta = 0.3, max_depth = 6, colsample_bytree =
0.6, subsample = 0.8, min_child weight =5,
nrounds = 17)

(eta=0.3, max_depth = 3, colsample_bytree =
1.0, subsample = 0.6, min_child weight =5,
nrounds = 14)

(eta=0.3, max_depth = 3, colsample_bytree =
0.6, subsample = 0.6, min_child weight =5,
nrounds = 23)

1,492
(27.1%)

715
(15.1%)

4,014
(72.9%)

4,026
(84.9%)

0.754

0.074
0.671

0.671

0.000
0.671

0.697

0.026

0.157

0.015
0.423

0.422

-0.001
0.237

0.243

0.006

0.541

-0.133
0.589

0.579

-0.010
0.530

0.478

-0.052

0.243

0.008
0.492

0.488

-0.004
0.327

0.322

-0.005
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Chapter 5

Accuracy and F1 Scores for Seasonal and Non-seasonal Models, By Mood Disorder Group
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Figure 5.2: Accuracy and F1 scores for seasonal and non-seasonal models, by
mood disorder group.

Results from the ‘all mood disorder’ seasonal and non-seasonal models broken down
by underlying mood disorder category (UM, BD, rMD, sMD). The accuracy and F1

scores for UM are visibly much lower than other mood disorder groups.

5.3.2 Individual probable mood disorders

The “all probable mood disorder’ model results suggest model performance can be
improved by inclusion of seasonal variables. Individual mood disorder models were
used to investigate whether accuracy varies across the mood disorders, and to assess
whether the addition of seasonal variables affects accuracy differently for each mood
disorder. The addition of seasonal variables resulted in improved F1 scores for the UM
and BD groups, but not the rMD and sMD groups (Table 5.1). Test set accuracy does
not surpass the no information rate for any individual mood disorder model, and F1
scores are modest. Model performance is poorest in the UM group, further supporting

the findings of the ‘all probable mood disorder’ model.
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Feature importance can be assessed within XGBoost using Gain, a metric used to infer
a feature’s contribution to the model accuracy. Figure 5.3 shows the total gain grouped
by variable category (accelerometery, demographic, seasonal and sleep questionnaire)
for the individual mood disorder models. The UM model is less dependent on sleep
questionnaire and demographic variables, but more dependent on accelerometery and
seasonal variables than the other models. The BD and rMD models are similar to each
other, however BD uses objective rest-activity measures (accelerometery) more than
subjective measures (sleep questionnaire), whilst rMD does the opposite. The sMD
model is also similar to the BD model but is more dependent on seasonal measures at

the expense of sleep questionnaire measures.

Total Gain by Variable Category for Seasonal Models

1.00-
0.75-
0.25-
um BD ™MD sMD

Category
. Accelerometery
. Demographic

. Seasonal

. Sleep Questionnaire

Total Gain
)
3

o

0.00

Mood Disorder Group

Figure 5.3: Total gain by variable category for seasonal models.

Model gain categorised by variable category for each of the seasonal individual mood

disorder models.

Individual variables with high gain scores, and therefore high importance, across
multiple models included age, sex, latitude, reported difficulty getting up in the
morning, MVPA, MVPA/rainfall ratio, and mean acceleration/rainfall ratio. The UM

98



Chapter 5

model also placed high importance on the average rainfall for the current and previous
month. Mood disorder group differences for these variables are reported in

Supplementary Table S5.2, however only age, sex, difficulty getting up in the morning,

and MVPA periods are statistically significant, and all but sex have a very small effect
size (<0.2). This suggests that the role of these measures within the models may be

complex, including non-linearity and interactions with other variables.
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5.4 Discussion

5.4.1 Discriminatory value

This analysis aimed to assess whether accelerometer-derived rest-activity measures and
meteorological measures can be combined to accurately differentiate between mood
disorder and control groups. Here, a machine learning model was able to identify
probable mood disorder and control participants with better accuracy than a naive
model. The inclusion of seasonal and meteorological measures improved accuracy,
precision and F1 score when compared to a model that included only rest-activity
measures. Whilst these improvements were small, they highlight the potential of using
publicly available data to augment and enhance existing datasets in mood disorder
research. Due to unbalanced group sizes, it is difficult to compare model performance
with other studies, but similar F1 scores have been reported for depression
classification elsewhere (Choi et al., 2021). Better F1 scores have been reported in
another accelerometery study of depression; however, this included smaller participant
numbers and significantly longer accelerometer recording time, suggesting that longer

wear-time may result in better discriminatory ability (Masud et al., 2020).

Discrimination between the probable UM group and control group was lower than all
other mood disorder groups in both the ‘all probable mood disorder’ model and the
individual mood disorder models. Given the low number of participants in this group, it
is unclear whether this is due to lack of available data or a high degree of overlap
between UM and control rest-activity behaviours. Previous research in this area
suggests that mean acceleration and intradaily variability are higher in UM compared to
healthy control groups, but these differences may be too small to discriminate between
groups (chapter 3, Sangha et al., 2022). Model performance for probable BD, rMD and
sMD is better than UM, suggesting that rest-activity differences may be more
pronounced in these groups. This supports the findings that depressive and bipolar
disorders are associated with transdiagnostic sleep differences, however the effect sizes
of these differences are small which may explain why these models have relatively

poor discriminatory performance (Lyall et al., 2018; Wainberg et al., 2021).
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5.4.2 Seasonal and meteoroloqical differences

Whilst model performance is not high enough to be of clinical importance, the results
do provide insight into the relationship between individual mood disorders, seasonal
and meteorological factors, and rest-activity thythms. Both BD and UM models
improved with the addition of seasonal and meteorological variables suggesting that
they may be more affected by these factors than the depression groups. This finding
could be the result of rest-activity rhythms bring mediated by meteorological factors in
BD and UM, or meteorological factors directly contributing to the development of BD
and UM symptoms. The latter has been explored within the literature, but the findings
are mixed. A recurring finding is that higher ambient air temperatures and increased
sunlight exposure may contribute to episode onset in bipolar disorders (Montes et al.,
2021). Whilst sunlight related variables were not found to be of high importance in the
BD and UM models, it is possible that they were useful within the models.
Additionally, sunlight hours are provided monthly within HadUK-Grid and it is
therefore possible that the measurement resolution was not high enough to identify a
relationship. Investigations into the relationship between major depression and
meteorological factors are sparse but there is currently no evidence of an association,

and the findings of this analysis partially support this (Huibers et al., 2010).

Analysis of variables with high model importance found that the ratio of average
activity levels and rainfall was important for all individual mood disorder models,
suggesting that meteorological factors may indeed be contributing to altered rest-
activity rhythms in mood disorders. Studies investigating rainfall and mood disorders
have not identified any relationship, but they usually focus on severe mood disorder
cases involving hospital admissions (Carney et al., 1988; Peck, 1990). Rainfall has
been associated with reduced objectively measured activity in healthy older adults, and
so further research is required to understand if mood disorder participants show more
extreme reductions in activity than control groups, or less extreme due to already
having reduced baseline activity levels (Albrecht et al., 2020). Rainfall is measured
weekly whilst frost and sunshine are measured monthly in HadUK-Grid, therefore it is

unclear if other meteorological-rest-activity relationships exist at this resolution.
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Both the identification of this potential behavioural phenotype (ratio of activity level to
rainfall) and the indication that meteorological factors are important in BD and UM are
novel findings, and further research to increase our understanding of these relationships

1s desirable.

5.4.3 Limitations

We acknowledge some limitations to this work. The UK Biobank cohort are biased
towards an older, healthier, more affluent, and less ethnically diverse sample than the
general population. Probable mood disorder categories were based on self-report
measures as opposed to formal clinical assessments, which allows for large sample
sizes but also increases potential recall bias. This also results in increased heterogeneity
in these groups which may be obscuring potential findings. Self-report and
accelerometer measures were collected at varying times between 2013 and 2017.

Medication status was not included in this analysis.

Whilst it is good practice to address the imbalance between mood disorder and control
group numbers using SMOTE, there are some disadvantages to this methodology
including potentially obscuring group differences by synthetically producing
observations that overlap both groups. It is also difficult to interpret the variable
relationships in XGBoost models. Despite these limitations, these findings make a

novel contribution to this research area.
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5.5 Conclusions

Here we find that accelerometer-derived rest-activity measures and meteorological
measures can differentiate between probable mood disorder and control groups better
than a naive model. The inclusion of seasonal and meteorological information
marginally increases model performance for UM and BD, suggesting that they are
affected by seasonal changes more than rMD and sMD. The UM group were the most
difficult to differentiate from the control group, highlighting the importance of group
size when investigating heterogenous mood disorder populations. The results suggest
that the relationship between rainfall and average activity levels may be altered in
mood disorders compared to control groups, and further research would be beneficial to
better understand this relationship. We conclude that future research considering rest-
activity rhythms in mood disorders may benefit from the inclusion of seasonal and

meteorological measures.
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Chapter 6 Multidomain comparisons across symptom-
derived mood disorder clusters in UK Biobank.
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6.1 Introduction

‘Mood disorders’ describe a range of psychiatric disorders that have a depressive
component (feelings of sadness or anhedonia), a mania component (feeling unusually
excited or irritable), or both. These include major depressive disorder (MDD) in which
people experience one or more periods of depression symptoms, and bipolar disorders
(BD) in which most experience both periods of depression symptoms and periods of
mania symptoms. There is also some evidence to support a third category, unipolar
mania (UM), in which people experience periods of mania symptoms but no depression
symptoms (Angst & Grobler, 2015; Sangha et al., 2022). These categories are well
embedded in leading psychiatric classification systems (DSM-5 and ICD-11) but have
high levels of symptom overlap (Allsopp et al., 2019). They also exhibit similar
comorbidities, with MDD and BD both being associated with increased risk of anxiety
disorders, self-harm and psychosis related symptoms (Dilsaver et al., 1997; Schaffer et
al., 2012). The overlap between these disorders makes diagnosis of discrete categories

difficult for clinicians and researchers, ultimately affecting patients and their treatment.

From a research perspective, the heterogeneity of these groups has resulted in pervasive
mixed findings across many domains when attempting to find distinguishing
biomarkers or phenotypes. One possible explanation is that the current mood disorder
groups are not valid representations, and these disorders would be better explained by
dimensional and symptom-based models (Conway et al., 2019; Cuthbert, 2015). One
study investigating the symptom profiles of a large group of depressed outpatients
found 1,030 unique profiles, most of which contained five or less participants,
highlighting the extent of differences within the depression population (Fried & Nesse,
2015). Recently, network analysis studies have provided some insight into the
relationship between different psychopathologies at the symptom level by including a
wide range of symptoms rather than focusing on common symptoms of a specific
disorder. These results suggest that depression and mania symptoms may be related via
specific “bridge” symptoms (Weintraub et al., 2020), and that there are pathways
linking psychosis to depression, and suicidality to depression (van Rooijen et al., 2017).
Furthermore, findings suggest depression and anxiety symptoms are highly related and
do not form distinct clusters (McElroy et al., 2018). These findings suggest that anxiety,
psychosis, and suicidal thoughts may be important co-occurring symptoms to consider

when assessing mood disorders. A limitation of network analysis is that it is not well
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optimised for ordinal data use, which is common in psychiatric questionnaire data,
resulting in information loss as these variables are transformed to alternative data types

(Borsboom et al., 2021).

Unsupervised machine learning approaches are useful for finding relationships and
structure within data where the ‘real” outcome is unknown. Hierarchical clustering is
one commonly used technique within this category. In agglomerative hierarchical
clustering, each observation begins as its own cluster and then clusters are joined
together based on how similar they are. This process is repeated until a hierarchy of
clusters is formed. This method therefore allows for both identification of clusters
within the data, but also the ability to identify clusters at various levels of the hierarchy
(Murtagh & Contreras, 2012). Hierarchical clustering has successfully been used on
mood disorder symptom data to validate the sensitivity of the Bipolar Depression
Rating Scale (Chang et al., 2009), assess symptom clusters in the Hamilton Rating
Scale for Depression (Wang et al., 2021), and to find subtypes of depression (Beijers et
al., 2019). Whilst these findings were based on single diagnostic categories,
hierarchical clustering has also been used on a transdiagnostic sample of people with
major depression, posttraumatic stress disorder, panic disorder, and generalised anxiety
disorder (Grisanzio et al., 2018). Six clusters were found based upon symptoms, and

those six clusters were then found to differ significantly on several cognition measures.

Large datasets such as UK Biobank provide an opportunity to explore relationships
between outcomes of interest and measures taken from multiple domains (Sudlow et
al., 2015). Factors that persist regardless of mood state are of particular interest in
mood disorder research as they may lead to biomarkers and behavioural phenotypes
that can distinguish between these disorders. Neuroimaging, cognition, rest-activity
rhythms, and genetics are four such promising domains, but few studies have examined
these areas concurrently. Brain structures have been implicated in emotion, cognitive
processing, and motivation, and are therefore a key target in neuroimaging studies of
mood disorders. Replicated evidence of decreased hippocampus volumes have been
found in both MDD and BD, as have reductions in thalamus volume in BD (Hibar et
al., 2016; Schmaal et al., 2016). There is also some evidence for differences in other
subcortical structures including reduced caudate volume in MDD and BD when

compared to healthy control groups, and volumetric differences between MDD and BD
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in the accumbens and amygdala (Han et al., 2019; Sacchet et al., 2015). Polygenic risk
scores provide a method of comparing the genetic loading of an outcome across
unrelated samples and have been suggested as a useful addition in discriminatory
models (Liebers et al., 2020). Poorer cognitive test performance has been found in
mood disorder groups and across a variety of symptom profiles (Lyall et al., 2019; Zhu
et al., 2019). Circadian disruption has been indicated in mood disorder groups and has

also been linked to reduced cognitive performance (Lyall et al., 2018).

This analysis aims to identify naturally occurring clusters within a large sample of
probable mood disorder (PMD) participants from UK Biobank based upon answers to a
broad range of mental health questions. Neuroimaging, cognition, circadian and genetic
measures will then be compared across both the resulting clusters and original PMD

groups to assess whether the clusters provide novel findings.
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6.2 Methods

6.2.1 Participants

We used data from UK Biobank which comprises of a range of data on health, lifestyle,
demographic, and physical characteristics from over 502,000 UK residents. These tests
and questionnaires were administered at testing centres across the UK from 2006
onwards. Between 2016 and 2017 participants were invited to participate in an online
follow-up mental health questionnaire. 158,853 participants fully completed this
questionnaire which included questions related to depression, mania, anxiety, self-harm

behaviours and unusual/psychotic experiences.

Probable patient groups were identified using the online MHQ criteria described in
chapter 2, which approximates the DSM-5 criteria as well as possible within the limits
of the available questions. 42,210 participants met the criteria for one of the following
mood disorders: probable single episode major depression (N=11,086), probable
recurrent major depression (N=22,921), probable bipolar disorder (N=4,933), probable
mania/hypomania with subthreshold depression (N=2,046) and probable unipolar
mania/hypomania (N=1,224). These participants formed the data set for the clustering

analysis, with the clustering algorithm being blind to the original mood disorder labels.

6.2.2 Clustering measures

Clusters for the 42,210 participants with probable mood disorders (PMD) were
identified based on a wide range of variables selected from the follow-up mental health

questionnaire (Supplementary Table S6.1). This included measures relevant to the

mood disorder categories (depression and mania) and mental health questions that have
high comorbidity with these mood disorders (anxiety, self-harm, unusual/psychotic

experiences).

A total of 14 reported depression measures were included in the clustering analysis

mostly relating to the worst episode of depression experienced. These were: duration of
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worst episode of depression, number of episodes of depression, fraction of day
impacted, level of impact on normal roles, hypersomnia, insomnia, early waking,
difficulty concentrating, increased tiredness, feelings of worthlessness, and weight
changes. Number of episodes was categorised into an ordinal variable with the
following levels: none, one-episode, multiple episodes (where a participant reported
more than one but not ‘too many to count’), and too many to count. Weight change was
split into 4 binary variables: no change, weight increased, weight decreased, and weight

both increased and decreased.

Similarly, 10 mania measures related to the worst episode of mania were included. This
consisted of duration, severity, increased talkativeness, restlessness, racing thoughts,
reduced sleep, increased creativity, increased distraction, increased confidence, and

being more active.

Measures of anxiety (N=12) included duration, having multiple worries, how often it
was difficult to control the worry, how often it was difficult to stop worrying, level of
impact on normal roles, increased worry, reduced concentration, increased tiredness,
difficulty sleeping, feeling restless, feeling irritable, and having tense/sore muscles.
Duration was bucketed into none, seven days or less, more than seven days but less

than 32 days, 32 days or more, and life-long anxiety.

Two measures of self-harm were used in this analysis; whether the participant had ever
contemplated self-harm and the reported number of times they had self-harmed. Four
measures of unusual or psychotic experiences were also included. These were the
number of times the participant had believed an un-real conspiracy theory against
themselves, believed in un-real communications or signs, heard an un-real voice, and
had an un-real vision. For all measures ‘prefer not to answer’, ‘do not know’ or non-

response were grouped into the ‘no symptom’ category.
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6.2.3 Clustering analysis

Both hierarchical and k-means clustering techniques were initially investigated, but
hierarchical clustering was chosen for the final analysis as the structure better
represented the complexity and overlap between these mood disorder groups and
allowed insight into the relatedness of these clusters to each other. The sample was split
into a training group containing 75% of participants (N=31,659), and a test group
containing 25% of participants (N=10,551) so that stability of clusters could be
assessed. Within the training and test groups Gower’s distance metric was calculated
for all possible pairs of observations as this metric allows for both binary and ordinal
variables (Gower, 1971). Agglomerative hierarchical clustering was then applied to
each group using the ‘complete linkage’ method. The optimal number of clusters and
information about cluster validity were obtained numerically using Dunn’s distance
metric and Silhouette scores. External cluster validation was done by comparing the
resulting clusters to the PMD groups. Cluster meanings at various levels of the
hierarchical cluster structure were assessed using group comparisons of the individual
input variables (mental health questions). This was done using one-way ANOVA for

continuous numeric variables and Pearson’s chi-squared test for categorical variables.

6.2.4 Multidomain comparisons

UK Biobank contains measures related to a wide range of domains including
neuroimaging, cognition, genetics, and rest-activity rhythms. Based on previous
literature, measures identified as being of interest in these mood disorder groups were

compared across both the resulting clusters and the original PMD groups.

6.2.4.1 Neuroimaging measures

Left and right subcortical volumes (accumbens, amygdala, caudate, hippocampus,
pallidum, putamen and thalamus) were derived from T1-weighted structural images
acquired by UK Biobank. Further information about the imaging protocol and
derivation of the imaging derived phenotypes (IDPs) can be found at
https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/brain_mri.pdf. All IDPs were firstly
residualised to account for differences in total intracranial volume, table position and

head position (x, y and z). Z-Scores were calculated for the resulting residualised
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measures across all available imaging data (regardless of mood disorder status,
N=39,678). A total of 5,131 participants had valid subcortical volume data and met the

criteria for the cluster analysis.

6.2.4.2 Cognitive tests

A battery of cognitive tests was administered at the time of the MRI visit. The seven
cognitive tests included in this analysis are described in further detail below. Numerical
memory and prospective memory were not included due to poor reliability (Lyall et al.,
2019). Z-Scores were calculated for each test across all available cognitive test data.
The sample size of those with valid cognitive test and cluster data is reported for each

test below.

Matrix Completion: In this 15-item test participants are provided with a grid pattern
with a missing piece and then must choose the option that completes the grid. The score

is the number of correct answers (N=2,596).

6-Pairs Matching: In this visual memory task participants are shown an arrangement of
six pairs of cards. The card values are then hidden, and participants are asked to
identify the card pairs. The score is the number of errors (N=4,293). For this analysis
the score was inverted (multiplied by -1) so that a higher score reflects better

performance.

Reaction Time: In this 12-item test participants were shown sets of two cards on a
screen and asked to respond as quickly as possible when the cards match. The score is
the mean response time across rounds 5 to 12 (N=4,330). For this analysis the score

was inverted (multiplied by -1) so that a higher score reflects better performance.

Verbal/Numerical Reasoning: In this 13-item test participants are asked to answer a
range of multiple-choice questions that assess verbal and numerical reasoning. The
score is the number of correct answers within 2 minutes (N=4,294). This test is referred
to as ‘fluid intelligence’ in UK Biobank but is more accurately described as

‘verbal/numerical reasoning’ (Cox et al., 2019).

Symbol-Digit Substitution: Participants are provided with a key of shapes and their
corresponding numbers at the top of the screen. Using the key, they are asked to
translate as many shapes to numbers as they can within 60 seconds. The score is the

number of correct answers (N=2,600).
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Tower Rearranging: In this 18-item task participants were provided with an image of 3
pegs with 3 coloured hoops on them. They were then shown a target arrangement of
hoops and asked how many moves would be required to achieve the target. The score is

the number of correct answers (N=2,577).

Trail Making (B): In this test the numbers 1-13 and letters A-L are presented in a
random arrangement on the screen and participants are asked to select them in the
correct order, alternating between numbers and letters (i.e. 1, A, 2, B, 3, C...). The
score is the time taken to complete the task (N=2,559). For this analysis the score was

inverted (multiplied by -1) so that a higher score reflects better performance.

6.2.4.3 Rest-activity rhythm measures

Sleep and activity were measured subjectively with multiple choice questionnaires
during the assessment centre visit, and objectively (for a subset of participants) using
accelerometers. Participants who took part in the accelerometer study were provided
with an AX3 triaxial accelerometer (Axivity, Newcastle upon Tyne, UK) and asked to
wear this on their dominant wrist for 7 days. Data collection took place from 2013 to
2016 and the UK Biobank Accelerometer Expert Working Group conducted data pre-
processing (further details are available at
http://biobank.ctsu.ox.ac.uk/crystal/docs/Physical ActivityMonitor.pdf). Measures of
sleep and activity were derived from the accelerometery data (Doherty et al., 2017,
Jones, van Hees, et al., 2019; Van Someren et al., 1999) and these measures are
described below. 12,096 participants were identified as having valid cluster and

accelerometery data.

Average Acceleration (AA): describes the average activity level over the measured
period. Relative Amplitude (RA): the relative difference between the most active 10-
hour period and least active 5-hour period within a day, which is then averaged across
all measured days. Values range between 0 and 1 with higher values being preferable
and lower values indicating disturbed sleep/lower levels of daytime activity. Interdaily
Stability (1S): indicates the level of coupling of activity levels to 24-hour daily patterns.
Higher values suggest a regular daily rhythm whereas lower values indicate more
variation in wake-up times or activity levels across various days. Intradaily Variability
(IV): quantifies the frequency of transitions between active and inactive periods, with
higher values suggesting disturbed sleep or periods of inactivity during the daytime.

Mean Sleep Duration: is the number of hours spent sleeping within the sleep window
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(i.e. between going to bed and getting out of bed), averaged across all days of wear.
Mean Sleep Efficiency: quantifies the amount of time spent sleeping as a proportion of

the total sleep window, with higher values suggesting less disturbed sleep.

Subjective measures included chronotype preference which was reduced to three
categories: morning (where participants answered ‘definitely a morning person’),
intermediate (‘more morning than evening’ and ‘more evening than morning’) and
evening (‘definitely an evening person’). Participants were asked to estimate their
average sleep duration and this was also reduced to three categories: short (< 7 hours),
normal (7-9 hours), and long (> 9 hours). Finally, participants were asked if they have
difficulty getting up in the morning and this was dichotomised to yes (‘not at all easy’
or ‘not very easy’) and no (‘fairly easy’, ‘very easy’). For all subjective measures there
were between 11,410 and 11,480 participants that had answered these questions and

had valid cluster data.

6.2.4.4 Polygenic risk scores
Genome-wide association studies (GWAS) test vast numbers of genetic variants across

multiple genomes to identify those statistically associated with a specific trait or
disease. From this, a polygenic risk score can be calculated to estimate an individual’s
common genetic liability to that trait or disease (Uffelmann et al., 2021). LDpred
(Vilhjalmsson et al., 2015) was used to calculate the schizophrenia, MDD and BD
polygenic risk scores. The schizophrenia and BD risk scores were based on summary
statistics from a schizophrenia GWAS and a BD GWAS which included an unrelated
sample of 33,426 schizophrenia patients, 20,129 BD patients and 54,065 controls
(Consortium, 2018). The MDD score was derived from an unrelated MDD GWAS
containing 135,458 MDD patients and 344,901 controls (Wray et al., 2018).
Participants were excluded if over 10% of genetic data was missing; if self-reported sex
and genetic sex did not match; if purported sex chromosome aneuploidy was reported,
if the heterozygosity was an outlier and if the score was beyond three standard
deviations from the sample mean. Polygenic risk scores were standardised to Z-Scores
based on all available PRS data (regardless of mood disorder status, N=423,025). A
total of 24,577 participants were included in the cluster analysis and had valid PRS

data.
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6.2.4.5 Statistical analysis
Multivariable logistic regression models were used to compare variables of interest

across clusters or PMD groups. For each of these comparisons the multivariable logistic
regression model was adjusted for confounding variables. This included age, sex,
Townsend deprivation score, education level (higher education vs no higher education),
BMI, smoking status (current smoker vs not), and alcohol status (current alcohol
drinker vs not). Ethnicity (white vs non white) was included in the sleep/activity and
brain imaging comparisons but not the cognitive test or PRS comparisons as there were
not enough non-white participants. The season in which the accelerometer was worn
was included as a covariate for the accelerometery comparisons. Psychotropic
medication status was not included due to small numbers. False Discovery Rate (FDR)
correction was applied to the probability values of the adjusted models and the
acceptable FDR was defined as < 0.05. All statistical analyses were performed using R
version 4.1.1 (R Core Team 2021. R: A language and environment for statistical

computing. R Foundation for Statistical Computing, Vienna, Austria.).
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6.3 Results

6.3.1 Cluster analysis and validation

The results of agglomerative hierarchical clustering with complete linkage are shown in
Figure 6.1. This dendrogram shows how observations combine to make each cluster;
height (y-axis) describes the level of distance between each cluster (higher values
equating to more distance). Visual inspection of the dendrogram suggests that there are
two distinct clusters, one of which has two or three more distinct sub-clusters (Figure
6.2). Internal validity scores (the Dunn Index and mean Silhouette Score) suggest that

two or three may be the optimal number of total clusters (Figure 6.3).

Cluster Dendrogram
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Figure 6.1: Dendrogram of agglomerative hierarchical clustering with complete
linkage applied to the training dataset (N=31,659).
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.................

Figure 6.2: Dendrogram when split into 2, 3 and 4 clusters.
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Figure 6.3: Internal validity of clusters assessed by the Dunn Index and mean
Silhouette Score.

Clusters were externally validated by comparing them to the pre-defined PMD groups
(probable single episode major depression, probable recurrent major depression,
probable bipolar disorder, probable mania with subthreshold depression, and probable
unipolar mania). This was done for 2, 3 and 4 clusters as the visual inspection of the
dendogram and internal cluster validity scores above suggested that the optimal number
of clusters is in this range. As shown in Figure 6.4, there appears to be little overlap

between cluster groupings and PMD groupings when there are 2 clusters. In the 3-
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cluster solution there is overlap with single episode/recurrent major depression and
Cluster-2. The 4-cluster solution draws some clear parallels with the PMD groupings;
Cluster-2 is more frequent in depression only mood disorders (single episode and
recurrent major depression); Cluster-3 is more frequent in mood disorders where both
mania and depression symptoms exist (BD and mania with subthreshold depression);

and Cluster-4 is more frequent in mania only mood disorders (UM).
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Figure 6.4: Cluster-PMD overlap (2, 3 and 4 cluster solution).

This shows the proportion of cluster belonging for each probable mood disorder group
in a 2, 3 and 4 cluster scenario. The 4-cluster solution has clear parallels with the

original PMD groups.

To further validate that these clusters are not spurious or unstable, the 4-cluster mood
disorder comparison was assessed in both the training and test data set to ensure the
same overall pattern persisted. As shown in Figure 6.5, the proportions remain similar
across each PMD group suggesting that the clusters are stable and have similar

meaning in both data sets.
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Proportion of cluster in each pre-defined mood disorder - training data
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Figure 6.5: Cluster-PMD overlap (training vs test).

This shows the proportion of cluster belonging for each probable mood disorder group
in the training and test data set. Similar results suggest good stability of clusters and

their meaning.

Whilst the internal validity metrics suggest that 2 or 3 clusters is optimal, external
validation suggests that 4 clusters are more applicable to clinical use. However, the
lower Dunn index and Silhouette score suggest that these 4 clusters have higher levels

of overlap than a 2 or 3 cluster solution.

6.3.2 Cluster meaning

Whilst meaning can be attributed to some of the clusters based on the above results, a
full analysis of each cluster’s relationship with each input variable (mental health
question) allows for a more comprehensive description of cluster meaning. Statistical
comparisons for each of these relationships were performed for the 4-cluster solution
(Table 6.1), and additionally for the 3-cluster and 2-cluster solution (Supplementary
Tables S6.2 and S6.3).
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Table 6-1: Statistical analysis of symptoms in 4-cluster solution.

Percentage (N) Test Statistic FDR Effect Size
Mental Health Measure Cluster-1 Cluster-2 Cluster-3 Cluster-4 I;(H’I:j:lid

Ancxiety: tense/sore muscles 0.0 (<5) 54.4 (4596) 37.8 (3646) 31.0 (126) 8779.977 <0.001 0.527
Anxiety: difficulty concentrating 0.0 (<5) 90.4 (7633) 78.5 (7562) 73.9 (300) 21888.13 <0.001 0.832
Anxiety: irritability 0.1 (<5) 85.4 (7212) 62.3 (6005) 75.4 (306) 17768.468 <0.001 0.749
Anxiety: feeling restless 0.0 (<5) 73.7 (6226) 57.4 (5528) 62.8 (255) 14282.679 <0.001 0.672
Anxiety: sleep problems 0.0 (6) 88.4 (7469) 84.6 (8146) 71.4 (290) 22814.446 <0.001 0.849
Anxiety: multiple worries 0.0 (<5) 88.5 (7475) 76.8 (7394) 76.1 (309) 21018.882 <0.001 0.815
Anxiety: increased worry 0.1 (13) 96.7 (8172) 94.1 (9060) 86.9 (353) 28159.189 <0.001 0.943
Anxiety: feeling tired 0.0 (<5) 82.8 (6994) 72.7 (7004) 47.8 (194) 18644.773 <0.001 0.767
Anxiety: impact on normal roles - - - - 30108.545 <0.001 0.563

None | 99.9 (13154) 1.6 (138) 4.0 (385) 9.9 (40) - - -

Alittle | 0.1 (7) 13.6 (1148) 21.8 (2096) 37.2 (151) - - -

Somewhat | 0.0 (<5) 39.1 (3300) 39.8 (3838) 32.3 (131) - - -

Alot | 0.1 (8) 45.7 (3861) 34.4 (3314) 20.7 (84) - - -
Anxiety: difficulty controlling worry | - - - - 31232.578 <0.001 0.573

None | 99.9 (13154) 0.7 (59) 1.5 (148) 1.5 (6) - - -

Rarely | 0.1 (10) 3.8 (325) 6.6 (637) 15.8 (64) - - -

Sometimes | 0.1 (8) 35.0 (2957) 41.0 (3946) 48.8 (198) - - -

Often | 0.0 (<5) 60.4 (5106) 50.9 (4902) 34.0 (138) - - -
Ancxiety: difficulty stopping worry - - - - 31414.135 <0.001 0.575

None | 99.8 (13150) 0.5 (44) 1.3 (130) 2.7 (11) - - -

Rarely | 0.1 (17) 4.0 (335) 7.5 (719) 16.7 (68) - - -

Sometimes | 0.0 (5) 36.8 (3111) 42.8 (4124) 50.7 (206) - - -
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Often | 0.0 (<5) 58.7 (4957) 48.4 (4660) 29.8 (121) - - -
Anxiety: duration - - - - 14972.468 <0.001 0.397

None | 88.6 (11671) 21.6 (1823) 22.9 (2208) 54.2 (220) - - -

1-7days | 11.3 (1493) 17.5 (1482) 21.6 (2078) 15.0 (61) - - -

8-31days | 0.1 (7) 22.3 (1881) 26.4 (2542) 12.8 (52) - - -

> 31 days | 0.0 (<5) 17.3 (1464) 14.9 (1440) 7.6 (31) - - -

All rolled into each other | 0.0 (<5) 21.3 (1797) 14.2 (1365) 10.3 (42) - - -
Depression: difficulty concentrating | 68.9 (9077) 93.2 (7875) 86.8 (8360) 16.0 (65) 3272.196 <0.001 0.322
Depression: feeling tired 68.0 (8954) 92.4 (7802) 85.4 (8229) 14.0 (57) 3158.174 <0.001 0.316
Depression: feeling worthless 48.2 (6343) 81.8 (6913) 72.3 (6963) 20.4 (83) 3228.808 <0.001 0.319
Depression: insomnia 50.3 (6625) 68.6 (5795) 63.5(6121) 7.1 (29) 1263.794 <0.001 0.200
Depression: hypersomnia 15.7 (2073) 28.1 (2375) 19.7 (1894) 1.5 (6) 584.004 <0.001 0.136
Depression: waking early 50.1 (6600) 69.6 (5881) 67.1 (6463) 42 (17) 1590.831 <0.001 0.224
Depression: no weight change 46.0 (6062) 24.5 (2067) 36.5 (3518) 83.3 (338) 1379.366 <0.001 0.209
Depression: weight increase 16.0 (2111) 36.2 (3054) 9.9 (956) 5.7 (23) 2214.022 <0.001 0.264
Depression: weight decrease 32.3 (4249) 31.2 (2634) 45.0 (4338) 10.1 (41) 625.387 <0.001 0.141
Depression: weight fluctuations 5.7 (751) 8.2 (692) 8.5 (821) 1.0 (<5) 105.869 <0.001 0.058
Depression: fraction of day impacted | - - - - 5091.207 <0.001 0.232

None | 22.0 (2892) 1.5 (126) 2.4 (232) 72.7 (295) - - -

Less than half | 6.0 (784) 3.6 (307) 4.8 (464) 2.5 (10) - - -

About half | 9.6 (1262) 8.1 (683) 8.9 (857) 4.7 (19) - - -

Most of the day | 40.4 (5321) 46.6 (3936) 46.9 (4516) 11.1 (45) - - -

All day | 22.1 (2914) 40.2 (3395) 37.0 (3564) 9.1 (37) - - -
Depression: duration - - - - 6321.393 <0.001 0.258

None | 19.8 (2605) 0.8 (64) 0.9 (84) 71.4 (290) - - -

<1 month | 8.6 (1133) 4.6 (389) 4.5 (429) 2.7 (11) - - -
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1-3 months | 26.4 (3482) 19.4 (1641) 21.9 (2108) 5.9 (24) - - -

3 - 6 months | 16.2 (2130) 18.6 (1567) 20.0 (1928) 4.7 (19) - - -

6 - 12 months | 12.7 (1667) 19.5 (1643) 21.1 (2035) 4.4 (18) - - -

1-2years | 8.7 (1145) 16.5 (1394) 15.7 (1511) 4.2 (17) - - -

> 2 years | 7.7 (1011) 20.7 (1749) 16.0 (1538) 6.7 (27) - - -
Depression: impact on normal roles | - - - - 5623.393 <0.001 0.243

None | 21.4 (2821) 1.2 (103) 2.3 (222) 74.1 (301) - - -

A little | 16.6 (2187) 10.3 (867) 14.8 (1429) 5.7 (23) - - -

Somewhat | 31.7 (4179) 29.9 (2523) 36.3 (3492) 9.9 (40) - - -

Alot | 30.3 (3986) 58.6 (4954) 46.6 (4490) 10.3 (42) - - -
Depression: N lifetime episodes - - - - 6369.078 <0.001 0.259

None | 19.5 (2566) 1.1 .(92) 0.1 (8) 71.4 (290) - - -

One | 34.6 (4557) 19.9 (1685) 29.6 (2852) 10.8 (44) - - -

Multiple | 27.6 (3634) 39.5(3338) 39.0 (3755) 10.1 (41) - - -

Too many to count | 18.3 (2416) 39.4 (3332) 31.3 (3018) 7.6 (31) - - -
Mania: severe (caused problems) 9.1 (1194) 39.4 (3331) 4.5 (430) 25.4 (103) 4909.174 <0.001 0.394
Mania: more talkative 9.7 (1277) 26.1 (2203) 2.8 (270) 41.9 (170) 2688.950 <0.001 0.291
Mania: more restless 17.9 (2364) 54.6 (4609) 4.6 (440) 71.9 (292) 7027.060 <0.001 0.471
Mania: had racing thoughts 15.3 (2018) 50.6 (4271) 4.3 (415) 67.2 (273) 6591.591 <0.001 0.456
Mania: needed less sleep 8.0 (1058) 19.1 (1617) 1.6 (156) 34.0 (138) 1947.535 <0.001 0.248
Mania: more creative 7.0 (924) 14.4 (1217) 1.6 (152) 24.4 (99) 1230.734 <0.001 0.197
Mania: more distracted 13.3 (1753) 43.9 (3707) 3.4 (328) 52.7 (214) 5507.662 <0.001 0.417
Mania: more confident 7.0 (926) 15.0 (1263) 2.0 (191) 23.6 (96) 1203.749 <0.001 0.195
Mania: more active 11.4 (1496) 26.2 (2217) 2.7 (264) 48.0 (195) 2647.220 <0.001 0.289
Mania: duration - - - - 8384.430 <0.001 0.297

None | 66.4 (8748) 21.6 (1822) 80.9 (7797) 2.5 (10) - - -
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<24 hours | 7.6 (1000) 14.7 (1242) 7.6 (733) 4.9 (20) - - -

1day - 1 week | 17.3 (2284) 33.2 (2808) 7.0 (670) 70.4 (286) - - -

> 1 week | 8.7 (1141) 30.5 (2575) 4.5 (433) 22.2 (90) - - -
Psychosis: believed conspiracy 0.4 (59) 2.7 (229) 1.1 (104) 0.5 (<5) 219.831 <0.001 0.083
Psychosis: believed communications | 0.6 (85) 1.6 (139) 0.7 (65) 1.5 (6) 66.539 <0.001 0.046
Psychosis: believed hearing voices 1.5 (198) 4.4 (368) 2.2 (216) 3.0(12) 175.577 <0.001 0.074
Psychosis: believed seeing visions 3.0 (401) 6.4 (543) 3.9(379) 5.7 (23) 149.872 <0.001 0.069
Self-harm: N times self-harmed - - - - 584.855 <0.001 0.078

None | 93.6 (12324) 84.6 (7150) 91.4 (8802) 92.6 (376) - - -

1| 3.4 (442) 5.7 (481) 4.3 (416) 3.0 (12) - - -

2 | 1.3(165) 2.9 (249) 1.7 (163) 2209 - - -

>=3 | 1.8 (242) 6.7 (567) 2.6 (252) 229 - - -
Self-harm: N times contemplated - - - - 1484.130 <0.001 0.153

No | 77.2 (10165) 54.6 (4610) 67.2 (6477) 80.3 (326) - - -

Once | 12.2 (1611) 16.4 (1384) 15.4 (1486) 8.4 (34) - - -

More than once | 10.6 (1397) 29.0 (2453) 17.3 (1670) 11.3 (46) - - -
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Based on the results in Table 6.1, Cluster-1 is primarily characterised by low levels of
anxiety, but this group also exhibit decreased weight change, increased self-harm
behaviours, and overall lower reporting of mental health symptoms. Cluster-2 exhibit a
high level of depression symptoms, but not as high as Cluster-3. Weight loss is more
likely to be reported during these episodes, and anxiety is more likely to manifest as
tense muscles, sleep problems and tiredness. They are unlikely to report
psychotic/unusual experiences, but do report some self-harm behaviours (less than
Cluster-3 but more than Cluster-1 and Cluster-4). Cluster-3 exhibit the highest levels of
depression symptoms/severity and are more likely to report weight gain during these
episodes. They report higher levels of mania symptoms than Cluster-2, but less than
Cluster-4, however they report the highest severity of mania, and this is most likely to
manifest as distractedness, racing thoughts, and restlessness. They also report the
highest level of anxiety, psychosis, and self-harm symptoms. Cluster-4 are
characterised by low levels of depression symptoms and high levels of mania
symptoms. Anxiety is more likely to manifest as irritability or restlessness. They are
least likely to report self-harm behaviours and do report some psychosis (less than

Cluster-3 but more than Cluster-2).

Whilst Cluster-2, Cluster-3 and Cluster-4 draw some clear parallels with the original
PMD groupings, Cluster-1 is characterised by low anxiety, less severe symptoms, and
is highly differentiated from the remaining clusters. Repeating the above external
validation process for lower levels of the clustering hierarchy revealed 3 sub-clusters
within Cluster-1 that have similar characteristics to Cluster-2, Cluster-3, and Cluster-4
(Figure 6.6). Broadly, Cluster-2 and Cluster-1.2 report mostly depression symptoms
and can be compared to the PMD recurrent and single episode major depression
groups. Cluster-3 and Cluster-1.3 report both mania and depression symptoms, like the
PMD BD and probable mania with subthreshold depression groups. Cluster-4 and
Cluster-1.4 report predominantly mania symptoms and are most similar to the PMD
UM group. The existence of these sub-clusters suggests that co-morbid anxiety is

linked to more diverse symptom profiles.
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Figure 6.6: Diagram of clusters and sub-clusters for multidomain comparisons.

6.3.3 Multidomain comparisons

A range of potential biomarkers and behavioural phenotypes were compared across
clusters. The 4-cluster solution was chosen for this analysis due to its clinical relevance,
and Cluster-1 was split into sub-clusters to explore potential differences between
anxiety and non-anxiety groups (Figure 6.6). Comparisons were also made across the

PMD groups so that they could be compared to the cluster results.

6.3.3.1 Neuroimaging measures

Results are summarised in Figure 6.7, and a detailed results table is provided in

Supplementary Table S6.4. Statistically significant differences in volume were found in

three subcortical areas, but these differences were not significant after correcting for
multiple comparisons. The right accumbens volume was higher in the mania sub-
cluster (Cluster-1.4) when compared to the bipolar sub-cluster (Cluster-1.3), but this
difference was not reflected in the co-morbid anxiety clusters or the PMD groups. The
right amygdala and left putamen volumes were lower in the bipolar sub-cluster
(Cluster-1.3) when compared to the depression sub-cluster (Cluster-1.2), but this

difference was also exclusive to the sub-cluster groups.
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Figure 6.7: Odds ratios and their 95% confidence intervals for Magnetic

Resonance Imaging (MRI) subcortical volumes.

These are shown for the original probable mood disorder groupings, the main clusters
that include anxiety symptoms, and the sub-clusters that do not include anxiety
symptoms. ‘Bipolar’ symptom groups include Cluster-2, Cluster-1.2, probable bipolar
disorder and probable mania with sub-threshold depression. ‘Unipolar Depression’
symptom groups include Cluster-3, Cluster-1.3, probable recurrent and single episode
major depression. ‘Unipolar Mania’ symptom groups include Cluster-4, Cluster-1.4 and

probable unipolar mania.

6.3.3.2 Cognitive tests
Group differences were found in five cognitive tests, but these were also non-

significant after multiple comparisons correction (Figure 6.8 and Supplementary Table
S6.4). The mania cluster (Cluster-4) and bipolar cluster (Cluster-3) performed worse
than the depression cluster (Cluster-2) in the matrix completion task. This was not
mirrored in the sub-cluster comparisons, but the trend does appear to exist in the PMD
groups. There were no differences in reaction time in the PMD groups, but there are
differences in both clusters and sub-clusters. Within the co-morbid anxiety clusters the

mania cluster (Cluster-4) exhibited slower reaction times than the bipolar cluster
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(Cluster-3). In the sub-clusters the bipolar cluster (Cluster-1.3) were slower than the
depression cluster (Cluster-1.2). For verbal-numerical reasoning the mania sub-cluster
(Cluster-1.4) performed better than the bipolar sub-cluster (Cluster-1.3). In the symbol-
digit substitution task the PMD bipolar group performed worse than the PMD
depression group, but this was not reflected in the clusters or sub-clusters. Differences
in the tower re-arranging task were only observed in the co-morbid anxiety clusters
where the mania cluster (Cluster-4) performed worse than both the depression (Cluster-

2) and bipolar clusters (Cluster-3).
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Figure 6.8: Odds ratios and their 95% confidence intervals for cognitive test
scores.

These are shown for the original probable mood disorder groupings, the main clusters
that include anxiety symptoms, and the sub-clusters that do not include anxiety
symptoms. ‘Bipolar’ symptom groups include Cluster-2, Cluster-1.2, probable bipolar
disorder and probable mania with sub-threshold depression. ‘Unipolar Depression’
symptom groups include Cluster-3, Cluster-1.3, probable recurrent and single episode
major depression. ‘Unipolar Mania’ symptom groups include Cluster-4, Cluster-1.4 and

probable unipolar mania.
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6.3.3.3 Rest-activity measures

Both subjective and objective rest-activity rthythm results are summarised in Figure 6.9

and detailed results are included in Supplementary Table S6.4. Morning chronotype

preference is more common in the mania cluster (Cluster-4) than both the bipolar
(Cluster-3) and depression (Cluster-2) clusters. This is not observed in the sub-clusters
and is only observed when comparing mania and depression in the PMD groups. Mania
is also associated with less difficulty getting up when compared to depression and
bipolar PMD groups. The depression sub-cluster (Cluster-1.2) also show more
difficulty getting up than the bipolar sub-cluster (Cluster-1.3), but this is not
statistically significant after multiple comparisons corrections. The bipolar groups are
more likely to report a short sleep duration (< 7 hours) than both the mania and
depression groups. This is observed in both the PMD groups and the co-morbid anxiety
clusters. Whilst not statistically significant, this trend appears to exist in the sub-

clusters too.

Intradaily variability is poorer in the depression cluster (Cluster-2) when compared to
the bipolar cluster (Cluster-3). This is also seen in the PMD groups but is not
statistically significant after correcting for multiple comparisons. Within the PMD
groups mania is associated with higher mean acceleration than both the bipolar and
depression groups. This is also seen in the co-morbid anxiety clusters, but only for
mania (Cluster-4) when compared to depression (Cluster-2). Mania is also associated
with lower objectively measured mean sleep duration when compared to depression in
the PMD groups. Whilst also exhibited in the co-morbid anxiety clusters, this is no
longer statistically significant after correcting for multiple comparisons. Poor sleep
efficiency is more common in the mania cluster (Cluster-4) for the co-morbid anxiety

clusters only.
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Figure 6.9: Odds ratios and their 95% confidence intervals for sleep and activity

measures.

These are shown for the original probable mood disorder groupings, the main clusters
that include anxiety symptoms, and the sub-clusters that do not include anxiety
symptoms. ‘Bipolar’ symptom groups include Cluster-2, Cluster-1.2, probable bipolar
disorder and probable mania with sub-threshold depression. ‘Unipolar Depression’
symptom groups include Cluster-3, Cluster-1.3, probable recurrent and single episode
major depression. ‘Unipolar Mania’ symptom groups include Cluster-4, Cluster-1.4 and

probable unipolar mania.

6.3.3.4 Polygenic risk scores
Bipolar groups are associated with a higher bipolar PRS when compared to depression

groups in both the PMD groups and the co-morbid anxiety clusters (Figure 6.10,

Supplementary Table S6.4). In the PMD groups mania is associated with a lower

bipolar PRS compared to the bipolar group, whilst in the co-morbid anxiety clusters
mania (Cluster-4) is associated with a higher bipolar PRS compared to the depression

cluster (Cluster-2).

Major depression PRS is higher in the depression groups when compared to the bipolar

groups for both PMD and co-morbid anxiety clusters (Cluster-2 vs Cluster-3). The
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mania groups have a lower major depression PRS than the bipolar groups in both PMD
and the sub-clusters (Cluster-1.4 vs Cluster-1.3). The PMD bipolar group have a higher
schizophrenia PRS than the PMD depression group. This is also seen in the co-morbid

anxiety clusters but is not significant after multiple comparisons corrections.

Probable Mood Disorder Clusters (with Anxiety) Sub-clusters (without Anxiety)
Bipolar Disorder PRS Z Score 4 ' i

Major Depressive Disorder PRS Z Score

Symptom Comparison

'

i} : Bipolar vs Unipolar Mania

H g -+ Unipolar Depression vs Bipolar
'

Unipolar Depression vs Unipolar Mania

Polygenic Risk Scores

Schizophrenia PRS Z Score

' ' I ' ' ' ' ' ! i ' ' O i I ' ' i
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0Odds Ratio (95% Confidence Interval)

Figure 6.10: Odds ratios and their 95% confidence intervals for the polygenic risk

scores.

These are shown for the original probable mood disorder groupings, the main clusters
that include anxiety symptoms, and the sub-clusters that do not include anxiety
symptoms. ‘Bipolar’ symptom groups include Cluster-2, Cluster-1.2, probable bipolar
disorder and probable mania with sub-threshold depression. ‘Unipolar Depression’
symptom groups include Cluster-3, Cluster-1.3, probable recurrent and single episode
major depression. ‘Unipolar Mania’ symptom groups include Cluster-4, Cluster-1.4 and

probable unipolar mania.
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6.4 Discussion

The results of the cluster analysis highlight the importance of co-morbid anxiety
symptoms in MDD, BD, and UM. High levels of co-morbidity between anxiety and
mood disorders have been reported in many studies and this is continually associated
with a worse prognosis and longer illness duration (Goldberg & Fawcett, 2012). The
results of this study support this finding by identifying a distinct group that report
milder depression and mania symptoms, and particularly low levels of anxiety related
symptoms. This milder-symptom group were split at the highest point of the cluster

hierarchy indicating that anxiety is the largest differentiator in a symptom-based model.

For both those with co-morbid anxiety and those without, a further three groups were
defined, and these broadly support the high-level categories within widely used
diagnostic manuals (DSM-5 and ICD-11). These groups consisted of a predominantly
unipolar depression group, a bipolar depression and mania group, and a predominantly
unipolar mania/hypomania group. UM is currently considered a sub-type of BD under
ICD-11 and DSM-5 criteria, but some research suggests that it should be considered a
distinct disorder (Angst & Grobler, 2015; Perugi et al., 2007). This analysis supports

categorising UM as a distinct disorder under this clustering hierarchy.

Clusters related to depression, bipolar and mania symptoms are less heterogeneous in
groups with no co-morbid anxiety. However, few mood disorder studies consider
anxiety symptoms during sampling or analysis, and this may be contributing to the

mixed findings in this area of research.

6.4.1 Brain structure

There is some evidence that subcortical volumetric differences exist in the non-anxiety
clusters, though larger samples would be required to validate statistical significance.
The nucleus accumbens plays a significant role in reward processing and has been
implicated in the reward hypersensitivity model of BD which theorises that
(hypo)mania risk is linked to hypersensitivity to reward cues and, as a result, goal-

orientated behaviours (Abler et al., 2008). Previous research has found that increased
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activity in the nucleus accumbens is linked to increased risk of mania in BD (Damme et
al., 2017) and here we find novel evidence to suggest that grey matter volume in the
accumbens may also be larger in people with predominantly mania symptoms when
compared to those with both mania and depression symptoms. This difference is not
observed in the co-morbid anxiety groups, despite some research suggesting that
anxiety and severity are linked to higher volume in the nucleus accumbens (Giinther et
al., 2018). However, improved treatment response in anxiety has also been linked to
higher grey matter volume in the nucleus accumbens and so more research to
understand the relationship between anxiety and nucleus accumbens volume is required

(Burkhouse et al., 2020).

Amygdala and putamen volumes were lower in the bipolar group when compared to the
depression group. Both the amygdala and putamen are implicated in emotional
processing and are key targets in mood disorder research. Amygdala reductions have
repeatedly been observed in adolescent BD groups but results have been mixed in adult
samples (Usher et al., 2010). Anxiety may be linked to increased amygdala volume in
both youth and adults (Suor et al., 2020) and here we find that smaller amygdala
volumes are only present in the non-anxiety bipolar cluster. This suggests that co-
morbid anxiety may be an important contributor to the lack of consistent findings so
far. Putamen volume has been suggested as a possible biomarker for differentiating BD
and MDD as higher volumes have been observed in BD whilst lower volumes have
been observed in MDD (Luo et al., 2019). This trend is observed in the PMD groups
and co-morbid anxiety clusters but is inverted in the non-anxiety clusters, highlighting

the importance of considering anxiety symptoms when assessing this area.

Reduced volumes in the hippocampus have been frequently reported in MDD and BD
when compared to control groups, however fewer studies have compared hippocampus
volumes between MDD and BD. Of those that have, the evidence is mixed with some
finding no volume differences between MDD and BD and others finding a greater
volume decrease in MDD (Ham et al., 2019; Wise et al., 2017). The results of this
analysis support the latter, finding a trend towards higher right and left hippocampus
volumes in the PMD and co-morbid anxiety bipolar groups when compared to the
unipolar depression groups. However, the bipolar depression group in this analysis

mostly reported hypomania and some studies have suggested that hippocampus volume
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reduction may be specific to BD subgroups that experience episodes of mania (Hibar et
al., 2016). It is possible that hippocampus reductions would be more prominent in a

more diverse bipolar sample.

6.4.2 Cognition

Cognitive test performance appears to differ across PMD groups, co-morbid anxiety
clusters, and non-anxiety clusters, though larger samples would be required to validate
statistical significance. The matrix completion test is adapted from the well-known
matrix reasoning test and measures non-verbal reasoning ability. Here we find bipolar
and unipolar mania perform worse than unipolar depression on this task which supports
findings in the literature (Hellvin et al., 2012), though this is only found in the more
severe co-morbid anxiety clusters. Whilst this trend is observed in the PMD groups, the
lack of significance may be caused by the mix of symptom severity in the PMD
samples. Reaction time may also be affected by this heterogeneity as differences are
observed in the clusters but not the PMD groups. In this analysis we find a trend of
clusters with reported mania symptoms (bipolar and unipolar mania) performing worse
than depression only clusters. Within the literature mania has been associated with
slower reaction times than controls and this appears to persist regardless of reward
incentive, supporting the theory of impaired reward functioning in mania (Abler et al.,

2008).

The tower re-arranging task is a modified version of the Tower of London task and can
be used to assess executive function. Within the literature BD is associated with poorer
performance on this task relative to controls, but number of manic episodes and mania
severity have not been found to influence task scores (Sweeney et al., 2000; Tournikioti
et al., 2017). Here we find that unipolar mania may be associated with worse
performance than bipolar groups suggesting that a relationship between mania and poor
executive function may exist. This would support findings from other tests of executive
function where BD with mania was linked to worse performance than BD with

hypomania (Cotrena et al., 2020).

132



Chapter 6

Whilst mania has often been linked to poor cognitive test performance, in this analysis
we find that unipolar mania groups have better performance in the verbal-numerical
reasoning task when compared to bipolar groups. We have previously reported higher
educational attainment in probable UM, and this is indirectly supported by this finding
(chapter 3, Sangha et al., 2022).

6.4.3 Rest-activity rhythms

Here we find evidence of pervasive circadian disruption across all groups regardless of
measurement type (subjective or objective) confirming the importance of this domain
in mood disorder research. Our previous work suggested the morning chronotype,
reduced difficulty getting up in the morning, shorter sleep duration and higher levels of
average acceleration are all behavioural characteristics of UM (chapter 3, Sangha et al.,
2022). In this analysis we find that this remains true in a smaller PMD sample, but not
necessarily in the co-morbid anxiety and non-anxiety clusters. Morning chronotype
preference and higher mean acceleration are found in the higher-severity (co-morbid
anxiety) clusters, but not the low symptom severity clusters. Shorter objective sleep
duration is also found in the higher-severity clusters, however larger sample sizes will
be required to assess the validity of this finding as it is not statistically significant after
multiple comparisons corrections. Differences in difficulty getting up in the morning
are not reflected in any of the clusters. A trend towards poorer sleep efficiency in UM
was also identified in previous work, but here we see that it is statistically significant in

the co-morbid anxiety clusters only.

Sleep disturbances, including short sleep duration, are widely reported in BD (Dondé et
al., 2021). In this analysis we find evidence to support this as bipolar symptom groups
are more likely to report short sleep durations subjectively than both unipolar mania
and depression groups. This was not found in the objective measure of sleep duration,
however differences in samples and measurement period may contribute to this (the
objective accelerometery covered a 7-day period and did not include napping, whilst
the subjective questionnaire asked for a general estimate and did include daytime
napping). As with the mania findings, this can be observed in the PMD and co-morbid

anxiety cluster but not the non-anxiety cluster.
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The unipolar depression PMD group and co-morbid anxiety cluster both show high
levels of daily rhythm variability (IV) when compared to the bipolar groups. This
suggests poor entrainment to external zeitgebers and could be driven by disturbed sleep
or periods of inactivity during the daytime. I'V has been identified as a strong feature in
accelerometery-based machine learning models when classifying BD and controls, and
these findings suggest that this measure could also be useful when distinguishing BD

and MDD (Schneider, Bakstein, et al., 2022).

The lack of differences in the milder non-anxiety clusters suggest that the sleep and
activity differences identified in PMD groups may be driven by those with higher
symptom severity, as observed in the co-morbid anxiety clusters. A longitudinal study
investigating psychiatric symptom severity and sleep found that shorter sleep duration,
late chronotype and poor sleep efficiency were all associated with increasing symptom

severity (Soehner et al., 2019).

6.4.4 Genetic risk

This study finds that genetic risk generally reflects the underlying symptom profile in
both PMD groups and clusters; BD PRS is highest in the bipolar groups and MDD PRS
is highest in the unipolar depression groups. Symptom bipolarity is also associated with
the highest genetic risk for schizophrenia when compared to unipolar mania or
depression groups. Higher polygenic risk for Schizophrenia has been linked to episodes
of (hypo)mania in multiple longitudinal populations, however this is not observed in
unipolar mania PMD or cluster groups (Richards et al., 2019). Instead, these results
suggest a unipolar mania symptom profile is related to an intermediate BD PRS (lower
than the bipolar groups, higher than the depression groups), and lower MDD polygenic

risk than bipolar groups.

6.4.5 Limitations

We acknowledge some limitations to this work. The UK Biobank cohort may not
represent the general population as they are older, healthier, and somewhat more

affluent. PMD groups and symptom-driven clusters were based on self-report measures
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rather than formal clinical assessments. There are varying levels of time between each
of the measurements; subjective sleep and activity and genetic data were collected at
the initial assessment visit; neuroimaging and cognitive tests were administered during
a follow-up assessment sometime after the initial assessment centre visit; mental health
questionnaires were collected remotely and at a separate time, as were the objective
accelerometery measures. However, the strengths of this study include the relatively
large samples and the comprehensive phenotyping information that was available from

multiple domains.
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6.5 Conclusions

The results of this analysis support grouping mood disorder participants by symptom
polarity (unipolar depression, bipolar depression/mania, and unipolar mania). Under
current commonly used diagnostic criteria (DSM-5 and ICD-11) unipolar mania is
classified as a bipolar disorder, but here we find that this group have both a distinct
symptom profile and show differences in brain structure, cognition, rest-activity

rhythms, and polygenic risk when compared to bipolar and unipolar depression.

Furthermore, these results suggest that the presence of co-morbid anxiety should be
considered in future mood disorder studies as this may be obscuring the identification
of behavioural phenotypes and biomarkers. Here, brain structure differences across
mood disorder groups are confined to clusters with less severe symptom profiles and no
co-morbid anxiety, whilst differences in rest-activity rhythms are observed in clusters
with higher symptom severity and co-morbid anxiety. Further investigation using
dimensional and symptom-based approaches are recommended to better understand the

mechanisms behind these observations.
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Chapter 7 Conclusions.
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7.1 An overview of key findings

Mood disorders, including depressive and bipolar disorders, are highly prevalent and a
leading cause of disability worldwide. Increasing our understanding of these disorders
may lead to more accurate and timely diagnosis and targeted treatment and therapies.
Disturbances in sleep and activity are frequently reported in these disorders, giving rise
to chronobiological theories of mood disorders. The overall objective of this thesis was
to increase our understanding of sleep and circadian disruption in mood disorders

whilst also addressing heterogeneity in the classification of mood disorder groups.

The first aim of this thesis was to investigate the nosological status of unipolar mania
using behavioural and self-report phenotypes of circadian rhythms in a large
population-based dataset (chapter 3). Self-report and behavioural rest-activity measures
were compared between unipolar mania (UM), bipolar disorder (BD) and control
groups in UK Biobank. UM and BD shared some rest-activity features when compared
to controls, including increased difficulty getting up in the morning and increased
reporting of a late chronotype preference. However, there was also evidence for rest-
activity features that differentiate UM and BD groups: when compared to a control
group, increased overall activity levels, increased reporting of an early chronotype

preference and shorter sleep duration were specific to UM only.

Having confirmed that UM may be distinct from BD, the second aim was to
characterise rest-activity rhythms in UM and other probable mood disorder groups
(recurrent major depressive disorder (rMD), single episode depressive disorder (sMD),
and BD), including any associated seasonal patterns (chapter 4). This was investigated
using objective measures from the UK Biobank accelerometery study. In concordance
with the results from chapter 3, the UM group exhibited better IV compared to a
control group, suggesting they have a less fragmented daily rhythm (not statistically
significant after multiple comparisons corrections). However, this was not specific to
the UM group as it was also observed in the BD and rMD groups and may be indicative
of low daytime activity levels. In all other measures, the UM group were
indistinguishable from controls, whereas the remaining mood disorder groups
frequently exhibited less favourable rest-activity profiles in comparison to controls. In

season-specific group comparisons, sleep efficiency differences in spring and summer
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appear to be distinct to UM, whilst increased rest-activity disruption was observed in

the winter months for the other probable mood disorder groups.

Whilst the findings from chapter 4 indicate that rest-activity rhythm differences
between probable mood disorder groups and a control group do exist, and these
differences have seasonal variations, it was unclear whether the differences could be
used to blindly identify someone with a probable mood disorder. Furthermore, a
limitation of the analysis in chapter 4 was the lack of available information on the
weather conditions during periods of accelerometer wear which would likely impact
measured activity levels. This was addressed in Chapter 5 by assessing the ability of a
machine learning model to differentiate between probable mood disorder groups and a
control group using subjective and objective rest-activity thythm measures, and
meteorological measures from UKHad-Grid. Model performance was modest but
improved upon a naive model, and the inclusion of meteorological measures improved
the model performance for UM and BD, but not rtMD or sMD. In particular, the
relationship between rainfall and activity levels was an important feature in these

models, suggesting this may differ between control and mood disorder groups.

The modest model performance in chapter 5 could be the result of rest-activity rhythm
differences not being of sufficient magnitude to differentiate between groups, and/or
probable mood disorder groups still retaining high levels of overlap after separating the
UM and BD groups. The latter was investigated using an unsupervised machine
learning approach on reported symptoms from the UK Biobank online mental health
questionnaire (chapter 6). Hierarchical clustering identified 3 clusters broadly
corresponding to symptom polarity (UM, BD, and unipolar depression), all of which
exhibited co-morbid anxiety symptoms. A fourth cluster appeared to capture all
remaining participants with a less severe symptom profile and low/no anxiety.
However, further investigation found that this fourth cluster contained 3 distinct sub-
clusters further down the hierarchy which also broadly corresponded to UM, BD, and
unipolar depression. These results suggest that co-morbid anxiety and higher symptom
severity is associated with higher differentiation between mood disorder symptom
profiles. Furthermore, comparison of a range of behavioural phenotypes and
biomarkers found that rest-activity rhythm differences may exist in the co-morbid

anxiety groups but not groups without anxiety symptoms.
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When considered together, these results:

1. Provide further evidence of pervasive circadian disruption in mood disorders.

2. Provide some support for UM as a nosologically distinct mood disorder.

3. Suggest the need for further investigation into the relationship between seasonal
measures and rest-activity rhythms as findings were mixed.

4. Suggest that the presence or absence of co-morbid anxiety symptoms may
remove some heterogeneity in mood disorder groups and reveal new

phenotypes and biomarkers.

7.2 Implications

7.2.1 Cateqgorical vs dimensional approaches

A key implication of the results of this thesis is that traditional categorical diagnoses
may indeed be obscuring biomarkers and behavioural phenotypes in mood disorder
research. Evidence of circadian disruption in mood disorder groups was found in all
analyses, some of which were specific to a single polarity. However, comparison to
data-driven clusters highlighted that this may be driven primarily by participants with
higher symptom severity and co-morbid anxiety (chapter 6). This suggests that
phenotypic differences found in studies using categorical diagnoses would benefit from
further investigation using a dimensional approach, particularly where mixed findings
for that phenotype exist in the literature. This method has been used to link circadian
disruption and mood disorder symptoms including sleep disturbances and
somatic/vegetative symptoms in depression, and sleep maintenance problems with
lower impulse control (Arns et al., 2015; Difrancesco et al., 2022). An alternative is use
of the dimensional spectrum concept of mood disorders proposed by Angst et al.
(2007). This proposes two dimensions for consideration in mood disorder research: (1)
a mood spectrum from unipolar major depression, bipolar-II disorder, bipolar-I
disorder, mania with sub-threshold depression, and finally unipolar mania; and (2) a
severity spectrum from psychotic to major and then minor symptoms (Angst, 2007).
Whilst not as detailed as the Research Domain Criteria (RDoC) or Hierarchical
Taxonomy of Psychopathology (HiTOP) frameworks, this would reduce some of the
heterogeneity caused by use of the traditional categorical mood disorder groupings
defined in DSM-5 and ICD-11 (Conway et al., 2019; Cuthbert, 2015). A recommended
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addition to this method would be the inclusion of co-morbid anxiety symptoms which
have been linked to higher severity (Saha et al., 2021b), and may play a significant role

in mood disorder symptom disparity (chapter 6).

7.2.2 Unipolar mania

The findings of the analyses in this thesis suggest that UM could be considered
nosologically distinct from BD (Angst, 2015). A transition to dimensional approaches
may ultimately remove the necessity to define mood disorder categories in research, as
discussed above. However, clinical use of traditional categorical diagnoses remains,
and it is therefore important to increase our understanding of any risk-factors and
potential treatments that may benefit this group. In the limited available research, there
is evidence that patients with UM may be less likely to respond to lithium, are at
increased risk of cardiovascular mortality, and have higher risk of experiencing

psychotic symptoms when compared to BD (Angst & Grobler, 2015).

In this thesis, a rest-activity rhythm profile that may distinguish potential UM from BD
was identified: namely increased overall activity levels, shorter sleep duration,
increased morningness and less difficulty getting up in the morning. Higher sleep
efficiency in spring and lower sleep efficiency in summer may also be a distinctive
pattern in UM (chapter 4), and this may contribute to the reported increases in mania
admissions in spring (Parker & Walter, 1982). Further research is required to confirm
these findings and assess their validity in other age-groups, as discussed in section
7.4.1. However, if replicated, these findings may be useful in the development of
activity tracker and/or smartphone application based diagnostic tools (Fellendorf et al.,

2021). These findings may also inform future sleep and circadian-based interventions.

7.2.3 Subjective vs objective rest-activity rhythm measures

A further implication regards the use of subjective vs objective measures of rest-
activity rhythms in mood disorder research. Relative to subjective measures, objective
measures have less potential for bias and recall error. Whilst objective measures have

previously demonstrated poor validity when not accompanied by a sleep diary, recent
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methods (including those used to derive the objective sleep measures in this thesis)
have resolved this (van Hees et al., 2018). However, objective measures such as
accelerometery are often less accessible to researchers and can require more participant
involvement. The results of the analyses in this thesis demonstrate pervasive rest-
activity rhythm differences in mood disorders from questionnaire data and
accelerometer-derived measurements, suggesting both are useful methods for
investigating rest-activity rhythms in these disorders. Furthermore, comparable
subjective and objective measures exhibit consistent outcomes; UM and BD are
frequently associated with disturbed sleep as measured by sleeplessness (subjective,
chapter 3) and sleep efficiency (objective, chapters 3, 4 and 6); UM is associated with
an earlier circadian clock whilst BD and unipolar depressions are associated with a later
circadian clock, as measured by chronotype (subjective, chapters 3 and 6) and phase
(objective, chapter 4). An exception to this is sleep duration for which UM had
consistently short sleep duration, but BD were found to differ in subjective and
objective sleep duration measurements. This identified underestimation of true sleep
duration may be a behavioural phenotype for BD, as discussed in chapter 3. These
results support findings that comparisons of subjective and objective phase preference
and sleep latency are correlated in remitted BD participants (Boudebesse et al., 2014).
Subjective and objective sleep duration was also shown to correlate, however
subjective sleep duration was measured using the Pittsburgh Sleep Quality Index which
is more detailed than the UK Biobank sleep duration question (Buysse et al., 1989).
Comparisons of objective and subjectively measured chronotype have indicated that 3
weeks or longer of accelerometer data are needed for optimal estimation of subjective
chronotype (Schneider, Farkova, et al., 2022). However, this was observed in healthy
participants only, and so it may be that chronotype differences between control and
mood disorder participants are of a sufficient magnitude that they are not obscured by

shorter observation periods.

One benefit of opting for objective measurement of rest-activity rhythms is the ability
to consider additional seasonal and meteorological measures and their interactions with
observed rest-activity measures (chapter 5). This is of particular interest in mood
disorder research where some evidence has suggested that episode onset in BD may be
influenced by ambient air temperature and sunlight exposure (Geoffroy et al., 2014;

Montes et al., 2021). The combination of variable meteorological conditions associated
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with climate change and prevalence of mood disorders make this an important

consideration in mood disorder research (Charlson et al., 2021).

7.3 Limitations

7.3.1 Participants

Whilst the number of participants and wide range of detailed health and biomedical
data within UK Biobank make it an exceptional resource for health research, there are
some limitations. Approximately 9.2 million individuals who lived within 25 miles of
an assessment centre and were between the ages of 40 and 69 were invited to
participate, with a 5.5% success rate. Those that volunteered were older, less ethnically
diverse, more likely to be female and less likely to live in socioeconomically deprived
areas than the general population. They were also healthier, reporting a lower number
of health conditions, and less likely to be obese, to smoke, and to drink alcohol daily
than the general population (Fry et al., 2017). As a result, it is unclear whether the
associations between rest-activity rhythms and mood disorders identified in this thesis
may be generalisable and replication in more representative samples is recommended

as discussed in section 7.4.1.

7.3.2 Probable mood disorder definition

Despite using mental health questionnaires (MHQ) that closely approximate DSM-5
criteria, the probable mood disorder groups defined in this thesis are not identical to
clinical classifications and were not based on formal diagnostic interviews with a
trained professional. A benefit of this approach is the ability to capture potential mood
disorder status for a wide range of participants, as a large proportion of people
experiencing mood disorders do not present themselves for formal medical diagnosis
(Goldberg & Huxley, 2012). However, this may also increase the heterogeneity of
symptoms within these groups as self-report measures of mood disorders are prone to
recall bias, and this has been shown to increase with increased time from an episode
(Patten et al., 2012). More crucially, this methodology does not include adequate

assessment of functional impairment or investigation into non-psychiatric disorders that
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may present with similar symptoms, and therefore likely captures participants that do
not have a true mood disorder. This was partially investigated in a study assessing
overlap between mood disorder status in UK Biobank as assessed by the touchscreen
MHQ, self-reported diagnosis, and hospital admission data; overlap between the MHQ
and self-reported diagnosis was 62% for depression, and 47% for BD. The MHQ
captured more potential mood disorder participants than the self-report measure, and
the majority of those with relevant hospital admission data had been identified in the
MHQ and self-reported diagnosis (Davis et al., 2019). However, this study did not
include primary care records from general practitioners which are also available in UK
Biobank and would capture mood disorder participants that did not require hospital
admission. Regardless, replication of these findings in clinically assessed samples is

needed to validate the results in this thesis, as discussed in section 7.4.1.

Whilst the use of the UK Biobank MHQs allowed for identification of perhaps the
largest unipolar mania/hypomania group in the literature at the time of writing, this
group were still considerably smaller than the other probable mood disorder groups.
UM often demonstrated similar rest-activity rthythms to the control group and were
more difficult to differentiate from controls in a supervised machine learning model
(chapter 5), and it is currently unclear whether this is the result of a small sample size

or true similarity between these groups.

Finally, the timing of probable mood disorder episodes and their proximity to objective
rest-activity measures was unknown. Lifetime probable mood disorder status has been
associated with rest-activity rhythm differences and the results within this thesis
support this finding (Lyall et al., 2018). These chronic rest-activity rhythm differences
may be useful for mood disorder diagnosis and identification of interventions and
therapies, but they do not provide insight into circadian markers of mood disorder

episodes.

7.3.3 Confounders

Covariate adjustments for statistical models are described in the relevant chapters,

broadly including age, sex, Townsend deprivation score, education level, ethnicity,
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smoking status, and alcohol status. Psychotropic medication was included in analyses
where sample numbers allowed, however detailed consideration of medication was
beyond the scope of this thesis. Medication may be important as, in BD,
benzodiazepines have been associated with better sleep quality, aripiprazole with
advanced phase and less rhythm stability, and lithium with phase delay (Benedetti et
al., 2001; Hennion et al., 2024). However, accounting for medication use is difficult;
for example, commonly used depression medications have been found to affect activity
levels in a variety of ways leading to increased activity in some and decreased activity
in others (Bernard & Carayol, 2015). Furthermore, medication adherence is poor in
mood disorder groups and therefor true medication status is unknown in non-hospital

settings (Semahegn et al., 2020).

Similarly, factors related to employment or caring duties may be important confounders
but were beyond the scope of this thesis. Retirement has been associated with longer
sleep duration, lower levels of sleep disturbance, and reduced risk of depression
(Amerio et al., 2021; Bracke et al., 2020; Hagen et al., 2016). Informal caregiving
responsibilities have also been linked to poorer mental health (Brown & Cohen, 2020).
Whilst employment information is included within the UK Biobank touchscreen

questionnaires, no specific category identifies those with caring responsibilities.

A key limitation of the findings within this thesis is that co-occurring illnesses were not
fully considered. Participants reporting psychotic episodes were excluded to ensure that
the BD criteria did not also capture participants with probable schizophrenia, and
participants with severe brain injury or illness were excluded as this would impact both
mental health and rest-activity rhythms. However, there are a myriad of other illnesses
that could potentially impact mental health or rest-activity rhythms and were not
accounted for in the analyses within this thesis. For example, short sleep duration has
been linked to higher severity of depression symptoms in Parkinson’s disease, and
Alzheimer’s disease may causally influence sleep patterns (Huang et al., 2020; Kay et
al., 2018). The self-reported diagnoses, linked primary care data, and hospital
admission data within UK Biobank may be used to investigate these relationships

further.
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7.3.4 Rest-activity rhythm measures

A limitation of both the objective and subjective rest-activity rhythm measures analysed
in this thesis is that they do not account for weekday and weekend differences. A study
of optimal wear time for reliable activity estimates in older adults found that 5 days is
sufficient, but activity differences existed between days of the week (Hart et al., 2011).
When weekday and weekend differences were assessed for differing chronotype
preferences, evening-chronotypes exhibited poorer sleep quality and lower sleep
duration on weekdays when compared to intermediate or morning chronotypes.
However, this difference did not exist on weekends, demonstrating a ‘social jetlag’
effect that may be caused by social or work commitments (Vitale et al., 2015).
Similarly, the accuracy of subjective sleep quality may be affected by weekday and
weekend differences (Choilek et al., 2021). This was partially addressed in chapter 5
where weekday and weekend differences in average activity blocks were calculated and
included within the machine learning models, but remains a limitation in the other

analysis chapters.

7.4 Future directions

7.4.1 Replication in non-UK Biobank cohorts

UM is vastly understudied, and the rest-activity rhythm differences identified in this
thesis are novel findings. Replication studies in additional UM groups are required to
confirm these findings, most importantly in clinical mood disorder samples. UK
Biobank have recently released linked primary care data for approximately 45% of the
cohort, including clinically coded diagnoses. This additional information may address
the key limitations of this thesis by allowing further investigation of rest-activity
characteristics in participants with a clinically diagnosed mood disorder, whilst also
providing additional insight into the timing of episodes, medication prescriptions, and
co-morbid illnesses. Further information is available here:

https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/primary care data.pdf.
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Whilst this thesis focuses on older adult groups, replication in groups of adolescents
and young adults would allow us to identify whether these differences are pervasive
across the lifetime. Circadian timing changes over time with adolescents frequently
exhibiting later phase, and this progressively becomes earlier throughout their lifetime
(Lee et al., 2011). Adolescence is also a risk period for mood disorder onset (Kessler et
al., 2005). Findings in the literature are mixed but do indicate a relationship between
mood disorder symptoms and disrupted rest-activity rhythms, including poor sleep
efficiency during manic episodes (Lopes et al., 2020; O’Callaghan et al., 2021).
However, further research in large cohorts that have been carefully assessed for bipolar
features is required to better understand this relationship. A potential data source for
investigating rest-activity rhythms and mood disorders in adolescents may be the
Adolescent Brain Cognitive Development study, a large-scale US biobank studying
child development and health. This includes objective measures of rest-activity rhythms
and mood disorder questionnaires (Bagot et al., 2018). The longitudinal nature of this
data set would also allow for the identification of sleep and circadian risk factors for
future mood disorder onset; 11,500 participants aged 9-10 years old completed a
baseline assessment between September 2016 and August 2018, and participate in
yearly follow-up assessments (currently aged 15-18 years old) (Garavan et al., 2018).
Approximately 5,000 of these participants also opted to wear an activity tracker during
this time. Recent findings from this cohort have linked sedentary activity to greater risk
of psychosis-like experiences, and lower cardiovascular fitness to greater risk of

anxiety and depression symptoms (Damme et al., 2024).

As discussed in section 7.3.1, a limitation of the analyses in this thesis is that the UK
Biobank cohort may exhibit a healthy volunteer bias and are therefore not
representative of the general population. Potentially interesting groups for replication
are non-white ethnicities in which UM is possibly more prevalent (Angst et al., 2019).
Despite UK Biobank predominantly consisting of participants with white ethnicity, a
higher proportion of ‘Asian or Asian British’ ethnicity was reported in the UM group

compared to BD and control groups (chapter 3).

147



Chapter 7

7.4.2 Longitudinal follow-up studies in UK Biobank

UK Biobank participants take part in follow-up assessment centre visits, during which
they repeat the touchscreen mental health questionnaire and subjective rest-activity
measures. A group of participants that did not report mood disorder symptoms at the
initial baseline assessment centre, but met probable mood disorder criteria at least one
year after the accelerometer study have been identified (N=321) (Lyall et al., 2023). It
is expected that more participants will meet these criteria as further repeat assessment
centre data is released by UK Biobank, and this may allow for the investigation of
longitudinal relationships between rest-activity rhythms and mood disorder outcomes.
For example, there is evidence to suggest that higher subjective sleep disturbance and
lower objective sleep efficiency are associated with an increased risk of reporting more
severe depression symptoms at a 5-year follow-up in a cohort of older adults (Maglione

etal., 2014).

In 2018 UK Biobank began to collect repeat accelerometery data across each season for
a small group of participants (approximately N=3,000). This is a relatively new release
at the time of writing and there is therefore little information about the methodology
used, however it is possible that this will allow for within-subject investigations into
seasonal rest-activity rhythm differences in mood disorders, and these would be more

robust than the between-group comparisons described in chapter 4.

7.4.3 Integrating multiple domains for improved mood disorder identification

Lifetime rest-activity rhythm differences, combined with demographic and lifestyle
factors, can predict probable mood disorder status better than a naive model (chapter 5),
however the accuracy is modest and therefore of limited clinical use. Integrating
measures from multiple domains that have been associated with both circadian
disruption and mood disorders may lead to better discriminatory ability. For example,
the relationship between circadian disruption and mood disorders may be mediated by
structural and functional brain differences (Bedrosian & Nelson, 2013); and in BD,
disrupted sleep may contribute to cognitive impairments in working memory and social

cognition (Russo et al., 2015).
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7.5 Conclusions

Symptoms related to sleep and circadian disruption are frequently reported in mood
disorders and this can have a detrimental effect on quality of life for those affected.
Identification of phenotypes for sleep and circadian disruption may improve diagnosis
and treatment for mood disorders, however the heterogeneity of symptom profiles

within and between mood disorder groups has led to inconsistent findings.

This thesis explored the relationship between behavioural phenotypes of sleep and
circadian disruption and mood disorders in a large UK dataset using a range of
statistical and data-driven methodologies. The findings identified a range of
associations between subjective and objective rest-activity rhythm measures and mood
disorder category, some of which appear to be distinct to individual mood disorder
groups. There is also evidence of seasonal variation in these rest-activity rhythm

differences.

Regarding heterogeneity in mood disorder groups, there is evidence to support a
nosological distinction between unipolar mania and bipolar disorder, a differentiation
that could reduce the heterogeneity found in bipolar disorder studies. Furthermore,
accounting for co-morbid anxiety in mood disorder studies may further reduce

heterogeneity in all mood disorder groups.

In conclusion, this thesis provides new evidence contributing to our understanding of
sleep and circadian disruption in mood disorders, and the reduction of heterogeneity of
symptoms within these groups. Further research is needed to better understand this
relationship and its potential to inform future classification, diagnostic approaches and

treatments.
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Figure S3.1: Psychotropic medication list.

1- Lithium
lithium product
Priadel (ithium)
Camcolit (lithium)

1- unique code  2- Other mood stabil

1140867490 sodium valproate
1140867504 Epilim (sodium valproate)
1140867494 Depakote (semisodium valproate)
valproic acid
carbamazepine product
carbamazepine
Tegretol (carbamazepine)
Teril (carbamazepine)
Teril retard (carbamazepine)
Timonil retard (carbamazepine)
Epimaz (carbamazepine)
lamotrigine
Lamictal (lamotrigine)

2-unique code 3 - AD-SSRI
1140872198 paroxetine
1140872200 Seroxat (paroxetine)
1141172838 fluoxetine
1140872214 Prozac (fluoxetine)
1140872064 citalopram
2038459704 Cipramil (citalopram)
1140872072 escitalopram
1141167860 Cipralex (escitalopram)
1141185460 sertraline
1141162898 Lustral (sertraline)
1140864452 fluvoxamine
1140872290
1140872302

3 - unique code 4 - AD-Other

1140867888 mirtazapine
1140882236 Zispin (mirtazapine)
1140879540 duloxetine
1140867876 Cymbalta (duloxetine)
1140921600 Yentreve (duloxetine)
1141151946 venlafaxine
1141180212 Efexor (venlafaxine)
1141190158 amitriptyline
1140867878 Elavil (amitriptyline)
1140867884 Tryptizol (amitriptyline)
1140879544 Lentizol (amitriptyline)
amitriptyline+perphenazine

Triptafen (amitriptyline+perphenazine)

amitriptyline+chlordiazepoxide

Limbitrol 10 (amitriptyline+chlordiazepoxide)
Limbitrol-5 (amitriptyline+chlordiazepoxide)

phenelzine

maoi - phenelzine
Nardil (phenelzine)
moclobemide

Manerix (moclobemide)
imipramine

Tofranil (imipramine)
trimipramine

Surmontil (timipramine)
dothiepin

dosulepin

Prothiaden (dosulepin)
Thaden (dosulepin)
clomipramine

Anafranil (clomipramine)
lofepramine

Gamanil (lofepramine)
Lomont (lofepramine)
mianserin

Bolvidon (mianserin)
Norval (mianserin)

4 - unique code 5 - AP-Traditional

1141152732 chlorpromazine
1141152736 cpz - chlorpromazine
1141200564 Largactil (chlorpromazine)
1141201834 haloperidol

1141200570 Haldol (haloperidol)
1140916282 Serenace (haloperidol)
1140916288 fluphenazine decanoate
1140879616 fluphenazine
1140867658 Modecate (fluphenazine)
1140867668 Moditen tablet (fluphenazine)
1140867662 Moditen enanthate (fluphenazine)
1140867948 flupentixol

1140867934 Flupenthixol (flupentixol)
1140867938 Depixol (flupentixol)
1140856186 Fluanxol (flupentixol)
1140867928 zuclopenthixol
1140867850 Clopixol (zuclopenthixol)
1140910704 loxapine

1140867852 Loxapac (loxapine)
1140867920 droperidol

1140867922 Droleptan (droperidol)
1140879630 trifluoperazine
1140867712 Stelazine (trfluoperazine)
1140867756 thioridazine

1140867758 Melleril (thioridazine)
1140879628

1140909806

1140867624

1141171824

1140879620

1140867690

1140867726

1140882310

1141146062

1140879556

1140867806

1140867812

5- unique code 6 - AP-second gen
1140879658 quetiapine
1140910358 Seroquel (quetiapine)
1140863416 risperidone
1140867168 Risperdal (risperidone)
1140867184 olanzapine
1140867092 Zyprexa (olanzapine)
1140867398 aripiprazole
1140882098 Abilify (aripiprazole)
1140867456 amisulpride
1140867156 Solian (amisulpride)
1140856004 clozapine
1140909800 Clozaril (clozapine)
1140867150
1140867152
1140867952
1140882100
1140867342
1140867406
1140867414
1140867084
1140867086
1140868120
1140867244
1140879750
1140867312

6 - unique code 7 - Sedatives & hypnotics 7 - unique code

1141152848 diazepam
1141152860 diazepam product
1140867444 Valium tablet (diazepam)
1141177762 Valium syrup (diazepam)
1140928916 Valium supp (diazepam)
1141167976 temazepam
1141195974 Normison (temazepam)
1141202024 Euhypnos (temazepam)
1141153490 zopiclone
1141184742 Zimovane (zopiclone)
1140867420 zaleplon
1140882320 Sonata (zaleplon)
zolpidem
Stilnoct (zolpidem)
nitrazepam
Mogadon (nitrazepam)
Nitrados (nitrazepam)
Remnos (nitrazepam)
Somnite (nitrazepam)
Noctesed (nitrazepam)
Surem (nitrazepam)
Unisomnia (nitrazepam)
flunitrazepam
Rohypnol (flunitrazepam)
triazolam
Halcion (triazolam)

1140863152
1141157496
1140863244
1140863250
1140855856
1140863202
1140863210
1140863138
1140863144
1140928004
1141171404
1141171410
1140865016
1140864916
1140863182
1140863194
1140855896
1140863196
1140855900
1140855898
1140855902
1140855904
1140863104
1140863106
1140855914
1140855920
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Appendix

Table S3.1: Fishers exact test results for long sleep duration.

Objective/ Group Fishers 95% p value
Subjective | Comparison Exact Test Confidence

Odds Ratio Interval
Objective BD vs UM 6.139 1.597, 52.354 0.002
Objective | UM vs Control 3.682 1.004, 30.654 0.053
Subjective BD vs UM 2.530 1.349, 5.250 0.002
Subjective | UM vs Control 0.739 0.407, 1.497 0.288
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Table $3.2: Group comparisons.

Variable Group Estimate | Std. z Pr Odds 2.50% | 97.50% p value
Comparison Error | value | (>|z|) Ratio (FDR

Corrected)
Anxiety BD vs Control 3.871 0.044 | 88.172 | 0.000 47.970 | 44.034 52.303 0.000
Anxiety BD vs UM 2.739 0.093 | 29.606 | 0.000 15.466 | 12.934 18.591 0.000
Anxiety UM vs Control 1.103 0.086 | 12.809 | 0.000 3.014 | 2.538 3.558 0.000
Chronotype (Early) BD vs Control 0.015 0.039 | 0.393 | 0.694 1.016 | 0.940 1.096 0.744
Chronotype (Early) BD vs UM -0.212 0.080 | -2.653 | 0.008 0.809 | 0.692 0.947 0.013
Chronotype (Early) UM vs Control 0.260 0.069 | 3.777 | 0.000 1.297 | 1.132 1.482 0.000
Chronotype (Late) BD vs Control 0.502 0.051 | 9.888 | 0.000 1.652 | 1.495 1.824 0.000
Chronotype (Late) BD vs UM 0.170 0.114 | 1.492 | 0.136 1.185 | 0.951 1.485 0.167
Chronotype (Late) UM vs Control 0.333 0.103 | 3.246 | 0.001 1.395 | 1.136 1.699 0.002
Difficulty Getting Up BD vs Control 0.889 0.037 | 24.008 | 0.000 2433 | 2262 2.615 0.000
Difficulty Getting Up BD vs UM 0.646 0.089 | 7.226 | 0.000 1.907 | 1.604 2.277 0.000
Difficulty Getting Up UM vs Control 0.266 0.083 | 3.199 | 0.001 1.305 | 1.105 1.531 0.002
Happiness - General BD vs Control 2.974 0.062 | 47.850 | 0.000 19.578 | 17.339 22.124 0.000
Happiness - General BD vs UM 1.909 0.168 | 11.377 | 0.000 6.748 | 4.922 9.518 0.000
Happiness - General UM vs Control 1.081 0.168 | 6.417 | 0.000 2.948 | 2.088 4.048 0.000
Happiness - Health BD vs Control 1.714 0.041 | 42.100 | 0.000 5.553 | 5.126 6.014 0.000
Happiness - Health BD vs UM 0.970 0.098 | 9.906 | 0.000 2.637 | 2.183 3.205 0.000
Happiness - Health UM vs Control 0.748 0.092 | 8.136 | 0.000 2.113 | 1.758 2.522 0.000
Interdaily Stability BD vs Control -0.017 0.019 | -0.921 | 0.357 0.983 | 0.947 1.020 0.407
Interdaily Stability BD vs UM -0.001 0.039 | -0.027 | 0.978 0.999 | 0.925 1.078 0.978
Interdaily Stability UM vs Control -0.021 0.034 | -0.602 | 0.547 0.980 | 0916 1.048 0.598
Intradaily Variability BD vs Control -0.034 0.018 | -1.890 | 0.059 0.967 | 0.934 1.001 0.079
Intradaily Variability BD vs UM 0.061 0.038 | 1.622 | 0.105 1.063 | 0.987 1.145 0.132
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Intradaily Variability UM vs Control -0.071 0.032 | -2.209 | 0.027 0.931 | 0.874 0.992 0.039
Mean Acceleration BD vs Control 0.062 0.019 | 3.237 | 0.001 1.064 | 1.025 1.104 0.002
Mean Acceleration BD vs UM 0.112 0.040 | 2.793 | 0.005 1.119 | 1.034 1.211 0.009
Mean Acceleration UM vs Control -0.077 0.035 | -2.204 | 0.028 0.926 | 0.864 0.991 0.039
Neuroticism BD vs Control 0.437 0.006 | 69.552 | 0.000 1.549 | 1.530 1.568 0.000
Neuroticism BD vs UM 0.228 0.012 | 18.953 | 0.000 1.256 | 1.227 1.286 0.000
Neuroticism UM vs Control 0.220 0.010 | 21.984 | 0.000 1.247 | 1.222 1.271 0.000
Obj Sleep Duration (Long) BD vs Control 0.656 0.180 | 3.638 | 0.000 1.927 | 1.334 2.709 0.001
Obj Sleep Duration (Short) BD vs Control 0.062 0.053 | 1.166 | 0.244 1.064 | 0.958 1.181 0.293
Obj Sleep Duration (Short) BD vs UM -0.110 0.110 | -1.001 | 0.317 0.896 | 0.723 1.112 0.374
Obj Sleep Duration (Short) UM vs Control 0.227 0.094 | 2.409 | 0.016 1.255 | 1.042 1.509 0.024
Relative Amplitude BD vs Control 0.133 0.019 | 7.072 | 0.000 1.142 | 1.101 1.185 0.000
Relative Amplitude BD vs UM 0.164 0.040 | 4.136 | 0.000 1.178 | 1.090 1.274 0.000
Relative Amplitude UM vs Control -0.031 0.034 | -0.918 | 0.358 0.969 | 0.906 1.036 0.407
Risk Taking BD vs Control 0.665 0.034 | 19.388 | 0.000 1.944 | 1.817 2.078 0.000
Risk Taking BD vs UM -0.064 0.070 | -0.904 | 0.366 0.938 | 0.818 1.077 0.407
Risk Taking UM vs Control 0.735 0.062 | 11.893 | 0.000 2.086 | 1.848 2.354 0.000
Self-Harm BD vs Control 2.924 0.068 | 43.104 | 0.000 18.613 | 16.306 21.274 0.000
Self-Harm BD vs UM 1.533 0.161 | 9.513 | 0.000 4.630 | 3.417 6.435 0.000
Self-Harm UM vs Control 1.414 0.164 | 8.601 | 0.000 4.114 | 2.942 5.615 0.000
Sleep Duration Difference (Overestimate) BD vs Control 0.011 0.086 | 0.125| 0.900 1.011 | 0.853 1.196 0.932
Sleep Duration Difference (Overestimate) BD vs UM -0.300 0.178 | -1.684 | 0.092 0.741 | 0.522 1.051 0.118
Sleep Duration Difference (Overestimate) UM vs Control 0.339 0.149 | 2272 | 0.023 1.403 | 1.047 1.880 0.034
Sleep Duration Difference (Underestimate) | BD vs Control 0.354 0.075 | 4.746 | 0.000 1.425 | 1.232 1.650 0.000
Sleep Duration Difference (Underestimate) | BD vs UM 0.005 0.163 | 0.028 | 0.977 1.005 | 0.729 1.381 0.978
Sleep Duration Difference (Underestimate) | UM vs Control 0.369 0.139 | 2.647 | 0.008 1.446 | 1.102 1.904 0.013
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Sleep Efficiency BD vs Control 0.041 0.019 | 2.165| 0.030 1.042 | 1.004 1.081 0.042
Sleep Efficiency BD vs UM -0.014 0.039 | -0.350 | 0.726 0.986 | 0.913 1.065 0.765
Sleep Efficiency UM vs Control 0.059 0.034 | 1.701 | 0.089 1.060 | 0.991 1.134 0.117
Sleeplessness BD vs Control 0.665 0.023 | 29.038 | 0.000 1.944 | 1.859 2.033 0.000
Sleeplessness BD vs UM 0.312 0.048 | 6.442 | 0.000 1.366 | 1.243 1.502 0.000
Sleeplessness UM vs Control 0.365 0.041 | 8.852 | 0.000 1.440 | 1.329 1.562 0.000
Sub Sleep Duration (Long) BD vs Control 1.279 0.123 | 10.365 | 0.000 3.594 | 2.809 4.559 0.000
Sub Sleep Duration (Short) BD vs Control 0.557 0.036 | 15.635 | 0.000 1.746 | 1.628 1.872 0.000
Sub Sleep Duration (Short) BD vs UM 0.246 0.078 | 3.175 | 0.001 1.279 | 1.100 1.490 0.003
Sub Sleep Duration (Short) UM vs Control 0.302 0.069 | 4.383 | 0.000 1.352 | 1.180 1.546 0.000
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Table $4.1: Full multivariable logistic regression model results.

Probable Mood Disorder | Season | Term Estimate | Std Error | Statistic | p.value | 95% CI 95% CI p.value (FDR
(lower) (upper) corrected)
sMD Spring | (Intercept) 0.284 0.571 -2.202 0.028 0.092 0.862 0.065
sMD Spring | Phase 1.105 0.04 2.465 0.014 1.021 1.196 0.036
sMD Spring | RA 1.093 0.041 2.149 0.032 1.006 1.183 0.073
sMD Spring | IV 0.966 0.042 -0.829 0.407 0.889 1.049 0.541
sMD Spring | IS 0.916 0.045 -1.979 0.048 0.839 0.999 0.096
sMD Spring | Sleep Duration 1.08 0.047 1.655 0.098 0.987 1.184 0.178
sMD Spring | Sleep Efficiency 1.077 0.049 1.509 0.131 0.978 1.187 0.226
sMD Spring | Easting 1 0 -0.271 0.786 1 1 0.845
sMD Spring | Age 0.968 0.005 -6.216 0 0.958 0.978 0
sMD Spring | Sex 0.315 0.087 | -13.342 0 0.265 0.373 0
sMD Spring | Townsend 1.067 0.034 1.898 0.058 0.997 1.141 0.113
sMD Spring | Alcoholcurrent 1.285 0.25 1.004 0.316 0.805 2.158 0.45
sMD Spring | Alcoholprevious 1.89 0.327 1.945 0.052 1.001 3.631 0.102
sMD Spring | BMI 1.031 0.008 3.641 0 1.014 1.049 0.001
sMD Spring | Smoking 1.385 0.063 5.196 0 1.224 1.566 0
sMD Spring | Educationcollege 1.144 0.122 1.097 0.272 0.901 1.456 0.404
sMD Spring | Educationcontinued 1.008 0.174 0.043 0.966 0.712 1.412 0.97
sMD Spring | Educationincomplete 0.87 0.18 -0.775 0.438 0.608 1.231 0.571
sMD Spring | Educationuniversity 1.297 0.113 2.293 0.022 1.041 1.624 0.054
sMD Spring | Ethnicity Bin 1.682 0.246 2.112 0.035 1.061 2.796 0.078
rMD Spring | (Intercept) 2.949 0.408 2.653 0.008 1.324 6.545 0.022
rMD Spring | Phase 1.131 0.03 4.147 0 1.068 1.2 0
rMD Spring | RA 1.104 0.031 3.212 0.001 1.039 1.173 0.004
rMD Spring | IV 0.963 0.031 -1.232 0.218 0.906 1.023 0.342
rMD Spring | IS 0.961 0.032 -1.245 0.213 0.901 1.023 0.337
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rMD Spring | Sleep Duration 1.125 0.035 3.369 0.001 1.051 1.205 0.003
rMD Spring | Sleep Efficiency 1.043 0.037 1.143 0.253 0.97 1.121 0.387
rMD Spring | Easting 1 0 -1.629 0.103 1 1 0.184
rMD Spring | Age 0.953 0.004 | -12.581 0 0.946 0.96 0
rMD Spring | Sex 0.356 0.062 | -16.695 0 0.315 0.402 0
rMD Spring | Townsend 1.188 0.025 6.903 0 1.131 1.247 0
rMD Spring | Alcoholcurrent 0.974 0.169 -0.157 0.875 0.703 1.365 0.921
rMD Spring | Alcoholprevious 2.036 0.225 3.161 0.002 1.313 3.175 0.005
rMD Spring | BMI 1.024 0.006 3.724 0 1.011 1.037 0.001
rMD Spring | Smoking 1.407 0.047 7.306 0 1.284 1.542 0
rMD Spring | Educationcollege 1.201 0.091 2.009 0.044 1.005 1.436 0.093
rMD Spring | Educationcontinued 1.117 0.127 0.874 0.382 0.87 1.43 0.52
rMD Spring | Educationincomplete 0.924 0.135 -0.586 0.558 0.707 1.201 0.672
rMD Spring | Educationuniversity 1.24 0.085 2.538 0.011 1.051 1.466 0.031
rMD Spring | Ethnicity Bin 1.444 0.163 2.253 0.024 1.054 1.999 0.06
BD Spring | (Intercept) 2.594 0.723 1.319 0.187 0.621 10.593 0.306
BD Spring | Phase 1.172 0.053 3.029 0.002 1.058 1.3 0.008
BD Spring | RA 1.137 0.052 2.481 0.013 1.025 1.255 0.035
BD Spring | IV 0.888 0.058 -2.06 0.039 0.793 0.994 0.086
BD Spring | IS 0.905 0.06 -1.67 0.095 0.804 1.017 0.173
BD Spring | Sleep Duration 1.231 0.066 3.167 0.002 1.083 1.401 0.005
BD Spring | Sleep Efficiency 1.219 0.069 2.875 0.004 1.066 1.396 0.012
BD Spring | Easting 1 0 -2.433 0.015 1 1 0.039
BD Spring | Age 0.928 0.007 | -10.678 0 0.915 0.94 0
BD Spring | Sex 0.597 0.111 -4.654 0 0.48 0.741 0
BD Spring | Townsend 1.202 0.044 4.172 0 1.102 1.31 0
BD Spring | Alcoholcurrent 0.878 0.311 -0.419 0.675 0.495 1.689 0.772
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BD Spring | Alcoholprevious 2.709 0.382 2.611 0.009 1.303 5.873 0.025
BD Spring | BMI 1.055 0.011 4912 0 1.032 1.077 0
BD Spring | Smoking 1.454 0.082 4.586 0 1.238 1.705 0
BD Spring | Educationcollege 1.307 0.178 1.505 0.132 0.927 1.866 0.227
BD Spring | Educationcontinued 1.264 0.234 1 0.317 0.793 1.992 0.45
BD Spring | Educationincomplete 1.392 0.242 1.366 0.172 0.859 2227 0.286
BD Spring | Educationuniversity 1.37 0.167 1.882 0.06 0.994 1.918 0.115
BD Spring | Ethnicity Bin 0.975 0.255 -0.098 0.922 0.603 1.646 0.946
UM Spring | (Intercept) 0.123 1.468 -1.43 0.153 0.006 2.056 0.258
UM Spring | Phase 0.929 0.099 -0.74 0.459 0.769 1.132 0.585
UM Spring | RA 1.099 0.096 0.982 0.326 0.897 1.308 0.461
UM Spring | IV 0.879 0.109 -1.185 0.236 0.709 1.086 0.368
UM Spring | IS 1.046 0.113 0.395 0.693 0.838 1.303 0.787
UM Spring | Sleep Duration 0.939 0.117 -0.536 0.592 0.752 1.191 0.707
UM Spring | Sleep Efficiency 0.777 0.125 -2.018 0.044 0.609 0.996 0.092
UM Spring | Easting 1 0 -0.215 0.83 1 1 0.88
UM Spring | Age 0.949 0.014 -3.843 0 0.924 0.975 0
UM Spring | Sex 1.486 0.221 1.794 0.073 0.968 2.304 0.137
UM Spring | Townsend 1.109 0.092 1.129 0.259 0.922 1.322 0.392
UM Spring | Alcoholcurrent 0.669 0.617 -0.652 0.515 0.233 2.843 0.634
UM Spring | Alcoholprevious 1.383 0.796 0.408 0.684 0.288 7.411 0.779
UM Spring | BMI 1.038 0.024 1.538 0.124 0.989 1.086 0.216
UM Spring | Smoking 1.396 0.163 2.044 0.041 1.006 1.912 0.088
UM Spring | Educationcollege 1.146 0.367 0.371 0.711 0.572 2.447 0.797
UM Spring | Educationcontinued 1.17 0.492 0.319 0.75 0.424 3.018 0.823
UM Spring | Educationincomplete 0.356 0.776 -1.33 0.183 0.055 1.351 0.302
UM Spring | Educationuniversity 1.537 0.341 1.26 0.208 0.818 3.153 0.329
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UM Spring | Ethnicity Bin 1.052 0.546 0.092 0.927 0.405 3.629 0.948
sMD Summer | (Intercept) 0.49 0.493 -1.445 0.149 0.185 1.281 0.252
sMD Summer | Phase 0.987 0.034 -0.373 0.709 0.924 1.055 0.797
sMD Summer | RA 0.994 0.039 -0.144 0.885 0.92 1.072 0.925
sMD Summer | IV 0.979 0.035 -0.597 0.55 0914 1.049 0.667
sMD Summer | IS 1.024 0.038 0.611 0.541 0.95 1.103 0.658
sMD Summer | Sleep Duration 1.085 0.04 2.051 0.04 1.004 1.174 0.087
sMD Summer | Sleep Efficiency 1.092 0.041 2.127 0.033 1.007 1.185 0.075
sMD Summer | Easting 1 0 -0.819 0.413 1 1 0.542
sMD Summer | Age 0.965 0.005 -7.807 0 0.956 0.974 0
sMD Summer | Sex 0.333 0.073 | -15.077 0 0.288 0.384 0
sMD Summer | Townsend 0.989 0.03 -0.367 0.713 0.932 1.049 0.797
sMD Summer | Alcoholcurrent 1.294 0.201 1.285 0.199 0.887 1.951 0.321
sMD Summer | Alcoholprevious 1.669 0.271 1.888 0.059 0.982 2.855 0.114
sMD Summer | BMI 1.038 0.007 5.06 0 1.023 1.054 0
sMD Summer | Smoking 1.389 0.053 6.157 0 1.251 1.542 0
sMD Summer | Educationcollege 1.125 0.103 1.147 0.251 0.921 1.378 0.385
sMD Summer | Educationcontinued 1.109 0.148 0.697 0.486 0.826 1.479 0.609
sMD Summer | Educationincomplete 0.734 0.15 -2.052 0.04 0.544 0.983 0.087
sMD Summer | Educationuniversity 1.097 0.096 0.961 0.337 0.91 1.328 0.473
sMD Summer | Ethnicity Bin 1.524 0.214 1.973 0.049 1.019 2.361 0.097
rMD Summer | (Intercept) 3.429 0.362 3.408 0.001 1.686 6.961 0.002
rMD Summer | Phase 1.075 0.026 2.837 0.005 1.023 1.131 0.013
rMD Summer | RA 1.18 0.028 5.941 0 1.117 1.246 0
rMD Summer | IV 0.934 0.027 -2.517 0.012 0.886 0.985 0.032
rMD Summer | IS 0.956 0.029 -1.531 0.126 0.903 1.012 0.218
rMD Summer | Sleep Duration 1.135 0.03 4.221 0 1.07 1.204 0
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rMD Summer | Sleep Efficiency 1.104 0.032 3.127 0.002 1.038 1.174 0.006
rMD Summer | Easting 1 0 -1.753 0.08 1 1 0.147
rMD Summer | Age 0.951 0.003 | -14.432 0 0.944 0.957 0
rMD Summer | Sex 0.35 0.055 | -19.173 0 0314 0.389 0
rMD Summer | Townsend 1.104 0.022 4.475 0 1.057 1.153 0
rMD Summer | Alcoholcurrent 1.068 0.14 0.468 0.64 0.814 1.413 0.744
rMD Summer | Alcoholprevious 2.098 0.186 3.99 0 1.461 3.027 0
rMD Summer | BMI 1.031 0.006 5.459 0 1.02 1.043 0
rMD Summer | Smoking 1.512 0.041 10.14 0 1.396 1.637 0
rMD Summer | Educationcollege 1.085 0.081 1.002 0.316 0.925 1.273 0.45
rMD Summer | Educationcontinued 1.125 0.116 1.008 0.313 0.894 1.411 0.449
rMD Summer | Educationincomplete 0.837 0.113 -1.578 0.115 0.67 1.043 0.2
rMD Summer | Educationuniversity 1.248 0.075 2.953 0.003 1.078 1.447 0.01
rMD Summer | Ethnicity Bin 1.263 0.142 1.645 0.1 0.959 1.676 0.18
BD Summer | (Intercept) 2.154 0.713 1.076 0.282 0.524 8.588 0.411
BD Summer | Phase 1.162 0.049 3.063 0.002 1.056 1.28 0.007
BD Summer | RA 1.105 0.05 1.988 0.047 0.999 1.217 0.095
BD Summer | IV 0.954 0.052 -0.914 0.361 0.862 1.055 0.498
BD Summer | IS 0.997 0.058 -0.06 0.952 0.89 1.115 0.967
BD Summer | Sleep Duration 1.228 0.061 3.342 0.001 1.09 1.386 0.003
BD Summer | Sleep Efficiency 1.156 0.063 2.31 0.021 1.023 1.309 0.052
BD Summer | Easting 1 0 -3.218 0.001 1 1 0.004
BD Summer | Age 0.918 0.007 -12.59 0 0.905 0.93 0
BD Summer | Sex 0.544 0.105 -5.787 0 0.442 0.668 0
BD Summer | Townsend 1.179 0.041 3.977 0 1.086 1.278 0
BD Summer | Alcoholcurrent 1.03 0.295 0.102 0.919 0.599 1.915 0.946
BD Summer | Alcoholprevious 2.127 0.366 2.062 0.039 1.052 4.46 0.086
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BD Summer | BMI 1.066 0.011 5.869 0 1.043 1.089 0
BD Summer | Smoking 1.838 0.073 8.359 0 1.593 2.119 0
BD Summer | Educationcollege 0.952 0.156 -0.314 0.753 0.703 1.296 0.823
BD Summer | Educationcontinued 0.839 0.23 -0.763 0.446 0.529 1.304 0.577
BD Summer | Educationincomplete 0.933 0.218 -0.318 0.751 0.603 1.421 0.823
BD Summer | Educationuniversity 1.006 0.145 0.045 0.964 0.76 1.344 0.97
BD Summer | Ethnicity Bin 2.018 0.319 2.202 0.028 1.124 3.961 0.065
UM Summer | (Intercept) 0.048 1.488 -2.045 0.041 0.002 0.801 0.088
UM Summer | Phase 0.935 0.095 -0.707 0.48 0.778 1.127 0.605
UM Summer | RA 0.881 0.116 -1.09 0.276 0.692 1.089 0.407
UM Summer | IV 0.922 0.096 -0.851 0.395 0.762 1.109 0.531
UM Summer | IS 1.027 0.107 0.252 0.801 0.832 1.265 0.859
UM Summer | Sleep Duration 0.967 0.115 -0.288 0.774 0.778 1.22 0.838
UM Summer | Sleep Efficiency 1.257 0.113 2.022 0.043 1.011 1.573 0.092
UM Summer | Easting 1 0 -0.958 0.338 1 1 0.473
UM Summer | Age 0.952 0.013 -3.818 0 0.928 0.976 0.001
UM Summer | Sex 0.915 0.201 -0.441 0.659 0.618 1.36 0.758
UM Summer | Townsend 0.923 0.094 -0.853 0.394 0.763 1.103 0.531
UM Summer | Alcoholcurrent 1.84 0.727 0.839 0.401 0.564 11.335 0.537
UM Summer | Alcoholprevious 1.902 0.926 0.695 0.487 0.308 14.713 0.609
UM Summer | BMI 1.056 0.023 2.417 0.016 1.009 1.102 0.041
UM Summer | Smoking 1.05 0.163 0.3 0.764 0.755 1.433 0.83
UM Summer | Educationcollege 1.574 0.355 1.278 0.201 0.809 33 0.322
UM Summer | Educationcontinued 1.268 0.514 0.463 0.644 0.432 3.376 0.744
UM Summer | Educationincomplete 1.028 0.518 0.053 0.957 0.348 2.763 0.969
UM Summer | Educationuniversity 1.815 0.336 1.774 0.076 0.977 3.696 0.142
UM Summer | Ethnicity Bin 1.326 0.605 0.466 0.641 0.475 5.537 0.744
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sMD Autumn | (Intercept) 0.587 0.477 -1.118 0.263 0.229 1.484 0.396
sMD Autumn | Phase 1.046 0.034 1.328 0.184 0.979 1.118 0.302
sMD Autumn | RA 1.113 0.037 2.924 0.003 1.035 1.195 0.01
sMD Autumn | IV 0.967 0.035 -0.941 0.347 0.902 1.037 0.483
sMD Autumn | IS 0.897 0.038 -2.866 0.004 0.833 0.966 0.012
sMD Autumn | Sleep Duration 1.073 0.039 1.813 0.07 0.995 1.159 0.132
sMD Autumn | Sleep Efficiency 1.093 0.041 2.153 0.031 1.008 1.185 0.072
sMD Autumn | Easting 1 0 -0.514 0.607 1 1 0.718
sMD Autumn | Age 0.961 0.004 -9.017 0 0.953 0.97 0
sMD Autumn | Sex 0.351 0.072 | -14.561 0 0.305 0.404 0
sMD Autumn | Townsend 1.05 0.029 1.65 0.099 0.991 1.112 0.179
sMD Autumn | Alcoholcurrent 1.277 0.193 1.27 0.204 0.887 1.893 0.325
sMD Autumn | Alcoholprevious 2.216 0.26 3.064 0.002 1.336 3.706 0.007
sMD Autumn | BMI 1.028 0.007 3.848 0 1.013 1.042 0
sMD Autumn | Smoking 1.4 0.052 6.449 0 1.263 1.55 0
sMD Autumn | Educationcollege 1.28 0.101 2.436 0.015 1.051 1.564 0.039
sMD Autumn | Educationcontinued 1.125 0.151 0.778 0.437 0.833 1.508 0.571
sMD Autumn | Educationincomplete 0.817 0.157 -1.291 0.197 0.598 1.105 0.318
sMD Autumn | Educationuniversity 1.2 0.096 1.902 0.057 0.996 1.451 0.112
sMD Autumn | Ethnicity Bin 1.619 0.214 2.252 0.024 1.082 2.51 0.06
rMD Autumn | (Intercept) 1.206 0.365 0.513 0.608 0.589 2.459 0.718
rMD Autumn | Phase 1.16 0.026 5.729 0 1.103 1.221 0
rMD Autumn | RA 1.183 0.028 6.011 0 1.12 1.25 0
rMD Autumn | IV 0.941 0.027 -2.21 0.027 0.892 0.993 0.065
rMD Autumn | IS 0.947 0.029 -1.873 0.061 0.894 1.002 0.117
rMD Autumn | Sleep Duration 1.213 0.031 6.31 0 1.142 1.288 0
rMD Autumn | Sleep Efficiency 1.144 0.033 4.129 0 1.073 1.219 0
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rMD Autumn | Easting 1 0 0.1 0.92 1 1 0.946
rMD Autumn | Age 0.956 0.003 | -13.189 0 0.95 0.962 0
rMD Autumn | Sex 0.375 0.054 | -18.104 0 0.337 0.416 0
rMD Autumn | Townsend 1.159 0.022 6.733 0 1.11 1.21 0
rMD Autumn | Alcoholcurrent 1.287 0.148 1.703 0.089 0.968 1.732 0.163
rMD Autumn | Alcoholprevious 2.814 0.198 5.226 0 1.914 4.161 0
rMD Autumn | BMI 1.029 0.006 5.119 0 1.018 1.041 0
rMD Autumn | Smoking 1.389 0.041 8.062 0 1.282 1.505 0
rMD Autumn | Educationcollege 0.988 0.079 -0.147 0.883 0.847 1.155 0.925
rMD Autumn | Educationcontinued 1.174 0.113 1.418 0.156 0.94 1.463 0.263
rMD Autumn | Educationincomplete 0.985 0.111 -0.134 0.894 0.791 1.224 0.929
rMD Autumn | Educationuniversity 1.107 0.073 1.388 0.165 0.96 1.278 0.275
rMD Autumn | Ethnicity Bin 1.635 0.154 3.181 0.001 1.213 2.224 0.005
BD Autumn | (Intercept) 1.874 0.701 0.896 0.37 0.465 7.286 0.507
BD Autumn | Phase 1.001 0.045 0.026 0.979 0.917 1.095 0.979
BD Autumn | RA 1.278 0.046 5.331 0 1.167 1.398 0
BD Autumn | IV 0.948 0.051 -1.053 0.292 0.857 1.047 0.423
BD Autumn | IS 0.976 0.055 -0.448 0.654 0.876 1.086 0.754
BD Autumn | Sleep Duration 1.132 0.058 2.132 0.033 1.011 1.271 0.075
BD Autumn | Sleep Efficiency 1.116 0.061 1.8 0.072 0.991 1.259 0.136
BD Autumn | Easting 1 0 -2.007 0.045 1 1 0.093
BD Autumn | Age 0.923 0.007 | -12.242 0 0.911 0.935 0
BD Autumn | Sex 0.46 0.104 -7.423 0 0.375 0.564 0
BD Autumn | Townsend 1.213 0.04 4.77 0 1.12 1.312 0
BD Autumn | Alcoholcurrent 1.605 0.336 1.405 0.16 0.873 3.308 0.268
BD Autumn | Alcoholprevious 4.562 0.388 3.916 0 2.206 10.222 0
BD Autumn | BMI 1.038 0.01 3.743 0 1.018 1.059 0.001
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BD Autumn | Smoking 1.663 0.073 6.983 0 1.441 1.917 0
BD Autumn | Educationcollege 1.413 0.154 2.248 0.025 1.05 1.921 0.06
BD Autumn | Educationcontinued 0.935 0.243 -0.278 0.781 0.572 1.488 0.842
BD Autumn | Educationincomplete 1.16 0.227 0.656 0.512 0.737 1.798 0.634
BD Autumn | Educationuniversity 1.13 0.148 0.825 0.409 0.849 1.521 0.541
BD Autumn | Ethnicity Bin 1.358 0.272 1.127 0.26 0.818 2.384 0.392
UM Autumn | (Intercept) 0.1 1.172 -1.968 0.049 0.01 0.959 0.098
UM Autumn | Phase 0.97 0.079 -0.382 0.703 0.834 1.136 0.792
UM Autumn | RA 1.021 0.086 0.239 0.811 0.854 1.198 0.866
UM Autumn | IV 0.937 0.086 -0.751 0.453 0.79 1.109 0.581
UM Autumn | IS 0.933 0.093 -0.746 0.455 0.777 1.117 0.582
UM Autumn | Sleep Duration 0.942 0.096 -0.624 0.533 0.785 1.144 0.65
UM Autumn | Sleep Efficiency 1.096 0.099 0.923 0.356 0.905 1.336 0.493
UM Autumn | Easting 1 0 1.054 0.292 1 1 0.423
UM Autumn | Age 0.947 0.011 -4.866 0 0.927 0.968 0
UM Autumn | Sex 1.483 0.18 2.194 0.028 1.046 2.118 0.066
UM Autumn | Townsend 0.992 0.078 -0.105 0.916 0.848 1.151 0.946
UM Autumn | Alcoholcurrent 0.893 0.474 -0.238 0.812 0.389 2.593 0.866
UM Autumn | Alcoholprevious 0.775 0.746 -0.342 0.732 0.155 3.256 0.812
UM Autumn | BMI 1.05 0.019 2.601 0.009 1.011 1.088 0.026
UM Autumn | Smoking 1.041 0.14 0.285 0.775 0.785 1.362 0.838
UM Autumn | Educationcollege 1.27 0.292 0.818 0.413 0.73 2.308 0.542
UM Autumn | Educationcontinued 0.789 0.483 -0.492 0.623 0.281 1.93 0.731
UM Autumn | Educationincomplete 0.692 0.485 -0.759 0.448 0.246 1.703 0.578
UM Autumn | Educationuniversity 1.404 0.274 1.239 0.215 0.841 2.481 0.339
UM Autumn | Ethnicity Bin 0.71 0.39 -0.876 0.381 0.351 1.648 0.52
sMD Winter | (Intercept) 0.293 0.56 -2.191 0.028 0.097 0.87 0.067
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sMD Winter | Phase 1.101 0.041 2.367 0.018 1.017 1.193 0.046
sMD Winter | RA 1.127 0.04 2977 0.003 1.04 1.218 0.009
sMD Winter | IV 0.933 0.042 -1.64 0.101 0.858 1.013 0.181
sMD Winter | IS 1.016 0.045 0.35 0.727 0.929 1.11 0.807
sMD Winter | Sleep Duration 1.098 0.047 1.981 0.048 1.002 1.204 0.096
sMD Winter | Sleep Efficiency 1.034 0.049 0.681 0.496 0.939 1.14 0.616
sMD Winter | Easting 1 0 0.649 0.516 1 1 0.634
sMD Winter | Age 0.961 0.005 -7.754 0 0.951 0.971 0
sMD Winter | Sex 0.299 0.086 | -14.046 0 0.252 0.353 0
sMD Winter | Townsend 1.026 0.035 0.73 0.465 0.957 1.098 0.591
sMD Winter | Alcoholcurrent 1.692 0.252 2.086 0.037 1.059 2.859 0.083
sMD Winter | Alcoholprevious 2.036 0.331 2.147 0.032 1.07 3.942 0.073
sMD Winter | BMI 1.045 0.008 5.229 0 1.028 1.063 0
sMD Winter | Smoking 1.327 0.063 4.51 0 1.173 1.5 0
sMD Winter | Educationcollege 1.405 0.12 2.832 0.005 1.112 1.781 0.014
sMD Winter | Educationcontinued 1.159 0.175 0.847 0.397 0.819 1.626 0.533
sMD Winter | Educationincomplete 0.905 0.179 -0.557 0.578 0.633 1.279 0.692
sMD Winter | Educationuniversity 1.254 0.114 1.995 0.046 1.007 1.572 0.094
sMD Winter | Ethnicity Bin 1.158 0.227 0.649 0.517 0.755 1.84 0.634
rMD Winter | (Intercept) 1.14 0.419 0.313 0.755 0.5 2.584 0.823
rMD Winter | Phase 1.187 0.03 5.715 0 1.12 1.259 0
rMD Winter | RA 1.183 0.031 5.47 0 1.114 1.256 0
rMD Winter | IV 0.905 0.032 -3.109 0.002 0.849 0.964 0.006
rMD Winter | IS 0.968 0.034 -0.969 0.332 0.905 1.034 0.468
rMD Winter | Sleep Duration 1.134 0.035 3.581 0 1.059 1.215 0.001
rMD Winter | Sleep Efficiency 1.034 0.037 0.909 0.363 0.962 1.112 0.499
rMD Winter | Easting 1 0 -0.339 0.735 1 1 0.812
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rMD Winter | Age 0.955 0.004 | -11.876 0 0.947 0.962 0
rMD Winter | Sex 0.361 0.062 | -16.399 0 0.32 0.408 0
rMD Winter | Townsend 1.176 0.025 6.453 0 1.119 1.235 0
rMD Winter | Alcoholcurrent 1.013 0.165 0.077 0.939 0.738 1.408 0.958
rMD Winter | Alcoholprevious 1.435 0.228 1.585 0.113 0.919 2.246 0.198
rMD Winter | BMI 1.04 0.006 6.153 0 1.027 1.053 0
rMD Winter | Smoking 1.462 0.047 8.097 0 1.334 1.603 0
rMD Winter | Educationcollege 1.128 0.092 1.313 0.189 0.943 1.351 0.308
rMD Winter | Educationcontinued 1.232 0.129 1.617 0.106 0.955 1.585 0.188
rMD Winter | Educationincomplete 1.043 0.127 0.334 0.739 0.812 1.335 0.814
rMD Winter | Educationuniversity 1.263 0.084 2.781 0.005 1.072 1.49 0.016
rMD Winter | Ethnicity Bin 1.548 0.181 2.416 0.016 1.094 2.226 0.041
BD Winter | (Intercept) 2.436 0.769 1.158 0.247 0.531 10.848 0.381
BD Winter | Phase 1.217 0.055 3.571 0 1.094 1.356 0.001
BD Winter | RA 1.207 0.051 3.662 0 1.088 1.332 0.001
BD Winter | IV 0.842 0.062 -2.764 0.006 0.745 0.951 0.016
BD Winter | IS 0.919 0.066 -1.281 0.2 0.808 1.045 0.322
BD Winter | Sleep Duration 1.048 0.066 0.718 0.473 0.923 1.195 0.598
BD Winter | Sleep Efficiency 1.04 0.07 0.567 0.571 0.908 1.193 0.685
BD Winter | Easting 1 0 -1.152 0.249 1 1 0.383
BD Winter | Age 0914 0.007 | -12.232 0 0.901 0.927 0
BD Winter | Sex 0.54 0.118 -5.229 0 0.428 0.679 0
BD Winter | Townsend 1.113 0.048 2.206 0.027 1.011 1.223 0.065
BD Winter | Alcoholcurrent 0.95 0.33 -0.155 0.877 0.519 1.917 0.921
BD Winter | Alcoholprevious 2.131 0.407 1.858 0.063 0.977 4.885 0.12
BD Winter | BMI 1.066 0.011 5.605 0 1.043 1.09 0
BD Winter | Smoking 1.93 0.083 7.893 0 1.638 2272 0
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BD Winter | Educationcollege 1.292 0.173 1.485 0.138 0.925 1.821 0.235
BD Winter | Educationcontinued 0.987 0.262 -0.052 0.959 0.58 1.63 0.969
BD Winter | Educationincomplete 0.744 0.287 -1.034 0.301 0.413 1.279 0.435
BD Winter | Educationuniversity 1.146 0.163 0.835 0.403 0.837 1.589 0.538
BD Winter | Ethnicity Bin 1.265 0.312 0.754 0.451 0.709 2.425 0.58
UM Winter | (Intercept) 0.025 1.707 -2.159 0.031 0.001 0.593 0.072
UM Winter | Phase 1.13 0.113 1.078 0.281 0.906 1.41 0.411
UM Winter | RA 0.907 0.128 -0.764 0.445 0.693 1.142 0.577
UM Winter | IV 0.881 0.115 -1.104 0.27 0.701 1.101 0.403
UM Winter | IS 0.985 0.123 -0.123 0.902 0.772 1.25 0.935
UM Winter | Sleep Duration 0.867 0.123 -1.165 0.244 0.69 1.113 0.379
UM Winter | Sleep Efficiency 0.979 0.127 -0.17 0.865 0.766 1.261 0.913
UM Winter | Easting 1 0 -0.825 0.41 1 1 0.541
UM Winter | Age 0.963 0.014 -2.72 0.007 0.937 0.99 0.019
UM Winter | Sex 1.315 0.225 1.218 0.223 0.849 2.056 0.349
UM Winter | Townsend 1.106 0.098 1.032 0.302 0.908 1.332 0.435
UM Winter | Alcoholcurrent 2.57 1.016 0.929 0.353 0.553 45.783 0.49
UM Winter | Alcoholprevious 1.059 1.426 0.04 0.968 0.041 27.203 0.97
UM Winter | BMI 1.064 0.024 2.583 0.01 1.013 1.113 0.027
UM Winter | Smoking 1.12 0.18 0.63 0.529 0.778 1.58 0.647
UM Winter | Educationcollege 0.838 0.341 -0.517 0.605 0.433 1.667 0.718
UM Winter | Educationcontinued 1.727 0.406 1.345 0.179 0.76 3.805 0.295
UM Winter | Educationincomplete 0.14 1.038 -1.893 0.058 0.008 0.703 0.113
UM Winter | Educationuniversity 0.982 0.308 -0.06 0.952 0.549 1.853 0.967
UM Winter | Ethnicity Bin 0.692 0.533 -0.69 0.49 0.274 2.337 0.611
sMD All (Intercept) 0.412 0.259 -3.426 0.001 0.247 0.683 0.002
sMD All Phase 1.056 0.018 2.97 0.003 1.019 1.095 0.009
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sMD All RA 1.078 0.019 3.855 0 1.037 1.119 0
sMD All v 0.961 0.019 -2.068 0.039 0.926 0.998 0.086
sMD All IS 0.96 0.02 -2.002 0.045 0.922 0.999 0.093
sMD All Sleep Duration 1.077 0.021 3.501 0 1.033 1.123 0.002
sMD All Sleep Efficiency 1.074 0.022 3.208 0.001 1.028 1.122 0.004
sMD All Easting 1 0 -0.505 0.614 1 1 0.722
sMD All Age 0.964 0.002 -15.47 0 0.959 0.968 0
sMD All Sex 0.328 0.039 | -28.521 0 0.304 0.354 0
sMD All Townsend 1.031 0.016 1.93 0.054 0.999 1.064 0.106
sMD All Alcoholcurrent 1.358 0.109 2.806 0.005 1.102 1.691 0.015
sMD All Alcoholprevious 1.924 0.145 4.497 0 1.448 2.563 0
sMD All BMI 1.035 0.004 8.91 0 1.027 1.043 0
sMD All Smoking 1.375 0.028 11.179 0 1.3 1.453 0
sMD All Educationcollege 1.228 0.055 3.738 0 1.103 1.369 0.001
sMD All Educationcontinued 1.093 0.08 1.104 0.27 0.933 1.277 0.403
sMD All Educationincomplete 0.816 0.082 -2.476 0.013 0.693 0.957 0.035
sMD All Educationuniversity 1.197 0.052 3.47 0.001 1.082 1.325 0.002
sMD All Ethnicity Bin 1.491 0.111 3.584 0 1.204 1.863 0.001
rMD All (Intercept) 1.914 0.192 3.383 0.001 1.313 2.787 0.003
rMD All Phase 1.137 0.014 9.371 0 1.107 1.169 0
rMD All RA 1.162 0.015 10.308 0 1.129 1.195 0
rMD All v 0.934 0.014 -4.678 0 0.908 0.961 0
rMD All IS 0.959 0.015 -2.726 0.006 0.93 0.988 0.018
rMD All Sleep Duration 1.15 0.016 8.668 0 1.114 1.187 0
rMD All Sleep Efficiency 1.085 0.017 4.766 0 1.049 1.121 0
rMD All Easting 1 0 -1.769 0.077 1 1 0.143
rMD All Age 0.954 0.002 | -25.981 0 0.95 0.957 0
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rMD All Sex 0.361 0.029 | -35.286 0 0.341 0.382 0
rMD All Townsend 1.154 0.012 12.24 0 1.127 1.18 0
rMD All Alcoholcurrent 1.091 0.077 1.138 0.255 0.94 1.271 0.388
rMD All Alcoholprevious 2.093 0.103 7.178 0 1.712 2.563 0
rMD All BMI 1.031 0.003 10.304 0 1.025 1.037 0
rMD All Smoking 1.443 0.022 16.901 0 1.383 1.505 0
rMD All Educationcollege 1.089 0.043 2.014 0.044 1.002 1.184 0.093
rMD All Educationcontinued 1.155 0.06 2.389 0.017 1.026 1.299 0.043
rMD All Educationincomplete 0.937 0.06 -1.085 0.278 0.833 1.054 0.408
rMD All Educationuniversity 1.206 0.039 4.766 0 1.117 1.303 0
rMD All Ethnicity Bin 1.443 0.079 4.65 0 1.238 1.686 0
BD All (Intercept) 2.329 0.358 2.363 0.018 1.151 4.68 0.046
BD All Phase 1.127 0.025 4.803 0 1.073 1.183 0
BD All RA 1.175 0.024 6.587 0 1.119 1.232 0
BD All v 0.912 0.027 -3.361 0.001 0.864 0.962 0.003
BD All IS 0.954 0.029 -1.599 0.11 0.901 1.011 0.194
BD All Sleep Duration 1.158 0.031 4715 0 1.09 1.231 0
BD All Sleep Efficiency 1.135 0.032 3.896 0 1.065 1.21 0
BD All Easting 1 0 -4.421 0 1 1 0
BD All Age 0.921 0.003 | -24.006 0 0.915 0.927 0
BD All Sex 0.529 0.054 | -11.712 0 0.476 0.589 0
BD All Townsend 1.177 0.022 7.583 0 1.129 1.228 0
BD All Alcoholcurrent 1.097 0.157 0.591 0.554 0.815 1.511 0.67
BD All Alcoholprevious 2.737 0.19 5.301 0 1.897 3.999 0
BD All BMI 1.056 0.005 10.157 0 1.045 1.067 0
BD All Smoking 1.703 0.038 13.858 0 1.579 1.836 0
BD All Educationcollege 1.223 0.081 2.476 0.013 1.044 1.437 0.035
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BD All Educationcontinued 0.984 0.12 -0.139 0.89 0.776 1.241 0.927
BD All Educationincomplete 1.028 0.119 0.234 0.815 0.812 1.295 0.867
BD All Educationuniversity 1.143 0.077 1.734 0.083 0.984 1.331 0.153
BD All Ethnicity Bin 1.328 0.141 2.006 0.045 1.014 1.765 0.093
UM All (Intercept) 0.073 0.692 -3.782 0 0.018 0.279 0.001
UM All Phase 0.982 0.047 -0.391 0.696 0.897 1.077 0.789
UM All RA 0.981 0.051 -0.383 0.702 0.883 1.08 0.792
UM All v 0.906 0.049 -1.997 0.046 0.822 0.998 0.094
UM All IS 0.99 0.053 -0.18 0.857 0.892 1.099 0.907
UM All Sleep Duration 0.923 0.056 -1.444 0.149 0.83 1.031 0.252
UM All Sleep Efficiency 1.041 0.057 0.696 0.486 0.931 1.165 0.609
UM All Easting 1 0 -0.351 0.725 1 1 0.807
UM All Age 0.952 0.006 -7.718 0 0.94 0.964 0
UM All Sex 1.271 0.102 2.362 0.018 1.043 1.553 0.046
UM All Townsend 1.021 0.044 0.462 0.644 0.934 1.112 0.744
UM All Alcohol current 1.176 0.314 0.516 0.606 0.668 2.309 0.718
UM All Alcoholprevious 1.224 0.434 0.466 0.642 0.517 2.896 0.744
UM All BMI 1.05 0.011 4.485 0 1.028 1.073 0
UM All Smoking 1.138 0.08 1.623 0.105 0.971 1.327 0.186
UM All Educationcollege 1.2 0.166 1.099 0.272 0.872 1.673 0.404
UM All Educationcontinued 1.222 0.231 0.867 0.386 0.768 1.907 0.523
UM All Educationincomplete 0.542 0.296 -2.067 0.039 0.293 0.944 0.086
UM All Educationuniversity 1.408 0.155 2.212 0.027 1.048 1.925 0.065
UM All Ethnicity Bin 0.9 0.246 -0.427 0.669 0.571 1.506 0.767
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Table S5.1: Model variables.

acc_sleep dur AD mn
acc_sleep dur AD sd
acc_sleep_eff AD mn 2
acc_sleep_midp AD mn
acc_timeinbed AD mn
cosinor_amp

diff mean PA 100 150
diff mean PA 150 200

diff mean PA 200

diff mean PA 50

diff mean PA 50 100
diff sd_PA 100 _150
diff sd PA 150 200
diff sd PA 200

diff sd_PA 50

diff sd_PA 50 100

is

Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery

Accelerometery

Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery

Accelerometery

Mean sleep duration

Std dev sleep duration

Mean sleep efficiency

Mean sleep midpoint

Mean time in bed

Cosinor amplitude

Weekday/weekend difference mean percentage acceleration (101-150mg)
Weekday/weekend difference mean percentage acceleration (151-200mg)
Weekday/weekend difference mean percentage acceleration (200+mg)

Weekday/weekend difference mean percentage acceleration (50mg and
less)

Weekday/weekend difference mean percentage acceleration (51-100mg)
Weekday/weekend difference std dev (101-150mg)

Weekday/weekend difference std dev (151-200mg)

Weekday/weekend difference std dev (200+mg)

Weekday/weekend difference std dev (50mg and less)
Weekday/weekend difference std dev (51-100mg)

Interdaily stability

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical

Numerical
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v

mean_PA 100 150 0
mean_PA 100 150 1
mean_PA 150 200 0
mean_PA 150 200 1
mean_PA 200 0
mean PA 200 1
mean_PA 50 0
mean_PA 50 1
mean_PA 50 100 0
mean_PA 50 100 1

mesor

MVPA 100

phase

ra

sd_PA 100 _150 0
sd_PA 100 150 1
sd_PA 150 200 0

sd PA_150 200 1

Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery

Accelerometery

Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery

Accelerometery

Intradaily variability

Mean percentage acceleration between 101 and 150mg (weekdays only)
Mean percentage acceleration between 101 and 150mg (weekends only)
Mean percentage acceleration between 151 and 200mg (weekdays only)
Mean percentage acceleration between 151 and 200mg (weekends only)
Mean percentage acceleration 200mg and over (weekdays only)

Mean percentage acceleration 200mg and over (weekends only)

Mean percentage acceleration 50mg and lower (weekdays only)

Mean percentage acceleration 50mg and lower (weekends only)

Mean percentage acceleration between 51 and 100mg (weekdays only)
Mean percentage acceleration between 51 and 100mg (weekends only)
Mesor

N moderate to vigorous physical activity sessions (10mins with 80% at
100mg or above)

Phase

Relative amplitude

Std dev acceleration between 101 and 150mg (weekdays only)
Std dev acceleration between 101 and 150mg (weekends only)
Std dev acceleration between 151 and 200mg (weekdays only)

Std dev acceleration between 151 and 200mg (weekends only)

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical

Numerical

Numerical
Numerical
Numerical
Numerical
Numerical
Numerical

Numerical
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sd_PA 200 0

sd PA 200 1

sd PA 50 0
sd_PA 50 1
sd_PA 50 100 _0
sd_PA 50 100 1
av_acc

age actig_years
alcohol. never
alcohol.current
alcohol.previous
BMI.1

BMI.2

BMI.3

BMI.4

BML.5

ethnicity bin
education.college

education.compulsory

Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Accelerometery
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic

Demographic

Std dev acceleration 200mg and over (weekdays only)

Std dev acceleration 200mg and over (weekends only)

Std dev acceleration 50mg and lower (weekdays only)

Std dev acceleration 50mg and lower (weekends only)

Std dev acceleration between 51 and 100mg (weekdays only)
Std dev acceleration between 51 and 100mg (weekends only)
Average acceleration

Age in years (at time of accelerometer study)

Alcohol drinking status = non-alcohol drinker

Alcohol drinking status = previous alcohol drinker

Alcohol drinking status = current alcohol drinker

BMI <18.5

BMI >=18.5 & <25

BMI >=25 & <30

BMI >=30 & <40

BMI >=40

Binary ethnicity status (O=white, 1=other)

Highest level of education - college

Highest level of education - compulsory

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Binary
Binary
Binary
Binary
Binary
Binary
Binary
Binary
Binary
Binary

Binary
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education.continued
education.incomplete
education.university
townsend

lat

long

sex.0

sex.1

smoking.0

smoking. 1
smoking.2
acc_season.Spring
acc_season.Summer
acc_season.Autumn

acc_season.Winter

avAcc_frost ratio

avAcc rain_ratio

Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Demographic
Seasonal

Seasonal

Seasonal

Seasonal

Seasonal

Seasonal

Highest level of education - continued

Highest level of education - incomplete

Highest level of education - university

Townsend deprivation score buckets (see methods)

Approximate home latitude

Approximate home longitude

Sex = male

Sex = female

Smoking status = non-smoker

Smoking status = previous smoker

Smoking status = current smoker

Season of accelerometer wear based on first day of wear (spring)
Season of accelerometer wear based on first day of wear (summer)
Season of accelerometer wear based on first day of wear (autumn)
Season of accelerometer wear based on first day of wear (winter)

Ratio of mean acceleration and average ground frost across period of
accelerometer wear

Ratio of mean acceleration and average rainfall across period of
accelerometer wear

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank

UK Biobank/HadUK-Grid

UK Biobank/HadUK-Grid

Binary
Binary
Binary
Ordinal
Numerical
Numerical
Binary
Binary
Binary
Binary
Binary
Binary
Binary
Binary

Binary

Numerical

Numerical
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avAcc_sun_ratio

day len hrs

frost_avg curr
frost_avg prev_month
LAN home binary.0

LAN home binary.1

MVPA frost ratio

MVPA rain_ratio

MVPA sun_ratio
rain_avg_curr
rain_avg_prev_week
sun_avg_curr
sun_avg prev_month
f 1160 0 0

f 1170 0 0

f 1180 0 0

Seasonal

Seasonal
Seasonal
Seasonal
Seasonal

Seasonal

Seasonal

Seasonal

Seasonal
Seasonal
Seasonal
Seasonal
Seasonal
Sleep Questionnaire
Sleep Questionnaire

Sleep Questionnaire

Ratio of mean acceleration and average sunshine across period of
accelerometer wear

Day length (hrs between surise and sunset) during period of accelerometer
wear, based on first day of wear.

N days with ground frost in month of accelerometer wear

N days with ground frost month prior to accelerometer wear
Light at night not present in home area

Light at night present in home area

Ratio of n MVPA sessions and N ground frost days in month of
accelerometer wear

Ratio of n MVPA sessions and average rainfall across week(s) of
accelerometer wear

Ratio of n MVPA sessions and average sunshine in month of
accelerometer wear

Average rainfall (mm) across period of accelerometer wear
Average rainfall (mm) week prior to accelerometer wear
Average sunshine (hrs) in month of accelerometer wear
Average sunshine (hrs) in month prior to accelerometer wear
Reported sleep duration

Difficulty getting up in the morning

Reported chronotype

UK Biobank/HadUK-Grid

UK Biobank

HadUK-Grid

HadUK-Grid

NASA

NASA

UK Biobank/HadUK-Grid

UK Biobank/HadUK-Grid

UK Biobank/HadUK-Grid

HadUK-Grid

HadUK-Grid

HadUK-Grid

HadUK-Grid

UK Biobank

UK Biobank

UK Biobank

Numerical

Numerical
Numerical
Numerical
Binary

Binary

Numerical

Numerical

Numerical
Numerical
Numerical
Numerical
Numerical
Numerical
Ordinal

Ordinal
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Table S5.2: Mood disorder group differences (high importance variables).

Mean (SD) / Percentage (N) Test Statistic | p value | Effect
Control UM BD rMD sMD Size
Age 63.72 (7.60) | 60.65(7.93) | 58.75(7.53) | 60.73 (7.67) | 61.39 (7.51) 416.932 <0.001 | 0.040
Sex - - - - - 1971.808 <0.001 | 0.223
Female | 48.01 (11,582) | 41.14 (188) | 61.88 (1,138) | 70.92 (6,409) | 72.31 (3,090) - - -
Male | 51.99 (12,544) | 58.86(269) | 38.12(701) | 29.08 (2,628) | 27.69 (1,183) - - -
Latitude (standardised) 0.00 (1.01) -0.08 (1.00) 0.01 (0.99) -0.01 (0.99) 0.01 (0.99) 1.131 0.340 | 0.000
Difficulty getting up in the morning 3.28 (0.68) 3.15(0.77) 2.84 (0.87) 2.86 (0.84) 3.04 (0.77) 627.106 <0.001 | 0.060
Average acceleration/rainfall ratio (standardised) 0.00 (1.11) -0.01 (0.01) | -0.01(0.01) -0.01 (0.29) 0.02 (1.45) 0.388 0.817 | 0.000
N MVPA Periods 9.61 (10.15) | 10.29 (10.41) | 9.05(10.46) | 8.76 (10.01) | 8.54(9.59) 19.775 <0.001 | 0.002
MVPA/rainfall ratio (standardised) 0.00 (1.24) -0.01 (0.01) | -0.01 (0.00) 0.00 (0.35) 0.01 (0.66) 0.100 0.982 | 0.000
Average rainfall 2.20 (2.08) 2.06 (2.06) 2.12 (1.94) 2.20 (2.08) 2.14 (2.01) 2.064 0.083 | 0.000
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Appendix

Table S6.1: Clustering analysis variables.

Depression
Depression
Depression
Depression
Depression
Depression
Depression
Depression
Depression
Depression
Depression
Depression
Depression
Depression
Mania
Mania
Mania
Mania
Mania
Mania
Mania
Mania
Mania
Mania
Anxiety
Anxiety
Anxiety
Anxiety

Anxiety

Duration

Number of lifetime episodes
Fraction of day impacted
Level of impact on normal roles
Hypersomnia

Insomnia

Early waking

Difficulty concentrating
Increased tiredness

Feelings of worthlessness
Weight change - no change
Weight change - increase

Weight change - decrease

Weight change - increase and decrease

Duration

Severity

Increased talkativeness
Restlessness

Racing thoughts
Reduced sleep

Increased creativity
Increased distraction
Increased confidence
More active

Duration

Multiple worries
Difficulty controlling worry
Difficulty stopping worry

Level of impact on normal roles

20438
20442
20436
20440
20533
20534
20535
20435
20449
20450
20536
20536
20536
20536
20492
20493
20548
20548
20548
20548
20548
20548
20548
20548
20420
20540
20537
20539
20418
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Appendix

Anxiety

Anxiety

Anxiety

Anxiety

Anxiety

Anxiety

Anxiety

Self-harm

Self-harm

Unsual/psychotic experience
Unsual/psychotic experience
Unsual/psychotic experience

Unsual/psychotic experience

Increased worry

Reduced concentration

Increased tiredness

Difficulty sleeping

Feeling restless

Feeling irritable

Tense/sore muscles

Contemplated self-harm

N times self-harmed

N times believed an un-real conspiracy
N times believed in un-real communications
N times heard an un-real voice

N times seen an un-real vision

20541
20419
20429
20427
20426
20422
20417
20485
20482
20470
20476
20465
20473
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Table S6.2: Chi-squared Tests for 3 clusters.

Percentage (N) Test Statistic p-value FDR Effect
Mental Health Measure | Cluster 1 Cluster 2 Cluster 3 Adjusted Size
p-value

anx_TenseMuscles 0.0(1D) 53.3(4722) 37.8 (3646) 8671.133394 <0.001 <0.001 0.5233
anx_Concentration 0.0(2) 89.6 (7933) 78.5 (7562) 21846.07396 <0.001 <0.001 0.8307
anx_Irritability 0.1(8) 84.9 (7518) 62.3 (6005) 17752.60729 <0.001 <0.001 0.7488
anx_Restless 0.0(4) 73.2 (6481) 57.4 (5528) 14263.13729 <0.001 <0.001 0.6712
anx_SleepProblem 0.0 (6) 87.6 (7759) 84.6 (8146) 22769.69904 <0.001 <0.001 0.8481
anx_NWorries 0.0 (3) 87.9 (7784) 76.8 (7394) 20995.0767 <0.001 <0.001 0.8143
anx_Worry 0.1 (13) 96.3 (8525) 94.1 (9060) 28144.12364 <0.001 <0.001 0.9429
anx_Tiredness 0.0(3) 81.2 (7188) 72.7 (7004) 18452.74195 <0.001 <0.001 0.7635
anx_Impact - - - 29788.26212 <0.001 <0.001 0.6859

None | 99.9 (13154) 2.0 (178) 4.0 (385) - - - -

A little | 0.1 (7) 14.7 (1299) 21.8 (2096) - - - -

Somewhat | 0.0 (4) 38.8 (3431) 39.8 (3838) - - - -

Alot | 0.1(8) 44.6 (3945) 34.4 (3314) - - - -
anx_ControlWorry - - - 30947.15651 <0.001 <0.001 0.6991

None | 99.9 (13154) 0.7 (65) 1.5 (148) - - - -

Rarely | 0.1 (10) 4.4 (389) 6.6 (637) - - - -

Sometimes | 0.1 ( 8) 35.6 (3155) 41.0 (3946) - - - -

Often | 0.0 (1) 59.2 (5244) 50.9 (4902) - - - -
anx_StopWorry - - - 31100.85298 <0.001 <0.001 0.7008

None | 99.8 (13150) 0.6 (55) 1.3 (130) - - - -

Rarely | 0.1 (17) 4.6 (403) 7.5(719) - - - -

Sometimes | 0.0 ('5) 37.5(3317) 42.8 (4124) - - - -

Often | 0.0 (1) 57.4 (5078) 48.4 (4660) - - - -
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anx_Duration - - - 14779.59019 <0.001 <0.001 0.4831
None | 88.6 (11671) 23.1(2043) 22.9 (2208) - - - -
I -7days | 11.3 (1493) 17.4 (1543) 21.6 (2078) - - - -
8-31days | 0.1(7) 21.8 (1933) 26.4 (2542) - - - -
>31days | 0.0(1) 16.9 (1495) 14.9 (1440) - - - -

All rolled into each other | 0.0 (1) 20.8 (1839) 14.2 (1365) - - - -
dep_Concentration 68.9 (9077) 89.7 (7940) 86.8 (8360) 1819.960437 <0.001 <0.001 0.2398
dep_Tiredness 68.0 (8954) 88.8 (7859) 85.4 (8229) 1720.699413 <0.001 <0.001 0.2331
dep_Worthlessness 48.2 (6343) 79.0 (6996) 72.3 (6963) | 2594.039619 <0.001 <0.001 0.2862
dep_Insomnia 50.3 (6625) 65.8 (5824) 63.5 (6121) 660.3756664 <0.001 <0.001 0.1444
dep_Hypersomnia 15.7 (2073) 26.9 (2381) 19.7 (1894) | 412.5255015 <0.001 <0.001 0.1142
dep_WakingEarly 50.1 (6600) 66.6 (5898) 67.1 (6463) 900.3396114 <0.001 <0.001 0.1686
dep_WeightChange 0 46.0 (6062) 27.2 (2405) 36.5 (3518) 810.4135754 <0.001 <0.001 0.16
dep_WeightChange_1 16.0 (2111) 34.8 (3077) 9.9 (956) 1983.774463 <0.001 <0.001 0.2503
dep_WeightChange 2 32.3 (4249) 30.2 (2675) 45.0 (4338) 550.2487902 <0.001 <0.001 0.1318
dep_WeightChange 3 5.7 (751) 7.9 (696) 8.5 (821) 75.61443073 <0.001 <0.001 0.04887
dep_FractionDay - - - 3101.382849 <0.001 <0.001 0.2213

None | 22.0 (2892) 4.8 (421) 2.4 (232) - - - -
Less than half | 6.0 (784) 3.6 (317) 4.8 (464) - - - -
About half | 9.6 (1262) 7.9 (702) 8.9 (857) - - - -
Most of the day | 40.4 (5321) 45.0 (3981) 46.9 (4516) - - - -
All day | 22.1 (2914) 38.8 (3432) 37.0 (3564) - - - -
dep_Duration - - - 4080.264549 <0.001 <0.001 0.2539
None | 19.8 (2605) 4.0 (354) 0.9 (84) - - - -
< I month | 8.6 (1133) 4.5 (400) 4.5 (429) - - - -
I - 3 months | 26.4 (3482) 18.8 (1665) 21.9 (2108) - - - -
3 - 6 months | 16.2 (2130) 17.9 (1586) 20.0 (1928) - - - -
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6 - 12 months | 12.7 (1667) 18.8 (1661) 21.1 (2035) - - - -
I -2 years | 8.7 (1145) 15.9 (1411) 15.7 (1511) - - - -
> 2 years | 7.7 (1011) 20.1 (1776) 16.0 (1538) - - - -
dep_Impact - - - 3465.445513 <0.001 <0.001 0.2339
None | 21.4 (2821) 4.6 (404) 2.3(222) - - - -
A little | 16.6 (2187) 10.1 (890) 14.8 (1429) - - - -
Somewhat | 31.7 (4179) 29.0 (2563) 36.3 (3492) - - - -
A lot | 30.3 (3986) 56.4 (4996) 46.6 (4490) - - - -
dep_NEpisodes - - - 4065.583536 <0.001 <0.001 0.2534
None | 19.5 (2566) 4.3 (382) 0.1(8) - - - -
One | 34.6 (4557) 19.5 (1729) 29.6 (2852) - - - -
Multiple | 27.6 (3634) 38.2 (3379) 39.0 (3755) - - - -

Too many to count | 18.3 (2416) 38.0 (3363) 31.3 (3018) - - - -
man_Severity 9.1 (1194) 38.8 (3434) 4.5 (430) 4852.090038 <0.001 <0.001 0.3915
man_Talkative 9.7 (1277) 26.8 (2373) 2.8 (270) 2599.904294 <0.001 <0.001 0.2866
man_Restless 17.9 (2364) 55.4 (4901) 4.6 (440) 6963.680231 <0.001 <0.001 0.469
man_RacingThoughts 15.3 (2018) 51.3 (4544) 4.3 (415) 6528.867791 <0.001 <0.001 0.4541
man_LessSleep 8.0 (1058) 19.8 (1755) 1.6 (156) 1847.053519 <0.001 <0.001 0.2415
man_Creative 7.0 (924) 14.9 (1316) 1.6 (152) 1175.530288 <0.001 <0.001 0.1927
man_Distracted 13.3 (1753) 44.3 (3921) 3.4 (328) 5488.030822 <0.001 <0.001 0.4164
man_Confident 7.0 (926) 15.4 (1359) 2.0 (191) 1163.139983 <0.001 <0.001 0.1917
man_MoreActive 11.4 (1496) 27.2 (2412) 2.7 (264) 2486.556489 <0.001 <0.001 0.2803
man_Duration - - - 8020.28475 <0.001 <0.001 0.3559

None | 66.4 (8748) 20.7 (1832) 80.9 (7797) - - - -

< 24 hours | 7.6 (1000) 14.3 (1262) 7.6 (733) - - - -

I day - 1 week | 17.3 (2284) 34.9 (3094) 7.0 (670) - - - -
> [ week | 8.7 (1141) 30.1 (2665) 4.5 (433) - - - -
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psy_FreqConspiracy 0.4 (59) 2.6 (231) 1.1 (104) 204.319193 <0.001 <0.001 0.08034
psy_FreqCommunications | 0.6 (85) 1.6 (145) 0.7 (65) 66.42075997 <0.001 <0.001 0.0458
psy_FreqVoices 1.5 (198) 4.3 (380) 2.2(216) 172.4677181 <0.001 <0.001 0.07381
psy_FreqVisions 3.0 (401) 6.4 (566) 3.9(379) 149.3176776 <0.001 <0.001 0.06868
sel_NTimes - - - 551.0465284 <0.001 <0.001 0.09329
None | 93.6 (12324) 85.0 (7526) 91.4 (8802) - - - -
1| 3.4(442) 5.6 (493) 4.3 (416) - - - -
21 1.3(165) 2.9 (258) 1.7 (163) - - - -
>=3| 1.8 (242) 6.5 (576) 2.6 (252) - - - -
sel_Contemplated - - - 1359.996282 <0.001 <0.001 0.1466
No | 77.2 (10165) 55.8 (4936) 67.2 (6477) - - - -
Once | 12.2 (1611) 16.0 (1418) 15.4 (1486) - - - -
More than once | 10.6 (1397) 28.2 (2499) 17.3 (1670) - - - -
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Table S$6.3: Chi-squared Tests for 2 clusters.

Percentage (N) Test Statistic p-value FDR Effect
Mental Health Measure Cluster 1 Cluster 2 Adjusted Size
p-value
anx_TenseMuscles 0.0(1D) 45.3 (8368) 8099.697243 <0.001 <0.001 0.5059
anx_Concentration 0.0(2) 83.8 (15495) 21614.97026 <0.001 <0.001 0.8263
anx_Irritability 0.1(8) 73.2 (13523) 16788.29551 <0.001 <0.001 0.7283
anx_Restless 0.0(4) 65.0 (12009) 13770.00047 <0.001 <0.001 0.6596
anx_SleepProblem 0.0 (6) 86.0 (15905) 22748.76349 <0.001 <0.001 0.8477
anx_NWorries 0.0(3) 82.1 (15178) 20761.24569 <0.001 <0.001 0.8099
anx_Worry 0.1 (13) 95.1 (17585) 28130.87057 <0.001 <0.001 0.9427
anx_Tiredness 0.0(3) 76.8 (14192) 18315.37231 <0.001 <0.001 0.7607
anx_Impact - - 29358.74975 <0.001 <0.001 0.963
None | 99.9 (13154) 3.0 (563) - - - -
A little | 0.1 (7) 18.4 (3395) - - - -
Somewhat | 0.0 (4) 39.3 (7269) - - - -
Alot | 0.1(8) 39.3 (7259) - - - -
anx_ControlWorry - - 30718.51156 <0.001 <0.001 0.985
None | 99.9 (13154) 1.2 (213) - - - -
Rarely | 0.1 (10) 5.6 (1026) - - - -
Sometimes | 0.1 ( 8) 38.4 (7101) - - - -
Often | 0.0 (1) 54.9 (10146) - - - -
anx_StopWorry - - 30814.5113 <0.001 <0.001 0.9866
None | 99.8 (13150) 1.0 (185) - - - -
Rarely | 0.1 (17) 6.1 (1122) - - - -
Sometimes | 0.0 ( 5) 40.3 (7441) - - - -
Often | 0.0 (1) 52.7 (9738) - - - -
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anx_Duration - - 14445.62896 <0.001 <0.001 0.6755
None | 88.6 (11671) 23.0 (4251) - - - -
1 -7days | 11.3 (1493) 19.6 (3621) - - - -
8-31days | 0.1 (7) 24.2 (4475) - - - -
> 31 days | 0.0(1) 15.9 (2935) - - - -

All rolled into each other | 0.0 (1) 17.3 (3204) - - - -
dep_Concentration 68.9 (9077) 88.2 (16300) 1794.321032 <0.001 <0.001 0.2381
dep_Tiredness 68.0 (8954) 87.0 (16088) 1688.286049 <0.001 <0.001 0.231
dep_Worthlessness 48.2 (6343) 75.5 (13959) 2501.715268 <0.001 <0.001 0.2812
dep_Insomnia 50.3 (6625) 64.6 (11945) 650.2091523 <0.001 <0.001 0.1434
dep_Hypersomnia 15.7 (2073) 23.1 (4275) 261.4993971 <0.001 <0.001 0.09096
dep_WakingEarly 50.1 (6600) 66.9 (12361) 899.2161797 <0.001 <0.001 0.1686
dep_WeightChange 0 46.0 (6062) 32.0 (5923) 638.2259307 <0.001 <0.001 0.142
dep_WeightChange 1 16.0 (2111) 21.8 (4033) 164.571907 <0.001 <0.001 0.07218
dep_WeightChange 2 32.3 (4249) 37.9 (7013) 108.0852557 <0.001 <0.001 0.0585
dep_WeightChange 3 5.7 (751) 8.2 (1517) 72.20709046 <0.001 <0.001 0.04788
dep_FractionDay - - 3051.110392 <0.001 <0.001 0.3104

None | 22.0 (2892) 3.5 (653) - - - -
Less than half | 6.0 (784) 4.2 (781) - - - -
About half'| 9.6 (1262) 8.4 (1559) - - - -
Most of the day | 40.4 (5321) 46.0 (8497) - - - -
All day | 22.1 (2914) 37.8 (6996) - - - -
dep_Duration - - 3930.789713 <0.001 <0.001 0.3524
None | 19.8 (2605) 2.4 (438) - - - -
< I month | 8.6 (1133) 4.5 (829) - - - -
1 - 3 months | 26.4 (3482) 20.4 (3773) - - - -
3 - 6 months | 16.2 (2130) 19.0 (3514) - - - -
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6 - 12 months | 12.7 (1667) 20.0 (3696) - - - -
1 -2 years | 8.7 (1145) 15.8 (2922) - - - -
> 2 years | 7.7 (1011) 17.9 (3314) - - - -
dep_Impact - - 3189.089917 <0.001 <0.001 0.3174
None | 21.4 (2821) 3.4 (626) - - - -
A little | 16.6 (2187) 12.5(2319) - - - -
Somewhat | 31.7 (4179) 32.8 (6055) - - - -
A lot | 30.3 (3986) 51.3 (9486) - - - -
dep_NEpisodes - - 3740.339097 <0.001 <0.001 0.3437
None | 19.5 (2566) 2.1 (390) - - - -
One | 34.6 (4557) 24.8 (4581) - - - -
Multiple | 27.6 (3634) 38.6 (7134) - - - -

Too many to count | 18.3 (2416) 34.5 (6381) - - - -
man_Severity 9.1 (1194) 20.9 (3864) 802.1403883 <0.001 <0.001 0.1593
man_Talkative 9.7 (1277) 14.3 (2643) 149.8120687 <0.001 <0.001 0.06889
man_Restless 17.9 (2364) 28.9 (5341) 499.9145372 <0.001 <0.001 0.1257
man_RacingThoughts 15.3 (2018) 26.8 (4959) 592.0669778 <0.001 <0.001 0.1368
man_LessSleep 8.0 (1058) 10.3 (1911) 47.85645965 <0.001 <0.001 0.03899
man_Creative 7.0 (924) 7.9 (1468) 9.326983472 0.002 0.003 0.01729
man_Distracted 13.3 (1753) 23.0 (4249) 468.2310259 <0.001 <0.001 0.1217
man_Confident 7.0 (926) 8.4 (1550) 19.40754126 <0.001 <0.001 0.02488
man_MoreActive 11.4 (1496) 14.5 (2676) 65.13935939 <0.001 <0.001 0.04545
man_Duration - - 768.4604458 <0.001 <0.001 0.1558

None | 66.4 (8748) 52.1(9629) - - - -

< 24 hours | 7.6 (1000) 10.8 (1995) - - - -

I day - 1 week | 17.3 (2284) 20.4 (3764) - - - -
> [ week | 8.7 (1141) 16.8 (3098) - - - -
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psy_FreqConspiracy 0.4 (59) 1.8 (335) 115.3823051 <0.001 <0.001 0.06066
psy_FreqCommunications | 0.6 (85) 1.1 (210) 19.53817677 <0.001 <0.001 0.02518
psy_FreqVoices 1.5 (198) 3.2 (596) 92.47114484 <0.001 <0.001 0.05425
psy_FreqVisions 3.0 (401) 5.1(945) 80.290308 <0.001 <0.001 0.05052
sel_NTimes - - 269.7079816 <0.001 <0.001 0.0923
None | 93.6 (12324) 88.3 (16328) - - - -
1| 3.4(442) 4.9 (909) - - - -
21 1.3(165) 2.3 (421) - - - -
>=3|1.8(242) 4.5 (828) - - - -
sel Contemplated - - 958.3547541 <0.001 <0.001 0.174
No | 77.2 (10165) 61.7 (11413) - - - -
Once | 12.2 (1611) 15.7 (2904) - - - -
More than once | 10.6 (1397) 22.6 (4169) - - - -
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Table §6.4: Full cluster, sub-cluster and PMD group comparison results.

Comparison symptom Std. Odds
Variable Comparison categories Estimate Error | zvalue Pr(>|z|) | Ratio | 2.50% | 97.50% | p FDR

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Relative Amplitude
Z-Score

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.008

0.074

0.071

0.011

0.041

0.045

0.030

0.075

0.107

0.027

0.066

0.064

0.040

0.052

0.060

0.028

0.059

0.064

0.298

1.120

1.104

0.279

0.786

0.751

1.080

1.275

1.675

0.766

0.263

0.269

0.780

0.432

0.453

0.280

0.202

0.094

0.992

0.929

0.932

0.989

1.042

1.046

0.97

1.078

1.113

0.94

0.821

0.826

0.916

0.943

0.932

0.919

0.965

0.987

1.047

1.064

1.063

1.071

1.158

1.179

1.026

1.215

1.268

0.956

0.591

0.593

0.956

0.764

0.786

0.603

0.466

0.344
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Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Intradaily
Variability Z-Score

Interdaily Stability
Z-Score

Interdaily Stability
Z-Score

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.083

0.015

0.056

0.050

0.010

0.032

0.063

0.033

0.011

0.051

0.006

0.028

0.070

0.070

0.038

0.047

0.056

0.030

0.053

0.059

0.028

0.072

3.009

0.220

0.806

1.306

0.210

0.575

2.142

0.634

0.179

1.803

0.079

0.003

0.826

0.420

0.192

0.834

0.565

0.032

0.526

0.858

0.071

0.937

1.087

1.015

0.945

1.051

1.01

0.968

1.065

1.034

0.989

1.053

0.994

1.03

0.887

0.825

0.976

0.921

0.867

1.006

0.933

0.881

0.996

0.863

1.148

1.165

1.085

1.132

1.109

1.082

1.129

1.147

1.112

1.113

1.146

0.037

0.956

0.764

0.452

0.956

0.835

0.160

0.818

0.956

0.283

0.956
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Interdaily Stability
Z-Score

Interdaily Stability
Z-Score

Interdaily Stability
Z-Score

Interdaily Stability
Z-Score

Interdaily Stability
Z-Score

Interdaily Stability
Z-Score

Interdaily Stability
Z-Score

Mean Acceleration
Z-Score

Mean Acceleration
Z-Score

Mean Acceleration
Z-Score

Mean Acceleration
Z-Score

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.048

0.015

0.005

0.002

0.003

0.004

0.033

0.055

0.173

0.106

0.056

0.076

0.039

0.051

0.059

0.031

0.056

0.065

0.029

0.067

0.071

0.042

0.629

0.372

0.092

0.034

0.112

0.066

0.504

1.920

2.594

1.483

1.346

0.529

0.710

0.927

0.973

0.911

0.948

0.614

0.055

0.009

0.138

0.178

0.953

1.015

0.995

1.002

0.997

1.004

1.033

1.056

1.189

1.112

1.058

0.822

0.94

0.901

0.892

0.939

0.9

0.91

0.999

1.04

0.965

0.975

1.107

1.096

1.1

1.126

1.058

1.119

1.173

1.117

1.351

1.276

1.147

0.818

0.937

0.956

0.973

0.956

0.957

0.866

0.236

0.068

0.420

0.449
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Mean Acceleration
Z-Score

Mean Acceleration
Z-Score

Mean Acceleration
Z-Score

Mean Acceleration
Z-Score

Mean Acceleration
Z-Score

Sleep Efficiency Z-
Score

Sleep Efficiency Z-
Score

Sleep Efficiency Z-
Score

Sleep Efficiency Z-
Score

Sleep Efficiency Z-
Score

Sleep Efficiency Z-
Score

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.009

0.010

0.086

0.223

0.139

0.038

0.148

0.168

0.004

0.039

0.042

0.053

0.064

0.031

0.052

0.061

0.027

0.066

0.065

0.042

0.054

0.065

0.163

0.148

2.812

4.261

2.276

1.409

2.249

2.592

0.098

0.731

0.641

0.871

0.883

0.005

0.000

0.023

0.159

0.025

0.010

0.922

0.465

0.521

1.009

0.991

1.09

1.249

1.15

1.039

0.862

0.846

0.996

1.04

1.043

0.908

0.873

1.026

1.126

1.019

0.985

0.76

0.746

0.918

0.937

0.918

1.118

1.124

1.157

1.383

1.296

1.096

0.983

0.962

1.081

1.156

1.186

0.956

0.956

0.044

0.001

0.133

0.436

0.135

0.068

0.956

0.794

0.818
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Sleep Efficiency Z-
Score

Sleep Efficiency Z-
Score

Sleep Efficiency Z-
Score

Mean Sleep
Duration Z-Score

Mean Sleep
Duration Z-Score

Mean Sleep
Duration Z-Score

Mean Sleep
Duration Z-Score

Mean Sleep
Duration Z-Score

Mean Sleep
Duration Z-Score

Mean Sleep
Duration Z-Score

Mean Sleep
Duration Z-Score

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.026

0.044

0.020

0.007

0.155

0.141

0.062

0.072

0.027

0.017

0.148

0.030

0.053

0.062

0.026

0.066

0.066

0.040

0.052

0.060

0.029

0.051

0.885

0.826

0.324

0.254

2.342

2.140

1.568

1.396

0.442

0.578

2.879

0.376

0.409

0.746

0.800

0.019

0.032

0.117

0.163

0.659

0.563

0.004

0.974

0.957

0.98

1.007

0.857

0.868

0.94

0.931

0.974

0.983

0.863

0.919

0.863

0.869

0.956

0.754

0.763

0.869

0.841

0.865

0.929

0.781

1.033

1.064

1.107

1.06

0.977

0.989

1.016

1.03

1.097

1.041

0.955

0.716

0.764

0.956

0.956

0.119

0.160

0.386

0.436

0.881

0.835

0.044
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Mean Sleep
Duration Z-Score

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Unipolar Depression vs
Unipolar Mania

0.111

0.299

0.266

0.256

0.148

0.051

0.432

0.230

0.173

0.266

0.063

0.060

0.207

0.059

0.527

0.166

0.542

0.169

0.349

0.087

0.406

0.116

1.862

1.444

4.489

0.486

0.889

0.095

2.552

0.657

1.986

0.654

0.543

0.063

0.149

0.000

0.627

0.374

0.924

0.011

0.511

0.047

0.513

0.587

0.895

1.349

1.305

1.292

0.863

0.95

0.649

0.795

1.189

1.305

1.065

0.796

0.893

1.162

0.386

0.617

0.278

0.462

0.382

1.001

0.549

0.847

1.006

2.017

1.466

3.216

1.186

2.457

0.898

1.523

1.409

2.753

1.333

0.258

0.420

0.001

0.866

0.716

0.956

0.071

0.818

0.220

0.818

0.855
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Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Subjective Sleep
Duration (Long)

Subjective Sleep
Duration (Short)

Difficulty Getting
Up

Difficulty Getting
Up

Difficulty Getting
Up

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Bipolar vs Unipolar
Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.455

0.128

0.317

0.244

0.039

0.026

0.079

0.272

0.077

0.165

0.220

0.502

0.134

0.215

0.065

0.466

0.124

0.515

0.138

0.058

0.160

0.163

0.906

0.955

1.474

3.789

0.083

0.206

0.153

1.970

1.323

1.029

1.352

0.365

0.339

0.141

0.000

0.934

0.837

0.878

0.049

0.186

0.303

0.176

1.576

0.88

1.373

1.277

1.039

0.975

0.924

0.762

1.08

0.848

0.802

0.569

0.676

0.884

1.124

0.362

0.761

0.3

0.579

0.964

0.615

0.579

4.185

1.142

2.06

1.448

2.343

1.238

2.351

0.996

1.209

1.153

1.097

0.716

0.700

0.420

0.005

0.956

0.956

0.956

0.220

0.449

0.639

0.449
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Difficulty Getting
Up

Difficulty Getting
Up

Difficulty Getting
Up

Difficulty Getting
Up

Difficulty Getting
Up

Difficulty Getting
Up

Chronotype
(Evening)

Chronotype
(Morning)

Chronotype
(Evening)

Chronotype
(Morning)

Chronotype
(Evening)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.249

0.186

0.071

0.043

0.545

0.572

0.113

0.010

0.337

0.489

0.196

0.093

0.127

0.150

0.065

0.147

0.159

0.085

0.066

0.213

0.158

0.219

2.676

1.463

0.470

0.666

3.714

3.590

1.333

0.153

1.580

3.103

0.897

0.007

0.143

0.638

0.506

0.000

0.000

0.182

0.878

0.114

0.002

0.370

0.78

0.83

1.073

1.044

0.58

0.565

1.119

1.01

1.4

1.631

1.217

0.649

0.644

0.798

0.918

0.431

0.41

0.948

0.887

0.907

1.193

0.781

0.934

1.061

1.437

1.186

0.767

0.767

1.32

1.15

2.098

2.215

1.845

0.061

0.420

0.866

0.818

0.005

0.007

0.449

0.956

0.386

0.032

0.716

Xipuaddy



Chronotype
(Morning)

Chronotype
(Evening)

Chronotype
(Morning)

Chronotype
(Evening)

Chronotype
(Morning)

Chronotype
(Evening)

Chronotype
(Morning)

Chronotype
(Evening)

Chronotype
(Morning)

Chronotype
(Evening)

Chronotype
(Morning)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Unipolar Depression vs
Unipolar Mania

0.470

0.013

0.056

0.084

0.011

0.106

0.049

0.133

0.119

0.048

0.355

0.162

0.128

0.091

0.174

0.123

0.201

0.142

0.091

0.072

0.189

0.125

2.893

0.105

0.617

0.482

0.091

0.529

0.346

1.461

1.655

0.253

2.848

0.004

0.916

0.537

0.630

0.927

0.597

0.730

0.144

0.098

0.800

0.004

1.6

0.987

1.058

0.92

0.989

0.899

0.952

1.142

1.126

0.953

1.426

1.159

0.765

0.884

0.648

0.775

0.603

0.72

0.953

0.977

0.648

1.114

2.194

1.265

1.264

1.283

1.255

1.328

1.256

1.362

1.295

1.363

1.816

0.044

0.956

0.818

0.866

0.956

0.856

0.950

0.420

0.346

0.956

0.044

Xipuaddy



Chronotype
(Evening)

Chronotype

(Morning)

Reasoning Z-Score

Reasoning Z-Score

Reasoning Z-Score

Reasoning Z-Score

Reasoning Z-Score

Reasoning Z-Score

Reasoning Z-Score

Reasoning Z-Score

Reasoning Z-Score

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Bipolar vs Unipolar
Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.163

0.241

0.039

0.202

0.185

0.094

0.149

0.230

0.018

0.104

0.136

0.207

0.142

0.046

0.117

0.121

0.070

0.089

0.107

0.052

0.088

0.103

0.786

1.692

0.837

1.723

1.525

1.340

1.668

2.151

0.343

1.184

1.323

0.432

0.091

0.403

0.085

0.127

0.180

0.095

0.031

0.732

0.236

0.186

0.85

1.272

0.962

0.817

0.831

0.911

1.16

1.259

0.982

1.109

1.146

0.559

0.961

0.879

0.648

0.654

0.794

0.974

1.022

0.887

0.934

0.937

1.263

1.679

1.053

1.027

1.053

1.044

1.383

1.556

1.088

1.317

1.402

0.764

0.344

0.764

0.429

0.535

0.616

0.429

0.316

0.941

0.680

0.616

Xipuaddy



Reaction Time Z-
Score

Reaction Time Z-
Score

Reaction Time Z-
Score

Reaction Time Z-
Score

Reaction Time Z-
Score

Reaction Time Z-
Score

Reaction Time Z-
Score

Reaction Time Z-
Score

Reaction Time Z-
Score

Pairs Matching Z-
Score

Pairs Matching Z-
Score

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.020

0.159

0.259

0.157

0.014

0.112

0.056

0.091

0.079

0.030

0.033

0.048

0.109

0.119

0.074

0.102

0.116

0.055

0.089

0.107

0.044

0.115

0.424

1.454

2.181

2.127

0.137

0.968

1.019

1.015

0.734

0.675

0.289

0.671

0.146

0.029

0.033

0.891

0.333

0.308

0.310

0.463

0.499

0.773

1.021

0.853

0.772

0.855

0.986

1.119

0.946

0.913

0.924

0.971

1.034

0.929

0.694

0.614

0.74

0.81

0.895

0.851

0.771

0.751

0.891

0.838

1.123

1.066

0.98

0.989

1.208

1.411

1.054

1.094

1.144

1.059

1.317

0914

0.541

0.316

0.316

0.966

0.699

0.699

0.699

0.810

0.828

0.944

Xipuaddy



Pairs Matching Z-
Score

Pairs Matching Z-
Score

Pairs Matching Z-
Score

Pairs Matching Z-
Score

Pairs Matching Z-
Score

Pairs Matching Z-
Score

Pairs Matching Z-
Score

Trail Making Test
(B) Z-Score

Trail Making Test
(B) Z-Score

Trail Making Test
(B) Z-Score

Trail Making Test
(B) Z-Score

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.080

0.076

0.071

0.010

0.051

0.036

0.001

0.004

0.036

0.078

0.077

0.124

0.074

0.092

0.122

0.054

0.088

0.114

0.081

0.166

0.166

0.094

0.648

1.036

0.770

0.081

0.944

0.407

0.006

0.047

0.219

0.471

0.819

0.517

0.300

0.442

0.935

0.345

0.684

0.995

0.962

0.827

0.638

0.413

1.084

1.079

1.074

0.99

1.052

1.036

1.001

1.004

0.964

0.925

0.926

0.862

0.937

0.901

0.78

0.949

0.88

0.803

0.858

0.718

0.676

0.774

1.401

1.251

1.295

1.262

1.173

1.241

1.259

1.18

1.383

1.326

1.123

0.835

0.699

0.795

0.966

0.701

0.914

0.995

0.978

0.947

0.914

0.764

Xipuaddy



Trail Making Test
(B) Z-Score

Trail Making Test
(B) Z-Score

Trail Making Test
(B) Z-Score

Trail Making Test
(B) Z-Score

Trail Making Test
(B) Z-Score

Matrix Completion
Z-Score

Matrix Completion
Z-Score

Matrix Completion
Z-Score

Matrix Completion
Z-Score

Matrix Completion
Z-Score

Matrix Completion
Z-Score

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.157

0.319

0.019

0.060

0.038

0.188

0.321

0.143

0.145

0.054

0.154

0.159

0.185

0.088

0.138

0.145

0.063

0.140

0.144

0.085

0.112

0.133

0.988

1.726

0.220

0.436

0.261

2.987

2.291

0.994

1.701

0.482

1.165

0.323

0.084

0.826

0.663

0.794

0.003

0.022

0.320

0.089

0.630

0.244

1.17

1.376

1.02

1.062

1.038

0.829

0.726

0.867

0.865

0.948

1.167

0.882

0.967

0.864

0.83

0.788

0.732

0.551

0.654

0.732

0.762

0.902

1.641

2.006

1.221

1.423

1.41

0.937

0.955

1.152

1.023

1.181

1.519

0.699

0.429

0.947

0914

0.944

0.178

0.316

0.699

0.429

0914

0.680

Xipuaddy



Matrix Completion
Z-Score

Matrix Completion
Z-Score

Matrix Completion
Z-Score

Tower Rearranging
Z-Score

Tower Rearranging
Z-Score

Tower Rearranging
Z-Score

Tower Rearranging
Z-Score

Tower Rearranging
Z-Score

Tower Rearranging
Z-Score

Tower Rearranging
Z-Score

Tower Rearranging
Z-Score

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.125

0.210

0.083

0.027

0.279

0.292

0.023

0.019

0.016

0.006

0.041

0.067

0.109

0.119

0.061

0.132

0.143

0.087

0.115

0.134

0.067

0.105

1.884

1.932

0.698

0.434

2.106

2.044

0.262

0.165

0.121

0.084

0.390

0.060

0.053

0.485

0.664

0.035

0.041

0.794

0.869

0.904

0.933

0.697

0.882

0.811

0.92

0.974

0.757

0.747

0.978

0.981

1.016

0.994

0.96

0.774

0.656

0.728

0.864

0.584

0.563

0.825

0.783

0.781

0.872

0.781

1.005

1.004

1.164

1.098

0.981

0.987

1.159

1.231

1.322

1.134

1.181

0.375

0.374

0.827

0914

0.316

0.322

0.944

0.966

0.966

0.966

0914

Xipuaddy



Tower Rearranging  Probable Mood

Z-Score

Symbol Digit
Substitution Z-
Score

Symbol Digit
Substitution Z-
Score

Symbol Digit
Substitution Z-
Score

Symbol Digit
Substitution Z-
Score

Symbol Digit
Substitution Z-
Score

Symbol Digit
Substitution Z-
Score

Symbol Digit
Substitution Z-
Score

Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.068

0.095

0.126

0.044

0.043

0.134

0.163

0.166

0.128

0.065

0.145

0.158

0.096

0.116

0.151

0.072

0.532

1.474

0.867

0.281

0.446

1.155

1.078

2.327

0.595

0.141

0.386

0.779

0.656

0.248

0.281

0.020

0.934

0.909

0.882

0.957

0.958

0.874

0.85

0.847

0.727

0.8

0.665

0.702

0.794

0.697

0.631

0.736

1.201

1.032

1.175

1.308

1.158

1.101

1.143

0.975

0914

0.541

0.759

0.944

0.914

0.680

0.699

0.316

Xipuaddy



Symbol Digit
Substitution Z-
Score

Symbol Digit
Substitution Z-
Score

Bipolar Disorder
PRS Z Score

Bipolar Disorder
PRS Z Score

Bipolar Disorder
PRS Z Score

Bipolar Disorder
PRS Z Score

Bipolar Disorder
PRS Z Score

Bipolar Disorder
PRS Z Score

Bipolar Disorder
PRS Z Score

Bipolar Disorder
PRS Z Score

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.137

0.014

0.072

0.106

0.033

0.026

0.033

0.005

0.104

0.027

0.113

0.135

0.019

0.050

0.050

0.027

0.037

0.043

0.021

0.040

1.214

0.106

3.868

2.106

0.665

0.959

0.901

0.114

4.945

0.691

0.225

0.916

0.000

0.035

0.506

0.338

0.368

0.909

0.000

0.489

0.872

1.014

0.93

0.9

0.967

0.974

0.967

0.995

0.902

1.028

0.7

0.779

0.897

0.815

0.877

0.924

0.9

0.915

0.865

0.951

1.091

1.324

0.965

0.993

1.067

1.027

1.04

1.083

0.939

1.111

0.680

0.966

0.001

0.106

0.594

0.507

0.522

0.942

0.000

0.594

Xipuaddy



Bipolar Disorder
PRS Z Score

Major Depressive
Disorder PRS Z
Score

Major Depressive
Disorder PRS Z
Score

Major Depressive
Disorder PRS Z
Score

Major Depressive
Disorder PRS Z
Score

Major Depressive
Disorder PRS Z
Score

Major Depressive
Disorder PRS Z
Score

Major Depressive
Disorder PRS Z
Score

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.123

0.065

0.007

0.044

0.042

0.047

0.118

0.096

0.043

0.019

0.051

0.051

0.027

0.037

0.044

0.021

2.888

3.427

0.141

0.866

1.539

1.281

2.667

4.536

0.004

0.001

0.888

0.387

0.124

0.200

0.008

0.000

1.131

0.937

0.993

1.045

0.959

1.049

1.125

0.909

1.041

0.903

0.899

0.946

0.909

0.975

1.032

0.872

1.23

0.973

1.097

1.155

1.012

1.127

1.227

0.947

0.015

0.003

0.942

0.522

0.279

0.338

0.026

0.000

Xipuaddy



Major Depressive
Disorder PRS Z
Score

Major Depressive
Disorder PRS Z
Score

Schizophrenia PRS
Z Score

Schizophrenia PRS
Z Score

Schizophrenia PRS
Z Score

Schizophrenia PRS
Z Score

Schizophrenia PRS
Z Score

Schizophrenia PRS
Z Score

Schizophrenia PRS
Z Score

Schizophrenia PRS
Z Score

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.081

0.190

0.038

0.067

0.038

0.015

0.048

0.003

0.086

0.047

0.040

0.045

0.019

0.051

0.052

0.028

0.037

0.044

0.021

0.040

2.042

4.177

1.993

1.318

0.735

0.555

1.295

0.072

4.063

1.186

0.041

0.000

0.046

0.187

0.462

0.579

0.195

0.942

0.000

0.236

1.085

1.209

0.963

0.935

0.962

0.985

0.953

0.997

0.917

0.954

1.003

1.106

0.928

0.847

0.868

0.933

0.885

0914

0.88

0.882

1.173

1.322

0.999

1.033

1.066

1.04

1.025

1.087

0.956

1.031

0.111

0.000

0.114

0.338

0.594

0.651

0.338

0.942

0.000

0.374

Xipuaddy



Schizophrenia PRS
Z Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Left)
Z-Score

Accumbens (Right)
Z-Score

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.065

0.051

0.071

0.030

0.076

0.072

0.093

0.042

0.044

0.005

0.004

0.045

0.047

0.116

0.120

0.072

0.094

0.112

0.054

0.092

0.109

0.048

1.446

1.084

0.615

0.251

1.042

0.764

0.831

0.774

0.477

0.042

0.082

0.148

0.279

0.539

0.802

0.297

0.445

0.406

0.439

0.633

0.966

0.935

1.067

1.052

1.074

1.031

0.927

0.931

1.097

1.043

1.045

0.995

1.004

0.977

0.96

0.857

0.816

0.805

0.775

0.882

0.938

0.873

0.804

0914

1.166

1.155

1.352

1.31

1.069

1.12

1.368

1.16

1.253

1.235

1.103

0.308

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Accumbens (Right)
Z-Score

Accumbens (Right)
Z-Score

Accumbens (Right)
Z-Score

Accumbens (Right)
Z-Score

Accumbens (Right)
Z-Score

Accumbens (Right)
Z-Score

Accumbens (Right)
Z-Score

Accumbens (Right)
Z-Score

Amygdala (Left) Z-
Score

Amygdala (Left) Z-
Score

Amygdala (Left) Z-
Score

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.111

0.153

0.114

0.098

0.243

0.054

0.094

0.060

0.038

0.050

0.022

0.120

0.123

0.072

0.090

0.109

0.054

0.093

0.109

0.047

0.114

0.122

0.923

1.237

1.578

1.087

2.231

0.988

1.010

0.548

0.804

0.434

0.180

0.356

0.216

0.115

0.277

0.026

0.323

0.312

0.584

0.422

0.665

0.857

1.117

1.165

0.892

1.103

1.275

1.055

1.098

1.062

1.039

1.051

0.978

0.883

0.916

0.774

0.925

1.032

0.949

0.916

0.857

0.947

0.841

0.77

1.415

1.487

1.028

1.319

1.582

1.174

1.319

1.316

1.139

1.317

1.242

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Amygdala (Left) Z-
Score

Amygdala (Left) Z-
Score

Amygdala (Left) Z-
Score

Amygdala (Left) Z-
Score

Amygdala (Left) Z-
Score

Amygdala (Left) Z-
Score

Amygdala (Right)
Z-Score

Amygdala (Right)
Z-Score

Amygdala (Right)
Z-Score

Amygdala (Right)
Z-Score

Amygdala (Right)
Z-Score

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.082

0.077

0.023

0.034

0.091

0.064

0.008

0.091

0.058

0.139

0.035

0.070

0.089

0.110

0.053

0.090

0.107

0.047

0.113

0.122

0.069

0.088

1.165

0.862

0.209

0.630

1.014

0.600

0.162

0.801

0.478

2.002

0.402

0.244

0.389

0.834

0.528

0.311

0.549

0.871

0.423

0.633

0.045

0.688

0.921

0.926

1.023

1.034

1.096

1.066

1.008

1.095

1.06

0.87

0.965

0.802

0.777

0.825

0.932

0.919

0.865

0.92

0.878

0.836

0.759

0.812

1.057

1.103

1.27

1.148

1.308

1.316

1.104

1.369

1.35

0.997

1.148

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Amygdala (Right)
Z-Score

Amygdala (Right)
Z-Score

Amygdala (Right)
Z-Score

Amygdala (Right)
Z-Score

Caudate (Left) Z-
Score

Caudate (Left) Z-
Score

Caudate (Left) Z-
Score

Caudate (Left) Z-
Score

Caudate (Left) Z-
Score

Caudate (Left) Z-
Score

Caudate (Left) Z-
Score

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.057

0.019

0.109

0.114

0.048

0.117

0.148

0.013

0.014

0.018

0.042

0.109

0.052

0.090

0.109

0.050

0.122

0.131

0.071

0.088

0.104

0.055

0.521

0.365

1.210

1.046

0.975

0.954

1.125

0.189

0.164

0.171

0.757

0.603

0.715

0.226

0.296

0.330

0.340

0.260

0.850

0.870

0.864

0.449

1.058

0.981

1.116

1.12

1.05

0.89

0.863

0.987

0.986

1.018

1.043

0.855

0.885

0.935

0.907

0.952

0.7

0.665

0.858

0.828

0.831

0.936

1.312

1.088

1.333

1.39

1.157

1.131

1.113

1.133

1.171

1.248

1.161

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Caudate (Left) Z-
Score

Caudate (Left) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Caudate (Right) Z-
Score

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.032

0.035

0.028

0.112

0.119

0.052

0.058

0.008

0.037

0.081

0.078

0.094

0.108

0.049

0.123

0.130

0.071

0.089

0.105

0.055

0.094

0.109

0.343

0.323

0.568

0.910

0.914

0.723

0.657

0.072

0.670

0.859

0.713

0.732

0.746

0.570

0.363

0.361

0.469

0.511

0.943

0.503

0.390

0.476

0.968

0.966

1.028

0.894

0.888

0.95

0.943

0.993

1.038

0.922

0.925

0.805

0.781

0.933

0.701

0.686

0.825

0.792

0.808

0.931

0.766

0.746

1.163

1.193

1.133

1.138

1.145

1.092

1.122

1.22

1.157

1.109

1.145

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Left) Z-Score

Hippocampus
(Right) Z-Score

Hippocampus
(Right) Z-Score

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.054

0.023

0.105

0.031

0.007

0.043

0.098

0.008

0.069

0.024

0.013

0.051

0.120

0.127

0.072

0.091

0.107

0.057

0.094

0.114

0.051

0.123

1.051

0.194

0.826

0.423

0.073

0.397

1.727

0.081

0.605

0.470

0.108

0.293

0.846

0.409

0.672

0.942

0.692

0.084

0.936

0.545

0.638

0914

1.055

0.977

0.9

1.031

0.993

0.958

1.103

0.992

0.934

1.024

1.013

0.955

0.774

0.703

0.895

0.831

0.777

0.988

0.827

0.748

0.927

0.799

1.166

1.241

1.16

1.19

1.191

1.184

1.234

1.196

1.169

1.132

1.293

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Hippocampus
(Right) Z-Score

Hippocampus
(Right) Z-Score

Hippocampus
(Right) Z-Score

Hippocampus
(Right) Z-Score

Hippocampus
(Right) Z-Score

Hippocampus
(Right) Z-Score

Hippocampus
(Right) Z-Score

Pallidum (Left) Z-
Score

Pallidum (Left) Z-
Score

Pallidum (Left) Z-
Score

Pallidum (Left) Z-
Score

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.032

0.028

0.059

0.068

0.082

0.087

0.120

0.006

0.024

0.009

0.080

0.133

0.077

0.097

0.119

0.059

0.097

0.112

0.050

0.129

0.133

0.074

0.242

0.367

0.608

0.567

1.397

0.904

1.074

0.119

0.190

0.065

1.081

0.809

0.714

0.543

0.571

0.162

0.366

0.283

0.906

0.849

0.948

0.280

0.968

0.972

0.943

0.935

1.085

0.916

0.887

0.994

0.976

1.009

0.924

0.749

0.837

0.781

0.739

0.968

0.76

0.712

0.9

0.756

0.774

0.799

1.261

1.131

1.141

1.181

1.218

1.105

1.097

1.252

1.301

1.066

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Pallidum (Left) Z-
Score

Pallidum (Left) Z-
Score

Pallidum (Left) Z-
Score

Pallidum (Left) Z-
Score

Pallidum (Left) Z-
Score

Pallidum (Right) Z-
Score

Pallidum (Right) Z-
Score

Pallidum (Right) Z-
Score

Pallidum (Right) Z-
Score

Pallidum (Right) Z-
Score

Pallidum (Right) Z-
Score

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

0.056

0.090

0.107

0.004

0.059

0.025

0.114

0.005

0.108

0.012

0.106

0.097

0.109

0.056

0.101

0.108

0.052

0.134

0.133

0.075

0.099

0.109

0.576

0.832

1.898

0.043

0.543

0.476

0.857

0.035

1.439

0.126

0.968

0.565

0.405

0.058

0.965

0.587

0.634

0.391

0.972

0.150

0.900

0.333

0.946

1.095

1.113

0.996

0.943

0.976

0.892

0.995

0.898

0.988

1.111

0.781

0.884

0.996

0.815

0.761

0.881

0.685

0.767

0.775

0.812

0.897

1.142

1.354

1.242

1.211

1.162

1.08

1.155

1.291

1.039

1.198

1.378

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Pallidum (Right) Z-
Score

Pallidum (Right) Z-
Score

Pallidum (Right) Z-
Score

Putamen (Left) Z-
Score

Putamen (Left) Z-
Score

Putamen (Left) Z-
Score

Putamen (Left) Z-
Score

Putamen (Left) Z-
Score

Putamen (Left) Z-
Score

Putamen (Left) Z-
Score

Putamen (Left) Z-
Score

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

0.052

0.015

0.014

0.060

0.003

0.046

0.141

0.143

0.027

0.085

0.020

0.058

0.100

0.116

0.051

0.124

0.129

0.072

0.093

0.116

0.057

0.097

0.899

0.147

0.124

1.182

0.023

0.360

1.966

1.538

0.236

1.506

0.203

0.369

0.883

0.902

0.237

0.982

0.719

0.049

0.124

0.814

0.132

0.839

1.053

1.015

1.014

1.061

0.997

0.955

0.869

0.867

1.028

1.089

1.02

0.94

0.832

0.807

0.962

0.781

0.742

0.754

0.721

0.819

0.975

0.844

1.179

1.233

1.273

1.172

1.273

1.23

1.04

1.292

1.217

1.234

0.996

0.996

0.996

0.996

0.998

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Putamen (Left) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Putamen (Right) Z-
Score

Thalamus (Left) Z-
Score

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

0.092

0.016

0.010

0.025

0.008

0.152

0.108

0.050

0.108

0.159

0.034

0.114

0.050

0.124

0.126

0.074

0.098

0.111

0.057

0.097

0.112

0.052

0.804

0.315

0.082

0.196

0.107

1.554

0.974

0.884

1.119

1.424

0.652

0.421

0.753

0.935

0.844

0.915

0.120

0.330

0.377

0.263

0.154

0.515

0.912

1.016

0.99

0.976

0.992

0.859

0.897

1.052

0.897

0.853

1.034

0.728

0.92

0.777

0.762

0.858

0.709

0.721

0.94

0.742

0.684

0.935

1.141

1.122

1.263

1.25

1.148

1.04

1.116

1.176

1.085

1.061

1.145

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

0.996

Xipuaddy



Thalamus (Left) Z-
Score

Thalamus (Left) Z-
Score

Thalamus (Left) Z-
Score

Thalamus (Left) Z-
Score

Thalamus (Left) Z-
Score

Thalamus (Left) Z-
Score

Thalamus (Left) Z-
Score

Thalamus (Left) Z-
Score

Thalamus (Right)
Z-Score

Thalamus (Right)
Z-Score

Thalamus (Right)
Z-Score

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Sub-clusters
(without Anxiety)

Probable Mood
Disorder

Probable Mood
Disorder

Probable Mood
Disorder

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Clusters (with
Anxiety)

Unipolar Depression vs
Unipolar Mania

Bipolar vs Unipolar
Mania

Unipolar Depression vs
Bipolar

Unipolar Depression vs
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