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Abstract 

 

Mood instability is a core characteristic of, and risk factor for, mood disorders including 

bipolar disorder (BD) and major depressive disorder (MDD). However, little is currently 

understood of the wider, clinical, behavioural, and cognitive correlates of mood 

instability, and the neural mechanisms that may underlie it. It is hoped that a more 

thorough understanding of this pathophysiological basis may aid in better 

distinguishing between disorders, in predicting the onset and severity of symptoms, 

and in developing better suited targets for therapeutic intervention. Therefore, the 

current thesis aims to explore the profile of mood instability using a translational 

neuroscience approach combining remote technology, wearable devices, and 

neuroimaging techniques, in order to investigate the temporal dynamics of this 

relationship. 

 

Throughout this thesis data is presented from the Cognition and Mood Evolution 

across Time (COMET) study. The COMET study is a prospective, between-subjects 

experimental cohort study conducted over 10 weeks. Seventy-four participants took 

part, 37 of whom screened in for risk of BD using the Mood Disorder Questionnaire 

(MDQ) (MDQ7; high MDQ group), and 37 who did not (MDQ5; low MDQ group). All 

participants underwent a battery of multi-modal investigations, including remote 

monitoring of mood and activity, as well as cognitive testing and functional magnetic 

resonance imaging (fMRI). Clinical assessments revealed that 9 out of 37 high MDQ 

participants met criteria for one or more DSM-IV axis I psychiatric disorder (chapter 

2). 

 

Given the emergence of new technologies and the ubiquity of internet access, I first 

explored whether prospective monitoring of daily mood could capture longitudinal 

mood instability in the high MDQ group (chapter 3). High MDQ individuals showed 

greater variability in daily mood ratings compared to low MDQ individuals, and 

reported significantly greater absolute negative affect across time. They also had 

significantly greater clinical symptoms of mania, depression, and anxiety, and reported 

greater variability across these measures. Additionally, increased levels of negative 

affect were reported in high MDQ participants who met criteria for an axis I disorder, 
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regardless of classification, compared to those without a diagnosis. Therefore, 

analyses showed that daily mood monitoring could capture dynamic mood instability 

in individuals who screen in for BD. Despite screening in on a tool that targets manic 

and hypomanic symptoms, mood instability seemed to be more strongly associated 

with experiences of negative affect. 

 

While confirming the presence of mood instability in the high MDQ group, these results 

also paved the way for a closer examination of the related behavioural dynamics, a 

common symptom of mood disorders often manifesting in the form of circadian rest-

activity disruptions. The subsequent study aimed to explore whether longitudinal 

actigraphy monitoring could distinguish between high MDQ participants and low MDQ 

participants, and also examined the influence of concurrent mood instability (chapter 

4). High MDQ individuals showed significantly lower circadian relative amplitude, a 

marker of differentiation between daytime and night-time activity, driven by reduced 

levels of daytime activity. Relative amplitude was also differentially associated with 

mood instability and absolute negative mood in high MDQ participants and low MDQ 

participants, who also showed significant association with both night-time and daytime 

activity and mood instability. Together, these findings suggest that disruptions in 

circadian rhythms in mood disorders persist outside of the effects of clinical diagnosis 

and functional impairment, and are significantly impacted by the experience of mood 

instability. 

 

Subsequently, the second part of my thesis aimed to determine whether an 

overarching disruption in neural homeostatic mechanisms may be responsible for both 

regulating mood and circadian rhythms. Thus, resting-state fMRI was carried out at 

two time points during the COMET study, and analyses explored both static and 

dynamic patterns of functional connectivity, so as to more accurately capture the 

temporally dynamic experience of mood instability. Firstly (chapter 5), whole-brain 

analyses using the ICA method did not demonstrate network variability between 

groups and across time. Similarly, and using a seed-based approach, there was no 

difference in specific connectivity with the emotion processing and regulation regions 

of the amygdala and insula between groups or across time. This paved the way for 

more nuanced analyses of the dynamic patterns of functional connectivity that may be 

present. Therefore, subsequent analyses (chapter 6) aimed to build on this by 
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exploring whether mood instability is reflected in altered patterns of dynamic neural 

connectivity, representing an overarching disruption in neural homeostatic 

mechanisms. 

 

A sliding-window approach was employed in order to characterise dynamic functional 

connectivity. Results revealed a comparative level of activation within four distinct 

meta-states (namely, highly interconnected, DMN, sensorimotor, and low connectivity) 

across all participants and scan sessions. When assessing dynamic properties, high 

MDQ individuals were found to occupy a greater number of meta-states and change 

more frequently across states than those in the low MDQ group. This pattern of 

instability was found to persist across sessions in the high MDQ group, whilst the low 

MDQ group showed a pattern of habituation or regulation across these metrics over 

time. Analyses of the relationship between dynamic properties with mood measures 

revealed a pattern of lowered variability in functional connectivity as a function of mood 

instability, as well as a potentially protective association between dynamic properties 

and circadian rest-activity patterns. Together, these findings uncover more 

dynamically nuanced details of the pathophysiology of mood and related instabilities. 

 

Led by the need to better understand the wide-ranging correlates of fluctuating mood 

and to improve clinical outcomes for patients with mood disorders, the aim of this 

thesis was to build a profile of the translational neuroscientific nature of mood 

instability. As the first study to do this, I was able to uncover the beginnings of an 

overarching disruption in neural homeostatic mechanisms that are responsible for 

regulating mood and related clinical and behavioural outcomes. It is hoped that the 

doctoral research presented here will encourage continued investigation of this 

transdiagnostic marker employing further novel and sophisticated methods, in order 

to capture the temporally dynamic nature of mood instability. Ultimately, such research 

will prove valuable in transforming our understanding of mood disorders and in the 

search for better-targeted therapeutic interventions. 

 

 

 

 

This thesis contains approximately 48 500 words. 
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Chapter 1 | Introduction 
 

A portion of this chapter has been published in CNS Spectrums: 

Panchal, P., Kaltenboeck, A., & Harmer, C. (2019). Cognitive emotional processing across 

mood disorders. CNS Spectrums, 24(1), 54-63. doi:10.1017/S109285291800130X 

 

 

1.1  From mood disorders to mood instability  

 
Traditionally, illness prognosis and consensus for treatment decisions have led to the 

need for distinct diagnostic categories in order to direct clinical care. However, owing 

to the frequent overlap in clinical presentations, a growing body of evidence has 

revealed that these distinctions are not necessarily biologically valid or conducive to 

symptom management (Akil et al., 2010; Nesse & Stein, 2012; van Praag, 1999). 

Therefore, modern psychiatric research has shifted from considering only distinct 

diagnostic categories based on clinical consensus to capturing fundamental 

underlying mechanisms of dysfunction. This shift has occurred in part as a response 

to developments in neuroscience and related methods such as functional 

neuroimaging, electrophysiology, and techniques for quantifying neural connections 

in vivo, and also address the vital need for the development of new treatments targeted 

at more accurately improving the often heterogenous nature of clinical outcomes. 

Thus, and in line with Research Domain Criteria (RDoC) set out by the National 

Institute of Mental Health (NIMH) (Insel et al., 2010), there is a move towards 

conducting research that aims to understand the nature of psychiatric illness in terms 

of varying degrees of dysfunction in general psychological and biological systems. 
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The study of mood disorders, incorporating both major depressive disorder (MDD) and 

bipolar disorder (BD), is particularly strengthened when employing this framework for 

its ability to address both the similarities and differences in clinical presentation. In 

particular however, and something that has become increasingly apparent given 

advances in assessment techniques, is the need for the identification and use of 

biomarkers to direct distinct clinical care and treatment. The discovery of mood 

instability, or rapid oscillations of intense affect with difficulty in regulating these 

oscillations or their behavioural consequences (Marwaha, Parsons, Flanagan, & 

Broome, 2013), aims to do just this. Therefore, its standing as a potential 

transdiagnostic marker across mood disorders can aid in capturing the temporally 

dynamic nuances underlying the pathophysiology of such disorders, in order for more 

accurate predictions of clinical outcomes to be made. 

 

1.2  Aims and objectives 

 

In the spirit of the RDoC framework, the current thesis aims to explore the 

pathophysiological circuits which may underlie mood instability, by considering both 

neural systems and behavioural dimensions. As such, the clinical, behavioural, and 

neural correlates of mood instability, as measured first by risk propensity to BD and 

then temporally using longitudinal objective and subjective measures, will be explored 

in order to inform us of both the process by which mood disorders develop, and the 

dynamics by which they are maintained over time. Ultimately, it is hoped that a clearer 

investigation of the underlying mechanisms of this phenomenon will aid in refining our 

understanding of mood stabilising drug treatments such as lithium, and also in 

identifying new and better tolerated targets for treatment development. 
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1.3  Mood disorders: major depressive disorder (MDD) and 

bipolar disorder (BD) 

 

1.3.1  Clinical presentation 

Mood disorders, including MDD and BD, are a major cause of disability worldwide, 

affecting social and occupational functioning, quality of life, and mortality rates (World 

Health Organisation (WHO), 2017). It is estimated that 21% of adults in the US will 

experience a mood disorder at some point in their lives (National Comorbidity Survey, 

2007), and the most recent edition of the Diagnostic and Statistical Manual of Mental 

Disorders (DSM-5) (American Psychiatric Association (APA), 2013) has further 

expanded the guidelines for mood disorders in order to account for the complexities 

in their symptomatic profiles. 

 

Clinically, MDD and BD are predominantly characterised by subjective emotional 

symptoms – such as lowered mood and anhedonia in the case of MDD, and lowered 

mood and mania in the case of BD. Contrasts in their core cognitive profiles are also 

often emphasised, with BD being more closely associated with impairments in 

decision-making and impulsivity, resulting in changes in reward processing 

(Christodoulou, Lewis, Ploubidis, & Frangou, 2006). However, MDD and BD share 

many symptomatic similarities, the clearest of which is the presence of depressive 

episodes. This contributes to clinical overlap, whereby BD is often misdiagnosed for 

MDD (Ghaemi, Sachs, Chiou, Pandurangi, & Goodwin, 1999). Depressive episodes 

usually present initially in the course of BD and are often experienced more saliently 
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than manic or hypomanic episodes (Hirschfeld, 2010). They are also both highly 

heritable, such that first-degree relatives of those with BD also have an increased risk 

of developing MDD (McGuffin & Katz, 1989). 

 

Additionally, this more complex intertwined nature of the disorders, especially in the 

shared case of depressive episodes, is reflected in some of their downstream cognitive 

symptoms, for instance, in consistent findings of impairments in working memory and 

attention in MDD and BD (Harvey, 2007) related to the depressive symptom of a 

“diminished ability to think or concentrate” (American Psychiatric Association (APA), 

2013). A breadth of recent research, aided by developments in neuroscience, has 

particularly begun to elucidate these cognitive underpinnings of mood disorders. It is 

the presence of these symptoms, ranging from difficulties in sustained attention, 

learning, and memory, to decision-making and reward processing, together with the 

recurring nature of such disorders, that likely magnify its wider effect on quality of life 

and economic burden. 

 

1.3.2  Cognitive emotional processing 

Before building a profile of mood instability and its underlying neurobiological 

mechanisms, it is important to first consider the similarities and differences of the mood 

disorders, BD and MDD, for which it is characteristic. This will aid in determining the 

shared mechanistic underpinnings of the disorders, and also in predicting symptomatic 

progression across the course of illness. Thus, the current chapter will introduce a 

consideration of cognitive affective processing across BD and MDD, an area of 

research which has garnered much attention for its ability to inform us of related 

clinical, behavioural, and neural functioning. A consideration of how this processing 



Chapter 1 | Introduction 

 5 

uncovers the temporal dynamics of mood disorders will also be presented, paving the 

way for subsequent analyses of mood instability in this thesis. 

 

Owing to the widespread prevalence of cognitive impairments in mood disorders, 

recent research has emphasised the importance of interactions between cognitive and 

emotional systems (Pessoa & Adolphs, 2010; Roiser & Sahakian, 2016), and 

proposed that these interactions are implicated in both the prodrome and maintenance 

of MDD and BD. Thus, cognitive emotional processing works as a cyclic system: 

cognitive factors, such as our interactions with the environment and the process by 

which we make decisions, are influenced by emotional context, or our emotional state, 

and vice-versa. This system is key to human behaviour and experience (Elliott, Zahn, 

Deakin, & Anderson, 2011) and aids us in forming appropriate responses to our 

environment, some of which have a strong evolutionary basis (for example, stress and 

fear). This processing is also fundamental in guiding our behavioural actions, as well 

in forming social responses, be it in terms of determining how we interact with our 

loved ones or in allowing us to behave altruistically with strangers. It then follows that 

impairments in such a processing style can lead not only to the clinical and cognitive 

symptom profile of mood disorders, but also the behavioural disruptions and social 

difficulties that patients often experience. By viewing these patterns in a related 

manner, we are also able to hypothesise on the putative neural mechanisms which 

may underlie BD and MDD. 

 

While we all interact with our environment in a way that blends cognition and emotion, 

the varying degrees with which we do so and the consequences that can arise from 

distortions in such processing are vital to understand. Mood disorders are at the core 
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of this. Owing to the shared mood and cognitive symptom profile of MDD and BD, 

researchers have begun to investigate trait-related cognitive effects across the 

disorders. These trait effects of cognitive processing during periods of remission or 

euthymia, and even prior to the onset of illness, rather than specific state effects that 

are manifested specifically during periods of depression or mania, are in line with the 

RDoC movement towards focusing on the transdiagnostic and translational 

mechanisms that span such related mental disorders, involving both objective 

behavioural and neuroimaging methods (Insel et al., 2010). Such methods enable us 

to better capture the complex nature of MDD and BD, which is often hindered by a 

strict focus on distinct clinical diagnostic classifications, and allows us to fully consider 

and appreciate the phenomenon of mood instability in contributing to cognitive 

affective processing across mood disorders. 

 

1.3.2.1  Attentional biases 

Owing to the fact that individuals with depression experience major difficulties in their 

social interactions, tests involving facial expressions of emotion are some of the most 

powerful and ecologically valid ways of investigating attentional biases in cognitive 

processing (Gross & John, 2003). Across a range of experimental studies using six 

basic facial expressions (happy, sad, fearful, angry, disgusted, and surprised) (Ekman 

& Friesen, 1971), MDD patients have been consistently shown to exhibit a negative 

bias (King, 2002), such that they tend to recognise and focus significantly more on 

negative emotional expressions (e.g. sadness or anger) or less on positive facial 

expressions (e.g. happiness). In line with the clinical symptoms of rumination and in 

combination with a tendency to hold negative schemas and expectations, Bradley, 

Mogg and Lee (1997) suggest that individuals with MDD are both biased towards 



Chapter 1 | Introduction 

 7 

perceptually recognising negative information, especially that of facial expressions, 

and have greater difficulties in disengaging once this information has become the 

focus of their attention. 

 

In line with this, Gotlib and colleagues (Gotlib, Krasnoperova, Yue, & Joormann, 2004) 

demonstrated a depression-relevant negative attentional bias in a sample of MDD 

patients and healthy controls. When presented with a dot probe task incorporating 

happy, sad, and neutral faces, individuals with MDD selectively attended to the sad 

faces above and beyond controls and participants diagnosed with generalised anxiety 

disorder (GAD). The authors particularly noted here that the negative attentional 

biases observed were specific to sadness, an emotion specific to depression, and not 

other types of negative stimuli, explaining this bias in cognitive affective processing as 

a characteristic of MDD. Similar results have also been reported by other studies of 

facial expressions by Gotlib and colleagues (Gotlib, Kasch, et al., 2004; Gotlib, 

Krasnoperova, et al., 2004; Joormann & Gotlib, 2007), and in comparisons of MDD 

depressed individuals with those recovered from a depressive episode, as well as 

individuals with a diagnosis of other axis I disorders (e.g. social phobia). 

 

Whilst a breadth of behavioural studies have found evidence for this negative 

attentional bias towards mood congruent sad faces in MDD, studies of the particular 

attentional mechanisms involved have been less consistent. Duque and Vázquez 

(Duque & Vázquez, 2015) aimed to clarify these mechanisms further by testing to see 

if such a negative bias is observed in both the orienting and maintenance of attention, 

using an eye-tracking technique to complement their face processing task. Whilst 

further confirming the presence of a negative attentional bias to mood congruent sad 
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faces, the authors also reported a bias in the maintenance of gaze or attention, over 

orientation. This finding lends further empirical support to the idea that once individuals 

with MDD focus on negative information, they experience particular difficulties in 

disengaging from it (Bradley et al., 1997). 

 

This consistent finding of negative attentional biases in MDD towards sad facial 

expressions leads us to question whether the same mechanism is also in play in BD, 

and whether such bias is modulated by specific mood episodes. Whilst this area of 

enquiry has been less researched in BD, some studies have found evidence for a 

similar mood congruent bias. For example, Lembke and Ketter (2002) found that 

participants with BD mania were significantly impaired at recognising negative facial 

expressions, including fear, sadness, anger and disgust, and that the recognition of 

sad faces inversely correlated with their mania symptom severity, such that their ability 

to recognise sadness became more impaired as they experienced more manic 

symptoms. Whilst this positive bias seems to follow on from the idea of mood 

congruent cognitive processing of emotional faces in mood disorders, results in mania 

have not always been so consistent. Gray and colleagues (2006) found a result similar 

to MDD in that BD depressed participants showed a decreased sensitivity to happy 

faces and increased bias towards sadness. They did not, however, find evidence of a 

mood congruent positive bias in the perception of emotional faces in their sample of 

manic patients. 

 

Drawing from evidence of mixed results in BD mood episodes, an investigation of 

cognitive processing of facial expressions during periods of euthymia may help to 

elucidate the particular trait-related mechanisms at play. In a study by Harmer and 
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colleagues (2002), euthymic BD participants were reported to show preferential 

recognition and perception of facial expressions of disgust, with no other differences 

in processing of other facial expressions reported. Whilst this can also be viewed as 

adding to the premise of negative attentional biases in mood disorders, other results 

in euthymia have not been so consistent. For instance, whilst Venn et al. (2004) 

reported a statistical trend towards lower recognition of fear in their patients, they and 

Vaskinn and colleagues (2007) more generally found no significant difference between 

BD patients and controls in their measures of sensitivity to facial expressions of 

emotion, suggesting the absence of a specific trait-like bias in emotional perception 

and attention in BD. Martino et al. (2011), however, furthered the trend reported earlier 

(Venn et al., 2004) by confirming a lowered recognition of fearful facial expressions in 

their larger sample of BD I and II euthymic patients. 

 

Whilst the differing nature of facial expression paradigms – such as a simple 

recognition task, a dot-probe task, or a facial morphing task – is often provided as an 

explanation for inconsistent findings; it is important to note that many of the 

participants included in these studies, as with most studies investigating euthymia, 

were medicated. As lithium is known to influence cognition and cognitive processing 

more generally, it is both difficult to control for this in face processing tasks during 

euthymia, and to interpret the results as being a characteristic trait marker of cognitive 

affective processing in BD. Nevertheless, in Bilderbeck and colleagues’ (2017) study 

of medicated BD patients, a mood stabilising effect of both lithium and dopamine 

antagonist (antipsychotic) medication was found whereby medicated patients showed 

reduced recognition of angry facial expressions compared to those who were 

mediation-free, as well as an inverse modulation of happy face recognition by 
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increasing depressive symptoms. Therefore, this study is of particular value in 

highlighting the complexities of studying medicated euthymia considering the cognitive 

implications of such therapeutic agents. 

 

As with the results from tasks of facial expressions of emotion, Murphy and colleagues 

(1999) reported that MDD patients were impaired in their ability to shift attention 

between differentially valenced information when completing the Affective Go/No Go 

task, such that they were slower in responding to happy but not sad stimuli. Whilst this 

further confirmed the presence of negative attentional biases in MDD, it is important 

to note that the majority of participants were again medicated. However, Erickson et 

al. (2005) confirmed this in their sample of unmedicated MDD patients by finding that 

their participants responded more quickly to sad words than happy words, and also 

made more emission errors when responding to happy words. 

 

The evidence in BD, again, has not been so conclusive. Murphy and colleagues (1999) 

also employed the same Affective Go/No Go task in a sample of BD manic patients 

and found that they were faster at responding to positive words compared to negative 

words, supporting the notion of a mood congruent attentional bias. Rubinsztein et al. 

(2000), however, found no such bias to happy or sad words in their sample of remitted 

or euthymic BD patients. In García-Blanco and colleagues’ (2013) study of mood 

congruent attentional biases across the different episodes of BD, they found support 

for a negative attentional bias during depressive episodes, a positive attentional bias 

during manic episodes, and no mood congruent bias during euthymia. Whilst this 

supports the idea of mood congruent biases in mood disorders, the presence of 

conflicting results in other tasks of attention, especially in the case of BD, leads us to 
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question whether more robust methods, utilising complimentary behavioural 

paradigms (for example, face processing tasks) and neuroimaging techniques can 

help to clarify the particular mechanisms by which cognitive affective processing in 

relation to attention in mood disorders operate. 

 

 1.3.2.2  Memory biases 

Building on the literature for mood congruent biases in attentional processing, 

research has also looked into the effect of emotional stimuli in tests of memory, 

particularly of verbal memory recall and retention. Tests using more “cold” forms of 

memory processing, that represent processing in the absence of emotionally salient 

responses or stimuli, have found impairments in the recall of information, but not in 

retrieval and retention, in MDD (Kizilbash, Vanderploeg, & Curtiss, 2002). The picture 

has not been so clear in BD, with a range of studies and meta-analyses reporting 

heterogeneous results (Bourne et al., 2015), with differing profiles of impairments in 

individuals with a diagnosis of BD I and BD II (Sole et al., 2012), suggesting a 

modulation of impairment by symptomatology and illness severity. Whilst the 

participants in these studies are usually in the euthymic phase of the disorder, they 

are also more likely to be medicated. Nevertheless, impairments in verbal recall 

memory have also been found in first-degree relatives of participants with BD (Bora, 

Yucel, & Pantelis, 2009), suggesting that this impairment could form part of a core 

trait-related cognitive profile of the disorder. 

 

Delving into this further, BD depressed individuals are known to show a greater degree 

of impairment in learning and memory recall than individuals with MDD (Burt, Prudic, 

Peyser, Clark, & Sackeim, 2000; Wolfe, Granholm, Butters, Saunders, & Janowsky, 
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1987). Combining this with the idea of mood congruent biases in the recognition of, 

and attention towards, information – especially emotionally-valenced information – 

suggests that the disorder may involve disruptions in the encoding and consolidation 

of memory, attenuated by the presence of affective biases and current mood state. 

Support for this is also provided by evidence of persistent memory impairments in BD 

euthymic individuals (Martínez-Arán et al., 2004). Whilst further research is needed to 

fully elucidate the mechanisms of cognitive emotional processing in relation to memory 

in BD in order to understand whether the mood congruent biases that are present 

during attention are applicable over the memory impairments reported outside of 

emotional stimuli, contributions from the MDD literature can help. 

 

As with negative attentional biases, depressed individuals are reported to have a 

tendency towards remembering more negative-valenced information compared to 

controls (Mogg, Bradley, & Williams, 1995). This was further demonstrated in a study 

by Harmer and colleagues (2009), which looked at the presence of negative affective 

biases in antidepressant-administered MDD patients across facial recognition, 

attention, and memory. Not only did those in the placebo group show reduced 

recognition of positive facial expressions of emotion, as well as a negative attentional 

bias, they also had significantly reduced memory for positive self-relevant personality 

adjectives. Providing support for the neuropsychological model of antidepressant 

action, this study also showed a reversal in these biases towards negative information, 

over and above any subjective change in mood, in their sample of MDD patients 

administered the antidepressant agent reboxetine. Thus, whilst providing support for 

the presence of emotional biases in memory in MDD, this study also points to the 
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importance of cognitive affective processing in being a core target for treatment in 

mood disorders.  

 

 1.3.2.3  Reward processing 

Compared to the research into emotional biases in attention and memory in mood 

disorders, reward processing is a relatively understudied area of cognitive emotional 

processing. Nonetheless, it is an area that is garnering precedence due to its close 

association with many of the clinical symptoms of both MDD and BD, and the potential 

for sophisticated neuroscientific and computational methods to be applied. For 

instance, anhedonia, or “markedly diminished interest or pleasure…in activities”, is a 

core clinical symptom of MDD and suggests an impairment or dampening in reward 

processing. Similarly, elevated mood and impulsivity associated with manic symptoms 

and episodes in BD also points to disruptions in reward processing, albeit perhaps in 

a differing direction and to varying degrees. The mechanisms by which reward 

processing differs in mood disorders is important to understand as disturbed reward 

processing can lead to harmful social consequences (for example, excessive 

impulsivity and irrational decision-making, particularly in BD) and also predicts 

response to treatment  (Uher & Rutter, 2012). 

 

In line with the presence of negative affective biases in other cognitive domains in 

MDD, depressed individuals are often reported to show a hypersensitivity towards 

negative feedback, for example punishment (Elliott, Sahakian, Herrod, Robbins, & 

Paykel, 1997), and hyposensitivity towards positive feedback, for example responses 

to reward (Admon & Pizzagalli, 2015). This maladaptive response to punishment is 

thought to be reflected in a blunted ability to respond to feedback information (Steele, 
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Kumar, & Ebmeier, 2007). For instance, in Holmes and Pizzagalli’s (2011) study, 

individuals with high levels of depressive symptoms were less able to adjust their 

performance and increase their accuracy following negative performance feedback on 

a range of cognitive tasks. Murphy et al. (2003) furthered this by attempting to 

elucidate the mechanisms of feedback that may hinder cognitive performance for 

those with MDD. In their probability reversal and spatial working memory tasks, they 

found that individuals with MDD showed impaired performance after negative, but 

misleading, feedback but that their performance was no more disrupted compared to 

controls following negative, but accurate, feedback. Whilst these findings stress the 

importance of context in mediating maladaptive responses to feedback, the 

hypersensitivity to negative feedback and disrupted ability to modify behaviour in such 

cases reflects a perceived lack of control or motivation in MDD. 

 

Pizzagalli and colleagues have also shown that individuals with both an increased 

vulnerability to MDD (Holmes & Pizzagalli, 2011) and those with a diagnosis (Admon 

& Pizzagalli, 2015) were less able to learn about rewarding stimuli, and thus were less 

able to use this information to guide their subsequent behaviour in their reward 

processing task. This impairment, along with those of maladaptive responses to 

negative feedback, are also reported to correlate positively with symptom severity, as 

well as present in first-degree relatives and recovered individuals (Eshel & Roiser, 

2010), suggesting that such disruptions in reward processing are a core and pervasive 

feature of cognitive affective processing in MDD. 

 

A more recent systematic review and meta-analysis has further shed light on the 

mechanisms of reward processing in MDD. Across 48 studies, Halahakoon and 
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colleagues (2020) reported a small to medium level of impairment in MDD patients 

compared to healthy controls. Delving into this further, the authors reported the largest 

degree of impairment in the reward bias domain, part of the decision-making process, 

whereby individuals tend to choose more frequently rewarded stimuli, regardless of 

perceptual accuracy, reflecting weaker reward biases (Pizzagalli, Iosifescu, Hallett, 

Ratner, & Fava, 2008). They also showed smaller impairments in the option valuation 

domain of decision-making, reflecting the process by which an individual assesses the 

explicit information provided for reward-related options (for example, probability, 

reward, and cost), such that depressed individuals were less able to effectively 

evaluate cost-benefit decisions (Treadway & Zald, 2011). Similar impairments were 

also reported in the reinforcement learning domain, reflecting the process by which 

individuals use feedback to guide their subsequent decision-making. Despite the 

confounding influence of “cold” cognition, such as working memory impairments, on 

this domain, a number of studies have reported impairments such that individuals with 

MDD use feedback less effectively to adapt subsequent behaviour compared to 

healthy controls (Admon & Pizzagalli, 2015; Holmes & Pizzagalli, 2011; Thoma, Norra, 

Juckel, Suchan, & Bellebaum, 2015). 

 

Taken together, these studies have highlighted the importance of specific reward 

processing domain when assessing impairments related to depression. The majority 

of research points to a mechanism of “decisional anhedonia” (Halahakoon et al., 2020) 

such that symptomatic difficulties in feeling pleasure and experiencing normally 

pleasurable activities result in impaired cost-benefit decision making, or vice-versa 

(Treadway & Zald, 2011). Whilst this offers an interesting interpretation of the reward 

processing difficulties often observed in MDD, placing it in the wider context of mood 
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symptoms experienced and thus, providing potential avenues and hypotheses for the 

relationship in BD depressive and manic episodes; further research is warranted in 

order to tease apart the effect of anhedonia on such decision-making, and the 

directionality of this relationship, made feasible through controlled experimental and 

neuroimaging studies. 

 

Quite unusually for the area of cognitive emotional processing in mood disorders, 

which has often favoured the study of MDD, reward processing is a cognitive domain 

that has been studied more so from a BD perspective. In line with findings of greater 

impulsivity in individuals with BD during manic phases, researchers have found a 

strong connection between manic patients and responsiveness to rewarding stimuli, 

which can then go on and influence decision-making. Following on from the literature 

in MDD, BD depressed individuals are also shown to have a hypersensitivity towards 

negative feedback, such that they made a disproportionate number of errors following 

an incorrect response and resulting negative task feedback compared to controls 

(Roiser et al., 2009). A similar response to negative feedback has also been reported 

in manic BD patients (Minassian, Paulus, & Perry, 2004), lending support to the 

hypothesis that impairments in cognitive affective processing in mood disorders may 

be directly linked to a “catastrophic response to perceived failure” (Beats, Sahakian, 

& Levy, 1996). 

 

Further research has attempted to clarify the distinct processes that may contribute to 

altered decision-making and reward processing in BD. In their comparison of BD 

manic and MDD patients, Murphy et al. (2001) found that the two groups were 

markedly slower at making choices on a probabilistic reward processing task and also 
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earned significantly fewer points based on the reward learning information provided in 

the task. They suggest that these first line results provide further support for cognitive 

emotional processing impairments in mood disorders, particularly in the executive 

functioning domain of set-shifting. However, when delving into the decision-making 

process further, the researchers also noted how manic patients were more likely to 

make detrimental choices leading to early termination of blocks, or “losing the game”, 

compared to MDD depressed patients, as well as having a tendency to select the 

choice associated with a lower probability of reward, indicating an impairment in 

learning about optimal reward information. Thus, it seemed that not only were manic 

patients poorer at making optimal decisions, they were also more willing to engage in 

risk-taking behaviour when making these decisions, compared to both MDD patients 

and controls. 

 

Again, whilst these results begin to highlight some of the cognitive impairments 

reported in mood disorders in the domain of reward processing, the fact that such 

impairments are modulated by mood episode and symptom severity points to the idea 

that these may be state-like characteristics of the disorders. A closer examination of 

the mechanisms at play during euthymic phases of BD should therefore aid us in 

understanding the trait-related features of the disorder, with the hope of describing the 

clinical symptoms of anhedonia during depression, and hyperhedonia, or excessive 

pleasure-seeking behaviour, during mania and their relation to cognitive affective 

processing in further detail. Pizzagalli et al. (2008) set out to study this in their sample 

of euthymic BD patients by testing whether BD is characterised by an impairment in 

the ability to adapt behaviour in response to changing reward, accounting for trait-

related features that can be applicable across distinct mood episodes. In their 
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probabilistic reward task, they found that euthymic patients were slower at selecting, 

and less likely to select, the more frequently rewarding stimuli, suggesting an 

impairment in response bias towards rewarding information, as well as decreased 

ability to learn and integrate information about reward over time. Whilst this impairment 

was exacerbated by residual anhedonic symptoms in the sample, alluding to a similar 

pattern of diminished learning and negative attentional biases, the suggestion of 

impairments in learning over time, again, highlights underlying difficulties in executive 

function. Taken together with the interesting, yet inconclusive, evidence of cognitive 

emotional processing in other domains such as attention and memory, particularly in 

BD but also across mood disorders, such findings lead us to examine the neural 

mechanisms that may modulate and underpin these disorders. 

 

1.3.3  Neural underpinnings 

A discussion of the neural underpinnings of cognitive affective processing, via 

neuroimaging techniques such as magnetic resonance imaging (MRI), may help us to 

better understand the shared and distinct features of mood disorders. Generally, 

abnormalities are usually found in limbic structures, including the amygdala and 

hypothalamus, and in regions of the prefrontal cortex (PFC), including the orbital and 

medial prefrontal cortex (OMPFC), as well as various connections between the two 

(Price & Drevets, 2012) across both MDD and BD, accounting for most major mood-

related symptoms. 

 

In MDD, patients are reported to have increased activation in the amygdala, 

orbitofrontal cortex (OFC) and prefrontal cortex (PFC) when showing an attentional 

bias towards negative facial expressions (Wagner, Muller, Sommer, Klein, & Hajak, 
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2004). As well as being involved in emotional processing and executive functions such 

as attention – linking the two together – disruptions in these regions and circuits are 

also thought to increase the risk of developing the disorder (Price & Drevets, 2010). 

Other researchers have also reported increased activation in limbic areas, such as the 

hippocampus, insula and anterior cingulate cortex (ACC), during the processing of 

negative facial expressions (Anand et al., 2005; Elliott et al., 2011; Lee et al., 2008), 

modulated by symptom severity, emphasising how the emotional component of the 

information is intrinsically related to cognitive processing in MDD. However, results in 

MDD have not always been so conclusive, with some studies failing to see increased 

amygdala responses to facial expressions (e.g. Gotlib et al., 2005), whilst others have 

found differing patterns of activation in tasks engaging both attention and memory of 

facial expressions (Hamilton & Gotlib, 2008; Roberson-Nay et al., 2006). 

Methodological differences, including task instructions and the cognitive domains 

required, have been proposed as potential explanations for such differing results, and 

also suggest the need for more stringent investigations. 

 

Increased activation in limbic regions during face processing tasks have also been 

reported in BD. In their systematic review and meta-analysis of the neural correlates 

of emotional processing in BD and MDD, Delvecchio and colleagues (2012) argued 

that increased limbic engagement, particularly involving the parahippocampal gyrus 

and amygdala, formed part of the core phenotype of cognitive affective processing of 

facial expressions in mood disorders, but that clear distinctions in other regions 

existed. For instance, BD, but not MDD, was associated with reduced activation in the 

ventrolateral PFC, an area known to be implicated in inhibitory control. As difficulties 

with inhibition, particularly within manic episodes, is a core feature of the disorder, this 
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suggests that processing in this region and its associated circuits is specific to the 

experience of BD (Cerullo, Adler, Delbello, & Strakowski, 2009; Chen et al., 2006). In 

a similar fashion, increased activation in the thalamus, particularly the pulvinar, was 

found to be associated with BD rather than MDD, while processing negative facial 

expressions. As this particular “higher order” region is known to have various cortical 

connections (Pessoa & Adolphs, 2010), it has been proposed that overamplification 

towards emotionally salient information helps to explain the difficulties in fluctuating 

mood in BD, whilst the suppression of activation in the same region during the 

processing of positive facial expressions in MDD points to the dampening of reactivity 

towards positive information associated with depression (Rottenberg, Gross, & Gotlib, 

2005). 

 

A combination of connections between these cortical, striatal and thalamic regions are 

thought to be intrinsically related to reward processing in mood disorders. According 

to research in MDD, patients show a decrease in activation in the ventral striatum in 

response to rewarding stimuli, compared to healthy controls, and this deactivation is 

known to be modulated by an increase in anhedonic symptoms (Treadway & Zald, 

2011). Increased activation in the caudate nucleus, a structure of the striatum, is 

reported in BD when processing rewarding stimuli, including happy facial expressions 

during manic episodes (Abler, Greenhouse, Ongur, Walter, & Heckers, 2008; 

Giuseppe Delvecchio et al., 2012). This is in line with research that has shown distinct 

abnormalities in the function, size and shape of the basal ganglia (Abler et al., 2008; 

Hwang et al., 2006; Strakowski, Delbello, & Adler, 2005; Strakowski, Adler, & DelBello, 

2002), a region comprising the striatum, pallidum, the substantia nigra, and the 

subthalamic nucleus, and known to be particularly implicated in reward processing, 
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with connectivity to PFC regions and the amygdala. Taken together, reward learning 

and processing is known to involve cortico-striatal learning systems, such as those 

discussed here, in combination with prefrontal regions of executive control. Whilst 

there is still a need for further neuroimaging research in this area in order to parse out 

the particular neural contributions, findings of disruptions in these areas across the 

domains of perception, attention and memory of affective information combine to 

further inform us of the behavioural impairments noted in reward processing across 

mood disorders, and the distinct mood-related mechanisms which may modulate the 

severity and direction of impairment within the disorders. 

 

These neurobiological patterns, suggesting an overarching pathophysiological 

marker, have also been reported in resting-state fMRI studies in both MDD and BD, 

implicating connectivity within a variety of neural circuits outside of task demands. 

Wang and colleagues (2012) commented on the robust nature of findings involving 

cortico-limbic structures in MDD, such that abnormal connectivity in regions such as 

the thalamus and amygdala were thought to represent the persistent and core feature 

of negative biases and maladaptive emotional perception in depressed patients. 

Further, the consistent finding of abnormal connectivity in the default mode network 

(DMN) in these patients, including within the regions of the PFC and cingulate cortex, 

also begins to highlight a differential marker of functional connectivity associated with 

mood disorders. When contrasting these findings with those seen in patients with BD, 

researchers have again reported overall markers of functional connectivity disruption 

in BD, and have highlighted differential patterns in such connectivity that may 

distinguish between BD and MDD. For instance, Marchand et al. (2013) found 

increased connectivity between the posterior cingulate cortex (PCC) and regions 
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involving the insula in BD patients compared to MDD, and this association was 

modulated by severity of depressive symptoms and current suicidal ideation. In a 

similar fashion, Anand et al. (2009) reported overall abnormalities in cortico-limbic 

functional connectivity in BD patients that was in line with that seen in MDD, but that 

the severity of this association seemed to distinguish BD from MDD. These studies 

suggest that such functional neuroimaging techniques are able to characterise the 

similarities and differences between neural connectivity and pathophysiology in mood 

disorders and could thus, lead to the development of diagnostic procedures that may 

aid us in differentiating between their clinical presentations.  

 

In their systematic review of resting state functional MRI studies in BD, Vargas and 

colleagues (2013) found a similar pattern of connectivity to that found in task-

dependent data. For instance, BD patients were consistently reported to show 

differential patterns of functional connectivity in the PFC with the ACC and limbic areas 

including the amygdala, insula, and thalamus (Anand et al., 2009; Chepenik et al., 

2010) compared to healthy controls. However, variations in the nature of connectivity 

was also reported, such that some studies found increased connectivity between 

these regions (Anticevic et al., 2013), whilst others instead found it to be decreased 

(Anand et al., 2009). Further, differences in the patterns of connectivity were often 

noted within patients, such that patients in a depressive episode differed from those 

in a manic episode, who in turn differed from those currently euthymic; and it was this 

pattern of differential connectivity depending on mood state that has been suggested 

as the reason for such heterogenous results. 
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Investigation of these functional connectivity patterns during euthymia can thus aid 

us in teasing apart the core underlying patterns of brain connectivity in BD (Blumberg 

et al., 2003) and also in elucidating the distinct pathophysiological differences 

between BD and MDD (Vargas et al., 2013). When focusing on these euthymic 

patients, Syan and collegues (2018) found a consistent pattern of functional 

connectivity in the DMN, fronto-parietal network (FPN) and salience network (SN) 

which was comparable to that found in healthy controls, but that patients who had a 

history of significant mood episodes involving psychosis often reported 

hyperconnectivity in the DMN. Again, when assessing connectivity with specific 

limbic and striatal regions, they found consistent atypical functional connectivity 

patterns with the amygdala, PFC, and cingulate cortex. Together, whilst these results 

suggest a pattern of general stability in broad resting state networks during 

euthymia, the consistent presence of differences in connectivity between regions 

such as the amygdala, insula, and PFC, areas known to be involved with cognitive 

and emotional processing, may reflect patterns of overall BD pathophysiology. 

 

However, it should be noted that the majority of neuroimaging studies here, across 

both task-based and resting-state fMRI, include small sample sizes, thus 

compromising the statistical power of results. This limitation has been suggested to 

contribute to the often inconclusive or inconsistent nature of results across studies, 

and is further complicated when considering the heterogeneous nature of illness 

studied and the complex nature of interaction between neuroanatomy and function, 

and clinical characteristics. ENIGMA, an international consortium with the goal of 

combining neuroimaging, genetic, and clinical data so as to better understand brain 

structure and function across a range of psychiatric and neurological diseases (Hibar 
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et al., 2015; Thompson et al., 2014), has begun to address this limitation in both MDD 

and BD. For instance, a large meta-analysis by the group across 1728 MDD patients 

found significantly lower hippocampal volumes in patients compared to controls 

(Schmaal et al., 2016). Whilst this region has long been associated with depression 

(Sheline, 2011), helping to explain some of the well-documented cognitive symptoms 

that accompany it (Sapolsky, 2001), Schmaal and colleagues (2016) also noted that 

the recurrent nature of illness contributed significantly to this structural brain alteration, 

shedding light on the dynamic nature of neuroanatomical impairment across disorder. 

Importantly, this relationship with the recurrent nature of episodes further emphasises 

the need to better understand contributing factors for the development and 

maintenance of depression, such as early life stressors, genetic predisposition, and 

risk factors such as mood instability.  

 

In a similar manner, the ENIGMA consortium has been used to identify consistent 

brain alterations associated with BD. In their sample of over 2000 BD patients, Hibar 

and colleagues (2018) reported widespread cortical thinning in regions of the inferior 

frontal gyrus, left fusiform gyrus, and left rostral middle frontal cortex. While these 

regions are known to be further involved in cognitive functioning, particularly in the 

domains of emotional face processing and attention (Japee, Holiday, Satyshur, Mukai, 

& Ungerleider, 2015; Perlman et al., 2013), they again showed significant association 

with duration of illness. For instance, the rostral ACC and right cuneus – known to be 

involved in manic and impulsive symptoms (Fornito et al., 2008; Matsuo et al., 2009) 

and attentional and emotional processing (Delvecchio, Sugranyes, & Frangou, 2013; 

Haldane, Cunningham, Androutsos, & Frangou, 2008) – showed a pattern of reduced 

cortical thickness with illness progression, yet the right entorhinal gyrus – known to be 
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involved with affective lability and symptoms of irritability (Bertocci et al., 2019) – 

showed increased thickness as a function of illness progression. Interestingly, the 

authors also reported significant effects of age in BD, such that adolescents and young 

adults had additional thinning beyond that explained by age or diagnosis alone, further 

implicating the importance of understanding risk factors for the development and 

maintenance of mood disorders, facilitated by the identification of biomarkers. 

 

1.3.4  Behavioural outcomes 

Along with the mood and cognitive symptoms that characterise the course of mood 

disorders, behavioural changes are also often reported. For instance, depression is 

associated with a reduction in physical movement as well as fatigue or loss of energy, 

while BD mania is characterised by psychomotor agitation and the engagement of 

purposeless movements, such as pacing (American Psychiatric Association (APA), 

2013). In a similar vein, both are associated with disruptions in sleep, be it insomnia 

or hypersomnia, and together highlight the involvement of circadian rhythms in mood 

disorders. 

 

When assessing these symptoms experimentally, researchers have often noted 

changes in the sleep-wake cycle in MDD such that depressed patients experience 

disrupted and fragmented sleep (Souetre et al., 1988) and lower levels of activity 

during the day (Burton et al., 2013), thought to be caused by disruptions within the 

suprachiasmatic nucleus (SCN), or the molecular circadian clock (McClung, 2007). 

Evidence from BD patients furthers this by also showing an association with a delayed 

onset of sleep-wake phase, highlighting overall fragmentation of circadian patterns 

(Nurnberger et al., 2000; Robillard et al., 2014, 2013). While chapter 4, section 1 
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discusses the interplay between mood disorders and circadian rest-activity patterns in 

more detail, the dynamic nature by which mood disruptions develop across the 

disorders, particularly in BD marked by changeability in depression and mania, 

suggests a shared pathophysiological basis. Thus, employing RDoC framework, we 

are able to hypothesise that disruptions in a neural homeostatic mechanism may be 

responsible for underlying mood instability and its projections to circadian rest-activity 

networks. 

 

1.4  Mood instability 

 

1.4.1  Clinical presentation 

Mood instability is a significant feature of, and risk factor for, a variety of psychiatric 

illnesses, particularly mood disorders. Owing to its increased prevalence in psychiatric 

populations, DSM criteria across a range of disorders have been updated to include 

this symptom. Whilst the presentation and course of mood instability is discussed in 

more detail in chapter 3, a number of recent studies have begun to explore the 

prevalence and implications of this phenomenon in clinical populations. Due to the fact 

that mood instability infers a time-based or temporal course, particular emphasis is 

often given to its dynamic nature across time. Thus, the importance of mood instability 

in BD, a disorder characterised by distinct episodic changes in mood, is increasingly 

noted. 

 

In a study of patients engaging with mental healthcare services over a period of 7 

years, Patel and colleagues (2015) reported a mood instability prevalence rate of 
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12.1%. It was found to be most frequently documented in individuals with BD, but was 

also common in those with MDD (Thompson, Berenbaum, & Bredemeier, 2011), 

personality disorders, and schizophrenia. Whilst this is in line with clinical observations 

and overall prevalence rates reported in other studies (e.g. 13.9% in Marwaha et al., 

2013), the empirical assessment of clinician-identified, rather than self-reported, mood 

instability was also shown to predict worse functional outcomes as measured by a 

greater number of days spent in hospital, greater frequency of hospitalisation, greater 

likelihood of compulsory admission, and an increased likelihood of mood stabilising 

drug treatment. Interestingly, when assessing this relationship with treatment, much 

of the increased risk of antipsychotic mood stabiliser prescriptions occurred within the 

first year of follow-up, while the cumulative risk of non-antipsychotic prescriptions 

increased steadily over the 5-year follow-up period, suggesting the increased need for 

rapid stabilisation of mood instability. Together, this study provided a formative 

account of the nature of mood instability in clinical populations, and particularly 

highlighted the wide-ranging and longitudinal implications it can cause. 

 

Building on this, mood instability is often described as a multi-faceted construct 

composed of frequent and intense fluctuations in emotion in response to both pleasant 

and unpleasant events or the interpretation of events (Thompson et al., 2011). This 

multi-faceted nature allows us to consider its mechanistic value in contributing to 

illness severity, as is the case in Patel et al. (2015)’s study, as well as its associations 

with other affective symptoms and thus, its predictive ability to determine the course 

of illness and potential treatment response. For instance, mood instability is known to 

be associated with many of the symptoms of depression, including negative affect 

(Miller, Vachon, & Lynam, 2009) and neuroticism (Miller & Pilkonis, 2006). Given that 
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depression, and mood disorders more generally, are associated with negative 

affective biases, it follows then that the symptom of mood instability may be closely 

linked to this cognitive emotional processing style, and may work to both maintain this 

bias and present as a consequence of this bias, across time (Kircanski, Joormann, & 

Gotlib, 2012; Thompson et al., 2011). That is, mood instability may additionally distort 

the way individuals interact with their environment and make choices, often leading to 

negative outcomes and stressful life events, further perpetuating overall negative 

affect and instabilities in mood. This is especially pertinent in conditions such as 

borderline personality disorder (BPD) which is known to be both characterised by 

mood instability and associated with interpersonal impairment (Nica & Links, 2009). 

 

When considering mood instability in the context of MDD, it has further been shown to 

be a marker of illness severity. For example, by assessing mood instability using a 

measure of affect variability, not only have positive associations between instability 

and depressive symptoms been reported (Kuppens, Van Mechelen, Nezlek, Dossche, 

& Timmermans, 2007; McConville & Cooper, 1996), but also that increased levels in 

changeability in mood were the strongest predictor of MDD diagnosis (Angst, Gamma, 

& Endrass, 2003). Thompson and colleagues (2011) extended this by showing that in 

addition to a relationship between mood instability and depressive symptoms, 

instability significantly predicted anhedonic depression above differences in subjective 

levels of affect intensity. This is particularly interesting given that affect intensity, or 

the disposition to experience high levels of both pleasant and unpleasant emotions 

(Diener, Larsen, Levine, & Emmons, 1985; Larsen & Diener, 1987), has often been 

associated with depressive symptoms, albeit with small effect sizes and low predictive 

value (e.g. Mennin, Heimberg, Turk, & Fresco, 2005; Mennin, Holaway, Fresco, 
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Moore, & Heimberg, 2007; Thorberg & Lyvers, 2006), to a greater degree than mood 

instability. 

 

However, other studies of mood instability in depression have revealed mixed results, 

often attributed to differences in the conceptualisation of the phenomenon and thus, 

in measurement techniques. For instance Golier et al. (2001) found that MDD patients 

did not show differences in variability between measures of “sad” and “happy”, but 

instead between items assessing “anxious” and “relaxed”, compared to healthy 

controls. One particular reason for this is the tendency towards measuring mood 

instability in a static manner, using an individual construct of positive and negative 

mood (for example, only between “happy” and “sad”) and thus, losing temporal 

sensitivity and capturing only a single facet of the wide-ranging experience of mood. 

Recent developments in longitudinal assessments have been suggested as a method 

of overcoming these inconsistencies, and to also improve the validity of measures in 

capturing the temporally changeable, or dynamic, nature of mood instability. 

 

 1.4.1.1  Longitudinal remote monitoring of mood 

The MONARCA trials (Bardram, Frost, Szántó, & Marcu, 2012; Faurholt-Jepsen et al., 

2013, 2014) were developed to do just this, by using objective and subjective 

smartphone measures of mood and related activity to measure the day-to-day or 

week-to-week mood instability that is more characteristic of BD than full-blown 

episodes (Bonsall, Wallace-Hadrill, Geddes, Goodwin, & Holmes, 2012). In their initial 

study of BD patients in the MONARCA I trial, Faurholt-Jepsen and colleagues (2014) 

found a significant association between daily electronic self-rated depressive 

symptoms and scores on the Hamilton Depression Rating Scale (HDRS-17) 
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(Hamilton, 1967) over a period of three months. This was complemented by 

preliminary findings of an association between decreasing movement, as measured 

by the objective number of daily cell tower ID changes made by a device, and 

depressive symptoms. Whilst no associations between daily self-rated manic 

symptoms and clinically validated scores were found, the researchers particularly 

commented on the ability for such a remote and longitudinally monitoring methodology 

to measure finer-grained mood fluctuations, as is the case in mood instability, and 

related behavioural patterns which not only characterise changeability in mood, but 

may also act as both predictors of illness and targets for therapeutic intervention. 

 

Following on from this, the researchers also reported differences in mood instability 

between BD diagnoses in their larger follow-up trial, MONARCA II (Faurholt-Jepsen 

et al., 2019). Patients with BD II – known to be associated with frequent episodes of 

depression and less frequent periods of hypomania – were found to experience 

greater levels of mood instability during periods of depression, compared to those with 

BD I – known to be characterised by more significant episodes of mania. Over the 

course of nine months, daily smartphone self-rated measures of mood were also able 

to distinguish patients based on manic symptoms, such that those with BD II 

experienced a lower intensity of these symptoms across time. Whilst no differences in 

overall mood or intensity of depressive symptoms were found, again indicating that 

instability in mood may be a more sensitive characteristic of the longitudinal course of 

mood disorders with characteristic depression, the ability for smartphone devices to 

collect large-scale, fine-grained, and real-time data reflects an advantageous shift in 

the study of mood instability. 
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Given the ubiquity of internet access and remote technologies, as well as the 

perceived tolerability and compliance with these measurement techniques in patient 

groups (Bardram et al., 2013), the current thesis presents data collected as part of a 

longitudinal remote monitoring study of mood and related symptoms using objective 

and subjective measures (see chapter 2). By aiming to more accurately capture the 

temporally dynamic nature of mood instability, it is hoped that a translational 

neuroscience model of the related behavioural outcomes and underlying neural 

mechanisms will be uncovered. 

 

1.4.2  Cognitive affective processing 

Little has yet been researched into the relationship between mood instability and the 

cognitive domains of perception, attention and memory; however, the relationship 

between mood instability and reward processing has gained recent attention. Owing 

to the fact that reward-processing differences are particularly noticeable across mood 

disorders and employ learning, memory and executive functions across time, its 

relationship with mood instability is of value for the similar reason that mood instability 

reflects fluctuations in affect across a longitudinal temporal scale. Recent research by 

Eldar and Niv (2015), for example, has shown a bidirectional relationship between 

emotional state and the perception and valuation of rewards and outcomes. In their 

task involving slot machines and an emotion-impacting wheel of fortune (WoF) draw, 

the researchers found that a large, unexpected outcome in the draw affected both 

emotional state and subsequent reward perception in the same direction in their group 

of individuals showing high levels of mood instability. This positive feedback loop, 

whereby unexpectedly winning a relatively large sum at chance on the WoF draw 

resulted in a positive bias in mood and subsequent decision-making was not observed 
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in control participants who otherwise showed stable mood. Utilising computational 

modelling techniques, the researchers noted how such biasing also worked to result 

in mood destabilisation, thus proposing mood instability as a result of a disruption in 

the relationship between emotional state and perception of reward. 

 

Eldar and colleagues (2016) furthered this idea of a bidirectional relationship between 

mood and reward by proposing that mood is both affected by discrepancies in reward 

outcomes and expectations, and that mood works to bias the way we perceive 

outcomes and learn to make decisions based on these outcomes. Therefore, mood is 

proposed to reflect the “overall momentum of recent outcomes” such that biases work 

to account for environmental contingencies (Eldar et al., 2016). As demonstrated by 

Eldar and Niv (2015) above, this interaction can become dysfunctional in the case of 

mood instability, contributing to the development and maintenance of mood disorders. 

While the presence of a similar pattern of cognitive and affective processes employing 

computational modelling techniques has yet to be fully elucidated in MDD and BD, 

mood instability’s standing as a prominent feature of the disorders and the clinical 

symptoms of anhedonia, hyperhedonia, and mania – implicating changes in reward 

processing – suggest the importance of this bidirectional relationship. By combining 

these methods of investigation in mood instability and cases of psychopathology, 

future research can begin to clarify the particular mechanisms at play that both cut 

across and differentiate between MDD and BD. 

 

In a recent systematic review of mood instability, Broome et al. (2015) found 

impairments in cognitive processing reflecting increased distractibility, decreased 

recognition of and sensitivity to facial expressions, and increased attention towards 
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highly salient or intense negative facial expressions (e.g. anger and disgust). They 

also reported increased limbic engagement, particularly in the amygdala, suggesting 

a similar pattern of behavioural and neural activity to that often reported in MDD and 

BD. However, the researchers emphasised how the studies to date did not investigate 

mood instability in isolation, rather as a feature of a psychiatric diagnosis such as 

attention deficit hyperactivity disorder (ADHD), borderline personality disorder (BPD) 

or mood disorders, and so it becomes difficult to decipher whether the differences 

reported are diagnostically specific or relevant to the transdiagnostic phenomenon of 

mood instability. More recent research such as the study discussed in the current 

thesis aims to address this by considering mood instability in the prodrome of mood 

disorders, and should be further considered in combination with clinical groups and 

healthy controls, in order to fully elucidate the shared and distinct features of cognitive 

affective processing in mood instability. 

 

1.4.3  Behavioural and neural correlates of mood instability  

To my knowledge, there have been no direct empirical investigations of the various 

behavioural and neural correlates of mood instability. However, based on evidence 

from studies of mood disorders, mood instability is also expected to be reflected in 

specific disruptions in circadian rest-activity patterns and neural mechanisms. Whilst 

these components are discussed and investigated in more detail in chapter 4, and 

chapters 5 and 6, respectively, it is hoped that longitudinal remote monitoring of mood 

will shed light on the related mechanisms of circadian rest-activity behaviour thought 

to also characterise mood disorders. Similarly, it is then predicted that such a cyclic 

network of mood and circadian instabilities will be reflected in an underlying disruption 

in functional connectivity, both between regions known to be implicated in emotional 
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processing and regulation in MDD and BD, such as the amygdala and insula, and in 

dynamic mechanisms of whole brain connectivity. Together, it is expected that building 

such a translational model of mood instability will aid us in capturing the fundamental 

underlying mechanisms of dysfunction that characterise mood disorders. 

 

1.5  Chapter aims 

 

The current thesis aims to explore the emotional, behavioural, and neural correlates 

of mood instability, given its recent emergence as a core feature of BD and related 

mood disorders. Thus, it focuses on the data I collected and analysed from the 

longitudinal and multi-modal study, COMET (Cognition and Mood Evolution across 

Time), as part of the wider CONBRIO (Collaborative Oxford Network for Bipolar 

Research to Improve Outcomes) set of studies. 

 

As highlighted thus far, little is currently understood of the nature of mood instability, 

outside of its clinical importance. Led by the need to improve clinical outcomes for 

patients with mood disorders, the overall objective of the current work is to begin to 

build a profile of the translational neuroscientific nature of mood instability. It is hoped 

that this advanced understanding will aid in better elucidating the method of action of 

lithium in BD characterised by persistent mood instability, as well as in developing new 

and better-tolerated targets for treatment. 

 

In the process of building this profile of mood instability, a number of domains will be 

addressed: the dynamics of mood instability, behavioural correlates, and neural 
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underpinnings. By first presenting the COMET study methodology and clinical 

characteristics, subsequent analyses will target each domain in the following manner: 

 

1.5.1  Identifying mood instability using daily remote 

monitoring and the Mood Disorder Questionnaire (MDQ): a modern 

phenotyping tool for mood disorders     

(Chapter 3) 

In order to conceptualise and monitor mood instability in a sub-clinical and medication-

naïve sample, I first explore whether remote mood monitoring can capture mood 

instability longitudinally and in individuals who show dimensions of BD as measured 

by the Mood Disorder Questionnaire (MDQ). 

 

1.5.2  Circadian rest-activity patterns in mood instability: an 

actigraph study        

(Chapter 4) 

Using circadian rhythms as a measure of behaviour1, I aim to explore whether 

longitudinal actigraphy monitoring can distinguish between high MDQ participants with 

mood instability and low MDQ participants without mood instability. Additionally, I 

examine the influence of concurrent changeability in mood on these patterns, such 

that the dynamics of mood and related behaviours can be captured. 

 

 
1 “Behaviour” and “behavioural” is used throughout this thesis to refer to circadian rest-activity 
patterns (as a measure of behaviour). 
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1.5.3  Exploring resting-state functional connectivity 

patterns in mood instability       

(Chapter 5) 

By extending current findings of the neural basis of mood disorders, I am interested in 

examining the functional connectivity patterns of mood instability. To do this, I am first 

required to build a profile of whole-brain connectivity that may underlie the distinct 

mechanisms of mood instability, and its specific associations with emotional 

processing and regulation regions such as the amygdala and insula. 

 

1.5.4  Dynamic resting-state functional connectivity in mood 

instability          

(Chapter 6) 

Building on the functional connectivity profile of mood instability established in the 

previous chapter, I now assess the particular dynamic mechanisms by which nuances 

in connectivity may be related to the temporally dynamic experience of mood 

instability. Together, such analyses aim to investigate whether the presence of 

dynamic functional connectivity patterns underlie the core pathophysiological basis of 

mood instability and its related behavioural outcomes. 

 

Whilst I am unable to experimentally address the cognitive implications of mood 

instability in the current thesis, it is hoped that further research (particularly of the 

cognitive data collected as part of the current COMET study) combined with the review 

of cognitive affective processing through mood disorders and into mood instability 

presented thus far, will complement the pathophysiological profile established here. 
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Ultimately, and in line with RDoC framework, it is expected that mood instability will 

be reflected in an overarching disruption in neural homeostatic mechanisms that are 

responsible for regulating mood and related behavioural and cognitive outcomes. 
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Chapter 2 | Exploring the cognitive neuroscience of 
mood instability through the Cognition and Mood 
Evolution across Time (COMET) study: study 
methodology and sample characteristics 
 

2.1  Background and Rationale 

 

The Cognition and Mood Evolution across Time (COMET) study aimed to explore the 

potential interaction and neural underpinnings of mood instability and cognitive and 

behavioural function. Whilst mood instability is known to characterise a number of 

related mood disorders, this aim is based on a number of observations in BD. Firstly, 

that the current diagnostic view of the disorder as comprising distinct and discrete 

episodes of depression and mania, between which mood is normal (euthymia), is 

misleading. Secondly, that diagnosis is based on retrospective assessment of mood 

which carries the risk of limited reliability and poor delineation from other mood 

disorders. Thirdly, that there is evidence for impaired cognition and functioning during 

euthymia. And finally, that little is understood of the neural underpinnings of the 

disorder and how current mood stabilising medications such as lithium may work. The 

combination of these questions has led to a shift in research motivations and 

approaches to better understand BD, and has ultimately led to the discovery of mood 

instability as a core characteristic of the disorder. 

 

However, whilst this ‘bottom up’ approach has provided an interesting and more valid 

understanding of the phenotypic nature of BD, research to date has failed to explore 

the complexities of this relationship over a longitudinal basis. The emergence of new 
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technologies and the ubiquity of internet access can address this issue by using high 

frequency and prospective monitoring. This is particularly important given the dynamic 

nature of mood instability (Solhan, Trull, Jahng, & Wood, 2009) and the expanding 

need to understand its underlying neural mechanisms in order to develop new and 

better-suited targets for treatment (Broome, Saunders, Harrison, & Marwaha, 2015). 

 

Given that emotional and cognitive functions are known to interact continually during 

perception, decision-making, and memory, mood instability is thought to result as a 

consequence of disruption in neural homeostatic mechanisms. Additionally, the 

presence of distinct and cyclic variations in circadian rhythms, determining the nature 

and functioning of sleep and activity patterns, is thought to also share significant 

overlap with the oscillating nature of mood instability. Thus, the COMET study aims to 

investigate whether mood instability develops in response to disruption of these 

mechanisms to sustain and balance emotional, cognitive, and behavioural functions 

by giving particular attention to the temporal dynamics that underlie these functions. 

Identification of this relationship will aid the development of effective experimental 

medicine interventions to help redress the biases that contribute to mood instability. 

Using recent evidence that suggests that mood instability is a core predisposing factor 

in BD and also MDD, results ultimately aim to transform the current understanding and 

treatment of mood disorders. 

 

Whilst the current chapter aims to outline the particular methods of investigation 

employed in the longitudinal and exploratory COMET study, as well as present results 

from screening and clinical assessments, subsequent chapters will further explore and 

unpack the distinct affective, behavioural, and neural data that are collected. By first 
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providing this methodological overview, it is hoped that a broad profile of mood 

instability is built in order to highlight both its translational importance across the fields 

of psychiatry and neuroscience, and to further support its placing as a transdiagnostic 

marker across mood disorders. Owing also to the novel nature of such temporally 

dynamic investigation, subsequent analyses and discussions will refer back to this 

broader picture so that a more conclusive evaluation of mood instability and its 

potential avenues for therapeutic intervention can be drawn. 
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2.2  Methods 

 

2.2.1  Participants 

 

Seventy-four participants completed the COMET study. Of these participants, 37 

showed dimensions of BD by screening in on the Mood Disorder Questionnaire (MDQ) 

(“high MDQ” group) (MDQ7) and 37 were age and gender matched, but did not 

screen in on the MDQ (“low MDQ” group) (MDQ5). A further 7 participants screened 

out (n=2) or withdrew (n=5).  

 

All participants gave their written informed consent and were compensated for their 

participation. The study was approved by the Central University Research Ethics 

Committee of the University of Oxford (MSD-IDREC-C2-2014-023). 

 

 2.2.1.1  The Mood Disorder Questionnaire (MDQ) 

The MDQ2 (Hirschfeld et al., 2000) has been identified as a sensitive and specific 

screening tool for BD in both outpatient populations (Hirschfeld et al., 2000) and in the 

general population (Hirschfeld et al., 2003). Answering “yes” to seven or more items 

assessing mood-related experiences in question 1 of the MDQ and indicating that a 

combination of these feelings and experiences had happened during the same period 

of time in question 2, identified participants in the high MDQ group. The cut-off used 

for the high MDQ group (MDQ7) is in line with the clinical use of the MDQ for 

 
2 A copy of the MDQ is included in appendix 2.1. 
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questions 1 and 2 only, in order to ensure a sensitivity rating of 0.73 and specificity of 

0.90 (Hirschfeld et al., 2000). Participants who answered “yes” to five or fewer items 

in question 1 met criteria for the low MDQ group. Responses to the third, and final, 

question of the MDQ, assessing functional impact, were not included. 

 

 2.2.1.2  Inclusion/Exclusion Criteria 

Participants were invited to take part in the study based on their MDQ score and 

subsequent group assignment. Participants were excluded if they had a 

contraindication to MRI or MEG, history of current axis I psychiatric illness (excluding 

BD I or II, major depressive disorder (MDD), and anxiety disorder in the high MDQ 

group), history or current neurological condition, and first degree relative with BD. 

Exclusion criteria also included currently using (or had done so in the past 6 weeks) 

lithium, antidepressant, antipsychotic, or anticonvulsant medication; and current 

substance abuse. 

 

 2.2.1.3  Recruitment 

All participants were recruited by university or community-wide advertisements. After 

registering initial interest, they were directed to an online screening form (conducted 

using the Qualtrics platform (Qualtrics, Provo, UT, USA)), which included the MDQ, 

MRI screening questionnaire, and several questions pertaining to demographics and 

current or past psychiatric health. All individuals who completed the screening 

questionnaire then received an email from the researchers with one of four outcomes: 

(a) they were invited into the study as a member of the high MDQ group, (b) they were 

invited into the study as a member of the low MDQ group, (c) they had been placed 
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on the waiting list of low MDQ group participants, (d) they were ineligible for the study. 

All screening data collected at this point were kept on a secure database only 

accessible by the study researchers. 

 

2.2.2  Design 

The COMET study was a prospective, between-subjects experimental cohort study of 

the temporal relationship between mood instability and behavioural, neural, and 

cognitive functioning using a range of objective and subjective measures. 

 

2.2.3  Equipment and Data Management 

A range of technology was used in the study, including remote monitoring and 

wearable devices. All participants were provided with study Apple iPads (Apple, 

Cupertino, CA, USA) to be used throughout the 10-week study period. Participants 

were also required to wear wrist-worn GENEActiv accelerometers 

(www.activinsights.com/products/geneactiv; ActivInsights Ltd, Kimbolton, 

Cambridgeshire, UK). 

 

Participants were required to complete daily iPad testing on a study specific website 

(www.comet.psych.ox.ac.uk/comet) that could only be accessed with a unique 

participant username and password. All data collected through this website were 

uploaded and stored on a secure university-housed server that only study researchers 

had access to. Actigraphy data collected on the GENEActiv watches were stored on 

the device when worn and extracted onto secure storage drives by the researchers 

upon their return. 

http://www.activinsights.com/products/geneactiv
http://www.comet.psych.ox.ac.uk/comet
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2.2.4  Procedure 

All participants took part in the study for a 10-week period. Within this period, they 

attended a number of research visits. This included an initial baseline visit, two MRI 

and (where possible) two MEG scans; two GENEActiv “watch swap” visits, and a final 

visit for the end of study and return of devices3.  

 

As well as these research visits, participants were asked to complete short cognitive 

and mood assessment tasks for 5 days per week during the 10-week study period. 

These tasks were accessed and completed on an iPad (provided at the baseline visit) 

using the specialised testing website and took no longer than 15 minutes to complete. 

They were also asked to wear the GENEActiv actigraph throughout this period.  

 

In addition, participants were required to answer a set of four clinical self-monitoring 

questionnaires as part of the online True Colours (www.truecolours.nhs.uk; True 

Colours, Department of Psychiatry, University of Oxford, Oxford, UK) system, once a 

week for the 10-week study period.  

 

 2.2.4.1  Baseline Visit 

Based on their responses on the online MDQ screening questionnaire, eligibility was 

determined and those that met criteria were invited in for a baseline visit. During this 

visit, participants had the opportunity to discuss the information sheet and ask further 

questions. Researchers then sought written informed consent. All participants took 

 
3 Study flow chart can be found in appendix 2.2. 

http://www.truecolours.nhs.uk/
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part in an individual SCID I assessment, conducted either by the study psychiatrist if 

in the high MDQ group, or research assistant if in the low MDQ group. All participants 

also completed a number of self-report screening questionnaires assessing trait mood 

lability using the Affective Lability Scale (ALS-SF) (Oliver & Simons, 2004); mood 

intensity using the Affect Intensity Measure (AIM) (Larsen, 1984); impulsivity using the 

Barratt Impulsiveness Scale (BIS-II) (Patton, Stanford, & Barratt, 1995); sleep using 

the Sleep Condition Indicator (SCI-R) (Espie et al., 2014); and a screening tool for 

borderline personality disorder (BPD), the McLean Screening Instrument for BPD 

(Zanarini et al., 2003)4.  

 

During this visit, participants were also fitted with a GENEActiv accelerometer, and 

completed the emotional version of the Theory of Visual Attention (Bundesen, 1990, 

1998) task (emoTVA) on a study computer. Participants were then set up with their 

own unique access credentials to the study website, and researchers ran a demo 

version of the iPad tasks for the participants to get accustomed to. Furthermore, all 

participants were signed up for an online True Colours account in order to complete 

weekly questionnaires. 

 

Participants were then set to complete their daily and weekly tasks remotely. 

 

 2.2.4.2  Daily Mood Assessment 

Before accessing their daily cognitive tasks, participants were asked to complete the 

International Positive and Negative Affect Scale, Short Form (I-PANAS-SF) 

 
4 A copy of the screening questionnaires can be found in appendix 2.3. 
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(Thompson, 2007). Here they were required to rate the extent to which they 

experienced 10 emotions on a 5- point likert scale ranging from “very slightly/not at all” 

to “extremely”. Participants were asked to answer this in relation to the last 24 hours, 

or since they had last completed the questionnaire. The I-PANAS-SF scale measured 

positive affect using the words “alert”, “attentive”, “active”, “determined” and “inspired”, 

and negative affect using “afraid”, “ashamed”, “hostile”, “nervous” and “upset”5. 

 

Participants also rated their current mood on a short happiness scale before and after 

each of the four cognitive tasks (i.e., 5 ratings per session). This was a 21-point scale 

ranging from unhappy (-10), through neutral (0), to happy (10)6. 

 

 2.2.4.3  Daily Life Events Recording 

Following the completion of the I-PANAS-SF scale, participants also completed a life 

events questionnaire using the Oxford Life Events Questionnaire (OxLeq) measure, 

adapted from the Life Events Questionnaire (LEQ) (Norbeck, 1984; Sarason, Johnson, 

& Siegel, 1978) by Dr. Amy Bilderbeck and Professor Guy Goodwin at the Department 

of Psychiatry, University of Oxford. This questionnaire allowed recording of both 

medical and non-medical life events. In the former category, participants were able to 

note changes in medical care including hospitalisations and medication alterations 

(not expected to be applicable in the COMET study but included for the joint use in a 

related clinical trial, OxLith (Saunders et al., 2016)). In the latter category, participants 

were able to record life events in a number of sub-categories (e.g., work, relationship, 

home) and indicate whether these had a positive or negative effect on their wellbeing, 

 
5 A screenshot of the I-PANAS-SF scale can be found in appendix 2.4. 
6 A screenshot of the happiness scale can be found in appendix 2.5. 
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as well as the strength of this effect. Completion of the OxLeq was voluntary on a day-

to-day basis7. 

 

 2.2.4.4  Weekly Mood Assessment 

Participants were also required to answer a set of four self-monitoring questionnaires 

as part of the online True Colours system, once a week for the 10-week study period. 

These questionnaires assessed mood depression using the standardised clinical 

scale QIDS (Quick Inventory of Depressive Symptomatology) (Rush et al., 2003), 

mood elevation using the clinical scale ASRM (Altman Self-Reporting Mania scale) 

(Altman, Hedeker, Peterson, & Davis, 1997), quality of life using the EQ-5D measure 

(EuroQol Group, 1990), and anxiety using the GAD-7 measure (Generalised Anxiety 

Disorder questionnaire) (Spitzer, Kroenke, Williams, & Lo, 2006)8. 

 

Data collected through this system were stored on a secure sever created by the 

University of Oxford and Oxford Health NHS Foundation Trust. Researchers were able 

to access the data using a secure researcher account on the online system, and 

participants were able to track their weekly scores on the online interface. 

 

 2.2.4.5  Actigraphy Monitoring 

Participants were requested to wear the GENEActiv accelerometers 24 hours per day 

for the duration of the study. These wrist-worn devices recorded body temperature, 

light levels, and activity at a 25hz recording rate. Due to the fact that each device only 

 
7 A copy of the OxLeq questionnaire can be found in appendix 2.6. 
8 A copy of the True Colours questionnaires can be found in appendix 2.7. 
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recorded data for 28 days at a time, participants attended two short “watch swap” visits 

in order to return the full device and be fitted with a new one. Devices were completely 

waterproof, and participants were asked to wear them continuously, including when 

bathing and sleeping. 

 

 2.2.4.6  Daily Cognitive Tasks 

Following the mood assessment, participants completed four cognitive tasks, masked 

as mini-games and adapted for the iPad. These tasks measured a range of cognitive 

functions, including decision-making and reward processing (“Wheel of Fortune”), 

reward processing and environmental learning (“Fractals”), performance learning 

(“Guess the Gap”), and contextual cueing (“Whack-a-T”). All tasks were completed in 

a random order. As this data was not analysed in the current thesis, please see 

appendix 2.8 for further details of the cognitive tasks. 

 

 2.2.4.7  Neuroimaging Data 

Where possible, Magnetic Resonance Imaging (MRI) and Magnetoencephalography 

(MEG) scans were conducted. Participants completed two sets of scans, typically 

between weeks 1 and 2, and again between weeks 9 and 10. 

 

  2.2.4.7.1  MRI 

Scanning was performed at the Oxford Centre for Clinical Magnetic Resonance 

Research (OCMR), John Radcliffe Hospital, University of Oxford, using a 3-Tesla 

Siemens TIM Trio Scanner (Siemens Medical Solutions, Bracknell, UK) with a 32-

channel head-coil.  
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At both time points, structural and functional scans were conducted in the following 

order: 

 

Table 2 shows the neuroimaging protocol for each of the MRI sequences used. 

 

This thesis includes analyses of the resting-state fMRI data collected. Please see 

chapters 5 and 6 for further details of the resting-state fMRI and structural scans used. 

 

 

 

Table 1: Scan procedure. Scan sequences conducted during both MRI (and MEG, 

excluding DTI and FLAIR) scans are shown. All tasks were adapted for scanner 

presentation. 

Table 2: MRI neuroimaging protocol. 
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  2.2.4.7.2  MEG 

MEG images were acquired using a passively shielded Elekta Neuromag 306-channel 

scanner (204 planar gradiometers and 102 magnetometers) (Elekta, Stockholm, 

Sweden) at the Oxford Centre for Human Brain Activity (OHBA), University of Oxford. 

A similar set of sequences were conducted to that of the MRI scans (excluding DTI 

and FLAIR) (see table 1). Due to MEG scanner downtime, only the first four 

participants and the latter twenty participants received MEG scans. 
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2.3  Results: Sample Characteristics 

 

2.3.1  Demographic Data 

Demographic data from all 74 participants are shown in table 3 below. All participants 

were age and gender matched and differed on their MDQ scores (fig. 1). 

 

 

 

Table 3: Demographic data. Means are shown for age and MDQ, 

with spread of data (standard deviation) in parentheses. 

Figure 1: MDQ score. Responses to question 1, assessing 

mania and hypomania symptoms are shown. 
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2.3.2  SCID Assessment Results 

Outcomes from the SCID I assessment in high MDQ participants are shown below in 

table 4. No participant in the low MDQ group met criteria for an axis I or II disorder as 

measured by the SCID. 

 

 

A number of comorbidities were identified by the research psychiatrist. One participant 

with BD NOS also met criteria for past alcohol dependence, one participant with MDD 

met criteria for PTSD, another participant with BD II also met criteria for MDD, and one 

participant with MDD met criteria for past alcohol dependence. 

 

 

 

 

 

 

 

 

 

 

Table 4: SCID results in High MDQ group. Number of participants meeting diagnostic 

criteria are shown. BD NOS = bipolar disorder, not otherwise specified. MDD = major 

depressive disorder. PTSD = post-traumatic stress disorder. 
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2.3.3  Screening Measures 

Results for all participants on the five screening questionnaires are presented in table 

5, below. 

 

 

 2.3.3.1  Affect Intensity 

As demonstrated by table 5 and figure 2, participants in the high MDQ group had 

significantly more intense affect (t(72) = 2.32, p = .023). 

 

 

 

 

Table 5: Screening questionnaire results. Means are shown with spread of data 

(standard deviation) in parentheses. AIM = Affect Intensity Measure. ALS-SF = 

Affective Lability Scale, Short Form. SCI-R = Sleep Condition Indicator, Revised. BIS-

II = Barratt Impulsiveness Scale. * p < .05, ** p < .01, *** p < .001 
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 2.3.3.2  Affective Lability 

Adding to this, high MDQ participants also had significantly higher self-reported levels 

of changeability in mood as measured by the ALS-SF (fig. 3) (t(72) = 9.01, p < .001), 

and this was seen across the domains of lability between anxiety and depression (t(72) 

= 7.47, p < .001), depression and elation (t(72) = 8.47, p < .001), and anger (t(72) = 

5.56, p < .001) (fig. 4). 

 

 

 

 

 

 

 

Figure 2: Affect Intensity measure results. Box plot showing 

median AIM response and spread of data. * p < .05 
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Figure 4: Total Affective Lability Scale measure results. Box 

plot showing median ALS-SF response and spread of data. 

*** p < .001 

Figure 3: Affective Lability Scale results broken down by 

domain. Box plot showing medians and spread of data 

across anxiety/depression, depression/elation, and anger 

domains. *** p < .001 
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 2.3.3.3  McLean Screening Instrument for Borderline 

Personality Disorder 

Participants in the high MDQ group had significantly greater scores on the McLean 

Screening Instrument for BPD (t(72) = 8.57, p < .001) (fig. 5). However, only four 

participants in the high MDQ group screened in on this measure (scoring 7).  

 

 2.3.3.4  Sleep 

Similarly, high MDQ participants reported significantly poorer sleep condition than low 

MDQ participants on the SCI-R (t(72 = 3.93, p < .001) (fig. 6), although only two 

participants in this group screened in for a sleep disorder (adjusted score 2). 

Figure 5: McLean Screening Instrument for BPD. Box plot 

showing median and spread of responses to the screening 

tool for BPD. *** p < .001 
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 2.3.3.5  Impulsiveness 

High MDQ participants had higher levels of self-reported impulsivity as measured by 

the BIS-II (t(72) = 4.34, p < .001) (fig. 7), and this was seen across the domains of 

attention (t(72) = 4.52, p < .001), motor (t(72) = 2.81, p < .006), and non-planning (t(72) 

= 2.53, p < .014) (fig. 8). 

 
 
 
 
 
 
 

Figure 6: Sleep Condition Indicator. Box plot showing median 

and spread of responses for this measure of sleep. 

*** p < .001 
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Figure 7: Total Barratt Impulsiveness Scale results. Box plot 

showing median and spread of responses on this measure. 

*** p < .001 

Figure 8: Barratt Impulsiveness Scale results broken down by 

domains. Box plot showing medians and spread of data 

across the attentional, motor, and non-planning domains. 

* p < .05, ** p < .01, *** p < .001 
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2.4  Discussion 

 

2.4.1  The COMET Study 

The COMET study aimed to investigate mood instability in a sample of volunteers 

distinguished by their responses on the MDQ, a common screening tool for BD. 

Participants who were in the high MDQ group reported experiencing more intense 

moods, and were more changeable between moods than those in the low MDQ group. 

These self-reported experiences, particularly in mood changeability, are important to 

recognise given the wider aim of identifying and exploring mood instability, or short 

and rapid fluctuations in mood, in this sample. It is hypothesised that this subjective 

trait marker of mood instability can be detected on a more objective daily measure of 

mood over a 10-week time scale, and that this longitudinal analysis will aid us in 

investigating concurrent changes in behavioural, cognitive, and neural states. 

 

Secondary to trait mood markers, it was also observed that high MDQ participants 

self-reported poorer sleep and greater levels of impulsiveness. Whilst this begins to 

suggest a profile of disrupted and maladaptive behaviour that is similar to that seen 

during the course of mood disorders, it is expected that longitudinal monitoring of these 

symptoms will also shed light on the particular mechanisms by which mood instability 

presents and sustains across time. Thus, further examination of these behavioural 

markers, along with mood symptoms and neural connectivity, is able to inform us of 

the distinct mechanisms of mood instability that may result in depressive and manic 

symptoms, as well as the associated instabilities that may predict and define functional 
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outcome. Such consideration can both transform our understanding of mood instability 

and help us to better target therapeutic interventions in mood disorders. 

 

2.4.2  COMET Sample Limitations 

Despite the strengths of the study design in enabling the investigation of the 

longitudinal and multi-modal correlates of mood instability, a number of limitations are 

noted and should be considered in the critical appraisal of current findings. Firstly, 

whilst the clinical use of the MDQ aims to aid in determining individuals at risk for BD, 

it is known that the onset of the disorder most commonly occurs in late adolescence 

and early adulthood (Baldessarini et al., 2012). Given the wider age range of 

participants in the current high MDQ group, this presents difficulties in determining the 

nature of risk, both in determining those who are at risk to mood disorders and 

experiencing subclinical levels of mood symptoms, and those who may be 

experiencing distinct changes in mood outside of a propensity to develop mood 

disorders. This is especially pertinent when considering age, in a similar manner to 

gender and cultural influences on mood and mood reporting. For instance, age and 

age-related beliefs and attitudes, particularly those of stoicism and cautiousness, are 

known to mediate the reporting of mood disturbance (Yong, 2006), suggesting that 

this caveat of the sample – both in determining their risk of developing mood disorders 

and in understanding the severity of self-reported mood change – may bear important 

implications for the longitudinal monitoring of mood instability. Although this potential 

effect of age is not further investigated or accounted for in subsequent analyses, future 

research could consider this interaction by focussing on age in the future analysis of 

COMET data, particularly by investigating the potential influence of mood-related 
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environmental or contextual differences as provided by the concurrent recording of life 

events (OxLeq data), as well as conducting future follow-up studies targeted at 

exploring the age-dependent and longitudinal risk of mood instability and mood 

disorders. 

 

In a similar manner, the presence of those with and without a clinical DSM-IV axis I 

diagnosis in the high MDQ group, as well as the exclusion of those with a family history 

of BD, can present altering streams of investigation. Therefore, it may be that the 

nature of mood instability differs to varying degrees in individuals distinguished by 

such characteristics, for example in those who meet criteria for BD, MDD, and those 

who do not; changes with age, particularly those surpassing the critical period of 

adolescence and early adulthood; and also, those that come with the genetic 

predisposition to develop BD through family history. Whilst the current study is unable 

to account for the nuances in mood instability that may present as a consequence of 

these characteristic differences, future follow-on studies could aim to disentangle the 

similarities and differences in the affective, behavioural, and neural trajectories that 

may develop. 

 

The current study utilised the clinically validated cut-offs of the MDQ to differentiate 

participants based on their risk propensity to develop BD. While the MDQ is known as 

a sensitive and specific tool for the screening of BD (Hirschfeld et al., 2000), there are 

a number of points to consider in its use for the investigation of mood instability. Firstly, 

the current methodology assumes that there is a relationship between a positive MDQ 

screen, or confirmation of risk for BD, and the presence of mood instability. Whilst it is 

known that mood instability is a core characteristic of BD, employing a more 
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continuous approach to the consideration of MDQ scores, rather than as a categorical 

variable, may have allowed for a more nuanced consideration of the relationship 

between BD symptomatology or phenotype, rather than risk, and mood instability. This 

is especially pertinent given that the majority of those who screened in on the MDQ 

(the high MDQ group) did not meet DSM criteria. Secondly, in order to more sensitively 

understand the transdiagnostic nature of mood instability, using responses to a self-

report mood changeability scale, such as the Affect Lability Scale (ALS) (Oliver & 

Simons, 2004), as a method to distinguish the sample instead of the MDQ, may have 

aided in better capturing the phenotypic nature of mood instability, outside of the 

confounds of a risk propensity to develop BD. Whilst this was not possible given the 

wider aims of the grant which supported this study, results from future studies 

employing such varied methodologies could help shed further light on the trajectories 

of mood instability that may follow in subclinical and clinical populations, including 

those with BD and MDD. 

 

2.4.3  Current Research Questions 

Given the breadth of data collected as part of this exploratory study during my doctoral 

studies, it is important for me to select and tailor my research questions and analyses 

to a subset of the data at hand, whilst also recognising its part in the wider story. To 

this end, I am particularly interested in understanding the nature of mood instability. 

What is mood instability? How does it present over time and how can we measure it? 

Who experiences mood instability? Given that we know of it as a core feature of BD, 

can we use a measure for BD to distinguish those who experience mood instability, 

and does this predict the onset of disorder? 
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Delving into this further in order to better elucidate its phenotypic nature, is mood 

instability reflected in behavioural markers, such as circadian rhythms, or neural 

instabilities? What can this tell us about the temporal scale of such changes given the 

dynamic process of mood instability?  

 

In order to answer these questions, I present analyses of mood, behavioural, and 

neural data from the COMET study in subsequent chapters. I start by investigating the 

longitudinal mood data collected to detect mood instability, and then go on to explore 

differences in circadian rest-activity patterns as a potential behavioural correlate. This 

is followed by an examination of neuroimaging data in order to study the related neural 

mechanisms at play during rest and what they may tell us about the neural 

underpinnings and dynamics of mood instability. In particular, neural data will be 

analysed in a number of ways in order to both identify and determine the functional 

networks that subserve mood instability, and to explore the dynamic properties of this 

activity across time. It is hoped that this combined analysis of functional and dynamic 

properties in the clinical, behavioural, and neural representation of mood instability will 

aid us in building a better understood profile that can ultimately inform clinical practice 

and therapeutic intervention. 
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Chapter 3 | Identifying mood instability using daily 
remote monitoring and the Mood Disorder 
Questionnaire (MDQ): a modern phenotyping tool for 
mood disorders 
 

3.1  Introduction 

 

Mood instability – or rapid oscillations of intense affect, with difficulty in regulating 

these oscillations or their behavioural consequences (Marwaha, Parsons, & Broome, 

2013) – is a prominent feature of a range of psychiatric disorders, particularly BD. 

Mood instability has been highlighted as a risk factor for the development of BD and 

is thought to characterise its longitudinal course (Henry et al., 2001). Whilst the clinical 

significance of this instability is now recognised – owing to its inclusion in the DSM 

criteria (American Psychiatric Association (APA), 2013) for BD and various mood and 

related disorders, and its association with comorbid difficulties such as alcohol misuse, 

neurotic symptoms, and suicidal ideation (Marwaha, Parsons, Flanagan, et al., 2013) 

– little is understood of the behavioural and cognitive implications and underlying 

neural mechanisms of mood instability. Its position as a transdiagnostic tool, 

nevertheless, can aid us in better understanding the intricacies of related mood 

disorders, as well as highlight the importance of a dynamic, or temporal, basis across 

which such disorders develop and progress. 

 

Whilst mood experiences, such as intensity and valence, are particularly noteworthy 

symptoms in a range of disorders, the experience of mood instability has only recently 

been considered under this classification. Nevertheless, its significance across a 
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range of disorders has been reported, from BD and MDD, to post-traumatic stress 

disorder (PTSD) and borderline personality disorder (BPD) (Marwaha, Parsons, 

Flanagan, et al., 2013). In addition to being symptoms of such disorders, numerous 

studies have also begun to highlight how mood instability may aid in differentiating 

between such disorders, such that patients with BPD, for example, have been shown 

to have greater instability in relation to positive and negative affect and distress 

(Ebner-Priemer et al., 2007) than those with major depression (Trull et al., 2008), who 

in turn display a pattern of changeability in positive and negative affect that is 

associated with the day-night cycle compared to healthy controls (Peeters, Berkhof, 

Delespaul, Rottenberg, & Nicolson, 2006). 

 

Building on this, the significance of mood instability as a risk factor across these 

disorders has also been reported. Further emphasising the diagnostic overlap of BD 

with MDD and BPD, studies have shown that some of the earliest signs of illness 

present as mood swings and episodic changes in mood (Chanen et al., 2008; Correll 

et al., 2007). Such difficulties, particularly in regulating mood, are often also seen in 

children who go on to develop mood and anxiety disorders (Stringaris, Cohen, Pine, 

& Leibenluft, 2009), further supporting its predictive nature. Taken together, increasing 

evidence has pointed to the clinical significance of mood instability as a characterising, 

differentiating, and predictive feature of a range of mood disorders. However, little is 

understood of its wider significance, both in terms of the mechanisms by which it 

develops in the wider population (as a risk factor) and the relationship it has with other 

physiological homeostatic mechanisms (as a symptom). A better understanding of 

these processes can aid us in developing more rigorous conclusions grounded in 

scientific backing in order to begin to consider mood instability as a potential target for 
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treatment. Arguably the disorder in which mood instability is most prominent, an 

exploration of mood instability in BD is beginning to do just this, by transforming and 

further developing our understanding of this otherwise heterogenous disorder.  

 

Ongoing mood instability, as opposed to distinct episodes of depression and mania is 

now established as the hallmark of BD (Henry et al., 2008; MacQueen et al., 2003). 

This is particularly important given the 

shortcomings of current treatment 

options, such as that of lithium, which 

remains the first-line pharmacological 

treatment of the disorder but with 

limited efficacy. Whilst it aims to target 

distinct episodes in order to prevent 

relapse (Goodwin, 2003), a growing 

body of evidence suggest that the 

majority of patients remain both 

symptomatic between episodes and 

at a high risk for relapse (MacQueen 

et al., 2003). Given the limitations of lithium treatment and other pharmacological and 

psychological treatment options and their over-reliance on targeting distinct mood 

episodes, the case for further exploring the phenomenon of mood instability is 

strengthened. This is particularly important given the relatively infrequent experience 

of distinct mood episodes – especially that of mania or hypomania – and the 

observation that euthymic periods are far more consistently characterised by 

significant sub-threshold mood swings over day-to-day or week-to-week periods (see 

Figure 9: A diagram of the course of BD. 

Period of mood instability are shown in 

between distinct episodes of depression and 

mania. Reproduced from Bonsall et al. 

(2012). 
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fig. 9). Thus, it is this more frequent experience of mood instability, which lends itself 

to functional impairment, that has been suggested as a novel target for treatment 

(Bonsall et al., 2012; Johnson, 2005; Scott & Colom, 2008). 

 

In order to further illuminate the patterns of mood instability seen in BD patients, 

Bonsall et al. (2012) followed “stable” and “unstable” patients using high-frequency 

prospective automated monitoring, via the True Colours system 

(www.truecolours.nhs.uk) (True Colours Team Department of Psychiatry University of 

Oxford) over a period of up to four years. Interestingly, they found a complex pattern 

of dynamic mood changeability in unstable patients, suggesting that the time series of 

instability was highly non-linear. They suggested that identification of this non-linear 

approach, where a patient’s predicted mood can differ above or below their mean 

mood score on a week-to-week scale, could aid in better understanding the course of 

their illness. This pattern of distinct dynamic and non-linear instability seemed to not 

only show distinct deviation from stability, but also suggested a relationship with 

regular periodic cyclic patterns (such as in the case of circadian rhythms), and irregular 

aperiodic or chaotic patterns. It is these chaotic patterns that are thought to be more 

representative of mood instability in BD, particularly given that self-reported mood 

assessments have been shown to follow this aperiodic pattern (Gottschalk, Bauer, & 

Whybrow, 1995), and that complex physiological processes are also thought to be 

associated with such dynamics. Therefore, if mood instability is the phenotypic 

representation of such chaotic and aperiodic dynamics, the underlying neural 

mechanisms, as well as associated behavioural dynamics, of this pattern remain to be 

uncovered.  

 

http://www.truecolours.nhs.uk/
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A consideration of mood instability outside of particular diagnoses or disorders 

provides a stringent method of analysing these complex dynamics. As well as being a 

feature of BD and other related disorders, mood instability has a prevalence of 13.9% 

in the general population (Marwaha, Parsons, Flanagan, et al., 2013). It is more 

commonly reported in women in early adulthood and also shares many of the 

sociodemographic features of psychiatric disorders such as BD, MDD, and anxiety 

disorders, for example higher levels of unemployment and lower marital rates. In 

Marwaha et al.’s (2013) study of mood instability in the general population, they found 

strong associations between instability and symptoms of non-psychotic 

psychopathologies, as well as increased suicidal thinking and healthcare service use. 

Thus, considering that mood instability is fairly common in the general population and 

presents with significant social and vocational difficulties not dissimilar to those with a 

diagnosis, suggests that we may be able to better explore its associated dynamics in 

subclinical, medication-naïve populations. 

 

The Mood Disorder Questionnaire (MDQ) (Hirschfeld et al., 2000) has been identified 

as a sensitive and specific screening tool for BD in both outpatient populations 

(Hirschfeld et al., 2000) and in the general population (Hirschfeld et al., 2003). 

Considering the fact that mood instability is a core feature of BD and has a population 

prevalence rate of 13.9% (Marwaha, Parsons, Flanagan, et al., 2013) leads us to 

question whether the MDQ is also sensitive in detecting this instability across time. 

This is an especially pertinent question in light of recent evidence which has expressed 

a need for more stringent exploration and analysis of the dynamic nature of mood 

instability (Broome et al., 2015), in order to identify concurrent behavioural, cognitive, 
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and neural instabilities which may aid in developing targets for treatment, as well as 

inform us of the nature of related psychopathologies. 

 

The emergence of new technologies and the ubiquity of internet access has been 

suggested as a sensitive avenue for prospective monitoring of daily mood and 

concurrent behavioural and cognitive states. Such methods are known to provide 

more objective and accurate reflections of mood changeability, and thus avoid recall 

biases that often present when retrospectively recalling mood states at the clinic. In 

BD patients, the True Colours (True Colours Team Department of Psychiatry 

University of Oxford) system was developed to do this, based on National Institute for 

Health and Clinical Excellence (NICE) guidelines (NICE, London) that emphasise the 

importance of monitoring symptoms in order to facilitate early intervention and to 

prevent or minimise the impact of episodes in BD (Simon, Budge, Price, Goodwin, & 

Geddes, 2017). Such methods can also be applied to the experimental exploration of 

mood instability in otherwise healthy populations, not only for the ease by which it can 

provide high-frequency data across time, but also for the inexpensive and far-reaching 

opportunities it presents. Thus, in addition to prospective and remote mood 

monitoring, technologies in the form of remote sensors, for instance health- or smart-

watches and smartphones, can also be utilised in order to capture the concurrent 

behavioural and physiological factors that may be at play (Glenn & Monteith, 2014). 

 

The COMET study aims to combine the above goals in order to explore the potential 

interaction and neural underpinnings of mood instability and behavioural and cognitive 

function. To do this, volunteers were selected to participate based on their responses 

on the MDQ so that those who screen in were in the “high MDQ” group. Both groups 
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were observed remotely on a number of measures across a 10-week study period, 

ranging from prospective mood and activity monitoring to cognitive assessments and 

neuroimaging procedures.  

 

The current chapter focuses on identifying and exploring mood instability and its 

clinical presentation in the COMET sample, with the aim of assessing whether 

longitudinally collected mood ratings can identify mood instability in groups 

distinguished by MDQ scores. It is predicted that those who screened in on the MDQ, 

and thus were part of the high MDQ group, will go on to show significant levels of 

mood instability as measured by this high-frequency remote monitoring methodology. 

This mood instability is also predicted to be reflected in increased levels of depressive 

and manic symptomatology, highlighting an association between instability and 

psychopathology.  
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3.2  Methods 

 

The current chapter focuses on analyses and results from mood data collected as part 

of the COMET study. The particular methodology used for the collection of this data 

can be found in chapter 2, section 2.2.1 for the MDQ, 2.4.2 for the daily mood 

assessments (I-PANAS-SF), and 2.5.4 for the weekly mood assessments (True 

Colours). A more thorough description of the participants recruited in the study can be 

found in chapter 2, section 2; as well as sample characteristics in section 3. The 

remainder of this section will focus, thus, on presenting the analysis methods for this 

data. 

 

3.2.1  Participants 

All seventy-four participants who completed the COMET study are included in current 

analyses. Thirty-seven of these participants were in the high MDQ group and 37 in the 

low MDQ group. 

 

3.2.2  Daily Mood Monitoring (I-PANAS-SF) 

The International Positive and Negative Affect Schedule Short-Form (I-PANAS-SF) is 

a 10-item self-report measure of mood9. The ten items (equally split between positive 

affect states and negative affect states) are derived from the original 20 PANAS items 

(Watson, Clark, & Tellegen, 1988) but were further condensed into a short form to be 

implemented effectively on an international scale by reducing ambiguities associated 

 
9 Please see appendix 2.4 for an iPad copy of the I-PANAS-SF scale used. 
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with certain adjectives and thus, increasing clarity. Participants were asked to rate the 

way they felt in the past 24 hours (or since they last completed the scale if longer than 

24 hours) on a scale ranging from 0 to 4, with a higher score indicating greater severity. 

 

All I-PANAS-SF data collected using iPads (Apple Inc) were sent remotely, via Wi-Fi, 

to the COMET study database, housed on a secure university-held server. 

Researchers were then able to extract and download these data for analyses. All data 

were required to be converted into readable .csv files. Each participant could have up 

to 51 I-PANAS-SF entries, corresponding to each of 50 testing days during the 10-

week study period (plus one extra to account for any testing issues, for example a 

drop in Wi-Fi connectivity). 

 

Each raw data file contained all the data provided by one participant. I-PANAS-SF 

data was split into ratings for its composite ten items (“upset”, “hostile”, “alert”, 

“ashamed”, “inspired”, “nervous”, “determined”, “attentive”, “active”, “afraid”). Each 

item was scored on a 5-point likert scale ranging from 0 to 4. A date and time stamp 

for the beginning of each entry was included. Researchers were then able to calculate 

a daily positive affect score based on the sum score of all the positive adjectives 

(“alert”, “attentive”, “active”, “determined”, and “inspired”); and a negative affect score 

based on the sum score of all the negative adjectives (“afraid”, “ashamed”, “hostile”, 

“nervous”, and “upset”). A sum mood score was also determined by subtracting the 

negative affect score from the positive affect score.  

 

To check whether the sum mood score is an appropriate summary mood measure for 

the current sample (as it inherently assumes that positive affect and negative affect 
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are opposite ends of the same spectrum), correlational analyses will be conducted on 

the positive and negative affect data. If these data are not anticorrelated – indicating 

that positive and negative affect scores represent separate mood dimensions – the 

sum mood score will be discounted from further analyses throughout this thesis as it 

is not a valid summary mood measure. 

 

A number of methods were then employed in order to better understand the temporal 

nature of this data, in terms of both mood states reported over the 10-week period and 

mood changeability, or instability, observed over this period. 

 

 3.2.2.1  Weekly I-PANAS-SF data 

In order to begin to determine the effect of time on mood data reported, as well as to 

visualise this potential interaction, data were first collapsed into weekly aggregate 

scores. To do this, I was able to use the daily time stamps to calculate an “absolute 

day” score corresponding to the day in the 10-week study period each entry belonged 

to, out of 70 days (as opposed to the “test day” variable which corresponded to the 

day in the 50-day testing window). 

 

Weekly positive and negative affect, as well as sum mood if appropriate, were then 

calculated by taking the mean of scores in each 7-day window. A weekly variability 

score for each of these mood domains was also calculated by taking the standard 

deviation across each 7-day window. In order to account for the large data size, a 

MATLAB (The MathWorks Inc., 2010) script was prepared to carry out these 

calculations. 
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  3.2.2.1.1  Analysis of weekly I-PANAS-SF data 

A repeated measures ANOVA was conducted to analyse the effect of group (high 

MDQ or low MDQ; the between-subjects factor), time (week; the within-subjects 

factor), and group by time interaction for positive affect, negative affect, and sum mood 

if appropriate. Separate ANOVAs were also conducted for weekly average and weekly 

variability measures within these mood domains. Analyses were carried out using the 

SPSS software (IBM Corp, 2017). 

 

 3.2.2.2  Variability as measured by the tRMSSD (I -

PANAS-SF data) 

The Root Mean Square of Successive Differences (RMSSD) (von Neumann, Kent, 

Bellinson, & Hart, 1941) has been suggested as a measure of variability that takes into 

account the variance of trial to trial differences, as opposed to overall trial variation as 

measured by the standard deviation. In this sense, it takes into account gradual shifts 

in the mean and is particularly sensitive to temporal, or time-based, recordings. Whilst 

traditionally a measure used in calculating heart rate variability due to its sensitivity to 

high frequency heart fluctuations (Berntson, Lozano, & Chen, 2005), it can be 

particularly appropriate in the study of stability and variability in mood due to its time 

domain nature and sensitivity in detecting trial by trial fluctuations.  

 

The equation for RMSSD is given here: 
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RMSSD =  √
1

𝑁
 ∑(𝑥𝑖+1 − 𝑥𝑖)2

𝑁−1

𝑖=1

 

 

where N equals the number of recordings or intervals (in this case, a maximum of 51), 

and x is the value of one recording (or mood score). This definition, however, assumes 

that recordings are equally spaced in time (e.g., one recording every day at the exact 

same time). This is not the case with the data collected here wherein samples have 

been recorded at different times of day and the time difference between consecutive 

samples therefore varies. Using the formula above with such variable time differences 

may result in artefactually high or low values of RMSSD. To address this, I use the 

timed RMSSD (tRMSSD) (Taquet et al., in prep, 2020) defined as follows:  

 

𝑡RMSSD =  √
1

𝑁
 ∑ (

𝑥𝑖+1 − 𝑥𝑖

𝑡𝑖+1 − 𝑡𝑖
)

2
𝑁−1

𝑖=1

 

 

where ti corresponds to the time at which sample xi was recorded. For this data, the 

tRMSSD is thus obtained by first calculating each successive difference in mood 

(positive affect, negative affect, and sum mood if used) over each successive time 

difference between recordings. This value is then squared and the result is averaged 

before the square root of the total is calculated (Shaffer & Ginsberg, 2017). 

 

Using this method, a set of individual tRMSSD measures are obtained for each 

participant, corresponding to variability in positive affect, negative affect, and sum 
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mood if appropriate. Again, in order to account for the large amount of data collected, 

an R script and toolbox (R Core Team, 2013) was used to carry out these calculations. 

 

 3.2.2.2.1  Analysis of tRMSSD I-PANAS-SF data 

Independent samples t-tests were carried out on the resulting data, in order to 

investigate group differences in variability in positive affect, negative affect, and if 

included, sum mood, as measured by the tRMSSD. Analyses were conducted using 

the SPSS software (IBM Corp, 2017). 

 

3.2.3  Weekly Mood Monitoring (True Colours) 

All True Colours data were collected through the True Colours website and stored on 

a secure university-held server10. Raw data were downloaded by the researcher and 

converted from .JSON to readable .csv files. Aggregate scores were calculated for 

each of the three scales. 

 

 3.2.3.1  The Altman Self-Rating Mania Scale (ASRM) 

The ASRM is a short, 5-item multiple choice, self-report questionnaire that assesses 

the severity of manic and hypomanic symptoms in the past week (Altman et al., 1997). 

The scale corresponds to several central DSM-IV criteria for mania (Altman, Hedeker, 

Peterson, & Davis, 2001), namely positive mood, self-confidence, sleep patterns, 

speech, and activity levels. Each of the five responses for the five questions are scored 

from 0 to 4, and an overall sum score is calculated (a higher score indicating greater 

 
10  Please see appendix 2.7 for copies of the True Colours questionnaires used. 
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severity of symptoms). As it is often used as a screening instrument, a score of six or 

higher indicates a high probability of a manic or hypomanic condition and may indicate 

a need for treatment and/or further clinical attention. Thus, a score of five or lower is 

less likely to be associated with significant symptoms of mania. This is based on a 

rating of 85.5% for sensitivity and 87.3% for specificity (Altman et al., 1997). 

 

 3.2.3.2  The Quick Inventory of Depressive 

Symptomatology (QIDS) 

The QIDS is a 16-item self-report measure of depressive symptoms (Rush, Giles, & 

Schlesser, 1996). Participants are asked about the severity of a number of symptoms 

in the past seven days, or one week, with each item corresponding to the nine 

symptom domains of major depressive disorder as outlined in the DSM-IV. Items 

measure depressed mood, loss of interest or pleasure, concentration/decision-

making, self-outlook, suicidal ideation, energy/fatigability, sleep, weight/appetite 

change, and psychomotor changes (Rush et al., 2003). Each item is scored from 0 to 

3, and a maximum sum score of 27 can be obtained. A higher score indicates greater 

severity of depressive symptoms, such that a score of 6 to 10 represents mild 

depression, 11 to 15 moderate depression, 16 to 20 severe depression, and 21 to 27 

represents very severe depression (0-5 denotes no symptoms). 

 

 3.2.3.3  The Generalised Anxiety Disorder Scale (GAD-7) 

The GAD-7 is a short, 7-item self-report scale commonly used as a screening tool and 

severity assessment for anxiety disorder (Spitzer et al., 2006). Participants are asked 

about their experiences of a number of symptoms in the past week. Each item in the 
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scale corresponds to symptom items for Generalised Anxiety Disorder (GAD) in the 

DSM-IV and are scored from 0 to 3. A total score is calculated by summing responses 

across the seven items, with a maximum score of 21. A higher score indicates greater 

severity, such that a total score of 0 to 5 represents mild anxiety, 6 to 10 moderate 

anxiety, 11 to 15 moderately severe anxiety, and 15 to 21 represents severe anxiety. 

The GAD-7 has a sensitivity rating of 89% and specificity of 82% (Spitzer et al., 2006). 

 

 3.2.3.4  Analysis of True Colours data 

As well as weekly sum scores for each of the three scales, overall average and 

variability scores were also obtained by calculating the mean and standard deviation 

for each participant across the 10-week study period. 

 

Repeated measures ANOVAs were then conducted using the SPSS software (IBM 

Corp, 2017) to determine the effect of group (high MDQ or low MDQ; the between-

subjects factor), time (week; the within-subjects factor), and group by time interaction 

for the ASRM, QIDS, and GAD-7 scales. Post-hoc t-tests were subsequently 

conducted to test group differences in variability scores. 

 

 3.2.4  Correlational Analyses 

Correlational analyses were conducted to test the relationship between overall daily 

mood, as measured by positive affect, negative affect, and sum mood if included, and 

overall weekly clinical measures of mood as measured by the ASRM, QIDS, and GAD-

7. These analyses were run on both average and variability – as measured by the 

standard deviation and tRMSSD – measures of daily mood, and average and 



Chapter 3 | Identifying mood instability using daily remote monitoring and the Mood Disorder 

Questionnaire (MDQ): a modern phenotyping tool for mood disorders 

 

 79 

variability measures of weekly True Colours responses, in order for the relationship 

between symptomatology and mood experiences and instability to be explored. 

 

Analyses were carried out using the SPSS software (IBM Corp, 2017). 

 

3.2.5  Analysis of mood as a function of diagnosis in the high 

MDQ group 

Using the data gathered from SCID assessments11, the high MDQ group were further 

split into those who met criteria for at least one DSM-IV axis I disorder and those who 

did not. Independent samples t-tests were then carried out using SPSS (IBM Corp, 

2017) to test for group differences in average and variability (as measured by both 

standard deviation and tRMSSD) in positive affect, negative affect, and if included, 

sum mood; and in the ASRM, QIDS, and GAD-7 scales for mania, depression, and 

anxiety. 

 

 

 

 

 

 

 

 

 

 
11 Please see chapter 2, section 2.5.1 and 3.2 for SCID details and results. 
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3.3  Results 

 

Sample characteristics and demographic data can be found in chapter 2, section 3.1. 

 

3.3.1  Descriptive Statistics 

3.3.1.1  Observations 

 

Descriptive statistics for the average number of days (for I-PANAS-SF data) and 

weeks (for the True Colours data) provided by participants in the high MDQ and low 

MDQ groups are presented in table 6. 

 

Shapiro-Wilk tests indicated that the number of daily and weekly observations did not 

follow a normal distribution for the high MDQ group (I-PANAS-SF: W(37) = .79, p < 

.001; True Colours: W(37) = .55, p < .001) and the low MDQ group (I-PANAS-SF: 

W(37) = .82, p < .001; True Colours: W(37) = .71, p < .001). Thus, nonparametric tests 

were conducted to test for group differences. 

 

Mann-Whitney tests indicated that there were no significant differences in the number 

of I-PANAS-SF observations between the high MDQ and low MDQ groups (U = 

550.00, p = .137, r = .17) and in the number of True Colours observations between 

Table 6: Number of observations (days/weeks). Averages and spread included. 
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the two groups (U = 674.00, p = .898, r = .02). The distribution of these observations 

can also be seen in figure 10. 

 

 

 

 

 

 

 

 

 

3.3.1.2  I-PANAS-SF sum mood measure  

I-PANAS-SF sum mood score is calculated as I-PANAS-SF positive affect minus I-

PANAS-SF negative affect. Therefore, it assumes that positive and negative items 

are opposite ends of the same spectrum, and that the sum score is an overall 

summary measure. However, correlational analyses on positive affect and negative 

affect scores for all participants (regardless of group, outliers removed so n = 70) 

showed that the scales were not anticorrelated, r(68) = .08, p = .500, suggesting that 

positive and negative affect scores represent separate mood dimensions. Individual 

correlational analyses in each group confirmed this (high MDQ: r(33) = .25, p = .156; 

low MDQ: r(33) = -.17, p = .330).  

 

Therefore, the sum mood score is not a valid summary mood measure for the daily I-

PANAS-SF data. Subsequent analyses throughout the thesis will only focus on the 

positive and negative affect scores. 

Figure 10: Distribution of I-PANAS-SF data in days (left) and distribution of True 

Colours data in weeks (right). 



Chapter 3 | Identifying mood instability using daily remote monitoring and the Mood Disorder 

Questionnaire (MDQ): a modern phenotyping tool for mood disorders 

 

 82 

 

3.3.1.3  I-PANAS-SF data 

 

 

Table 7 shows the descriptive statistics for each of the three variables (average, 

standard deviation, and tRMSSD) within the two mood domains (positive affect and 

negative affect) across the 10-week study period. Shapiro-Wilk tests carried out on 

these data showed that the majority of distributions were normal12. 

 

3.3.1.4  True Colours data 

 
12 Please see appendix 3.1 for the full set of Shapiro-Wilk test results for this data. 

Table 7: Daily mood ratings as measured by the I-PANAS-SF. 

Averages and standard deviations (SD) are shown for average 

mood and variability as measured by SD and tRMSSD. 

Table 8: Weekly mood ratings as measured by the True Colours 

questionnaires. Averages and standard deviation (SD) are shown. 
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Average scores across the (maximum) 10 weeks of ASRM, QIDS, and GAD-7 scales 

for high MDQ and low MDQ participants are shown in table 8. Shapiro-Wilk tests 

carried out on this data also confirmed normality13. 

 

Using the cut-off scores or severity markers identified by researchers, a number of 

high MDQ participants met criteria for moderate to severe symptoms across the 

mania, depression, and anxiety scales. Two high MDQ participants scored an average 

of 6 or higher across the 10-week period on the ASRM, indicating a high probability of 

a manic or hypomanic condition; two met criteria for moderate depression as 

measured by the QIDS (and a further 16 met criteria for mild depression); and two met 

criteria for moderately severe anxiety on the GAD-7 (a further 7 met criteria for 

moderate anxiety). It is worth noting that one of the two who met criteria for moderate 

depression and moderately severe anxiety was the same high MDQ participant. All 

other participants, including all low MDQ participants, did not meet criteria (or fell into 

the lowest category – mild) across the three measures. 

 

 

 

 

 

 

 

 
13 Please see appendix 3.2 for a full set of Shapiro-Wilk test results for this data. 
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3.3.2  Daily Mood Monitoring (I-PANAS-SF) 

3.3.2.1  Weekly I-PANAS-SF data 

3.3.2.1.1  Positive affect 

 

 

 

 

 

 

 

 

Results revealed a significant effect of group, such that the high MDQ group had 

greater variability in their positive affect scores compared to the low MDQ group, F(1, 

60) = 11.96, p < .001 (fig. 11, right). There was no significant effect of group for 

average positive affect scores, F(1, 67) = 0.04, p = .850 (fig. 11, left). 

 

Results also showed a significant main effect of time (fig. 11), such that participants 

reported lower positive affect ratings across the 10-week period, F(4.56, 305.45) = 

2.98, p = .01514, and also became less variable in their positive affect ratings across 

this period, F(9, 540) = 3.04, p < .001. 

 

 
14 Sphericity violated: Mauchly’s W = .06, p < .001. Greenhouse-Geisser correction used,  = .51. 

Figure 11: Average positive affect across weeks (left). Variability (SD) in positive affect 

across weeks (right). Error bars represent  1 SEM. 
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There was no significant group by time interaction for both the average and variability 

in positive affect scores (average: F(4.56, 305.45) = 0.81, p = .537; variability: F(9, 

540) = 1.24, p = .267). 

 

 3.3.2.1.2  Negative affect 

  

 

 

 

 

 

 

 

A significant effect of group was found such that the high MDQ group reported greater 

average negative affect scores (fig. 12, left), F(1, 67) = 17.21, p < .001, as well as 

greater variability in negative affect scores (fig. 12, right), F(1, 60) = 17.01, p < .001. 

 

There was no significant main effect of time for either the average or variability in 

negative affect scores (average: F(5.48, 366.79) = 1.62, p = .14815; variability: F(6.60, 

396.02) = 1.88, p = .07616). The group by time interaction was also not significant for 

both average and variability scores (average: F(5.48, 366.79) = 1.74, p = .117; 

variability: F(6.60, 396.02) = 1.30, p = .252). 

 

 
15 Sphericity violated: Mauchly’s W = .06, p < .001. Greenhouse-Geisser correction used,  = .61. 
16 Sphericity violated: Mauchly’s W = .19, p < .001. Greenhouse-Geisser correction used,  = .73. 

Figure 12: Average negative affect across weeks (left). Variability (SD) in negative affect 

across weeks (right). Error bars represent  1 SEM. 
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3.3.2.2  tRMSSD as a measure of variability  

 
 

 

 

 

 

 

 

 

 

 

 

 

As can be seen from fig. 13, high MDQ participants were significantly more variable in 

negative affect, t(72) = 3.52, p < .001, as measured by the tRMSSD, than low MDQ 

participants. Statistical tests on positive affect variability as measured by the tRMSSD 

did not reveal significant group differences, t(72) = 1.50, p = .138. 

 

 

 

 

 

 

 

Figure 13: tRMSSD scores across the domains of positive affect and negative affect 

for high MDQ and low MDQ groups. *** p < .001. 
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3.3.3  Weekly Mood Monitoring (True Colours) 

3.3.3.1  Mania 

 

 

 

 

 

 

 

 

 

 

 

There was a significant effect of group, such that individuals in the high MDQ group 

reported increased scores on the ASRM compared to the low MDQ group (fig. 14), 

F(1, 42) = 17.11, p < .001. Post-hoc tests on SD data also showed that there was more 

variability in the high MDQ group (1.81  1.08) compared to the low MDQ group (0.48 

 0.55), t(72) = 6.67, p < .001. 

 

Results also revealed a significant main effect of time (fig. 14), F(4.94, 207.66) = 3.60, 

p = .00417, such that participants reported less manic symptoms over the 10-week 

period. There was no significant group by time interaction, F(4.94, 207.66) = 1.39, p = 

.231. 

 
17Sphericity violated: Mauchly’s W = .02, p < .001. Greenhouse-Geisser correction used,  = .55. 

Figure 14: Symptoms of mania as measured by the ASRM. 

Average scores across the 10-week study period. Error 

bars represent  1 SEM. 
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3.3.3.2  Depression 

 

 

 

 

 

 

 

 

 

 

 

Results showed a significant effect of group, such that the high MDQ group reported 

increased scores on the QIDS scale compared to low MDQ group (fig. 15), F(1, 41) = 

21.24, p < .001. Post-hoc tests on SD data also revealed significantly greater variability 

in the high MDQ group (2.54  1.47) compared to the low MDQ group (1.11  0.80), 

t(72) = 5.22, p < .001. 

 

There was a significant main effect of time, F(5.69, 233.43) = 4.56, p < .00118, such 

that participants reported fewer depressive symptoms across the 10-week period. 

There was also a significant group by time interaction, F(5.69, 233.43) = 2.52, p = 

.025. 

 
18  Sphericity violated: Mauchly’s W = .09, p < .001. Greenhouse-Geisser correction used,  = .63. 

Figure 15: Symptoms of depression as measured by the 

QIDS. Average scores across the 10-week study period. 

Error bars represent  1 SEM. 
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3.3.3.3  Anxiety 

 

 

 

 

 

 

 

 

 

 

 

There was a significant effect of group, F(1, 41) = 16.25, p < .001, such that the high 

MDQ group reported increased levels of anxiety compared to the low MDQ group (fig. 

16). Post-hoc tests on SD data also showed significantly greater variation in the high 

MDQ group (2.27  1.50) compared to the low MDQ group (0.97  0.90), t(72) = 4.53, 

p < .001. 

 

Results also revealed a significant main effect of time, F(4.01, 164.25) = 2.55, p = 

.04119, such that participants reported more anxiety symptoms across the 10-week 

period. There was no significant group by time interaction, F(4.01, 164.25) = 2.18, p = 

.073. 

 
19 Sphericity violated: Mauchly’s W = .02, p < .001. Greenhouse-Geisser correction used,  = .45. 

Figure 16: Symptoms of anxiety as measured by the GAD-

7. Average scores across the 10-week study period. Error 

bars represent  1 SEM. 
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3.3.4  Relationship between daily (I-PANAS-SF) and weekly 

(True Colours) mood monitoring 

 

Although table 9 show a number of interesting correlational patterns, only the following 

associations survived a Bonferroni adjusted p-value of .001. Variability in negative 

affect was significantly positively associated with average QIDS, and variability in 

GAD-7 in the high MDQ group, such that increased variability in negative affect was 

associated with an increase in absolute depressive symptoms (QIDS) and an increase 

in variability in anxiety symptoms (GAD-7). 

 

In the low MDQ group, variability in negative affect was significantly positively 

associated with average GAD-7 and variability in GAD-7, such that increased 

variability in negative affect was associated with an increase in both absolute and 

variability in anxiety symptoms (GAD-7) in this group. 

 

Table 9: Pearson Product-Moment Correlations of the True Colours scales with daily 

mood. Both absolute (average as measured by the mean) and variability (as measured 

by SD and tRMSSD (daily mood only)) are shown. * p < .05, ** p < .01 
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However, it should be noted that despite surviving a Bonferroni correction, none of 

these correlations are significantly different from the other group, as assessed by 

Fishers Z test. 

 

3.3.6  Mood as a function of diagnosis in the high MDQ group 

 

As can be seen in table 10, high MDQ participants with a diagnosis (n=9) had 

significantly greater average negative affect scores, t(35) = -2.24, p = .032, than those 

without a diagnosis (fig. 17). 

 

Table 10: Average and standard deviation for mood and True Colours scores by 

diagnosis (high MDQ group only). * p < .05 
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Figure 17: Average mood scores as a function of diagnosis in the 

high MDQ group. * p < .05. Error bars represent  1 SEM. 
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3.4  Discussion 

High MDQ individuals showed greater variability in their daily mood ratings across the 

10-week study period compared to matched low MDQ participants. Within this, they 

were more variable in their ratings of both positive and negative affect, reflecting 

symptoms of elevated and depressed mood. This was further supported by clear 

distinctions in the variability of their scores on the clinical rating scales for mania, 

depression, and anxiety. Together, these results support the hypothesis of increased 

levels of mood instability in individuals in the general population who show dimensions 

of BD as measured by a positive screen on the MDQ. 

 

Participants in the high MDQ group also showed differences in average scores, 

suggesting absolute differences in the levels of negative affect experienced, and in 

symptoms of mania, depression, and anxiety. Together with previous evidence 

suggesting the presence of mood instability in a range of mood disorders (Broome et 

al., 2015), this result indicates that identification of instability may not strictly be specific 

to BD in itself, but may also characterise mood instability as a feature of related or 

overlapping disorders. Combining this with the finding that mood symptoms across all 

modes of assessment showed a significant effect of time, nevertheless, emphasises 

the dynamic nature of mood instability. It is this concept of dynamic activity across 

time that is explored in relation to behavioural symptoms and neural mechanisms in 

subsequent chapters, and is suggested as a key component of mood disorders such 

as BD and MDD. 
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Delving into the finding of mood instability further, it is noted that although variation 

across the mood domains is observed, particular differences in absolute negative 

mood are also reported. Outside of variability or instability in mood, participants in the 

high MDQ group reported significantly greater levels of negative affect across the 10-

week study period. This is particularly interesting given the fact that the MDQ targets 

symptoms of mania and hypomania, and raises questions of the nature of mood 

instability, or mood disorder, that may be observed here. 

 

For instance, we know that depressive symptoms and episodes are far more frequent 

in BD than mania or hypomania (Bonsall et al., 2012), and that patients often go 

undiagnosed or misdiagnosed with major depressive disorder (MDD) for around three 

years before a correct diagnosis of BD is made (Hirschfeld, 2007). Thus, if we are 

observing significant negative mood in individuals at risk of developing BD as the MDQ 

dictates, does this suggest that the high MDQ sample are currently in a depressed 

episode or that low mood is characteristic of the euthymic state in BD? Alternatively, 

if we consider the growing body of evidence that suggests mood instability as a feature 

across mood disorders (Broome et al., 2015), we are led to question whether this 

increased level of negative affect may instead be symptomatic of a related disorder, 

such as MDD. Whilst we are currently unable to fully test the direction of this 

relationship, if any, present findings do shed light on the particular details of this effect. 

 

When we consider the diagnoses that were made, or the axis I criteria that were met 

in the high MDQ group, we see the presence of both BD and MDD symptomatology 

(see chapter 2). Not only is this interesting given the validity of the MDQ as a screening 

tool for BD, but also in that high MDQ participants distinguished by diagnosis 
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(regardless of classification) showed distinct and significant differences in negative 

affect, such that those with a diagnosis reported significantly greater levels of negative 

mood across the 10-week study period compared to those without a diagnosis. 

Additionally, this was further supported by the finding that an increase in absolute and 

variability in negative affect was significantly associated with an increase in symptoms 

of depression and anxiety across groups, and also in symptoms of mania in the high 

MDQ group. Taken together, these observations suggest an association between low 

mood and clinical symptomatology, and is strengthened by diagnosis regardless of 

classification. 

 

Therefore, although we see a relationship between mood instability and negative 

mood, we are unable, as of yet, to determine whether this is a characteristic of BD 

depression or a feature of MDD – or alternatively, disordered affect in its own right. 

Nevertheless, it does begin to highlight the complexities of understanding mood 

instability once diagnostic criteria are taken into account, and further supports the idea 

of mood instability as both a feature of, and transdiagnostic marker across disorders 

(Panchal, Kaltenboeck, & Harmer, 2019). 

 

In support of Marwaha et al. (2013)’s findings, we are also able to detect a relationship 

between mood instability and clinical symptomatology as measured by both the 

weekly True Colours (True Colours Team Department of Psychiatry University of 

Oxford) clinical assessments and the outcomes from SCID assessments (American 

Psychiatric Association (APA), 2013). This further supports the link between mood 

instability and non-psychotic psychopathologies (Marwaha, Parsons, Flanagan, et al., 

2013).  
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Importantly however, this also lends to the idea that the MDQ may be a sensitive tool 

in detecting mood instability in the general population. Whilst the sensitivity and 

specificity of the MDQ as a screening tool for BD has been established (Hirschfeld et 

al., 2000), its ability to detect significant mood instability across time presents 

important implications to our current understanding of mood disorders. According to 

Hirschfeld (2002), the MDQ has a sensitivity rating of 28% and specificity rating of 

97% for BD in the general population. From our diagnostic assessments, only 4 (10%) 

out of 9 (24%) participants in the high MDQ group who met criteria for an axis I disorder 

were diagnosed with BD (BD II and BD NOS). Whilst this is in keeping with the MDQ’s 

ability to correctly identify those without a disorder (75% did not meet diagnostic 

criteria), the overlapping sensitivity of the MDQ in detecting disordered mood in the 

current sample again points to both the heterogeneous nature of BD, and its significant 

clinical overlap with MDD. However, functional impairment was not assessed in the 

current sample and is otherwise required for a full clinical screen of BD, suggesting 

that a component of functional severity may predict the onset of BD, in addition to 

mood instability. Whilst this is not examined in the current study, further studies 

involving BD patients with mood instability may be able to distinguish the nature of 

mood instability in BD from that in otherwise healthy populations.  

 

Nevertheless, the MDQ was found to be a sensitive tool in detecting mood instability 

across time. From multiple methods of analyses, both investigating the effect of time 

across weeks and assessing day-by-day variation (using tRMSSD), the significant 

effect of dynamic mood changeability across time was highlighted. Additionally, all 

participants, regardless of group, seemed to become less variable in positive affect 
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across time, despite the high MDQ group being more variable overall. One reason for 

this tapering of affect over time could be that the mere act of logging and recording 

one’s mood over time led to an increase in self-awareness, which in turn may have 

led to an increase in symptom management and self-treatment. This relationship 

between self-awareness and symptom relief as a consequence of high-frequency 

mood monitoring has often been reported in BD patient groups (Faurholt-Jepsen et 

al., 2013; Sachs, 1996; Saunders et al., 2017), and echoes some of the core principles 

of mood regulation that are taught in psychological therapies such as cognitive 

behavioural therapy (CBT) (Basco & Rush, 2005). 

 

Further research on the current dataset can begin to build a profile of the dynamic 

nature of mood instability observed here. Whilst we are only able to speculate on the 

potential reasons for the effect of time on mood instability and symptoms, a closer 

examination of concurrent behavioural patterns may help to shed light on the 

correlates of mood instability and its progression or maintenance over time. By again 

considering the suggestion that mood instability is a reflection of chaotic aperiodic 

cyclic patterns (Bonsall et al., 2012), it follows that other such instabilities in 

behavioural, cognitive, and ultimately neural mechanisms, should also present. Thus, 

analysis of these associated instabilities across the same time scale, in the same 

sample who present with mood instability, will aid us in better understanding both the 

mechanisms by which these instabilities develop and are maintained, as well as the 

factors that may determine progression to psychopathology, be it BD, MDD, or another 

related disorder. 
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Building on the foundation of mood instability presented in this chapter, subsequent 

chapters aim to do just this – by first exploring the potential behavioural correlates of 

mood instability across time, and then by examining the functional connectivity 

patterns which may subserve this instability. Special consideration is given to 

understanding the temporal nature of this phenomenon in order to best capture its 

dynamic characteristics. 
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Chapter 4 | Circadian rest-activity patterns in mood 
instability: an actigraph study 
 

4.1  Introduction 

Disturbed sleep and activity patterns are a core feature of many psychiatric disorders 

and can help to both distinguish between disorders and predict the onset and severity 

of illness. However, more and more evidence points to the idea that these 

disturbances are part of wider differences and problems in the phase and structure of 

the circadian rhythm, or the 24-hour rest-activity pattern (Foster et al., 2013; 

Scammell, Arrigoni, & Lipton, 2017). It is known that the circadian rhythm is a 

homeostatic mechanism that controls cyclical variation in physiology and behaviour 

and is fundamental for health and well-being (Lyall et al., 2018). These rhythms are 

also ubiquitous in nature, sharing features with other cyclical biological rhythms that 

underly body temperature, hormone levels, and even mood and cognition (Bunney & 

Bunney, 2000; McClung, 2007; Reppert & Weaver, 2001). Thus, these wider circadian 

rhythms, underlying rest-activity patterns, are known to be significantly implicated in 

psychiatric illness, particularly in mood disorders where major clinical symptoms 

include disruptions in sleep and wakefulness, difficulties with social rhythms, and 

changes in appetite (Boivin, 2000; Bunney & Bunney, 2000; McClung, 2007). 

 

When considering the role of these rhythms in mood disorders, seasonal affective 

disorder (SAD) is often presented as providing the most resounding evidence for 

disruption in circadian rhythms. Patients with SAD present with depressive symptoms 

that occur only in the winter months when there are shorter days and later dawns 

(Magnusson & Boivin, 2003), suggesting an interaction between circadian rhythms 
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and depressive symptomatology. Similarly, lowered mood in MDD is associated with 

changes in the sleep-wake pattern such that the tendency to experience disrupted 

sleep (Souetre et al., 1988), changes to the rhythmic nature of body temperature 

(Souetre et al., 1988) and hormone and neurotransmitter levels (McClung, 2007; 

Monteleone & Maj, 2008), and rhythmic variations in severity of mood symptoms 

(Gordijn, Beersma, Bouhuys, Reinink, & Van den Hoofdakker, 1994) present. 

Together, these symptoms of circadian rhythm disruption and accompanying 

psychomotor retardation are core features of melancholia (Parker et al., 1995) and are 

often illustrated in studies using objective measurements of activity, or actigraphy, 

through greater levels of activity during sleep, lowered levels of activity during the day, 

and thus, a resulting lowered amplitude of circadian rhythm (Burton et al., 2013). 

 

The experience of oscillations in mood in BD, particularly between episodes of 

depression and mania, furthers this. As with MDD, sleep problems are common in 

depressive episodes and take the form of insomnia or hypersomnia in 23-78% of 

patients (Harvey, 2007), whereas manic episodes are often associated with a reduced 

need for sleep in 69-99% of patients (Rock, Goodwin, Harmer, & Wulff, 2014). Further, 

across the course of the disorder, BD patients are known to present with delayed onset 

of the sleep-wake phase and to also have lower levels and delayed timing of melatonin 

secretion, the hormone primarily involved in underlying human circadian rhythm, 

compared to MDD patients (Nurnberger et al., 2000; Robillard et al., 2014, 2013). In 

terms of clinical implications, the therapeutic efficacy of stabilising these rhythms has 

been reported (Goodwin, 2009; Yatham et al., 2006), and highlights a mechanism by 

which disruption in circadian rhythm may interact with disruption in mood regulation. 
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A molecular clock, responsible for regulating circadian rhythms, is located in the 

suprachiasmatic nucleus (SCN) in the hypothalamus and involves a number of genes 

known to determine and control its function. It has been suggested that abnormal 

behaviour in this clock is more prevalent in patients with mood disorders such as BD 

and MDD (McClung, 2007), and that genetic sleep disorders involving circadian 

rhythm disruption are highly comorbid with depression and anxiety (Hamet & 

Tremblay, 2006; Shirayama et al., 2003). Furthermore, antidepressant and mood 

stabilising medication are reported to alleviate such circadian rhythm disruption, and 

non-pharmacological therapies such as bright light therapy and components of 

cognitive behavioural therapy (CBT) are known to target and reset this disturbance. 

Whilst also confirming the importance of circadian rhythm activity in mood disorders, 

such findings of both a neurobiological basis for disturbance and the effect of mood 

regulating treatment indicate a broader neurobiological and shared basis for mood 

disorders and circadian rhythms. 

 

This theory of associated instability between circadian rhythms and mood has been 

tested behaviourally and experimentally where the onset of hypomania and mania has 

been reported in those with induced sleep deprivation (Wu & Bunney, 1990). 

Furthermore in Pinho et al.’s (2016) study of biological rhythms, depressive symptoms 

and functional impairment, they found that BD patients had a significant relationship 

between the severity of their depressive symptoms and the degree of circadian, or 

rest-activity cycle, disruption such that disruption in this cycle was associated with poor 

psychosocial functioning. The persistence of this disruption in euthymic periods 

additionally supports the idea of a relationship between this disruption and mood 

regulation. In particular, circadian instabilities during euthymia have been reported, 
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such that BD patients show reduced daytime activity (Harvey, Schmidt, Scarnà, 

Semler, & Goodwin, 2005) and greater fragmentation of daily rest-activity patterns 

(Jones, Hare, & Evershed, 2005). Not only have several studies found that sleep-wake 

disturbances persist in euthymic periods in the majority of BD patients such that they 

also report difficulties in initiating and maintaining sleep and experience early morning 

awakening (Boland & Alloy, 2013), disturbances in these rhythmic patterns during 

euthymia have been associated with a greater severity of depressive and manic 

episodes over a 12-month period (Gruber et al., 2011) and were found to be more 

associated with a history of psychosis and suicidal attempts (Sylvia et al., 2012). 

 

Whilst consistent patterns of circadian rhythm disruptions are shown throughout the 

course of BD, these studies are often confounded by the effects of medication, scar 

effects of repeated mood episodes, severity of illness, and the presence of 

comorbidities. Studying these patterns in at-risk groups, thus, enables us to navigate 

around this in order to understand both the nature of such disruptions during the 

course of the disorder and the risk factors they may present for its development. Rock 

et al. (2014) aimed to do just this in their study of at-risk bipolar phenotype participants 

identified using the Mood Disorder Questionnaire (MDQ). Using data collected from 

actigraphs worn over two weeks, they found that at-risk participants had significantly 

lower circadian relative amplitude, a differentiation marker of daytime and night-time 

activity, driven by increased movement or activity during rest periods compared to 

controls. Interestingly, the researchers reported that these disruptions persisted even 

when those who went on to meet diagnostic criteria for BD were excluded from 

analyses. Bullock and Murray (2014) furthered this in their actigraph study of at-risk 

for BD participants by finding that the high vulnerability group not only had lower levels 
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of circadian relative amplitude, as in Rock et al.’s (2014) study, but that this effect was 

also modulated by mood such that those with a history of depression had the lowest 

circadian amplitude, and that variance in this marker was more strongly associated 

with proneness to mania rather than depression. Together, these results suggest the 

importance of circadian rhythm disruptions, particularly those pertaining to rhythm 

amplitude, in the prodrome of BD and further indicates that disruptions in underlying 

neurobiological mechanisms to regulate and maintain such behaviour may be core to 

mood disorders. 

 

Considering that mood instability, outside of distinct episodes of depression and 

mania, is now thought of as a central and vital feature of BD and other mood disorders, 

leads us to examine the role of circadian rhythm disruption in mood instability, given 

what is already known from the BD and MDD literature. If circadian rhythms form part 

of a crucial neurobiological homeostatic mechanism responsible for regulating rest-

activity patterns and mood, amongst other things, it follows that disruption in 

homeostasis could result in overall instabilities in such downstream components such 

as sleep, activity, and mood. It also follows that such disruption is dynamic and 

susceptible to temporal change, highlighting the internal clock-based rhythmic nature 

of circadian patterns and the oscillating nature of mood instability. Both components 

are also sensitive to environmental influence, be it changes or manipulations in 

day/night periods (particularly noticed in the seasonal experience of circadian rhythm 

disruption and depression in SAD) or cognitive emotional processing involving reward, 

for instance. In order to continue our understanding of mood instability, particularly 

given its potential to help transform and develop new therapeutic targets, it is vital that 

we better understand its wider role in disrupting neurobiological homeostatic 
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mechanisms such as circadian rhythms. Whilst previous literature has begun to show 

the importance of this in BD and at-risk groups, concurrent monitoring of mood 

instability and rest-activity patterns over a longitudinal time period is lacking and would 

provide more conclusive support for the hypothesis of a shared homeostatic 

mechanism underlying mood, behavioural, and neural instabilities. 

 

The current study and analyses aim to do just this, by investigating the presence of 

circadian or rest-activity disruptions in high MDQ participants over a longitudinal time-

course. In particular, an examination of the relationship between such patterns and 

the objective experience of mood instability is sought, in order to provide more 

nuanced evidence for the particular homeostatic mechanisms at play behind mood 

and behavioural regulation. Therefore, the present aim is to extend previous findings 

by assessing whether longitudinal rest-activity disruption, or instability, is also a 

feature of mood instability. If so, a secondary objective is to determine the relationship 

and components of this disruption with mood instability in a sub-clinical and 

medication-naïve group. Thus, it is predicted that those who screen in on the MDQ 

and are shown to have mood instability (see chapter 3), have greater variability in their 

rest-activity cycle across time, as well as specific disruptions with daytime and sleep 

activity. This disruption is also predicted to be more closely associated with variability 

across longitudinally collected mood measures, highlighting a shared relationship 

between mood instability and circadian rhythm disruptions. 

 

Findings of these analyses will not only further the current literature of circadian rhythm 

disruptions in mood disorders and at-risk groups by incorporating dynamic clinical and 

temporal elements, but will also begin to shed light on the putative underlying 
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mechanisms of mood instability and associated behavioural instabilities. Such 

investigation will set the foundation for more specialised analyses of dynamic 

functionality in underlying neural homeostatic mechanisms (chapters 5 and 6) in order 

to continue building a translational neuroscientific profile of mood instability that can 

transform our current understanding of mood disorders. 

 

Whilst previous research to date has highlighted the presence of circadian rhythm 

disruptions across both the prodrome and course of mood disorders such as BD and 

MDD, the particular components of this disruption and methods used to measure this 

behaviour have remained inconsistent. Perhaps highlighting the complex nature of 

circadian rhythm and sleep, analysis of this process can often involve self-report 

questionnaire measures of chronotype, biological measures of melatonin secretion, 

genetic studies, and studies involving the use of wearable actigraph devices. In order 

to provide the best measure of longitudinal behaviour and patterns, and to also follow 

the trend of employing new technology-based remote-monitoring devices, the current 

study aims to use the latter actigraph approach to study circadian rhythms. Whilst data 

provided by such devices provide proxy markers of circadian sleep and activity, the 

frequency and time course over which data is collected, as well its perceived 

tolerability, scalability, and use in patient populations is important and noted. 
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4.2  Methods 

The current chapter focuses on analyses and results from actigraphy data collected 

as part of the COMET study, measuring rest-activity patterns. A summary of the 

particular methodology used for the collection of this data can be found in chapter 2, 

section 2.5.4. A wider description of the methodology used in the collection of mood 

data can also be found in chapter 2; as well as thorough description of overall 

participants recruited in the study in chapter 2, section 2, and overall sample 

characteristics in section 3. The remainder of this chapter will focus, thus, on 

presenting the particulars of the data collected and the analysis methods used for this 

data. 

 

4.2.1  Participants 

Out of the seventy-four participants who completed the COMET study, only those who 

had provided at least 50 days of actigraphy data, corresponding to the maximum of 

50 days of mood data collected, are included in current analyses. Sixty-two 

participants are thus included in these analyses, 31 of which are in the high MDQ 

group and 31 in the low MDQ group. 

 

4.2.2  Device and equipment 

All participants were equipped with wrist-worn GENEActiv Original actigraphs 

(ActivInsights Ltd, UK), which they wore consecutively for 28 days at a time. To 

account for the 10-week study period, participants wore three watches throughout the 

duration of the study. In order to facilitate battery life for each 28-day period, actigraph 

sampling frequency was set to 25Hz. 
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The actigraphs used contain a tri-axial accelerometer integrated in 

microelectromechanical systems and measure raw acceleration in gravitational units 

with a range of +/- 8g (1g = 9.8 m/s2). The main output measure representing 

participants’ moment-to-moment activity is the gravity subtracted signal vector 

magnitude of acceleration (Esliger et al., 2011), given by the equation: 

 

Acceleration magnitude =  (∑ √𝑥2 + 𝑦2 + 𝑧2 − 𝑔) 

 

Where x, y, and z are the three raw signals and 1g is subtracted to account for 

acceleration due to gravity. Negative values were rounded to zero, as per the 

Euclidean Norm Minus One (ENMO) (Hildebrand, van Hees, Hansen, & Ekelund, 

2014; van Hees et al., 2014). 

 

4.2.3  Data pre-processing 

Data were pre-processed using the GGIR package (van Hees et al., 2013) for R 

version 3.4.2 (R Core Team, Vienna). Only data included between the first and last 

midnight of actigraph recording were analysed for each participant. The GGIR non-

wear algorithm ensured that any suspected actigraph removals were identified and 

missing intervals imputed with the average of similar time points from other full days 

of recording. Any days with more than three hours of missing data were excluded from 

further analyses (Bromundt et al., 2011; McGowan, Goodwin, Bilderbeck, & Saunders, 

2019). 
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 4.2.3.1  Rest-activity variables 

Non-parametric circadian rhythm analysis (NPCRA) variables (Van Someren et al., 

1999) reflecting the structure of rest-activity patterns were calculated using the GGIR 

algorithm. Parameters included a marker for the average phase onset and activity 

levels for the 5-hour period of lowest activity in a given 24-hour period (L5), the 10-

hour period of greatest activity in a given 24-hour period (M10), a marker for within-day 

consolidation of rest-activity states (IV or intradaily variability), and a marker for the 

consistency of rest-activity patterns between days (IS or interdaily stability). A marker 

of amplitude strength, measuring the difference in activity between the most active 10-

hour period (M10) and least active 5-hour period (L5), was also calculated and referred 

to as Relative Amplitude (RA). The equation for RA is give below. 

 

RA =
𝑀10 − 𝐿5

𝑀10 + 𝐿5
  

 

Please see table 11 for a full description of the variables, including identification of 

their proxy marker. 
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4.2.4  Procedure 

 4.2.4.1  Actigraph set-up 

Participants were set up with their first actigraph at their screening visit. Actigraphs 

were configured using the GENEActiv software (ActivInsights Ltd, UK). For 

configuration, each participant’s height and weight were entered, and BMI calculated. 

Participants were required, where possible, to wear the device on their non-dominant 

wrist, and record of this was also entered into the configuration software. 

 

Actigraphs were given to participants to wear immediately after being configured by 

the researcher, as recording also started immediately. Participants were asked to wear 

the devices for 24 hours a day for the duration of each 28-day period. They were also 

made aware that the devices were completely waterproof and had light and activity 

sensors. 

Table 11: Description of rest-activity pattern variables, including proxy marker association. 
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Where possible, the majority of participants made separate research visits after 28 

days to return actigraphs that had ceased recording and to collect new ones. The 

same process as above was followed for these visits. 

 

Where participants were unable to make such visits, new actigraphs were configured 

by the researcher and mailed to the participant, with instructions on when and how to 

begin recording (via button press on the device). In these instances, participants 

returned all three full actigraphs to the researcher at their final study visit. 

 

 4.2.4.2  Data extraction 

Data were extracted from the actigraphs at return, using the GENEActiv software. All 

data were extracted in .bin files and stored on secure university-held servers. These 

files were then converted to .csv files, also through the same software, in order to be 

pre-processed through the GGIR package. 

 

4.2.5  Analyses 

Two data files were outputted by the GGIR pre-processing package. The first held 

overall summary data for each actigraph (across a maximum of 28 days), and the 

second included day-by-day summary measures for each actigraph. 

 

Within the overall summary output, data for L5 onset, L5 activity, M10 onset, M10 activity, 

IS and IV were included. IS and IV variables were not available in daily summary 

measures. RA was calculated for both data sets, using the equation described above. 

 



Chapter 4 | Circadian rest-activity patterns in mood instability: an actigraph study 

 

 111 

Prior to the main statistical analyses being run, demographics were explored and 

descriptive statistics presented, particularly those pertaining to actigraph recording 

and with potential relevance to rest-activity patterns such as season at study entry and 

the presence of seasonal clock/time change (BST to GMT, and vice-versa). 

 

 4.2.5.1  Overall analyses 

Independent samples t-tests were carried out on overall summary data, in order to 

investigate group differences in L5 onset, L5 activity, M10 onset, M10 activity, RA, IS 

and IV, as proxy markers of sleep and day and variability markers of sleep-rest activity 

patterns. Analyses were conducted using the SPSS software (IBM Corp, 2017). 

 

 4.2.5.2  Weekly rest-activity data 

In order to investigate the effect of time on rest-activity patterns as well as to visualise 

this potential interaction across groups, data from daily summary measures were first 

collapsed into weekly aggregate scores. Daily time stamps recorded by the actigraphs 

were used, and weekly scores across the five rest-activity variables were then 

calculated by taking the mean of scores in each 7-day window. A weekly variability 

score for each of these variables was also calculated by taking the standard deviation 

(SD) across each 7-day window. 

 

A repeated measures ANOVA was conducted using SPSS (IBM Corp, 2017) to 

analyse the effect of group (high MDQ or low MDQ; the between-subjects factor), time 

(week; the within-subjects factor), and group by time interaction for L5 onset, L5 activity, 

M10 onset, M10 activity, and RA. Separate ANOVAs were also conducted for weekly 

average and weekly variability measures within these five variables. 
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 4.2.5.3  Relationship between rest-activity patterns and 

mood 

  4.2.5.3.1  Overall summary markers 

In order to begin to understand the relationship between rest-activity patters and 

mood, correlational analyses were employed on summary data for rest-activity 

variables (L5 onset, L5 activity, M10 onset, M10 activity, RA, IS and IV) and mood20 

(positive affect and negative affect). These analyses were conducted on both average 

and variability – as measured by the SD and tRMSSD – measures of mood in order 

for the relationship between rest-activity patterns and mood experiences and instability 

to be explored. 

 

  4.2.5.3.2  Rest-activity patterns and mood across time 

Linear mixed-effects models (LMMs) were used to analyse the effect of group on the 

relationship between rest-activity patterns and mood across weeks. These analyses 

were conducted using the lme4 package (version 1.-17) (Bates, Mächler, Bolker, & 

Walker, 2015) in the R statistical programming language (R Core Team, 2019) using 

R Studio (R Studio Team, 2016). LMMs were chosen as they allow for simultaneous 

estimation of between-subjects and between-recording variance, and therefore yield 

advantages over traditional analyses of variance (Baayen, Davidson, & Bates, 2008; 

Helbing, Draschkow, & Võ, 2020; Kliegl, Wei, Dambacher, Yan, & Zhou, 2011). 

 

 
20 Please see chapter 3, section 2, for an explanation of mood scoring and analyses. 
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Two analysis models were run in order to explore this relationship over time and in 

relation to concurrent mood, and to test for group differences. Therefore, LMMs were 

defined such that group and time (LMM 1) or group and mood (LMM 2) were entered 

as fixed effects and participant ID as the random effect, resulting in: 

 

LMM 1: 

 

rest − activity variable ~ (𝑡𝑖𝑚𝑒 ×  𝑔𝑟𝑜𝑢𝑝) + 𝑚𝑜𝑜𝑑 +  (1 | 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝐼𝐷)  

 

where the interaction between group and time, controlling for mood, was tested.  

 

LMM 2: 

 

rest − activity variable ~ (𝑚𝑜𝑜𝑑 ×  𝑔𝑟𝑜𝑢𝑝) + 𝑡𝑖𝑚𝑒 + (1 | 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝐼𝐷) 

 

where the interaction between group and mood, controlling for time, was tested. 

 

All five-weekly rest-activity variables (L5 onset, L5 activity, M10 onset, M10 activity, and 

RA) were entered as dependent variables, and the relationship with mood tested 

across both domains (positive affect and negative affect). Time and mood were z-

scored in order to meet the assumptions of LMM analysis.  

 

Within these weekly measures of rest-activity patterns and mood, both absolute 

(average as measured by the mean) and variability (as measured by SD) markers 

were explored in a combination of four model designs: 
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For each LMM, estimated regression coefficients together with the t-statistic are 

presented for each of the main effects (time, group, and mood) and interaction effect 

(time by group or mood by group). P-values were calculated using Satterthwaite’s 

degrees of freedom method via the lmerTest package (version 3.1-0) (Kuznetsova, 

Brockhoff, & Christensen, 2017). 

 

  4.2.5.3.3  Group comparisons of correlation coefficients  

In order to further test this relationship over time, group comparisons using 

independent samples t-tests were carried out on correlation coefficients. Correlational 

analyses were first conducted for each individual participant’s rest-activity pattern and 

mood data. These correlation coefficients were then z-transformed, and group 

differences were explored, using the same design configuration as that used in LMM 

analyses (table 12). These analyses were run using both the R and R Studio (R Core 

Team, 2013) packages and SPSS (IBM Corp, 2017). 

 

 

Table 12: LMM designs in order to account for the relationship between absolute 

and variability markers of rest-activity patterns and mood. 
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4.3  Results 

Overall sample characteristics and demographic data can be found in chapter 2, 

section 3.1. 

 

4.3.1  Descriptive statistics 

4.3.1.1  Actigraphy demographic data 

 

Descriptive statistics specific to the sixty-two participants whose actigraphy data were 

analysed are presented in table 13. No statistically significant association between 

group and gender (X(1) = 0.07, p = .793), handedness (X(1) = 0.13 p = .718), or hand 

GENEActiv device was worn on (X(1) = 0.00, p = 1.00) was found. Further, no 

significant difference in age (t(60) = 0.35, p = .730), height (t(60) = -0.33, p = .745), 

weight (t(60) = 0.56, p = .576), and BMI (t(60) = 1.04, p = .304) between the groups 

was reported. 

 

Table 13: Demographic data for high MDQ and low MDQ groups. 
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4.3.1.2  Seasons at study entry 

 

Table 14 and fig. 18 present the number of participants who entered the study during 

each of the four seasons. No statistically significant association between group and 

season at study entry, X(3) = 3.88, p = .275, was found. 

 

 

Table 14: Seasons at study entry. Number of high MDQ and low MDQ 

participants shown. 

Figure 18: Seasons at study entry. Proportion of high MDQ and low MDQ 

participants shown. 
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4.3.1.3  Clock/time change 

 

Table 15 and fig. 19 show the number of participants who took part in the study during 

a seasonal time change, either from British Summer Time (BST) to Greenwich Mean 

Time (GMT) or vice-versa. There was no statistically significant association between 

group and seasonal clock change, X(1) = 0.07, p = .798. 

 

 

Table 15: Participants who experienced a time change during participation in the 

COMET study. 

Figure 19: Proportion of participants who experienced a seasonal time 

change. 
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4.3.1.4  Observations 

 

Descriptive statistics for the average number of days and weeks of actigraphy data 

recorded in the high MDQ and low MDQ groups are shown in table 16. 

 

A Shapiro-Wilk test indicated that the number of days of actigraphy data recorded did 

follow a normal distribution for the high MDQ group (W(31) = 0.98, p = .736) and low 

MDQ group (W(31) = 0.95, p = .170). Thus, parametric tests were conducted to test 

for group differences in the number of daily recordings. A Shapiro-Wilk test indicated 

however, that the number of weeks of actigraphy data did not follow a normal 

distribution for both the high MDQ (W(31) = 0.88, p = .002) and low MDQ (W(31) = 

0.90, p = .007) groups, and so non-parametric tests were conducted to test for group 

differences in this data. 

 

An independent samples t-test indicated that there was no significant difference in the 

number of days of actigraphy data recorded between the groups, t(60) = 0.29, p = .774 

(fig. 20, left). A Mann-Whitney test also indicated that there was no significant 

difference in the number of weeks of actigraphy data recorded between the groups, U 

= 467.00, p = .842, r = -.00 (fig. 20, right). 

 

 

Table 16: Number of observations (days/weeks). Averages and spread included. 
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4.3.2  Overall rest-activity data 

 

Table 17 presents overall average and variability data for each of the seven rest-

activity variables (L5 onset, L5 activity, M10 onset, M10 activity, RA, IS, and IV) across 

Table 17: Overall rest-activity markers as measured by actigraphs. 

Averages and standard deviations (SD) are shown. Mean L5 onset and 

M10 onset are shown as 24-hour times. * p < .05, ** p < .01 

Figure 20: Distribution of actigraphy data in days (left). Distribution of actigraphy data in 

weeks (right). 
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groups. Shapiro-Wilk tests carried out on these data showed that the majority of 

distributions were normal21. 

 

High MDQ participants had lower M10 activity and RA, both of which were significantly 

different (M10 activity: t(60) = -2.96, p = .004; RA: t(60) = -2.33, p = .023) (fig. 21). 

 

No statistically significant group differences in L5 onset (t(60) = -0.44, p = .659), L5 

activity (t(60) = 0.04, p = .966), M10 onset (t(60) = 0.72, p = .473), IS (t(60) = -1.59, p 

= .118), and IV (t(60) = -0.88, p = .383) were found (figs. 22 to 24). 

 

 

 

 
21 Please see appendix 4.1 for the full set of Shapiro-Wilk test results for this data. 

Figure 21: Overall M10 activity between groups (left). Overall RA between groups (right). 

* p < .05, ** p < .01 
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Figure 22: Overall L5 onset between groups (left). Overall L5 activity between groups (right). 

Figure 23: Overall M10 onset between groups (left). Overall IS between groups (right). 

Figure 24: Overall IV between groups. 
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4.3.3  Weekly rest-activity data 

4.3.3.1  L5 onset 

 

Results revealed no significant main effect of group on average (F(1, 37) = 0.75, p = 

.391) or variability (F(1, 31) = 0.01, p = .937) in L5 onset across the 10-week period. 

Whilst no main effect of time was also found for average L5 onset (F(6.40, 236.95) = 

0.97, p = .448)22 (fig. 25, left), a significant main effect of time was found for variability 

in L5 onset (F(6.57, 203.79) = 2.37, p = .026)23 (fig. 25, right). 

 

There was no significant group by time interaction for both average (F(6.40, 236.95) = 

1.01, p = .424) and variability (F(6.57, 203.79) = 1.20, p = .304) in L5 onset. 

 

 

 

 
22 Sphericity violated: Mauchly’s W = .13, p < .01. Greenhouse-Geisser correction used, ε = .71. 
23 Sphericity violated: Mauchly’s W = .08, p = .006. Greenhouse-Geisser correction used, ε = .73. 

Figure 25: Average L5 onset across weeks (left). Variability in L5 onset across weeks 

(right). Error bars represent  1 SEM. 
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4.3.3.2  L5 activity 

 

No statistically significant main effect of group or time was found in average (group: 

F(1, 37) = 1.08, p = .304; time: F(3.43, 126.91) = 1.17, p = .32524) (fig. 26, left) or 

variability (group: F(1, 31) = 0.06, p = .813; time: F(5.35, 165.87) = 0.47, p = .80925) 

(fig. 26, right) in L5 activity across the 10-week period. 

 

There was also no significant group by time interaction for average (F(3.43, 126.91) = 

0.85, p = .483) and variability (F(5.35, 165.87) = 1.67, p = .141) in L5 activity. 

 

 
24 Sphericity violated: Mauchly’s W = .01, p < .001. Greenhouse-Geisser correction used, ε = .38. 
25 Sphericity violated: Mauchly’s W = .03, p < .001. Greenhouse-Geisser correction used, ε = .60. 

Figure 26: Average L5 activity across weeks (left). Variability in L5 activity across weeks 

(right). Error bars represent  1 SEM. 



Chapter 4 | Circadian rest-activity patterns in mood instability: an actigraph study 

 

 124 

4.3.3.3  M10 onset 

 

No statistically significant main effect of group or time was found in average (group: 

F(1, 37) = 0.03, p = .864; time: F(6.01, 222.27) = 0.67, p = .67726) (fig. 27, left) or 

variability (group: F(1, 31) = 0.73, p = .399; time: F(9, 279) = 1.43, p = .174) (fig. 27, 

right) in M10 onset across the 10-week period. 

 

There was also no significant group by time interaction for average (F(6.01, 222.27) = 

0.57, p = .758) and variability (F(9, 279) = 0.29, p = .977) in M10 onset. 

 

 
26 Sphericity violated: Mauchly’s W = .15, p < .05. Greenhouse-Geisser correction used, ε = .67. 

Figure 27: Average M10 onset across weeks. (left). Variability in M10 onset across 

weeks (right). Error bars represent  1 SEM. 
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4.3.3.4  M10 activity 

 

A significant main effect of group was found such that high MDQ participants had lower 

average M10 activity levels than low MDQ participants (F(1, 37) = 4.70, p = .037). No 

significant main effect of group was found for variability in M10 activity (F(1, 31) = 1.97, 

p = .170). No significant main effect of time was found in both average (F (4.89, 

180.75) = 1.05, p = .38727) (fig. 28, left) and variability (F(4.68, 144.96) = 0.86, p = 

.50528) (fig. 28, right) in M10 activity. 

 

There was also no significant group by time interaction for average (F(4.89, 180.75) = 

1.62, p = .160) and variability (F (4.68, 144.96) = 0.53, p = .741) in M10 activity. 

 

 

 

 

 

 
27  Sphericity violated: Mauchly’s W = .03, p < .001. Greenhouse-Geisser correction used, ε = .54. 
28  Sphericity violated: Mauchly’s W = .03, p < .001. Greenhouse-Geisser correction used, ε = .52. 

Figure 28: Average M10 activity across weeks (left). Variability in M10 activity across 

weeks (right). Error bars represent  1 SEM. 
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4.3.3.5  RA 

 

No statistically significant main effect of group or time was found in average (group: 

F(1, 37) = 1.07, p = .308; time: F(4.46, 164.93) = 1.08, p = .37129) (fig. 29, left) or 

variability (group: F(1, 31) = 0.81, p = .377); time: F(5.33, 165.29) = 0.70, p = .63030) 

(fig. 29, right) in RA across the 10-week period. 

 

There was also no significant group by time interaction for average (F(4.46, 164.93) = 

0.98, p = .425) or variability (F(5.33, 165.29) = 0.96, p = .447) in RA. 

 

 

 

 

 

 

 
29 Sphericity violated: Mauchly’s W = .02, p < .001. Greenhouse-Geisser correction used, ε = .50. 
30 Sphericity violated: Mauchly’s W = .07, p = .005. Greenhouse-Geisser correction used, ε = .59. 

Figure 29: Average RA across weeks (left). Variability in RA across weeks (right). Error 

bars represent  1 SEM. 
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4.3.4  Actograms 

 
Representative example actograms displaying 24-hour activity patterns in three high 

MDQ and three low MDQ participants are shown in figure 30. 

 

Actograms from individuals in the low MDQ group (D-F) show clear distinctions in 

activity levels during rest (L5) and activity (M10) periods, or night and day. More striking 

are the activity patterns of high MDQ participants (A-C) that show significant 

reductions in both daytime activity (M10) and thus, relative amplitude (RA). A high MDQ 

participant with particularly low RA and daytime activity (M10 activity) can be seen in 

C, with the median representation shown in A. 
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Figure 30:  Representative actograms of rest-

activity patterns. Visual inspection of double-

plotted 24-h actograms generated from 

participants’ rest-activity patterns reflect the 

characteristic differences detected between study 

groups. Shaded portion of scale bar represents 

interval between 00:00 and 08:00 h as a reference 

guide. Actograms were generated using 

ActogramJ (http://actogramj.neurofly.de/). 

http://actogramj.neurofly.de/
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4.3.5   Relationship between rest-activity patterns and mood 

4.3.5.1  Correlations between overall rest-activity markers 

and mood 

 

 

As can be seen from table 18, M10 activity and IV were significantly associated with 

variability (as measured by tRMSSD) in positive affect in the high MDQ group. 

However, Fishers Z test revealed that these were not significantly different from the 

low MDQ group (M10 activity: z = 0.89, p = .374; IV: z = 0.94, p = .437). 

 

It should also be noted that none of these correlations survived a Bonferroni adjusted 

p-value of .001. 

 

 

 

Table 18: Pearson Product-Moment correlation coefficients of the overall rest-activity variables with 

mood (average and variability as measured by SD and tRMSSD) between groups.  

* p < .05, ** p < .01 
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 4.3.5.2  Rest-activity patterns and mood across time 

(LMMs): Group differences in the relationship between rest -

activity patterns and time, controlling for mood (LMM 1)  

  4.3.5.2.1  L5 onset 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 19: Results of the linear mixed-effects model (LMM) for 

L5 onset with group by time interactions, including estimated 

regression coefficients together with the t-statistic. * p < .05 
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Table 19 reveals a significant group by time interaction for L5 onset, controlling for 

average and variability in mood across the domains of positive affect and negative 

affect. Thus, high MDQ participants differ from low MDQ participants in their L5 onset 

over time, over and above differences in absolute mood and mood instability. 

 

Results also show a significant main effect of time on variability in L5 onset, controlling 

for average and variability in mood and group, such that time accounts for changes in 

variability in L5 onset over and above differences in group and mood (both absolute 

mood and mood instability). 

 

No statistically significant main effect of group, controlling for both average and 

variability in mood, on average and variability in L5 onset was found. Also, no 

significant effect of mood (average and variability) on average and variability in L5 

onset was found. 
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  4.3.5.2.2  M10 activity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As can be seen from table 20, there was a significant main effect of group on average 

M10 activity, controlling for both average and variability in mood across the domains of 

positive affect and negative affect, and time. Therefore, high MDQ participants differ 

Table 20: Results of the linear mixed-effects model (LMM) for 

M10 activity with group by time interactions, including 

estimated regression coefficients together with the t-statistic. 

* p < .05, ** p < .01 
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from low MDQ participants in their levels of M10 activity over and above differences in 

mood (both absolute mood and mood instability) and time. 

 

No significant main effect of time, controlling for average and variability in mood, and 

group by time interaction, again controlling for average and variability in mood, on 

average M10 activity was found. Furthermore, there was no significant effect of mood, 

across average and variability in positive affect and negative affect, on average M10 

activity. 

 

No statistically significant effect of group, time, or group by time interaction, controlling 

for average and variability in mood, on variability in M10 activity were found. The effect 

of average and variability in mood on variability in M10 activity was also not significant. 

 

  4.3.5.2.3  Other rest-activity variables 

No statistically significant effects of group, time, or group by time interaction, 

controlling for average and variability in mood, on both average and variability in L5 

activity, M10 onset, and RA were found. Similarly, no effect of mood on these rest-

activity variables were found. Please see appendix 4.2 for a full break down of the 

statistics for these variables. 
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4.3.5.3  Rest-activity patterns and mood across time (LMMs): 

Group differences in the relationship between rest -activity 

patterns and mood, controlling for time (LMM 2)  

4.3.5.3.1  L5 onset 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 21: Results of the linear mixed-effects model (LMM) for L5 

onset with group by mood interactions, including estimated 

regression coefficients together with the t-statistic. * p < .05 
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Table 21 reveals a significant main effect of time on variability in L5 onset, controlling 

for variability in mood and group, such that time accounts for changes in variability in 

L5 onset over and above differences in group and mood instability. 

 

No statistically significant main effect of group, mood, or group by mood interaction, 

controlling for time, on average and variability in L5 onset was found. Also, no 

significant effect of time on average L5 onset was found. 

 

4.3.5.3.2  L5 activity 
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Table 22 reveals a significant main effect of time on average L5 activity, controlling for 

average mood and group, such that time accounts for changes in average L5 activity 

over and above differences in group and absolute mood. 

 

Results also show a significant mood variability by group interaction for average L5 

activity, as well as main effects of time and variability in mood. Thus, whilst both mood 

instability and time account for average L5 activity levels, high MDQ participants differ 

from low MDQ participants in their relationship between mood instability and average 

L5 activity. 

 

No statistically significant effects of group, mood, or group by mood interaction, 

controlling for time, on variability in L5 activity were found. The effect of time on 

variability in L5 activity was also not significant. 

 

 

 

 

 

 

 

Table 22: Results of the linear mixed-effects model (LMM) for 

L5 activity with group by mood interactions, including 

estimated regression coefficients together with the t-statistic. 

* p < .05 
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4.3.5.3.3  M10 activity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As can be seen from table 23, there was a significant main effect of group on average 

and variability in M10 activity, controlling for both time and mood. Therefore, high MDQ 

participants differ from low MDQ participants in their levels of M10 activity over and 

above differences in time and mood. 

Table 23: Results of the linear mixed-effects model (LMM) for 

M10 activity with group by mood interactions, including 

estimated regression coefficients together with the t-statistic.  

* p < .05, ** p < .01 
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Results also show a significant variability in positive affect by group interaction, such 

that high MDQ participants differ from low MDQ participants in their relationship 

between positive mood instability and average M10 activity. 

 

No statistically significant effects of group, mood, or group by mood interaction, 

controlling for time, on variability in M10 activity were found. The effect of time on 

variability in M10 activity was also not significant. 
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4.3.5.3.4  RA 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 
 

 

 

 

As can be seen from table 24, there was both a significant main effect of variability in 

mood, controlling for time, and variability in mood by group interaction for average RA. 

Therefore, whilst instability in positive and negative affect accounts for average RA 

Table 24: Results of the linear mixed-effects model (LMM) for RA 

with group by mood interactions, including estimated regression 

coefficients together with the t-statistic. * p < .05, ** p < .01 
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over and above time, high MDQ participants differ from low MDQ participants in their 

relationship between mood instability and average RA. 

 

Results also show a significant main effect of both average and variability in negative 

affect, controlling for time, on variability in RA. Additionally, there was a significant 

negative affect (both average and variability) by group interaction for variability in RA. 

Thus, whilst both absolute negative affect and instability in negative affect accounts 

for variability in RA, over and above time, high MDQ participants differ from low MDQ 

participants in their relationship between negative mood (both absolute and instability) 

and variability in RA. 

 

4.3.5.3.5  Other rest-activity variables 

No statistically significant effects of group, mood, or group by mood interaction, 

controlling for time, on both average and variability in M10 onset were found. Similarly, 

no effect of time on M10 onset was found. Please see appendix 4.2 for a full break 

down of the statistics for this variable. 

 

4.3.5.4  Group comparisons of correlation coefficients  
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As illustrated in table 25, there was no significant group difference in weekly correlation 

coefficients between average rest-activity variables (L5 onset, L5 activity, M10 onset, 

M10 activity, and RA) and average mood (positive affect and negative affect). 

 

 

Table 26 shows significant group differences in weekly correlation coefficients 

between average M10 onset and variation in positive affect (t(59) = -2.33, p = .023), 

and average RA and variation in negative affect (t(58) = 2.82, p = .007). 

 

Table 25: Average Pearson Product-Moment correlation coefficients between average 

rest-activity variables and average mood across time. 

Table 26: Average Pearson Product-Moment correlation coefficients between average 

rest-activity variables and variability (as measured by SD) in mood across time. 

* p < .05, ** p < .01 
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Table 27 shows a significant group difference in weekly correlation coefficients 

between variation in M10 onset and average negative affect, t(58) = 2.14, p = .037. 

 

 

As can be seen from table 28, there was a significant group difference in weekly 

correlation coefficients between variability in RA and variability in negative affect, t(58) 

= -2.18, p = .033. 

 

It should be noted that significant results did not survive a Bonferroni adjusted alpha 

level of .003 across comparisons (tables 25-28). 

 

 

Table 27: Average Pearson Product-Moment correlation coefficients between 

variability in rest-activity variables (as measured by SD) and average mood across 

time. * p < .05 

Table 28: Average Pearson Product-Moment correlation coefficients between 

variability in rest-activity variables and variability in mood across time, as measured 

by SD. * p < .05 
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4.4  Discussion 

Individuals in the high MDQ group who also went on to show significant mood 

instability had a notably lower amplitude of circadian rhythm, signalling an association 

between mood instability and lower differentiation between day and night activity. 

Delving into this further, this lowering of amplitude seemed to be driven by the fact that 

high MDQ participants are less active during the day, compared to those in the low 

MDQ group. When considering concurrent ratings of mood, a number of interesting 

observations were made, suggesting that while the oscillating nature of mood 

instability has a role to play in predicting and regulating circadian rhythms, the degree 

to which its individual rest and activity components are affected may be further 

influenced by the severity of mood instability.  

 

This close relationship between circadian patterns, mood instability, and MDQ 

grouping was noted in markers of daytime activity and relative amplitude where 

absolute group differences had already been noted, such that the high MDQ group 

differed from the low MDQ group in their association with daytime activity and mood 

instability in the positive affect domain, while the combined influence of mood 

instability in both the positive and negative affect domains seemed to interact with 

relative amplitude to a differing degree in the high MDQ group compared to the low 

MDQ group. These more complex relationships were also discovered in markers of 

sleep which, whilst not significantly different between groups, showed that time 

significantly accounted for sleep onset and activity differences between the groups, 

with activity differences also being driven by the interaction between high MDQ 

grouping and mood instability. Taken together, these results support the hypothesis of 
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greater disruption in circadian rest-activity patterns in the high MDQ group, but also 

demonstrate the complexities and nuances of this relationship with mood instability.  

 

The finding of dampened circadian relative amplitude confirms what is seen in other 

studies involving both patients with BD and MDD (e.g. Burton et al., 2013; Rock et al., 

2014). Whilst confirming the role of circadian rhythm disruption in mood disorders, this 

effect also begins to suggest a wider disturbance in the mechanism responsible for 

regulating the cycle of daytime and night-time activity. However, it seems that the 

particular process by which this occurs varies greatly. Currently I find that lowered 

daytime activity with no disruption in sleep, is the driving force behind this amplitude 

effect, whilst the majority of previous literature has reported significant disruptions in 

sleep. Although it is true that these two mechanisms work together – that higher levels 

of activity during sleep or rest periods often lead to lower levels of activity during the 

day – the fact that we did not see this pattern can indicate a number of things.  

 

Firstly, the majority of previous research into this effect has included relatively short 

periods of monitoring (usually around 2 weeks, e.g. Rock et al., 2014). As the current 

COMET study monitored participants over 10 weeks in order to more accurately 

capture the dynamic nature of mood instability across time, suggests that any sleep 

disruptions previously noted could be relatively acute and thus, that lowered 

movement during the day may be more typical of the mood disorder phenotype. 

Secondly, varied results may also inform us of the nature of sleep monitoring using 

wearable actigraph devices. Whilst we know that these devices are sensitive to body 

movement measured on the x, y, and z planes, it is often noted that monitoring sleep 

via such proxy markers is problematic for its derivative nature (McGowan et al., 2019). 
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Although this is somewhat overcome by more nuanced measures such as the 

measurement of melatonin secretion, polysomnography, and sleep diaries, the fact 

that the current study did not find such effects on sleep in a relatively large and 

longitudinal sample also suggests that the experience of sleep disruption may present 

in acute and more severe forms of illness. Nevertheless, the finding of lowered daytime 

activity in the high MDQ group, without associated disruptions in sleep, present 

interesting implications for our understanding of mood disorders. 

 

Along with low mood, prolonged fatigue, a lack of energy, and changes in movement 

and psychomotor retardation are long established components of depression 

(Buyukdura, McClintock, & Croarkin, 2011). This change in movement, often 

presenting as a result of a cluster of associated symptoms, is particularly important to 

acknowledge given current findings. Considering previous analysis of mood in our 

current sample (see chapter 3), we know that as well as showing mood instability, the 

current high MDQ group are also significantly higher in absolute negative mood. Taken 

together, this finding of significantly lower levels of movement and activity during the 

day, a symptom we know is often associated with depressed episodes, further 

suggests an overall depressed mood in this group. Thus, regardless of the experience 

of mood instability, combined analysis here suggests that the high MDQ group were 

displaying two distinct and objective symptoms of depression over the 10-week study 

period, both (a) absolute low mood, and (b) lower levels of movement or activity during 

the day. 

 

Despite this further evidence for overall depressed mood, it is again difficult to tease 

apart whether this is a wider feature of the prodrome or course of BD, and thus a BD 
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depressive episode, or an indication of MDD. We know from clinical observations that 

mood instability is a feature of a range of disorders, including both BD and MDD 

(Broome et al., 2015), and the high MDQ group include a number of participants who 

also meet diagnostic criteria for MDD as well as BD (see chapter 2). Nonetheless, 

given that diagnostic criteria for many psychiatric disorders, including BD and MDD, 

are not necessarily biologically distinct, and that mood instability is core to both, it is 

not surprising that current findings of lowered circadian relative amplitude and daytime 

activity persist outside of clear clinical or functional impairment. Instead, current 

findings of such circadian rhythm disruptions during the experience of mood instability 

further strengthen the notion of this instability, and its associated behavioural profile, 

as a transdiagnostic marker across mood disorders. 

 

When exploring the temporal relationship between mood and rest-activity markers, we 

were able to uncover a more nuanced relationship that highlighted the complexities in 

regulating mood and circadian patterns. Relative amplitude – the differentiation marker 

that takes into consideration measurements of both daytime and night-time, or rest-

activity period, activity – is key here. The finding that mood instability, particularly in 

negative affect, predicted both absolute relative amplitude and variability, or stability, 

in relative amplitude, over and above time, and that it also showed differences in 

dynamic association with group, suggests that a common mechanism underlying 

regulation between rest and activity periods, and mood, may be at play. For instance, 

an overarching homeostatic mechanism may be responsible for both regulating mood 

and the balance of daily circadian rest-activity patterns, thus suggesting that a 

disruption in this mechanism may cause dysregulation in these downstream 

symptoms. 



Chapter 4 | Circadian rest-activity patterns in mood instability: an actigraph study 

 

 147 

 

When delving into the individual components of this circadian amplitude marker, 

results further the presence of a differing relationship between the high MDQ and low 

MDQ groups in relation to daytime and night-time activity markers and mood instability, 

albeit to a differing degree to those seen in the relative amplitude domain. Namely, the 

high MDQ group differed from the low MDQ group in their association between night-

time activity and mood instability in both the positive and negative affect domains, 

while daytime activity showed a differing association with instability in only positive 

affect between the groups. However, the fact that this differing association between 

mood instability and group became clearer in reference to a circadian amplitude 

marker highlights the importance of considering disruptions in both rest and activity 

periods in tandem. When considering these temporal findings as part of the wider 

group results, we thus see that high MDQ participants have lowered levels of relative 

amplitude which shows particular association with mood instability, and is in turn 

driven by lower levels of daytime activity in the high MDQ group and a closer 

relationship between sleep and mood instability also in this group. 

 

This pattern of results lends further to those reported in patients with mood disorders. 

It may be that disruptions in daytime activity are some of the initial symptoms of mood 

dysregulation, resulting perhaps as a consequence of mood instability primarily in the 

positive affect domain, but it is the more objective experience of sleep rhythm 

disruption that is indicative of worsening mood instability encompassing both positive 

and negative affect, and mood disorder (Lyall et al., 2018; Ng et al., 2015). Whilst 

additional research is needed in order to further replicate and explore this putative link 

in those with mood instability both with and without mood disorders, distinct differences 
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in these rhythms between groups discernible by their experiences of mood instability, 

as well as close association between these circadian patterns and mood instability 

across a longitudinal temporal scale, highlights the complex nature of mood instability 

and related dynamic processes. 

 

Therefore, a clear understanding of the profile of mood instability, combining an 

investigation of the neural basis in addition to the clinical and behavioural ones 

established thus far, will enable us to draw more concrete connections with the clinical 

and behavioural presentation of mood instability in BD and MDD, and may aid us in 

better distinguishing between the distinct experiences of depression and mania that 

characterise their course. Subsequent chapters aim to do just this – by first 

establishing the distinct functional connectivity patterns that present during mood 

instability, and by then going on to explore how dynamic changes in these networks 

associated with changeability in mood may present evidence of an underlying 

disruption in neural homeostatic mechanisms to regulate mood and associated 

behaviours, such as those of circadian rest-activity patterns. 

 

The current findings also present interesting implications for the utility of monitoring 

circadian rest-activity patterns in mood disorders. As noted, and despite the fact that 

the sample were not formally diagnosed and reported no functional impairment, 

distinct rest-activity patterns were reported and highlighted significant disruptions in 

circadian rhythms. The sensitivity of this finding shares features with other studies in 

both at-risk groups (Rock et al., 2014), and patient groups such as McGowan et al. 

(2019). In particular, this latter study used longitudinal monitoring to show distinct 

differences in the rest-activity patterns of patients with mood instability and a diagnosis 
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of BD or borderline personality disorder (BPD). Using GENEActiv actigraphs, the 

researchers were able to show that BPD patients had notably phase delayed circadian 

rest-activity patterns compared to BD patients, who in turn showed a significantly 

different profile of activity involving lower levels of rhythm fragmentation compared to 

healthy controls. Taken together, these results were able to demonstrate the value of 

such longitudinal monitoring in patient groups who experience substantial clinical 

overlap and misdiagnosis, and in combination with current findings employing the 

same measurement techniques, highlights the distinct profile of circadian rest-activity 

patterns that present with differing experiences of mood instability. 

 

Building on this, the monitoring of circadian rest-activity patterns may present useful 

clinical implications for clinicians and patients, and indeed those who are at-risk for 

mood disorders. If we are able to use experimental findings, such as the current ones, 

to identify distinct circadian profiles across sub-clinical and diagnostic categories, 

outcomes can inform us of targets for behavioural intervention that may alleviate 

symptoms and regulate mood. Studies into the benefits of exercise as an adjunct 

treatment for mood disorders (e.g. Hearing et al., 2016) are in line with this, particularly 

in the mechanism by which it has been shown to both reduce depression and increase 

positive affect (Bartholomew, Morrison, & Ciccolo, 2005). Therefore, future studies 

could also incorporate behavioural interventions into the longitudinal monitoring of 

mood, circadian rhythms and underlying neural instabilities in order to better determine 

the particular mechanisms by which behavioural changes may contribute to mood 

regulation. 
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Mood instability is associated with distinct differences in circadian rest-activity rhythms 

and sensitive patterns of changeability in these clinical and behavioural domains 

across time. Despite the fact that findings provide further support for low or depressed 

mood in our sample characterised by mood instability by showing notably lower levels 

of daytime activity as the motivation for differences in circadian relative amplitude, the 

value of such findings particularly given their close relationship to dynamic mood 

instability, is important. Overall, the two branches of results – those that identify 

significant differences in patterns across high MDQ and low MDQ groups, and those 

that implicate the concurrent monitoring of mood instability to the dynamic nature of 

these patterns across time – provide evidence for shared imbalances in underlying 

homeostatic mechanisms. It is hoped that further research to identify the neural basis 

of this homeostatic mechanism may help to better understand the unique and distinct 

ways imbalance in such regulatory systems may lead to mood disorders. 
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Chapter 5 | Exploring resting-state functional 
connectivity patterns in mood instability 
 

5.1  Introduction 

Whilst advances have been made in understanding the clinical, behavioural, and 

cognitive profile of mood disorders, many questions around its pathophysiology, or 

neurobiological basis, still remain. The use of functional magnetic resonance imaging 

(fMRI) methods, however, can help to elucidate the underlying neurobiology (Vargas 

et al., 2013), paving the way for more nuanced analyses of mood disorders that are 

rooted in neuroscience. Owing to the large amount of clinical and behavioural overlap 

between mood disorders such as BD and MDD, this understanding of the 

neurobiological mechanisms may help to distinguish between disorders, predict onset 

and severity, and inform us of novel targets for therapeutic intervention. In addition, 

and due to a current lack of such investigation in mood instability, a consideration of 

the pathophysiology of BD and MDD can also aid us in determining the overarching 

and shared neural homeostatic mechanisms that may be disrupted. 

 

Many studies utilising functional MRI methods in mood disorders have focused on 

task-dependent functional connectivity in order to assess the neurobiological 

processes that are active in response to cognitive and affective demands. Whilst 

results from these studies have shed some light on the neural circuits involved in mood 

disorders, findings have often lacked consistency due to differing scanning 

techniques, variations in study protocols, and sample characteristics that may be 

influenced by scar effects of repeated mood episodes, medication use, and the 

experience of comorbidities. Additionally, neural circuits identified via this method are 
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also restricted to brain regions activated as a result of neuropsychological demands, 

and thus, often lack generalisability about the overall functioning of the brain in mood 

disorders. 

 

Instead, resting functional MRI is increasingly employed to measure the basal activity 

of the brain unrelated to cognitive performance, and has been shown to represent 

functional connectivity networks of the brain that may be distinct and intrinsic to certain 

disorders (Van Den Heuvel & Pol, 2011). Functionally relevant and distinct resting 

state networks (RSNs) in the brain are identified from patterns of spatial and temporal 

coherence in spontaneous functions in BOLD MRI signal (Biswal, Zerrin Yetkin, 

Haughton, & Hyde, 1995). Analyses of such data can be conducted in a number of 

different ways, with researchers often exploring the temporally and spatially distinct 

whole brain components that underlie RSNs activated in psychiatric samples using an 

independent components analysis (ICA), as well as seed-based analysis that uses a-

priori defined regions of interest (ROIs) to investigate specific associations with all 

other voxels in the entire brain.  

 

These static methods are particularly advantageous in the study of complex and 

heterogenous disorders such as BD and MDD, and also allows simultaneous 

exploratory and hypothesis-driven analyses to be carried out in order to more 

comprehensively investigate the intricacies of functional connectivity. While this 

method can also be subject to the limitations inherent in task-based functional 

connectivity discussed above (e.g., variations in study protocols and clinical sample 

characteristics), its strong reliability is important to note. In studies of test-retest 

reliability, resting-state fMRI has consistently been shown to be reliable across a 
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number of commonly reported RSNs (default, control, and attention), a number of 

analysis metrics (including ICA) (Noble, Scheinost, & Constable, 2019; Zuo & Xing, 

2014), and in comparison to task-functional MRI measures with the goal of biomarker 

discovery (Cao et al., 2014; Elliott et al., 2020). 

 

In order to explore these functional connectivity networks at rest, participants are 

required to remain awake yet to rest with their eyes closed, or to alternatively gaze at 

a fixation cross if presented, during the fMRI scan (Williamson & Allman, 2012). 

Despite the fact that such sequences are commonly added to study scanning 

protocols, results from such data, particularly when considering mood disorders, are 

still in their infancy. Therefore, a consideration of neural circuits and functional 

connectivity identified during task-based fMRI, combined with those at rest, can aid us 

in understanding the particular neurobiological mechanisms that may be at play during 

differing mood symptoms over the course of disorders such as BD and MDD, and may 

also guide us in predicting the shared neural characteristics that define mood 

instability. 

 

In task-based fMRI scans measuring cognitive affective processing, abnormalities are 

usually found in limbic structures including the amygdala and hypothalamus, and in 

regions of the prefrontal cortex (PFC) including the orbital and medial prefrontal cortex 

(OMPFC), as well as various connections between the two (Price & Drevets, 2012) 

across both MDD and BD, accounting for most major mood-related symptoms. Delving 

into this further, MDD patients are reported to have increased activation in the 

amygdala, orbitofrontal cortex (OFC), and PFC when showing attentional biases 

towards negative facial expressions (Wagner et al., 2004), areas known to be involved 



Chapter 5 | Exploring resting-state functional connectivity patterns in mood instability 

 

 154 

in emotional processing and executive functions. The severity of depressive 

symptoms in these patients is also known to be associated with increased activation 

in limbic areas such as the hippocampus, insula, and anterior cingulate cortex (ACC) 

during the processing of negative facial expressions (Anand et al., 2005; Elliott et al., 

2011; Lee et al., 2008), and it is this effect that has also been reported in BD. 

 

In their systematic review and meta-analysis of the neural correlates of emotional 

processing in BD and MDD, Delvecchio et al. (2012) argued that increased limbic 

engagement, particularly involving the parahippocampal gyrus and amygdala, formed 

part of the core phenotype of cognitive affective processing in mood disorders, but that 

clear distinctions in regions existed. For instance, BD, but not MDD, was associated 

with reduced activation in the ventrolateral PFC, an area known to be involved in 

inhibitory control. As difficulties with inhibition, particularly within manic episodes, is a 

core feature of the disorder, this suggests that processing in this region and its 

associated circuits is specific to the experience of BD (Cerullo et al., 2009; Chen et 

al., 2006). In a similar fashion, increased activation in the thalamus, particularly the 

pulvinar, was found to be associated with BD rather than MDD while processing 

negative facial expressions. As this particular “higher order” region is known to have 

various cortical connections (Pessoa & Adolphs, 2010), it has been proposed that 

overamplification towards emotionally salient information helps to explain the 

difficulties in fluctuating mood in BD, while the suppression of activation in the same 

region during the processing of positive facial expressions in MDD points to the 

dampening of reactivity towards positive information associated with depression 

(Rottenberg et al., 2005). A combination of connections between these cortical, 

striatal, and thalamic regions are also known to be intrinsically related to reward 
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processing, a core yet differential cognitive symptom in mood disorders, and 

particularly implicates regions such as the caudate nucleus (Abler et al., 2008; 

Giuseppe Delvecchio et al., 2012) and basal ganglia (Abler et al., 2008; Hwang et al., 

2006; Strakowski et al., 2005; Strakowski et al., 2002). 

 

Thus, there is increased evidence implicating particular neural circuits, often in 

differential ways so as to differentiate between specific mood disorders in the domain 

of cognitive affective processing using task-dependent fMRI techniques. However, the 

observation that these cognitive affective difficulties are often core to the experience 

of mood disorders – for example the overlap between negative biases and rumination 

in depression, or between reward processing abnormalities and impulsivity in mania – 

suggests that the associated neural circuits could also be differentially connected 

outside of task demands, or at rest. 

 

This consistency in patterns, suggesting an overarching pathophysiological marker, 

has been reported in resting-state fMRI studies in MDD. Wang and colleagues (2012) 

commented on the robust nature of findings involving cortico-limbic structures in MDD, 

such that abnormal connectivity in regions such as the thalamus and amygdala were 

thought to represent the persistent and core feature of negative biases and 

maladaptive emotional perception in depressed patients. Further, the consistent 

finding of abnormal connectivity in the default mode network (DMN) in these patients, 

including within the regions of the PFC and cingulate cortex, also begins to highlight a 

differential marker of functional connectivity associated with mood disorders. When 

contrasting these findings with those seen in patients with BD, researchers have again 

reported overall markers of functional connectivity disruption in BD, and have 
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highlighted differential patterns in such connectivity that may distinguish between BD 

and MDD. For instance, Marchand et al. (2013) found increased connectivity between 

the posterior cingulate cortex (PCC) and regions involving the insula in BD patients 

compared to MDD, and this association was modulated by severity of depressive 

symptoms and current suicidal ideation. In a similar fashion, Anand et al. (2009) 

reported overall abnormalities in cortico-limbic functional connectivity in BD patients 

that was in line with that seen in MDD, but that the severity of this association seemed 

to distinguish BD from MDD. These studies suggest that such functional neuroimaging 

techniques are able to characterise the similarities and differences between neural 

connectivity and pathophysiology in mood disorders and could thus, lead to the 

development of diagnostic procedures that may aid us in differentiating between their 

clinical presentations. However, a more thorough understanding of functional 

connectivity in mood disorders, particularly within the experience of BD characterised 

by changeability in affect, can shed light on the particular neural mechanisms that 

underlie mood instability. 

 

In their systematic review of resting state functional MRI studies in BD, Vargas and 

colleagues (2013) found a similar pattern of connectivity to that found in task-

dependent data. For instance, BD patients were consistently reported to show 

differential patterns of functional connectivity in the PFC with the ACC and limbic areas 

including the amygdala, insula, and thalamus (Anand et al., 2009; Chepenik et al., 

2010) compared to healthy controls. However, variations in the nature of connectivity 

was also reported, such that some studies found increased connectivity between 

these regions (Anticevic et al., 2013), whilst others instead found it to be decreased 

(Anand et al., 2009). Further, differences in the patterns of connectivity were often 
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noted within patients, such that patients in a depressive episode differed from those 

in a manic episode, who in turn differed from those currently euthymic; and it was this 

pattern of differential connectivity depending on mood state that has been suggested 

as the reason for such heterogenous results. 

 

Investigation of these functional connectivity patterns during euthymia can thus aid us 

in teasing apart the core underlying patterns of brain connectivity in BD (Blumberg et 

al., 2003) and also in elucidating the distinct pathophysiological differences between 

BD and MDD (Vargas et al., 2013). When focusing on these euthymic patients, Syan 

and collegues (2018) found a consistent pattern of functional connectivity in the DMN, 

fronto-parietal network (FPN) and salience network (SN) which was comparable to 

that found in healthy controls, but that patients who had a history of significant mood 

episodes involving psychosis often reported hyperconnectivity in the DMN. Again, 

when assessing connectivity with specific limbic and striatal regions, they found 

consistent atypical functional connectivity patterns with the amygdala, PFC, and 

cingulate cortex. Together, whilst these results suggest a pattern of general stability 

in broad resting state networks during euthymia, the consistent presence of 

differences in connectivity between regions such as the amygdala, insula, and PFC, 

areas known to be involved with cognitive and emotional processing, may reflect 

patterns of overall BD pathophysiology.  

 

We are able to use the findings from studies in MDD and BD, particularly euthymic 

BD, when considering the patterns of functional connectivity that may be intrinsic to 

mood instability. Whilst the direction of results has often yielded inconsistent patterns 

of connectivity, it is increasingly clear that limbic structures involving the amygdala and 
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its projection to regions such as the insula, are important. For example, amygdala 

dysfunction is known to be implicated in the development of BD, in both adolescent 

studies and in those with genetic risk (Garrett & Chang, 2008). Whilst this region is 

involved with the processing of emotionally salient information across BD and MDD, 

the widespread and consistent evidence for its role in the prodrome, aetiology, and 

maintenance of BD, involving both its structure and function, and its interaction with 

prefrontal modulatory regions and emotional response regions such as the insula 

(Garrett & Chang, 2008), suggest that it may be a core neurobiological feature of an 

underlying disruption in mood regulation. The role of the insula, known to be 

associated with both mood regulation and self-awareness (Craig, 2009; Damasio & 

Carvalho, 2013; Gogolla, 2017) such that it acts to promote emotion regulation and 

flexible behaviour, further lends itself to this by representing a mechanism of emotional 

homeostasis with projections to related cyclic behaviours, such as that seen in mood 

instability (see chapter 4). Taken together, mood instability is expected to be reflected 

in functional connectivity abnormalities that are core to BD and MDD, particularly 

concerning regions associated with cognitive affective processing and emotion 

regulation such as the amygdala and insula. 

 

Functional connectivity analyses of resting fMRI data in the COMET study aims to 

explore these patterns in mood instability. Owing to the novel nature of such analyses 

in a sub-clinical and medication-naïve sample, an exploratory approach will be taken 

where I am interested in investigating whether dysregulation in regions associated with 

emotional stability persist outside of explicit cognitive demands and diagnoses, and 

as a feature or correlate of mood instability. To do this, we are first required to build a 

profile of the whole brain connectivity patterns that may underlie the distinct 
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mechanisms of mood instability and its specific associations with emotional regulation 

regions such as the amygdala and insula (current chapter), before going on to explore 

the particular dynamic mechanisms by which nuances in connectivity may be related 

to the temporally dynamic experience of mood instability (chapter 6). In order to 

address the first part of this aim, the current study intends to implement two 

complementary neuroimaging analyses to study the RSNs that may underlie mood 

instability, namely: (a) whole brain analysis using ICA; and (b) seed-based analysis, 

with the amygdala and insula as specific ROIs. It is hoped that this exploratory work 

will shed further light on the mood-contingent connectivity changes seen in the brain 

where previous findings in patient groups have been inconclusive or inconsistent, as 

well as begin to establish a profile of pathophysiology that may be responsible for the 

transdiagnostic experience of mood instability. 

 

Ultimately, findings of neurofunctional impairments in the dynamic nature of brain 

connectivity in mood instability can more accurately uncover the core 

pathophysiological process of mood disorders. This is important for indicators of early 

diagnosis, prediction of episode onset and severity, and in the potential for discovery 

of better treatment response and novel targets. 
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5.2  Methods 

The current chapter focuses on analyses and results from resting-state functional MRI 

(fMRI) data collected as part of the COMET study, over two time points. A summary 

of the wider methodology used in the collection of this data can be found in chapter 2, 

section 2.5.7. A broader overview of the participants recruited in the study can be 

found in chapter 2, section 2, as well as overall sample characteristics in section 3. 

The remainder of this chapter will focus, thus, on presenting the particulars of the MRI 

data collected and the methods employed in the analysis of resting state fMRI data. 

 

5.2.1  Participants 

Out of the seventy-four participants who completed the COMET study, data from 66 

participants were available to analyse in this chapter. Thirty-four of these participants 

were in the high MDQ group, and 32 in the low MDQ group. All participants provided 

resting-state fMRI and structural scans at two time points, resulting in 132 datasets for 

analysis. 

 

Data from 8 of the remaining COMET sample (high MDQ n = 3; low MDQ n = 5) were 

not available for these analyses for two reasons: scanning error (n = 6) (including 

fewer volumes of data available and missing fieldmap data) and completion of only 

one scan (n = 2). 

 

5.2.2  Procedure 

Participants completed two MRI scans, the first between weeks 1 and 2 of the study 

(referred to from here on as “scan 1”) and the second between weeks 9 and 10 of the 
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study (referred to from here on as “scan 2”). If participants decided to complete their 

scan 1 on the same day as their screening visit, study researchers accompanied them 

from the Department of Psychiatry, Warneford Hospital, to the John Radcliffe Hospital 

for their MRI scan at the Oxford Centre for Clinical Magnetic Resonance Research 

(OCMR). For all other scheduling options at scan 1 and scan 2, researchers met with 

participants directly at OCMR. 

 

Before participants entered the scanner, they were asked to remove all metallic and 

MRI unsafe objects from their person, and to change into metal-free clothing if 

necessary. A study researcher, trained as an MRI operator, confirmed MRI safety. If 

participants wore glasses, they were asked to wear contact lenses for each scan if 

available, or they were alternatively given prescription-matched MRI-safe goggles. 

 

At both sessions, the resting-state scan was the first scan to be conducted. Please 

see chapter 2, section 2.5.7.1 for further details of the order in which MRI scan 

sequences were conducted at each time point. 

 

The duration from arrival at OCMR to departure was about 2 hours, including ~90 

minutes in the MRI scanner. 

 

5.2.3  Neuroimaging protocol 

All scans were performed using a 3-Tesla Siemens TIM Trio Scanner (Siemens 

Medical Solutions, Bracknell, UK) with a 32-channel coil. 
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 5.2.3.1  Structural MRI 

Structural scans were acquired via T1-weighted images (TR = 3000ms, TE = 4.71ms, 

flip angle = 8o, field of view = 256mm, voxel dimension = 1 mm isotropic, acquisition 

time = 8 mins 48s). Participants were able to close their eyes during the scan, but 

were instructed not to fall asleep. 

 

 5.2.3.2  Resting-state fMRI31 

Whole-brain resting-state functional imaging was conducted using a gradient-echo 

EPI sequence (TR = 2000ms, TE = 28ms, flip angle = 89o, field of view = 192mm, 

voxel dimension = 3.0 x 3.0 x 3.5mm, 180 volumes, acquisition time = 6 mins 04s). 

Participants were instructed to lay still, to keep their eyes open while looking at a black 

fixation cross on a white background, to blink normally, think of nothing in particular, 

and to not fall asleep. An eye-tracker camera was used to ensure that participants had 

their eyes open during the scan. 

 

Images were distortion corrected by an acquired fieldmap (echos at 5.19ms and 

7.65ms, TR = 488ms, flip angle = 60o). 

 

5.2.4  Analysis 

Data were analysed using FSL (FMRIB Software Library v6.0; 

https://fsl.fmrib.ox.ac.uk/fsl) (Jenkinson, Bannister, Brady, & Smith, 2002; Smith et al., 

2004; Woolrich et al., 2009). 

 
31 Please see chapter 2, section 2.2.4.7.1 for further details of the MRI protocol used, and appendix 
5.1 for full details of the resting-state fMRI protocol. 

https://fsl.fmrib.ox.ac.uk/fsl
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 5.2.4.1  Pre-processing 

FSL’s Brain Extraction Tool BET (Smith, 2002) was used to extract the brain from the 

structural scans. Single subject resting state fMRI data were pre-processed and 

analysed using Multivariate Exploratory Linear Decomposition into Independent 

Components (MELODIC version 3.15, FSL). Pre-processing was conducted to reduce 

structural variability in the data and to improve the validity of statistical analyses. Thus, 

the following steps were carried out for each subject32: (a) removal of non-brain 

structures using BET (Smith, 2002); (b) motion correction using FMRIB’s Linear Image 

Registration Tool (McFLIRT) (Jenkinson et al., 2002); (c) distortion correction using 

fsl_prepare_fieldmap; (d) spatial smoothing using a Gaussian kernel of FWHM 5mm; 

(e) grand-mean intensity normalisation of the entire 4D dataset by a single 

multiplicative factor; and (f) high-pass temporal filtering cut-off = 150s (Gaussian-

weighted least squares straight line fitting, with sigma = 75.0s). A strict denoising 

process was conducted with McFLIRT and any noise due to motion and physiological 

artefacts were removed. Additionally, specific resting-state pre-processing steps 

included (a) masking of non-brain voxels; (b) voxel-wise demeaning of the data; and 

(c) normalisation of the voxel-wise variance. Resting functional images were 

registered to their high resolution structural image using the high contrast functional 

image and Boundary-Based Registration through FLIRT (Jenkinson et al., 2002; 

Jenkinson & Smith, 2001). Resting functional images from scan 1 and scan 2 were 

registered to structural images from scan 1 for all participants in order to ensure 

consistency in analysis. Non-linear registration from structural to MNI (Montreal 

 
32 “Subject” here refers to all individual scans from all participants at both time points (scan 1 and 
scan 2) (N = 132). 
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Neurological Institute) standard space was then achieved using FNIRT non-linear 

registration (Andersson, Jenkinson, & Smith, 2007), resampling resolution = 2mm. 

 

 5.2.4.2  ICA analysis 

Probabilistic ICA (Beckmann & Smith, 2004) using FSL’s MELODIC was employed to 

analyse the resting-state fMRI data. 

 

Pre-processed data were first whitened and projected onto a 91-dimensional 

subspace using probabilistic Principal Component Analysis (PCA), where the number 

of dimensions was estimated using the Laplace approximation to the Bayesian 

evidence of the model order (Beckmann & Smith, 2004). The whitened observations 

were decomposed into sets of vectors that describe signal variation across the 

temporal domain (time-courses) and across the spatial domain (maps) by optimising 

for non-Gaussian spatial source distributions using a fixed-point iteration technique 

(Hyvärinen, 1999). Estimated component maps were divided by the standard deviation 

of the residual noise and thresholded by fitting a mixture model to the histogram of 

intensity values (Beckmann & Smith, 2004). 

 

ICA denoising was then conducted to denoise resting-state fMRI data using FMRIB’s 

ICA-based Xnoisefier (FIX) via a two-step method. First, components were compared 

and labelled using a training dataset created from the related experimental medicine 

study of BD patients with mood instability randomised to lithium or placebo, OxLith (N 

= 21) (Saunders et al., 2016). Secondly, another training dataset was then created 

from 10 COMET participants in each group, at each time point (n = 40), all of whom 

were randomly selected using a random number generator. Manually labelling of 
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components was done by me and checked over by two independent researchers (Dr. 

Liliana Capitao and Dr. Cassandra Gould van Praag). A conservative approach was 

employed such that components we were unsure of were included (Griffanti et al., 

2017). 

 

Next, these pre-processed and cleaned data were then temporally concatenated 

across subjects in order to create a single 4D dataset. They were then decomposed 

using a group ICA so that large-scale patterns of functional connectivity, restrained to 

25 components, could be identified across subjects (as described by Filippini et al., 

2009). Identification of RSNs from these components was conducted in a three-step 

process, namely (a) visual inspection by me, Dr. Liliana Capitao, and Dr. Cassandra 

Gould van Praag; (b) comparison to previously published maps (Smith et al., 2009); 

and (c) Pearson spatial cross-correlation comparison with FIND Lab’s 90 ROI atlas 

(Shirer, Ryali, Rykhlevskaia, Menon, & Greicius, 2012). 

 

Dual regression was then run in order to generate subject-specific versions of the 

spatial maps and associated time series, across all subjects, using the spatial maps 

created from the group-wise analysis. In this step, the group-wise set of spatial maps 

is regressed into each individual 4D space-time dataset and the resulting set of 

subject-specific time series are again regressed into the same 4D dataset files. 

Therefore, dual regression conducted two associated multiple regressions, firstly with 

spatial regressors, and secondly with temporal regressors. The outcome of this is a 

set of subject-specific spatial maps, corresponding to one per group-level spatial map. 
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A voxel-wise General Linear Model (GLM) based analysis was then employed to test 

for statistically significant differences between groups and time points. Nonparametric 

permutation testing (5000 permutations) via FSL's randomise permutation testing tool, 

Randomise, was used, and clusters were determined using Threshold-Free Cluster 

Enhancement (TFCE) and a family-wise-error corrected cluster significance threshold 

of p < .05. 

 

 5.2.4.3  Seed-based analysis 

The denoised functional data from the ICA analysis was used in the seed-based 

analysis. Masks of the left and right amygdala, and insula were created from the 

probabilistic maps provided by the Harvard-Oxford Subcortical Structural Atlas within 

FSL. 

 

Seed-based correlations were carried out for each participant using FMRI Expert 

Analysis Tool (FEAT v6.0). The timeseries derived from the mask corresponding to 

the relevant seed (i.e., left amygdala, right amygdala, or insula) was included as an 

explanatory variable (EV) to determine which other brain areas significantly correlated 

with this time course. Time series derived from white matter (WM) and cerebrospinal 

fluid (CSF) masks were included as confounding regressors. 

 

Group FEAT analyses were then run for each seed, to determine whether group (high 

MDQ or low MDQ), time (scan 1 or scan 2), and group by time interaction affected 

functional connectivity with the seed. This analysis utilised FMRIB’s Local Analysis of 

Mixed Effects (FLAME) (Beckmann, Jenkinson, & Smith, 2003; Woolrich, 2008; 

Woolrich, Ripley, Brady, & Smith, 2001). 
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Statistical maps were thresholded using clusters determined by Z > 3.1 and a 

corrected cluster significance threshold of p < .05. 

 

 5.2.4.4  Scan-to-scan movement 

In order to assess scan-to-scan movement, absolute mean displacement and relative 

mean displacement values were extracted for each participant (n = 66) at each scan 

session (scan 1 and scan 2). Absolute mean displacement is known to describe motion 

in a given volume with respect to a reference time point (i.e., middle volume in a time-

series), providing useful information on gradual shifts in head position over time. 

Relative mean displacement at a given volume describes motion with respect to the 

subsequent time point, useful for identifying abrupt changes in head position. Each 

value (absolute and relative) is an average across all volumes, for each participant at 

each scan session. 

 

A repeated measures ANOVA was conducted using SPSS (IBM Corp, 2017) to 

analyse the effect of group (high MDQ or low MDQ; the between-subjects factor), time 

(scan session; the within-subjects factor), and group by time interaction for absolute 

mean displacement and relative mean displacement. 

 

As described in section 5.2.4.1, a strict denoising process was also conducted with 

McFLIRT during pre-processing, and any noise due to motion and physiological 

artefacts were removed. Thus, motion was not included as regressor, and censoring 

was not performed, as data denoising was completed at an individual level and the 

same denoising procedure was applied to all datasets. 
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5.3  Results 

5.3.1  Demographics 

 

Demographic data for the sixty-six participants whose resting-state fMRI data (across 

both time points) were analysed are shown in table 29. No statistically significant 

association between group and gender (X(1) = 0.39, p = .532) or handedness (X(1) = 

0.27, p = .601) was found. Also, no significant difference in age, t(64) = -0.49, p = .623, 

between the groups was reported. 

 

5.3.2  Scan-to-scan movement 

 
Table 30: Descriptive data of scan-to-scan movement values. Means are shown for 

absolute and relative mean displacement, with spread of data (standard deviation) in 

parentheses. 

Table 29: Demographic data for high and low MDQ groups. 
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There was no significant main effect of group (F(1, 64) = 0.46, p = .500) or time (scan 

session) (F(1, 64) = 1.73, p = .193) in absolute mean displacement. There was also 

no significant group by time interaction, F(1, 64) = 2.93, p = .092 (fig. 31). 

 

There was no significant main effect of group (F(1, 64) = 0.55, p = 0.463) or time 

(scan session) (F(1, 64) = 0.75, p = .390) in relative mean displacement. There was 

also no significant group by time interaction, F(1, 64) = 1.67, p = .202 (fig. 32). 

Figure 31: Absolute mean displacement by high MDQ 

and low MDQ participants at scan 1 and scan 2. Error 

bars represent ± 1 SEM. 

Figure 32: Relative mean displacement by high MDQ and 

low MDQ participants at scan 1 and scan 2. Error bars 

represent ± 1 SEM. 
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5.3.3  Overall resting state networks (RSNs) 

 5.3.3.1  Identification of RSNs 

Independent Component Analysis (ICA) was restricted to 25 components, identified 

as depicting 14 individual RSNs encompassing the majority of grey matter (fig. 33).  

 

RSNs corresponded with those described previously and known to show stability over 

time (Shirer et al., 2012; Smith et al., 2009). Using the same method, five noise 

components were identified, reflecting scanner artefacts, head motion, and 

physiological noise (Griffanti et al., 2017). Please see appendix 5.2 for further details 

of the RSN identification process. 

 

 5.3.3.2  Group differences in RSNs 

Table 31 shows the GLM models that were conducted in order to test for differences 

in the 14 RSNs identified. Across both time points, main effects of group and time were 

explored. Additionally, a main effect of group was investigated within each individual 

time point, as well as time within each group. 
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Using a combination of three model designs, as shown in table 27, no significant 

differences in RSNs between groups (high MDQ and low MDQ) and time (scan 1 and 

scan 2), as well as group by time interaction, was found. 

 

Table 31: Analysis models. Contrasts including 

overall comparisons of group, time, and group 

by time interaction are shown. 
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Figure 33: Axial, coronal and sagittal slices of the main resting state networks (RSNs) detected across 

all participants and all time points, overlaid onto the standard 1mm MNI brain. Noise components are 

not included. 

Figure 33: Axial, coronal and sagittal slices of the main resting state networks (RSNs) detected across 

all participants and all time points, overlaid onto the standard 1mm MNI brain. Noise components are 

not included. 
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5.3.4  Seed-based analysis 

In addition to ICA analysis and identification of whole brain RSNs, anatomical ROI 

analysis was also conducted with seeds in the right and left amygdala, and insula. 

 

 5.3.4.1  Amygdala (right and left) 

There was no significant overall effect of group (high MDQ vs. low MDQ), time (scan 

1 vs. scan 2), or group by time interaction on functional connectivity with the right or 

left amygdala. Within this, there was also no significant main effect of time given group, 

or group given time, on functional connectivity with both of these seed regions. 

 

In order to complement less stringent cluster-forming threshold analysis methods used 

in previous literature, current data was also analysed for Z > 2.3, p < .05. This analysis 

also yielded no significant effects. There was no overall main effect of group, time, or 

group by time interaction on functional connectivity with the right or left amygdala. 

There was also no main effect of time given group, or group given time, on functional 

connectivity with both of these seed regions. 

 

 5.3.4.2  Insula 

There was no significant overall effect of group (high MDQ vs. low MDQ), time (scan 

1 vs. scan 2), or group by time interaction on functional connectivity with the insula. 

Within this, there was also no significant main effect of time given group, or group 

given time, on functional connectivity with this seed regions. 
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In order to complement less stringent cluster-forming threshold analysis methods used 

in previous literature, current data was also analysed for Z > 2.3, p < .05. This analysis 

also yielded no significant effects. There was no overall main effect of group, time, or 

group by time interaction on functional connectivity with the insula. There was also no 

main effect of time given group, or group given time, on functional connectivity with 

this seed regions. 
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5.4  Discussion 

To my knowledge, this is the first study to investigate the resting-state functional 

connectivity basis of mood instability. No differences in neural networks activated at 

rest were found between those who were in the high MDQ group compared to those 

in the low MDQ group. There was also no effect of repeat testing (time) in the current 

sample. Similarly, using a seed-based approach, there was no difference in specific 

connectivity with the emotion processing and regulation regions of the amygdala and 

insula between groups or across time. Despite reporting null results, current findings 

do begin to extend our understanding of the neural basis of mood disorders such as 

BD and MDD by suggesting patterns of mood-contingent neural variability, and thus 

offering a number of considerations for further study employing more sophisticated 

dynamic connectivity analyses to more accurately examine mood instability. 

 

Using an independent components analysis (ICA) of static functional connectivity, 

RSNs were identified across high MDQ individuals and those in the low MDQ group, 

with no effect of scan session or time. Although this is in line with indistinguishable 

and consistent patterns of functional connectivity in RSNs found in euthymic BD 

patients and healthy controls (Syan et al., 2018), studies of such connectivity in 

patients with manic, mixed, or depressive episodes have shown varying results 

(Vargas et al., 2013). For instance, Öngür and colleagues (2010) reported differences 

in the extent of spatial connectivity in BD patients, whilst Liu and colleages (2012) 

found differences in regional homogeneity within the DMN of depressed BD patients. 

The reason for such varying results of RSN functional connectivity in BD plausibly lays 

in the differences in clinical states studied, such that the presence of a significant mood 

episode may account for the specific connectivity patterns with the DMN noted (Liu et 
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al., 2012; Öngür et al., 2010). Given that current findings in a large, subclinical, 

medication-naïve, and at-risk group follow a similar pattern to those seen in euthymic 

patients (Syan et al., 2018) suggests an overarching stability in networks across the 

high MDQ group. This presents interesting implications for further study considering 

the mechanisms by which DMN disruption may predict the onset of episodes, as well 

as the further dynamic properties that may instead characterise the neurobiological 

basis of BD. 

 

Results from the seed-based analysis extend this. Whilst the amygdala and insula are 

known to be implicated in the development of mood disorders, particularly BD, and 

involved in its maintenance (Garrett & Chang, 2008), a more recent systematic review 

reported heterogenous patterns of functional connectivity with these regions, based 

on current mood episode (Vargas et al., 2013). Therefore, as patterns of functional 

connectivity with the amygdala and insula become more variable with the experience 

of clinical euthymia, it is not surprising that current static assessments in a subclinical 

group do not yield significant results. It may instead be that more nuanced techniques 

of exposing the underlying mechanisms of euthymia, a state we know is 

overwhelmingly characterised by mood instability, are better equipped at determining 

the nature of involvement of these finer-grained emotional processing and regulating 

regions. Given the wider need to account for the subtle and temporal variabilities that 

underlie mood instability, it is increasingly important that such null findings are used to 

motivate the need for more sensitive dynamic analyses. 

 

Additionally, owing to the fact that this is the first study using neuroimaging methods 

in mood instability, warrants the need for further, more stringent investigation of these 
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putative functional connectivity patterns. Future studies could employ a similar mood 

monitoring and resting-state fMRI protocol in order to test this effect in more diverse 

samples of individuals with and without mood instability in order to fully understand 

the differences in underlying neural connectivity associated with mood instability, as 

well as to incorporate further temporally sensitive techniques such as more frequent 

fMRI scanning and testing over a longer time period, in order to tease apart the 

mechanism by which temporal dynamics in functional connectivity may be related both 

to mood instability and mood regulation. An additional consideration of how these 

patterns – of functional connectivity during both mood instability and across time – are 

modulated in patients with mood disorders characterised by instability, such as BD, 

can also aid us in better understanding the temporally distinct method of action of 

lithium and other mood stabilising treatments. 

 

Using a data-driven ICA analysis of the resting-state fMRI data across two time points, 

a consistent set of RSNs were shown to be active in high MDQ and low MDQ 

individuals. Interestingly, these networks were also found to be stable when comparing 

two time points across a 10-week period, suggesting a pattern of stability highlighted 

using this approach. However, given that ICA is a static method of functional 

connectivity analysis that averages across time, it is possible that temporal variation 

in activation may have been missed. For instance, a consistent pattern of highly 

variable connectivity can be interpreted as a stable characteristic across time just as 

much as a consistent pattern of invariable connectivity. This potential for missed 

nuances in functional connectivity due to lowered sensitivity to temporally dynamic 

patterns using the current static methods is particularly pertinent in light of our aim of 

studying the oscillating nature of mood instability. Whilst it could also be that the 
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experience of mood instability in an otherwise healthy group, without widespread 

diagnoses or functional impairment, may have contributed to this finding of stability in 

networks across groups and time, the majority of evidence from mood disorder patient 

groups suggest that employing more sophisticated methods of functional connectivity 

analysis may aid in detecting more nuanced intricacies of mood instability. 

 

For instance, we know from studies of dynamic functional connectivity in MDD that 

depression is associated with more variable patterns of connectivity in the insula and 

PFC, and within regions of the PFC, and that this is also highly correlated with the 

severity of depressive symptoms (Kaiser et al., 2016). Using a similar method, BD 

patients have been shown to have less variable patterns of connectivity between the 

medial PFC and PCC over time compared to healthy controls, and that this was 

associated with slower processing speed and reduced set-shifting (Nguyen et al., 

2017). Whilst research using these dynamic techniques are otherwise currently 

minimal, taken together so far, they highlight patterns of disruption in dynamic 

functional connectivity that relate to patterns of mood and cognitive symptoms that 

seem to underlie the wider fluctuating experience of mood instability. The idea that 

such dynamic functional connectivity patterns also relate to cognitive symptoms, 

impairments that are similarly observed in task-based functional connectivity studies 

in MDD and BD (Panchal et al., 2019), also further lends itself to the proposal of a 

higher order imbalance in neural homeostatic mechanisms to regulate mood and 

related behavioural and cognitive outputs as being the core pathophysiological basis 

of mood instability. Whilst I am unable to investigate these distinct cognitive 

impairments and their relation to mood instability in the current thesis, it is important 

to consider the cognitive outcomes of this disruption, in addition to the clinical and 
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behavioural outcomes presented thus far, in order to fully understand the profile of 

mood instability. 

 

Whilst the methods employed here are important in their novel use in building a 

neuroscientific profile of mood instability, a consideration of the influence of motion-

based artefacts should be noted. In the current sample, high and low MDQ participants 

did not differ in the amount of both gradual and abrupt scan-to-scan movement they 

made, and there was also no difference across scan sessions. Strict denoising was 

also still completed as part of the pipeline for pre-processing the data. However, given 

that resting-state analysis is particularly sensitive to such artefacts, and that residual 

confounds of these artefacts are known to persist despite removal by specific pre-

processing techniques (Cole, Smith, & Beckmann, 2010), future analyses could be 

further strengthened by both removing individual high-movement volumes via 

censoring (Power, Barnes, Snyder, Schlaggar, & Petersen, 2012, 2013; Power et al., 

2014), and including motion as a regressor in subsequent analyses. Thus, the 

employment of stricter motion corrective measures, both in pre-processing and in the 

main analysis of data, can help to overcome the negative influence of these artefacts 

across the resting-state time course, thus improving the accuracy of static networks 

and connectivity patterns identified. 

 

Nevertheless, current findings are important given the often inconsistent and limited 

nature of results in static resting-state functional connectivity across mood disorders, 

and due to the fact that this is the first such study in mood instability. Current findings 

highlight the complexities involved in exploring the functional connectivity patterns of 

highly variable and fluctuating clinical symptoms, and warrants the need for further 
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investigation of the dynamic nature of underlying functional connectivity. The 

subsequent chapter aims to do just this using dynamic functional connectivity analysis 

methods. Whilst first building an account of whole brain functional connectivity 

patterns in those experiencing mood instability using traditional static functional 

connectivity analysis methods, I am now able to explore the dynamic intricacies of this 

connectivity in order to more sensitively detect the presence of disruptions in neural 

homeostatic mechanisms that may underlie mood instability and its related 

behavioural and cognitive outcomes. 
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Chapter 6 | Dynamic resting-state functional 
connectivity in mood instability 
 

6.1  Introduction 

As discussed in the previous chapter, little is currently understood of the 

pathophysiology of mood disorders such as BD and MDD. Whilst the analysis of 

resting-state neuroimaging data, or neural connectivity at rest, is gaining traction for 

its ability to inform us of the neurobiology of disorders outside of task demands, results 

are often inconsistent or contradictory (Vargas et al., 2013). The identification of mood 

instability, a dynamic and temporally oscillating phenomenon, as a core feature across 

these disorders, has led to the emerging focus on exploring the dynamic nature of 

functional connectivity. Thus, it is predicted that such dynamic investigations are more 

sensitive in uncovering the nuanced mechanisms of disruptions that are likely to 

underscore temporally fluctuating mood symptoms, compared to more traditional 

methods examining static functional connectivity changes. 

 

When considering traditional methods of analysing resting-state functional 

connectivity data, for example whole-brain approaches such as independent 

components analysis (ICA) and regional techniques such as seed-based analysis, we 

are able to explore intrinsic brain organisation based on the assumption that functional 

connectivity is stationary during the entire scan period, or at least static during a given 

task or condition such as rest (Allen et al., 2014; Rashid, Damaraju, Pearlson, & 

Calhoun, 2014). This assumption, however, does not take into account the presence 

and potential of temporal variability given that spontaneous fluctuations are a hallmark 

of recordings of neural signals, developing over time scales spanning milliseconds and 
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tens of minutes (Allen et al., 2014). Additionally, considering that individuals are often 

engaged in different mental activities during these rest periods (that is, that mental 

activity is unconstrained) and that subtle modulations in cognitive load can change 

patterns of functional connectivity throughout the brain, including in DMN regions 

(Nguyen et al., 2017; Yan et al., 2009), highlights how a static view of functional 

connectivity which averages across neural connectivity during a scan period may be 

an oversimplification. Findings of fluctuations in functional connectivity over the course 

of an experiment using these traditional methods (Arieli, Sterkin, Grinvald, & Aertsen, 

1996; Makeig, Debener, Onton, & Delorme, 2004; Onton & Makeig, 2006), and those 

that have highlighted the uncontrolled but recurring patterns of interactions among 

intrinsic networks at rest (Calhoun, Miller, Pearlson, & Adali, 2014) lend further support 

to this notion that moves away from a static consideration of functional connectivity 

and towards a more nuanced examination of dynamic and fluctuating connectivity 

across time, both in psychiatric and healthy samples (Hutchison et al., 2013) 

 

Sliding window analysis is the most commonly used approach to investigate dynamic 

functional connectivity (dFNC) for its ability to capture dynamic phenomena of 

potential functional relevance (Hutchison et al., 2013). In this approach, data points 

within time windows of a fixed length (or TRs), often with tapered or weighted edges, 

are used to calculate functional connectivity correlations that are then shifted in time 

by a fixed number of data points, creating an overlap between successive windows. 

The outcome of this is a quantification of the time-varying behaviour, in the form of 

correlation coefficients, across the duration of the scan. Given that it is often difficult 

to interpret variability metrics since fluctuations present in a range of data including 

noise, initial studies employing the sliding window approach aimed to validate the 
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technique by exploring the relative amplitude of dynamic functional connectivity in 

regions known to be related to static functional connectivity analyses (Shen et al., 

2013). Across a range of studies, it has been shown that regions with both 

unidirectional and bidirectional static connections (Abou-Elseoud et al., 2010) have 

increasingly stable dynamic functional connectivity profiles compared to those with no 

directional connections, often thought to be in regions outside of primary sensorimotor 

and higher-order networks (Gonzalez-Castillo et al., 2014, 2012). This validation sets 

the foundation for exploring related disruptions in stability markers during illness, 

particularly those that are characterised by symptomatic instabilities, such as mood 

disorders. 

 

Before discussing the potential relevance this dFNC approach has to the study of 

mood disorders, however, it is important to acknowledge the limitations of such 

methods, particularly given that they are in their infancy. A concern often noted is that 

of the potential for noise, frequently caused by motion artefacts, to influence results 

from dFNC analyses. Given that most sources of noise are non-stationary in nature 

and, thus, less likely to be eliminated in pre-processing steps employed in static 

functional connectivity pipelines such as ICA, suggests the increased likelihood of an 

overamplification in results. Secondly, concerns around the size of windows, 

particularly in ensuring that they are large enough to allow robust estimations of 

functional connectivity, but small enough to detect potentially interesting fluctuations 

in connectivity (Hutchison et al., 2013; Sakoğlu et al., 2010), are noted. To date, a 

range of empirical evidence has addressed this and suggested window sizes of around 

30 seconds as providing the most robust results by ensuring optimal balance between 

temporal and spatial resolution (Jones et al., 2012; Shirer et al., 2012), and has been 
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implemented in current analyses (see Methods 2.4.2.2). Together, these limitations 

are important to consider given the emerging use of this approach in the study of 

dynamic functional connectivity in psychiatric illness, and it is hoped that the advent of 

more stringent pre-processing techniques tailored specifically to these dynamic 

approaches may aid in circumventing the particular confounds these concerns may 

currently present in the interpretation of results. 

 

Despite these concerns, initial studies employing these dFNC approaches in the study 

of clinical populations have provided interesting results highlighting significant patterns 

of dynamics across a range of disorders. For instance, patients with schizophrenia 

have been shown to exhibit decreased variability over time in the spatial configuration 

of the DMN, but increased variability in the coordinated connectivity of frontoparietal 

and temporal regions compared to healthy controls (Ma, Calhoun, Phlypo, & Adali, 

2014). Additionally, patients with Alzheimer’s disease show more persistent functional 

connectivity among anterior regions of the DMN such as the medial PFC (mPFC) than 

age-matched healthy controls (Jones et al., 2012), together highlighting that altered 

dFNC, particularly in regions of the DMN, may be an important dimension of the 

pathophysiology of psychiatric illness. 

 

When considering these patterns in the pathophysiology of mood disorders, the results 

from studies employing static functional connectivity analyses have often informed us 

of the potential dynamic mechanisms at play. For instance, a recent meta-analysis of 

static resting-state functional connectivity in MDD also revealed increased connectivity 

in regions of the DMN, especially in the mPFC (Kaiser et al., 2015), and led to the 

prediction that this static connectivity pattern may be accompanied by decreased 
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dynamic connectivity, together reflecting the habit of inflexible, sustained attention to 

negative self-referential thoughts that are core to depressive rumination. Similarly, by 

building on evidence from static analyses that have shown abnormal connectivity 

between regions of the DMN and insula, known to be implicated in cognitive and 

emotional regulation, has led to the hypothesis of increased dynamic functional 

connectivity in DMN and prefrontal or insular regions. This latter prediction is 

particularly interesting given its consideration of dynamic variability in regions involved 

with regulatory mechanisms, suggesting a potential neural representation of 

homeostasis that may be influenced by mood instability. 

 

In Kaiser and colleagues' (2016) study testing these predictions of dynamic functional 

connectivity in unmedicated MDD patients, results show that depression was 

characterised by decreased dynamic, or less variable, connectivity between mPFC 

and regions of the parahippocampal gyrus and DMN, highlighting an amplification of 

connectivity between regions thought to underlie negative biases in cognitive affective 

processing in MDD. Additionally, increased dynamic, or more variable, connectivity 

between the PFC and regions of the insula was found, such that variation increased 

as a function of the severity of recent rumination. Whilst again highlighting a 

mechanism of disruption in neural regions known to be involved in emotional 

regulation, these findings also begin to uncover abnormal patterns of fluctuating neural 

communication in MDD that are also involved in broader cognitive symptoms of the 

disorder. 

 

In a similar study exploring the cognitive correlates of dFNC in BD, Nguyen and 

colleagues (2017) reported decreased variability in dynamic connectivity in the mPFC 
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and posterior cingulate cortex (PCC) regions of the DMN, despite the absence of 

differences in overall static connectivity strength between the mPFC and DMN in their 

sample of euthymic BD patients. Importantly, this increase in dynamic rigidity within 

the DMN was also associated with slower processing speed and reduced cognitive 

set-shifting, suggesting that the presence of reduced intranetwork flexibility is also a 

correlate of cognitive impairments in euthymic BD. When considering this finding in 

relation to the core feature of increased mood instability in BD, we are led to 

hypothesise that a reduction in network variability in a clinical sample characterised 

by increased symptomatic variability perhaps reflects an inability to flexibly switch 

between networks. This would be especially pertinent in a comparatively healthy 

sample where an increase in variability in dFNC could have otherwise reflected optimal 

adaptability to changing environmental and task demands (Nguyen et al., 2017). 

 

This finding of lowered dynamic amplitude in BD has also been reported in a study of 

intrinsic regional differences in functional connectivity variability in schizophrenia and 

BD patients. Outside of differences in static or average whole-brain functional 

connectivity, Rashid and colleagues (2014) identified disease-specific dynamic 

differences such that all patients made fewer transitions across dynamic neural states, 

as well as showing connectivity variations in states involving the activation of frontal 

and frontoparietal regions, compared to healthy controls. Interestingly, the researchers 

commented on how these dynamic connectivity patterns were often modulated by 

diagnosis, such that patterns of connectivity were most starkly different in 

schizophrenia, followed by BD. Collectively, these differences in dynamic functional 

connectivity seemed to more accurately capture the subtleties and more nuanced 

differences in the clinical presentation of schizophrenia and BD, something that is 
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often missed in more traditional analyses of the static differences in connectivity that 

average across time periods and thus lose temporal specificity, and further highlights 

the importance of such dynamic methods in capturing the temporal basis of mood and 

related disorders. 

 

Whilst we are able to contemplate the dynamic nature of functional connectivity that 

may underlie mood instability given that patterns of dynamic functional connectivity 

are often reported in mood disorders outside of specific or consistently identified static 

differences in connectivity, an exploratory approach will be taken in subsequent 

analyses. This is to account of the novel nature of the dFNC approach in the 

assessment of mood instability, and thus, to ensure that a whole brain approach is 

taken to investigate the nuances and complexities of both dynamic neural connectivity 

and dynamic mood instability. Such an approach will also ensure that the most 

comprehensive pathophysiological profile of mood instability is built, in order to 

motivate future more targeted and therapeutic studies. Therefore, by providing this 

first study of dynamic functional connectivity in mood instability, it is hoped that we 

may begin to uncover an overarching disruption in neural homeostatic mechanisms 

that are responsible for regulating mood instability and related behavioural patterns. 

 

Analyses in the current chapter aim to build upon the foundation built in the previous 

chapter investigating whole-brain static functional connectivity in mood instability 

(chapter 5), by employing a sliding-window approach to investigate the particular 

dynamic nuances that more accurately capture this temporally oscillating 

phenomenon. In order to achieve this, two stages of analysis of resting-state fMRI data 

from the COMET study will be undertaken, namely: (a) sliding window approach to 
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explore dynamic variability and properties across time in high MDQ and low MDQ 

individuals; and (b) an investigation of the relationship between these dynamic neural 

properties and mood and circadian rest-activity patterns. It is hoped that such analyses 

can begin to capture the subtleties of mood instability and its related behavioural 

correlates in order to uncover the dynamic pathophysiological process of mood 

disorders, and the more nuanced targets for therapeutic intervention this may 

represent. 
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6.2  Methods 

 

The current chapter focuses on analyses and results from resting-state functional MRI 

(fMRI) data collected as part of the COMET study, over two time points. A summary 

of the wider methodology used in the collection of this data can be found in chapter 2, 

section 2.5.7. A broader overview of the participants recruited in the study can be 

found in chapter 2, section 2, as well as overall sample characteristics in section 3. 

The remainder of this chapter will focus, thus, on presenting details of the methods 

employed in the dynamic analysis of rest-stating fMRI data. 

 

6.2.1  Participants 

Out of the seventy-four participants who completed the COMET study, data from 65 

participants were available to analyse in this chapter. Thirty-three of these participants 

were in the high MDQ group, and 32 in the low MDQ group. All participants provided 

resting-state fMRI and structural scans at two time points, resulting in 130 datasets for 

analysis. 

 

Data from the remaining 9 participants from the COMET sample (high MDQ n = 4; low 

MDQ n = 5) were not available for these analyses for two reasons: scanning error (n 

= 7) (including fewer volumes of data available and missing fieldmap data) and 

completion of only one scan (n = 2). A participant with fewer volumes of data (172 

instead of 180) was further excluded in these analyses, yet included in static resting 

state analyses (see chapter 5, section 5.2.1) due to the fact that the current analysis 

package requires all data to be uniform. 
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6.2.2  Procedure 

Please see chapter 5, section 2.2, for the MRI procedure used. 

 

At both scan sessions, the resting-state fMRI scan sequence was conducted first. 

Please see chapter 2, section 2.5.7.1 for further details of the order in which MRI 

sequences were conducted at each session. 

 

6.2.3  Neuroimaging protocol 

Please see chapter 5, section 2.3 for the neuroimaging protocol used in the collection 

of resting-state fMRI and structural MRI data, as well as appendix 5.1 for the full 

resting-state fMRI protocol. 

 

6.2.4  Analysis 

Data were pre-processed using FSL (FMRIB Software Library v6.0; 

https://fsl.fmrib.ox.ac.uk/fsl) (Jenkinson et al., 2002; Smith et al., 2004; M. W. Woolrich 

et al., 2009), and analysed using GIFT (Group ICA of fMRI Toolbox; 

http://mialab.mm.org/software/gift) (Calhoun, 2004). GIFT is a GUI application 

developed in MATLAB (The MathWorks Inc., 2010) that enables group inferences 

from fMRI data using Independent Component Analyses (ICA) and dynamic functional 

connectivity (dFNC) analysis using the windowed functional network connectivity 

(wFNC) approach. 

 

 

https://fsl.fmrib.ox.ac.uk/fsl
http://mialab.mm.org/software/gift
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 6.2.4.1  Pre-processing 

Please see chapter 5, section 2.4.1 for details of the pipeline and methods used in the 

pre-processing of resting-state fMRI data. 

 

6.2.4.2  Dynamic functional connectivity analysis (dFNC) 

Please see figure 34 for an overview of the analyses conducted in this chapter. 

 

In order for the data to be appropriately structured and formatted for dFNC, it was 

necessary to conduct static ICA in the GIFT toolbox. The settings for this ICA were 

matched to those applied by the FSL MELODIC toolbox where possible. 

Figure 34: Flow chart of dFNC analysis steps conducted on COMET resting-state fMRI data. 



Chapter 6 | Dynamic resting-state functional connectivity in mood instability 

 

 192 

 

  6.2.4.2.1  Decomposition into resting state networks (RSNs)  

After pre-processing, group independent components analysis (GICA), conducted 

through the GIFT toolbox, was run on the resting-state fMRI data from all participants 

across all scan sessions (N = 130), resulting in a decomposed set of 25 statistically 

independent spatial components with common time course profiles. Of these 25 

components, 12 intrinsic resting-state networks (RSNs) were identified using a similar 

method to that outlined in chapter 5, section 2.4.2. Identification of these RSNs was 

conducted using Pearson Spatial cross-correlation comparison of FIND Lab’s 90 ROI 

atlas (Shirer et al., 2012). 

 

Please see appendix 6.1 for details of the RSN identification process. 

 

Spatio-temporal regression was used to obtain subject-specific spatial maps and time 

courses. Subject-specific RSN time courses were detrended, orthogonalized with 

respect to motion parameters, despiked by replacing outlier time points with 3rd order 

spline fit to cleaner neighbouring points, and filtered using a 5th order Butterworth filter 

with a passband of .01 to .15 Hz (Miller et al., 2016). 

 

  6.2.4.2.2  Windowed Functional Network Connectivity 

(wFNCs) 

Windowed segments of intrinsic RSN time courses were calculated by using a tapered 

rectangular window of length 15 TR (30 seconds), advancing 1 TR at each step. 

Windowed functional network connectivity (wFNC) was then conducted by computing 

pairwise correlations between each of these windowed segments. In line with previous 
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research (Miller et al., 2016), an L1 constraint on the inverse covariance matrix using 

the G-LASSO framework (Friedman, Hastie, & Tibshirani, 2008) was applied, with 

regularisation parameter optimised subject-wise by evaluating the log-likelihood of 

each subject’s unseen data in a cross-validation framework. 

 

  6.2.4.2.3  Basis Correlation Patterns (CPs) to identify meta-

states 

Using clustering algorithms, patterns of connectivity in each window were clustered to 

form prototypical meta-states which can be combined in a weighted manner to 

describe all other observed states (Yu et al., 2013). Here MATLAB’s (The MathWorks 

Inc., 2010) implementation of k-means clustering (Allen et al., 2014) was used in order 

to separate out the set of wFNCs into clusters whose centroids are treated as basis 

correlation patterns (see fig. 40 in Results 3.2.1). The elbow criterion of the cluster 

validity index was used to determine the number of clusters to be four, which is 

calculated as the ratio between within-cluster distances to between-cluster distance 

(Rashid et al., 2014). Thus, observed wFNCs are replaced by the prototype states that 

they most resemble, enabling connectivity dynamics to be described as a process of 

moving from one of these summary states, or meta-states, to another. 

 

  6.2.4.2.4  Dynamic functional connectivity (dFNC) metrics  

After identification of meta-states, global metrics of connectivity dynamism were also 

obtained, for all participants at each scan session (N = 130). These metrics correspond 

to number of states occupied, switch rate between states, range of states occupied, 

the overall distance travelled across states, and the number of transitions between 

states made. Markers of time spent in each of the four meta-states were also provided, 
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corresponding to dwell time and fraction of time. Please see table 32 for further details 

of these metrics and markers. 

 

6.2.5  Meta-state coupling across groups 

After distinct meta-states were identified, the GIFT toolbox conducted meta-state 

composition differences (MSCD) tests in order to investigate group differences in 

coupling within each of the four meta-states, over all scan sessions (scan 1 and scan 

2) and individually at scan 1 and scan 2.  

 

6.2.6  dFNC metrics across time 

In order to investigate the effect of time, or scan session, on dynamic functional 

connectivity metrics, as well as to visualise this potential interaction across groups, 

Table 32: Description of dynamic functional connectivity metrics. 
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repeated measures ANOVAs were conducted using SPSS (IBM Corp, 2017). The 

effect of group (high MDQ or low MDQ; the between-subjects factor), time (scan 

session; the within-subjects factor), and group by time interaction for number of states, 

switch rate, range, distance, number of transitions, dwell time and fraction of time 

(individually for each of the four meta-states) was analysed. 

 

6.2.7  Correlational analyses of dFNC metrics and mood 

instability 

 6.2.7.1  dFNC metrics and mood 

Correlational analyses were conducted using SPSS (IBM Corp, 2017) to test the 

relationship between dynamic functional connectivity metrics (as measured by number 

of states, switch rate, range, distance, number of transitions, and dwell time and 

fraction of time across all four meta-states) and overall daily mood33 (as measured by 

positive affect and negative affect). Change in dFNC metrics across time was used as 

the variable of interest, such that metric values at scan 1 were subtracted from the 

metric values at scan 2 to find the difference. These analyses were also run on both 

average and variability – as measured by the standard deviation (SD) and tRMSSD – 

measures of daily mood, in order for the relationship between dynamic functional 

connectivity and mood experiences and instability to be explored. 

 

 

 

 
33 Please see chapter 3, section 2 for a full description of daily mood measures collected in the 
COMET study. 
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 6.2.7.2  dFNC metrics and rest-activity patterns 

Correlational analyses were also employed, via SPSS (IBM Corp, 2017), to test the 

relationship between dynamic functional connectivity metrics (again as measured by 

number of states, switch rate, range, distance, number of transitions, and dwell time 

and fraction of time across all four meta-states) and overall summary data for rest-

activity variables34 (L5 onset, L5 activity, M10 onset, M10 activity, RA, IS, and IV). Again, 

change in dFNC metrics across time was used as the variable of interest. These 

analyses will begin to shed light on the relationship between dynamic functional 

connectivity and rest-activity pattern disruptions known to be symptomatic of mood 

instability and mood disorders. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
34 Please see chapter 4, section 2 for a full description of the rest-activity measures collected as part 
of the COMET study. 
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6.3  Results 

6.3.1  Demographics 

 

Demographic data for the sixty-five participants whose resting-state fMRI data (across 

both time points) were analysed are shown in table 33. No statistically significant 

association between group and gender (X(1) = 0.50, p = .478) or handedness (X(1) = 

0.34, p = .562) was found. Also, no significant difference in age (t(63) = -0.48, p = 

.632) between the groups was reported. 

 

6.3.2  Meta-states 

 6.3.2.1  Identification of meta-states 

Four distinct meta-states were identified across all participants and all scan sessions 

(scan 1 and scan 2) (fig. 35). Meta-states were labelled via visual inspection by me 

and Dr Cassandra Gould van Praag: highly interconnected (meta-state 1), DMN 

(meta-state 2), sensorimotor (meta-state 3), and low connectivity (meta-state 4).

Table 33: Demographic data for high and low MDQ groups. 
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Figure 35: Meta-states identified across all participants and all scan sessions. Group specific centroids of the meta-states (state 1 to 

state 4) are obtained from k-means clustering (k = 4). 

Figure 35: Meta-states identified across all participants and all scan sessions. Group specific centroids of the meta-states (state 1 to 

state 4) are obtained from k-means clustering (k = 4). 
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6.3.2.2  Meta-state coupling between groups 

 

As can be seen in table 34, no differences in coupling between groups within each of 

the four meta-states were found. This was noted across meta-states for all scans, and 

at scan 1 and scan 2 individually. 

 

 

 

 

 

 

Table 34: A comparison of meta-state coupling between groups, 

across all scan sessions/time points and individually at scan 1 and 

scan 2. Meta-state composition differences (MSCD) p-values are 

shown. 
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6.3.3  Dynamic functional connectivity (dFNC) metrics  

 6.3.3.1  Descriptive statistics 

 

Table 35 shows descriptive statistics for each of the seven dynamic functional 

connectivity metrics (number of states, switch rate, range, distance, number of 

transitions, dwell time, and fraction of time), averaged across the two scan sessions.  

 

Table 35: Dynamic functional connectivity metrics, or markers of variability, in 

resting-state functional connectivity. Overall averages and standard 

deviations for the high MDQ and low MDQ groups are shown. 
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Figure 37: Fraction of time spent in all four meta-states for high MDQ and low MDQ 

participants. Error bars represent  1 SEM. (A) fraction of time spent in states across 

all scans; (B) at scan 1; (C) at scan 2. 

Figure 36: Dwell time across all four meta-states for high MDQ and low MDQ 

participants. Error bars represent  1 SEM. (A) dwell time across all scans; (B) at scan 

1; (C) at scan 2. 
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 6.3.3.2  dFNC metrics across time 

  6.3.3.2.1  Number of states 

 

There was a significant main effect of group, such that individuals in the high MDQ 

group occupied more of the four meta-states identified compared to those in the low 

MDQ group, F(1, 63) = 4.38, p = .040 (fig. 38). There was no significant main effect of 

time (scan session), F(1, 63) = 2.24, p = .139. 

 

Results, however, revealed a significant group by time interaction, F(1, 63) = 5.36, p 

= .024, such that both groups differed in this pattern across time. Individuals in the low 

MDQ group occupied fewer meta-states at scan 2 than scan 1, compared to those in 

the high MDQ group (fig. 38). 

 

Figure 38: Number of states occupied by high MDQ and 

low MDQ participants, across both scan 1 and scan 2. Error 

bars represent  1 SEM. 
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  6.3.3.2.2  Switch rate 

 

There was a significant main effect of group, such that individuals in the high MDQ 

group had a higher rate of change between the four states than those in the low MDQ 

group, F(1, 63) = 7.08, p = .010 (fig. 39). There was no significant main effect of time 

(scan session), F(1, 63) = 3.58, p = .063. 

 

Results revealed a significant group by time interaction, F(1, 63) = 9.27, p = .003, such 

that individuals in the low MDQ group had a lower switch rate at scan 2 over scan 1, 

compared to those in the high MDQ group (fig. 39). 

 

Figure 39: Rate of change between states, or switch rate, 

across scans 1 and 2, for high MDQ and low MDQ 

participants. Error bars represent  1 SEM. 
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  6.3.3.2.3  Range 

 

There was no significant main effect of group (F(1, 63) = .88, p = .351) or time (scan 

session) (F(1, 63) = 1.72, p = .194) on range. There was also no significant group by 

time interaction, F(1, 63) = 3.78, p = .056 (fig. 40). 

 

 

 

 

 

 

 

 

 

 

Figure 40: State span, or range, across scan 1 and scan 2 

for high MDQ and low MDQ participants. Error bars 

represent  1 SEM. 
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  6.3.3.2.4  Distance 

 

Results revealed no significant main effect of group, F(1, 63) = 3.93, p = .052, and no 

significant main effect of time (scan session), F(1, 63) = 3.82, p = .055. 

 

There was a significant group by time interaction, F(1, 63) = 6.65, p = .012, such that 

individuals in the low MDQ group travelled a shorter distance between meta-states at 

scan 2 over scan 1, compared to those in the high MDQ group (fig. 41). 

 

 

 

 

 

Figure 41: Total distance across meta-states travelled by 

high MDQ and low MDQ participants at scan 1 and scan 

2. Error bars represent  1 SEM. 
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  6.3.3.2.5  Number of transitions 

 

There was no significant main effect of group (F(1, 63) = 2.32, p = .133) or time (scan 

session) (F(1, 63) = 1.83, p = .181). There was also no significant group by time 

interaction, F(1, 63) = 1.48, p = .228 (fig. 42). 

 

 

 

 

 

 

 

 

 

Figure 42: Number of transitions between meta-states 

made by the high MDQ and low MDQ groups, across 

scan 1 and scan 2. Error bars represent  1 SEM. 
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  6.3.3.2.6  Dwell time 

 

Within the highly interconnected meta-state, there was no significant main effect of 

group (F(1, 63) = 0.15, p = .701) or time (scan session) (F(1, 63) = 1.20, p =.278) on 

dwell time. There was also no significant group by time interaction, F(1, 63) = 0.89, p 

= .350. 

 

Within the DMN meta-state, there was no significant main effect of group (F(1, 63) = 

0.05, p = .825) or time (scan session) (F(1, 63) = 2.63, p = .110) on dwell time. There 

was also no significant group by time interaction, F(1, 63) = 1.63, p = .206. 

 

Figure 43: Dwell time within the four meta-states at scan 1 and scan 2, for high MDQ 

and low MDQ groups. Error bars represent  1 SEM. 
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Within the sensorimotor meta-state, there was no significant main effect of group (F(1, 

63) = 0.21, p = .645) on dwell time. There was, however, a significant main effect of 

time (scan session), F(1, 63) = 14.23, p < .001, such that all participants regardless of 

group had greater dwell time in this meta-state at scan 2 over scan 1. Results revealed 

no significant group by time interaction, F(1, 63) = 0.26, p = .614. 

 

Within the low connectivity meta-state, there was no significant main effect of group 

(F(1, 63) = 3.53, p = .065) or time (scan session) (F(1, 63) = 1.08, p = .302) on dwell 

time. There was also no significant group by time interaction, F(1, 63) = 0.75, p = .390. 

 

  6.3.3.2.7  Fraction of time 

 

Figure 44: Fraction of time spend in all four meta-states at scan 1 and scan 2, for high 

MDQ and low MDQ groups. Error bars represent  1 SEM. 
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Within the highly interconnected meta-state, there was no significant main effect of 

group (F(1, 63) = 0.27, p = .605) on fraction of time spent in the meta-state. There 

was, however, a significant main effect of time (scan session), F(1, 63) = 4.48, p = 

.038, such that all participants, regardless of group, spent a smaller fraction of time in 

this meta-state at scan 2 over scan 1. Results revealed no significant group by time 

interaction, F(1, 63) = 0.60, p = .442. 

 

Within the DMN meta-state, there was no significant main effect of group (F(1, 63) = 

0.06, p = .815) on fraction of time spend in the meta-state. Again however, there was 

a significant main effect of time (scan session), F(1, 63) = 7.00, p = .010, such that all 

participants, regardless of group, spent a smaller fraction of time in this meta-state at 

scan 2 over scan 1. Results revealed no significant group by time interaction, F(1, 63) 

= 0.30, p = 586. 

 

Within the sensorimotor meta-state, there was no significant main effect of group, F(1, 

63) = 0.22, p = .643, on fraction of time spent in the meta-state. However, there was 

a significant main effect of time (scan session), F(1, 63) = 4.45, p = .039, such that all 

participants, regardless of group, spent a greater fraction of time in this meta-state at 

scan 2 over scan 1. Results revealed no significant group by time interaction, F(1, 63) 

= 0.13, p = .722. 

 

Within the low connectivity meta-state, there was no significant main effect of group 

(F(1, 63) = 0.05, p = .822) or time (scan session) (F(1, 63) = 1.47, p = .230) on fraction 

of time spent in this state. There was also no significant group by time interaction, F(1, 

63) = 1.18, p = .281. 
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6.3.4  Exploratory relationship between dFNC metrics and 

mood 

6.3.4.1  dFNC metrics and mood 

 

As demonstrated in table 36, high MDQ participants had more significant associations 

between dynamic functional connectivity metrics and mood35. For example, Fishers Z 

test to test significance of the difference between two correlation coefficients revealed 

that absolute positive affect was positively associated with a greater number of states 

occupied (z = 2.03, p = .042), greater rate of switching between states (z = 2.69, p = 

.007), and greater distance travelled across states (z = 2.66, p = .008) in the high MDQ 

group (fig. 45).  

 

 
35 Please see chapter 3 for a full description and discussion of the mood measures. 

Table 36: Pearson Product-Moment correlation coefficients of dynamic functional 

connectivity markers (number of states, switch rate, range, distance, and number of 

transitions) and overall daily mood (positive affect and negative affect). Absolute and 

variability (standard deviation (SD) and tRMSSD) markers of mood are shown. 

* p < .05, ** p < .01 
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Negative affect was particularly negatively associated with the range of states 

occupied, such that as absolute and variability (as measured by both SD and tRMSSD) 

in negative affect increased, the range of meta-states occupied decreased in the high 

MDQ group (average: z = -2.60, p = .009; SD: z = -2.18, p = .029; tRMSSD: z = -2.06, 

p = .039). Variability in negative affect in the high MDQ group was also negatively 

associated with the number of states occupied (z = -2.39, p = .017), switch rate 

between states (z = -2.51, p = .012), and distance travelled across states (z = -2.39, 

p = .017). Thus, as variability in negative affect increased, high MDQ participants 

occupied fewer states, had a lower rate of switches between states, and travelled a 

shorter distance across states (fig. 46). 

 

Figure 45: Relationship between positive affect (average) and number of states, switch 

rate, and distance in high and low MDQ groups. 
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Figure 46: Relationship between variability in negative affect (as measured by 

tRMSSD) and number of states, switch rate, range, and distance in high and low MDQ 

groups. 
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6.3.4.2  Dwell time and mood 

 

As can be seen from table 37, high MDQ participants had greater associations 

between dwell times across the meta-states compared to low MDQ participants, 

excluding the DMN state which did not show any significant association with mood in 

either of the groups. Variability in positive affect was negatively associated with dwell 

time in the highly interconnected meta-state for the high MDQ group, such that as 

variability in positive affect increased in the high MDQ group, dwell time in the highly 

interconnected state decreased. Instead, low MDQ participants showed a positive 

association between variability in positive affect and dwell time in the highly 

interconnected state, such that as variability in positive affect increased in low MDQ 

participants, dwell time in this state also increased. Fishers Z test revealed that this 

difference was significant (z = -3.5, p = .001). 

Table 37: Pearson Product-Moment correlation coefficients of dwell time 

markers across meta-states (highly interconnected, DMN, sensorimotor, and 

low connectivity) and overall daily mood (positive affect and negative affect). 

Absolute and variability (standard deviation (SD) and tRMSSD) markers of 

mood are shown. * p < .05, ** p < .01 
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In low MDQ participants, variability in negative affect was positively associated with 

dwell time in the highly interconnected state (z = -2.12, p = .034) such that as variability 

in negative affect increased in these participants, dwell time in the highly 

interconnected state also increased. 

Figure 47: Relationship between variability in positive affect (as 

measured by SD) and dwell time in the highly interconnected state in 

high and low MDQ groups. 

Figure 48: Relationship between variability in negative affect (as 

measured by tRMSSD) and dwell time in the highly interconnected state 

in high and low MDQ groups. 
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6.3.4.3  Fraction of time and mood 

 

As can be seen from table 38, mood was associated with fraction of time spent in the 

meta-states across both groups, but only for the low MDQ group in the DMN state. 

Within positive affect, Fishers Z tests revealed that variability was negatively 

associated with fraction of time spent in the highly interconnected state (z = -3.24, p = 

.001) and positively associated with fraction of time spent in the sensorimotor state 

(SD: z = 2.01, p = .044; tRMSSD: z = 2.03, p = .042) for high MDQ participants, such 

that as variability in positive affect increased in these participants, they also spent a 

lower fraction of time overall in the highly interconnected state (fig. 49) and a greater 

fraction of time overall in the sensorimotor state (fig. 50). For low MDQ participants, 

absolute positive affect was positively associated with fraction of time spent in the 

DMN state (z = -2.04, p = .041), such that they spent a greater fraction of time in this 

state as their positive affect increased. 

Table 38: Pearson Product-Moment correlation coefficients of fraction of time 

markers across meta-states (highly interconnected, DMN, sensorimotor, and 

low connectivity) and overall daily mood (positive affect and negative affect). 

Absolute and variability (standard deviation (SD) and tRMSSD) markers of 

mood are shown. * p < .05, ** p < .01 
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Figure 49: Relationship between variability in positive affect (as measured by SD and 

tRMSSD) and fraction of time in the sensorimotor state in high and low MDQ groups. 

Figure 50: Relationship between variability in positive and negative affect (as 

measured by SD and tRMSSD) and fraction of time in the highly interconnected state 

in high and low MDQ groups. 
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Variability in negative affect was negatively associated with fraction of time spent in 

the highly interconnected state in high MDQ participants (fig. 49), such that as 

variability in negative affect increased, fraction of time spent in the highly 

interconnected state decreased. Conversely, increased variability in the low MDQ 

group was associated with increased fraction of time spent in this state. Fishers Z test 

revealed that this difference was significant between the groups (SD: z = -3.21, p = 

.001; tRMSSD: z = -2.68, p = .007). 

 

It should be noted that effect sizes across all correlational analyses with mood markers 

(tables 36, 37, and 38) ranged from weak to moderate. Also, significant results did not 

survive a Bonferroni adjusted alpha level of .001 across comparisons. 
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6.3.5  Exploratory relationship between dFNC metrics and 

rest-activity patterns 

6.3.5.1  dFNC metrics and rest-activity patterns 

 

As demonstrated in table 39, associations between rest-activity parameters36 and 

dynamic functional connectivity metrics were only seen in the low MDQ group. Fishers 

Z tests revealed that low MDQ participants had negative associations between M10 

activity and number of states occupied (z = 2.13, p = .033) and number of transitions 

between states made (z = 2.31, p = .021), as well as with IV and total distance across 

states travelled (z = 2.34, p = .019). Thus, as activity during the day increased in low 

MDQ participants, the number of states they occupied and number of transitions they 

made between states decreased (fig. 51); and as low MDQ participants experienced 

 
36 Please see chapter 4 for a full description and discussion of the rest-activity measures. 

Table 39: Pearson Product-Moment correlation coefficients of dynamic functional 

connectivity markers (number of states, switch rate, range, distance, and number of 

transitions) and overall rest-activity markers (L5 onset, L5 activity, M10 onset, M10 

activity, relative amplitude (RA), interdaily stability (IS), and intradaily variability (IV)). 

* p < .05, ** p < .01 
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increased fragmentation in rest-activity rhythms, the total distance they travelled 

across states decreased (fig. 52). 

 

 

 

 

 

Figure 52: Relationship between IV and 

distance in high and low MDQ groups. 

Figure 51: Relationship between M10 activity and number of states and number of 

transitions in high and low MDQ groups. 
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6.3.5.2  Dwell time and rest-activity patterns 

 

As can be seen from table 40, in the DMN state, high MDQ participants had a positive 

association with M10 onset and dwell time, whereas low MDQ participants had a 

negative association between these variables (z = 3.39, p = .001) (fig. 53, right). Thus, 

as the onset of daytime activity increased in the high MDQ group so did dwell time in 

the DMN state, whereas dwell time decreased in the low MDQ group. However, L5 

onset was positively associated with dwell time in the DMN state in low MDQ 

participants (z = -3.22, p = .001) (fig. 53, left), such that as onset in sleep/night-time 

activity increased so did dwell time in the DMN state. 

Table 40: Pearson Product-Moment correlation coefficients of dwell time markers 

across meta-states (highly interconnected, DMN, sensorimotor, and low connectivity) 

and overall rest-activity markers (L5 onset, L5 activity, M10 onset, M10 activity, relative 

amplitude (RA), interdaily stability (IS), and intradaily variability (IV)). 

* p < .05, ** p < .01 
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6.3.5.3  Fraction of time and rest-activity patterns 

 

As demonstrated in table 41, fraction of time was associated with rest-activity markers 

in the high MDQ group only. High MDQ participants had positive associations between 

M10 onset and fraction of time spent in the DMN state (z = 2.91, p = .004) (fig. 54, left), 

and between M10 activity and fraction of time spent in the sensorimotor state (z = 2.10, 

Table 41: Pearson Product-Moment correlation coefficients of fraction of time markers 

across meta-states (highly interconnected, DMN, sensorimotor, and low connectivity) 

and overall rest-activity markers (L5 onset, L5 activity, M10 onset, M10 activity, relative 

amplitude (RA), interdaily stability (IS), and intradaily variability (IV)).   

* p < .05, ** p < .01 

Figure 53: Relationship between L5 onset and M10 onset and dwell time in the DMN 

state in high and low MDQ groups. 
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p = .036) (fig. 54, right). Thus, as high MDQ participants had a greater onset in daytime 

activity, the fraction of time they spent in the DMN state increased. Also, as their 

daytime activity increased, the fraction of time they spent in the sensorimotor state 

also increased. 

 

It should also be noted that effect sizes across all correlational analyses with rest-

activity markers (tables 39, 40, and 41) ranged from weak to moderate. Again, 

significant results did not survive a Bonferroni adjusted alpha level of .001 across 

comparisons. 

 

 

 

 

 

 

 

Figure 54: Relationship between M10 onset and fraction of time spent in the DMN 

state (left) and M10 activity and fraction of time spent in the sensorimotor state (right) 

in high and low MDQ groups. 
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6.3.6  Exploratory relationship between dFNC metrics with 

mood and rest-activity patterns: a summary 

6.3.6.1  dFNC metrics 

 

 

6.3.6.2  Dwell time 

 

 

 

 

Table 42: Summary table showing significant positive and negative correlations between 

dynamic functional connectivity metrics with mood and rest-activity markers. 

– : high MDQ; – : low MDQ. 

Table 43: Summary table showing significant positive and negative correlations between 

dwell time markers with mood and rest-activity markers. – : high MDQ; – : low MDQ. 
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6.3.6.3  Fraction of time 

Table 44: Summary table showing significant positive and negative correlations 

between fraction of time markers with mood and rest-activity markers. – : high MDQ; 

– : low MDQ. 
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6.4  Discussion 

Dynamic functional connectivity (dFNC) patterns were identified in high MDQ 

individuals. Despite the sliding window approach identifying a comparative level of 

activation within four distinct resting meta-states across participants and time, groups 

differed across a range of dynamic properties in functional connectivity. In particular, 

low MDQ individuals occupied fewer states overall at the second scan session 

compared to the first, whilst high MDQ individuals remained just as highly changeable. 

When assessing the relationship between these dynamic properties with mood and 

circadian rest-activity patterns, we were able to uncover differential patterns of 

functional connectivity as a function of mood instability. Together, these results further 

the evidence for dFNC found in previous studies in mood disorders such as BD and 

MDD, as well as begin to highlight how disruptions in these dynamic connections 

persist outside of diagnosis and particular functional impairment, and thus may 

represent an overarching impairment in neural homeostatic mechanisms to regulate 

mood and related behaviours. 

 

Using the sliding window approach to investigate dFNC, I was able to establish four 

robust meta-states across all participants and time points, namely: (a) a highly 

interconnected state; (b) the DMN; (c) a sensorimotor state; and (d) a state of low 

connectivity. Whilst differences between groups and time were not found in the degree 

of neural coupling within these meta-states, the fact that they were distinctly identified 

across the COMET sample of otherwise healthy, medication-naïve individuals 

presents interesting implications. For instance, the DMN has long been identified as a 

core network activated during rest and mind wandering (Buckner, Andrews-Hanna, & 

Schacter, 2008) and so is most often identified in resting-state fMRI studies. However, 
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when delving into mental activity, or mind-wandering, during rest, individuals are often 

noted to engage in self-referential thoughts as well as working memory encoding 

(Sormaz et al., 2018), highlighting the engagement of the prefrontal cortex (PFC), 

cingulate cortex, and hippocampal regions of the DMN. In the case of mood disorders, 

we know that abnormal DMN functioning is associated with symptoms of rumination 

in MDD (Cha et al., 2015), particularly reflected in hyperconnectivity between the 

subgenual cingulate cortex and posterior cingulate cortex. Whilst there are fewer 

studies of DMN functioning in BD, consistent findings of an association between 

disruptions in this network and increased symptoms of both BD mania (Öngür et al., 

2010; Vargas et al., 2013) and BD depression (Liu et al., 2012) have been reported. 

Together with the knowledge that DMN regions often project to limbic structures 

involved in emotional processing and regulation (Mohan et al., 2016), these findings 

suggest an integral role of the DMN in modulating healthy cognition, a process which 

is often impaired in mood disorders. 

 

In a similar vein, the identification of a sensorimotor state also presents interesting 

implications given the interaction between sensory and motor modalities and mood 

disorders (Canbeyli, 2010). For instance, exposure to light is known to alleviate 

depressive symptoms of both seasonal (Avery, 1998; Lewy, Kern, Rosenthal, & Wehr, 

1982; Rosenthal et al., 1984) and non-seasonal (Even, Schröder, Friedman, & 

Rouillon, 2008; Kripke, 1998; Mackert, Volz, Stieglitz, & Müller-Oerlinghausen, 1991) 

mood disorders. Additionally, evidence of a negative affective bias in visual 

processing, particularly involving reduced connectivity in the anterior cingulate cortex 

and insula to positively-valanced images, and between the insula and hippocampus 

to negatively-valanced images in MDD has been reported (Lee et al., 2007). Combined 
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with the fact that auditory stimulation, often through music is known to regulate mood 

(Kemper & Danhauer, 2005), as well as the presence of symptoms such as disrupted 

appetite and physical behaviour throughout the course of mood disorders, it has 

become increasingly evident that sensorimotor modalities, across their neural, clinical, 

and behavioural representations, are core to the experience of disrupted mood. Whilst 

we did not observe group differences in connectivity within the sensorimotor and DMN 

states in the current study, the fact that these regions are identified as core functional 

meta-states, as well as the finding of distinct dynamic properties in the functional 

connectivity across these states in high MDQ individuals, suggests their integral 

involvement in the underlying neurobiological basis of temporally dynamic mood 

instability. 

 

When focusing on the dynamic metrics, or properties, of functional connectivity 

identified in this analysis, a number of distinct and important observations were made. 

Whilst low MDQ individuals occupied fewer states and made fewer changes between 

states across scan sessions, demonstrating a learning-like curve of habituation in 

dynamics or perhaps regulation as a result of daily mood monitoring, high MDQ 

individuals remained just as highly changeable in their functional connectivity across 

time. This differential pattern further supports findings of dynamic rigidity in BD patients 

(Nguyen et al., 2017) by demonstrating that a consistent pattern of highly changeable 

dynamics between neural states are also a reflection of reduced internetwork flexibility 

when comparing to an otherwise healthy pattern of regulation across time. 

 

This lack of habituation or regulation across time in high MDQ individuals, who remain 

just as highly changeable in dynamics, also bears hallmarks of an anxious nature. 
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Given that the high MDQ group were also found to report significantly greater levels 

of anxiety, as well as increased variability in anxious symptoms, across the 10-week 

study period (see chapter 2, section 3), suggests that this pattern of highly changeable 

and inflexible functional connectivity may be a neural underpinning of a related highly 

activated clinical state. Whilst the current study focused on investigating individuals 

with risk of mood disorders, and did not directly assess the relationship between 

anxiety symptoms and dFNC, the fact that anxiety disorders are a common 

comorbidity (Kaufman & Charney, 2000; Regier, Rae, Narrow, Kaelber, & Schatzberg, 

1998), share a similar profile of cognitive and behavioural impairment, and are 

associated with many of the neural networks implicated in BD and MDD, for instance 

within the PFC, insula, and amygdala (Baur, Hänggi, Langer, & Jäncke, 2013), 

suggests that they may share a similar pattern of dynamic neural disruption. Future 

studies could investigate this more clearly by extending the current study in patients 

distinguished by BD, MDD, and anxiety disorder diagnoses, in order to tease apart the 

differences in neural connectivity that may underscore their clinical presentation. 

 

All participants, regardless of group, spent a greater amount of time in the 

sensorimotor meta-state, as measured by dwell time and fraction of overall time. When 

combining this with the finding that a smaller fraction of time was spent in the highly 

interconnected and DMN state across scan sessions, suggests a pattern of neural 

activation that may have moved away from a more cognitive-loaded state of self-

referential thought and memory encoding (Sormaz et al., 2018) to one that 

emphasised sensory inputs from the environment. Whilst this activation could reflect 

the conscious appraisal of a salient MRI scanner environment, a novel and unfamiliar 

experience for most people, the fact that this marker of time was significantly 



Chapter 6 | Dynamic resting-state functional connectivity in mood instability 

 

 229 

associated with sensorimotor neural networks presents interesting implications when 

considering it alongside differences in dynamic metrics. Given that all participants 

spent more time in this sensorimotor state, yet high MDQ participants occupied a 

greater number of states and made an increased number of switches between states, 

suggests a pattern of dynamic functional instability that may be related to the 

engagement of sensorimotor regions. Given, also, that we know that sensorimotor 

modalities are implicated in the clinical presentation of mood disorders, and offer 

targets for therapeutic relief, further suggests that a rigid pattern of instability in the 

maintenance of neural connections across this state and with projections to others, 

may be a hallmark of the particular neural homeostatic mechanism that underlies 

mood instability. 

 

Analyses of a relationship between dFNC properties and measures of mood began to 

highlight a neural underpinning of mood instability in the high MDQ group. Overall 

group differences in the number of meta-states occupied and the rate of switching 

between states was particularly strengthened by increasing positive affect, and 

attenuated by increased variability in negative affect, in high MDQ participants. Thus, 

as high MDQ individuals became more stable in mood, they were able to show more 

flexible patterns of functional connectivity, although this pattern became more rigid as 

they became more unstable in negative mood. Whilst this result is preliminary in nature 

and should be further examined in order to investigate how mood changeability may 

impact the differences in dynamic connectivity across time that were also observed, it 

does lend further support to the notion of increased rigidity and inflexible patterns of 

neural communications in mood disorders, particularly during periods of depression 

marked by rumination and negative biases (Kaiser et al., 2016). Therefore, it could be 
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that mechanisms of positive mood work to promote more flexible and variable 

functional connections between brain regions, but it is the further mechanism by which 

this is maintained and habituated across longer periods of time that may protect 

against more severe forms of mood instability that we see in BD. Despite its 

exploratory nature, this interpretation can present particularly significant implications 

for our current understanding of the temporally dynamic process of mood instability, 

and its reflection in a number of cyclic behavioural and cognitive patterns. 

 

Furthering this relationship, the amount of time spent in distinct meta-states was 

modulated by mood. As high MDQ participants showed more mood instability, across 

the domains of positive affect and negative affect, they spent a smaller fraction of time 

in the highly interconnected state; but as low MDQ participants became more variable 

in mood, they instead dwelled for longer in this state. This suggests that engagement 

of the highly interconnected state, or activation across a broader range of brain 

regions, may act as a resilience or protective factor against mood instability. Given 

that the high MDQ group was found to show significant symptoms of negative mood 

indicative of a depressive episode across analyses in this thesis, further suggests that 

this overall relationship between mood instability and lowered whole brain 

communication may be more representative of an inflexible pattern of functional 

connectivity reflecting dampened affect. Future studies should aim to tease apart the 

effect that may be a representation of MDD depression rather than of BD, by exploring 

dFNC across groups of BD and MDD patients with characteristic mood instability. 

 

Although the relationship between dFNC markers and rest-activity variables were less 

consistent, results begin to highlight a potential protective feature of associated 
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dynamic neural connectivity. For instance, low MDQ individuals occupied fewer meta-

states and made fewer transitions between states as their daytime activity levels 

increased. Given that daytime activity was found to be significantly different between 

the groups (see chapter 4), such that high MDQ individuals moved less during the day 

than low MDQ individuals and that this was modulated by absolute and variability in 

mood, suggests that a stable level of neural functional connectivity may represent a 

protective feature in regulating the circadian rest-activity disruptions noted with 

fluctuating mood. Similarly, greater daytime activity was associated with increased 

time spent in the sensorimotor state in high MDQ individuals only, perhaps 

demonstrating an interaction in these neural regions to both control and regulate 

circadian rest-activity patterns. Whilst this is in line with previous findings of an 

association between instability in circadian rest-activity markers and abnormalities in 

connections between the dorsolateral PFC and somatosensory regions such as the 

supramarginal gyri (McKenna, Drummond, & Eyler, 2014), subsequent research 

should aim to further examine this potential cyclical relationship between mood 

instability, circadian rest-activity patterns, and dynamic functional connectivity using 

more sensitive measurement techniques such as polysomnography and melatonin 

secretion, in combination with actigraphy and dFNC fMRI methods. 

 

While results of a relationship between properties of dFNC with markers of mood and 

circadian rest-activity patterns provide an informative basis to consider the wide-

ranging implications of a disruption in neural homeostasis, a number of limitations 

should be noted. Firstly, due to the number of variables used to measure each 

component and thus, the number of comparisons being made, the likelihood of 

erroneous inferences due to multiple comparisons increases. In particular, this can 
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lead to false positives, or type I errors. However, when using the Bonferroni correction 

(Bland & Altman, 1995; Dunn, 1961) for multiple comparisons, significant associations 

did not survive. Therefore, current results of a relationship with mood and circadian 

rest-activity patterns are exploratory in nature and should be interpreted with caution. 

More direct assessments of these putative associations should be carried out in the 

future, perhaps with the addition of interventions such as mood regulating therapies 

or behavioural interventions, in order for the translational outputs of neural dynamics 

to be better understood. Additionally, the novel nature of the wider approach of dFNC 

should also be acknowledged. Whilst it provides an interesting and more nuanced 

method of exploring the complexities of psychiatric phenomenon, particularly in the 

case of a temporally sensitive and dynamic process such as mood instability, the 

interpretations of these dynamic properties are still in their infancy. It is hoped that 

further research will aid us in more accurately navigating this approach by providing 

further validations of dFNC outputs, as well as building more comprehensive analysis 

pipelines, in order for mood instability and other such phenomenon to be investigated. 

 

Nevertheless, current results have elucidated important patterns of dynamic functional 

connectivity that underlie mood instability, over and above the absence of disruptions 

in static functional connectivity (see chapter 5).  High MDQ individuals have been 

shown to have significantly distinct profiles of functional connectivity highlighting not 

only an instability in communication between core regions, but also a pattern of 

inflexibility or rigidity in dynamic patterns across time which may represent overarching 

disruptions in habituation or regulation. As this is the first study, to my knowledge, to 

explore such dynamic connectivity in mood instability across time, results are 

preliminary in nature and should be further built upon and validated. However, current 
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results provide a critical basis of evidence emphasising the need to consider the 

dynamic pathophysiological mechanisms that underlie the temporally dynamic 

process of mood instability. Such pathophysiology, involving holistic disruptions in 

neural homeostatic mechanisms to regulate mood and related clinical, behavioural, 

and cognitive outcomes, are thus able to better inform us of illness onset (be it BD or 

MDD), symptom severity, and treatment targets. 
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Chapter 7 | Discussion 
 

The aim of this doctoral research was to build a translational neuroscience profile of 

mood instability in order to establish its underlying pathophysiological circuits. In 

particular, both behavioural dimensions and neural systems were considered so as to 

explore the symptomatic correlates of a potential disruption in neural homeostatic 

mechanisms to regulate mood and related behaviours. Additionally, special 

consideration was given to the temporal dynamics of each domain such that the 

oscillating nature of mood instability could be sensitively captured. As the first such 

investigation into the underlying mechanisms of mood instability, this research can 

begin to advance our understanding of the mood disorders for which it is characteristic, 

particularly BD and MDD. It is hoped that a more nuanced assessment of the temporal 

dynamics of this phenomenon will aid in both better understanding the method of 

action of lithium and other mood stabilising and antidepressant drug treatments, as 

well as in developing better suited targets for novel therapeutic intervention. 

 

7.1  Summary 

 

7.1.1  Identifying mood instability 

Using a longitudinal and remote monitoring method, significant mood instability was 

identified in high MDQ individuals as measured by the Mood Disorder Questionnaire 

(MDQ). These participants were more variable in positive affect and negative affect 

over a 10-week period, and also reported greater symptoms of depression, mania, 

and anxiety. Whilst further supporting the idea that the MDQ may be a sensitive tool 

for capturing mood instability in the general population – rather than strictly 
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vulnerability to BD – high MDQ individuals were also found to be significantly lower in 

mood. In addition to a greater number of MDD diagnoses (5 out of 9, 13.5% of the 

total group) compared to BD diagnoses (3 out of 9, 8.1% of the total group), increased 

levels of negative affect – or low mood – was found to distinguish those meeting 

diagnostic criteria from those who did not in the high MDQ group, regardless of the 

category of diagnosis. Although I am not able to tease apart the distinct BD and MDD 

mechanisms at play in the current thesis, these findings lend further support to 

observations of increased diagnostic overlap between the disorders (Ghaemi et al., 

1999), as well as the notion that mood instability may be a transdiagnostic marker 

across mood disorders (Patel et al., 2015; Thompson et al., 2011). Nevertheless, 

analyses in chapter 3 were able demonstrate the ability of both the MDQ and daily 

remote monitoring techniques to capture longitudinally oscillating mood in a subclinical 

sample, laying the foundations for subsequent investigations of the dynamic 

behavioural correlates and neural underpinnings of mood instability. 

 

7.1.2  Capturing disruptions in circadian rest-activity 

patterns 

Thus, the subsequent chapter aimed to investigate the behavioural correlates of this 

instability, as measured by circadian rest-activity patterns. High MDQ individuals had 

significantly lower circadian relative amplitude, a differentiation marker of daytime and 

night-time activity, driven by decreased movement or activity during the day. When 

assessing this relationship with concurrent mood monitoring, I was able to uncover a 

pattern of temporal association such that the high MDQ and low MDQ groups showed 

differential patterns of modulation between mood instability and circadian relative 

amplitude. Building on this, high MDQ individuals also showed a significantly different 
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pattern of association between mood instability in both positive and negative affect 

and night-time activity, outside of distinct group differences in this circadian measure. 

Combined with the finding of a differential relationship between daytime activity and 

mood instability in the positive affect domain, current results point to the importance 

of a regulatory mechanism – in this case, circadian relative amplitude to account for 

both daytime and night-time activity – and its relationship with mood instability. 

Together, this study was able to extend previous research of at-risk-to BD groups (e.g. 

Bullock & Murray, 2014; Rock, Goodwin, Harmer, & Wulff, 2014) by further confirming 

the persistence of circadian rest-activity disruptions outside of distinct diagnoses and 

in a sub-clinical group, albeit with differences in the particular factors underlying this 

difference. 

 

In their actigraph study over a two week period, Rock and colleagues (2014) found 

that high MDQ individuals had increased patterns of movement or activity during sleep, 

whilst I instead found a pattern of decreased daytime activity in the absence of sleep 

disruptions. Whilst these patterns often present hand-in-hand, that is that restless 

sleep can cause changes in daytime movement, the fact that the current study 

investigated these patterns over a longer 10-week scale suggests that a cumulative 

decrease in activity may be a key correlate of mood instability. Combined with findings 

of a distinct modulation in these circadian patterns by mood instability, supporting 

Bullock & Murray's (2014) results of lower levels of circadian relative amplitude as a 

function of depression in their at-risk-to BD group, current findings seem to further 

highlight the presence of depression in the current sample. Given that psychomotor 

retardation, lack of energy, and feelings of fatigue are core symptoms of MDD along 

with low mood, it therefore seems that the current high MDQ group were showing two 
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indications of depression, namely (a) absolute low mood; and (b) lower levels of 

movement or activity during the day. Again, although we are unable to disentangle the 

specific nature of this potentially depressive experience, the fact that mood instability 

affects these behavioural disruptions over and above diagnoses of BD or MDD 

suggests a common underlying mechanism of instability. Together, this further 

warrants the need for exploring the underlying pathophysiological basis of mood 

instability and its related behavioural disruptions, in order to elucidate the shared 

neural homeostatic mechanisms that may be susceptible to imbalance. 

 

7.1.3  The neural basis of mood instability: static and 

dynamic functional connectivity  

The second half of my empirical work aimed to explore the neural profile of mood 

instability. To do this, I first intended to build a profile of the whole brain connectivity 

patterns that may underlie the distinct mechanisms of mood instability and its specific 

associations with emotional processing and regulation regions such as the amygdala 

and insula (chapter 5), before going on to explore the particular dynamic mechanisms 

by which nuances in connectivity may relate to the temporally dynamic experience of 

mood instability (chapter 6). When addressing this first part, no differences between 

groups or time (that is, repeat testing) in neural networks activated at rest were found. 

This is in line with evidence from euthymic BD patients and healthy controls, which 

has generally reported the absence of functional connectivity differences in resting-

state networks (RSNs) (Syan et al., 2018), and further lends support to the finding of 

varying degrees of neural disruption in BD modulated by mood and distinct mood 

episodes (Vargas et al., 2013). Similarly, seed-based analyses using the amygdala 

and insula as regions of interest (ROIs) showed no differences in specific connectivity 
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between the groups or across time. These results are in line with previous research 

which has often reported inconsistent and heterogenous results of resting state 

connectivity in mood disorders (Vargas et al., 2013), and also further highlights the 

difficulties in applying a static method to the analysis of a highly variable and finer-

grained symptom, thought to be reflected in dynamic neural connectivity. This 

becomes ever more important to understand when considering that mood instability, 

or oscillating patterns of mood, is characteristic of a number of mood disorders 

including BD and MDD, and so understanding the nature of its pathophysiology may 

hold the key for transforming its treatment. Thus, these findings further warrant the 

need for additional investigation of the dynamic nature of such underlying functional 

connectivity in order to more precisely uncover its pathophysiology. 

 

Therefore, and despite limited differences in functional connectivity found using these 

static measures, distinct dynamic properties were uncovered. A comparative level of 

activation within four independent meta-states (that is, (a) highly interconnected; (b) 

DMN; (c) sensorimotor; and (d) low connectivity) was identified between groups, and 

across time. However, low MDQ individuals occupied fewer states and made fewer 

changes between states over time, while high MDQ individuals remained just as highly 

changeable. This difference in dynamics between the groups, such that low MDQ 

individuals seemed to show a pattern of habituation or regulation in functional 

connectivity over time, further suggests a pattern of dynamic rigidity in high MDQ 

individuals. Therefore, a consistent pattern of highly changeable dynamics across time 

in these individuals may be further evidence of a reduction in internetwork flexibility 

(Nguyen et al., 2017) when compared to an otherwise healthy pattern of regulation 

across time. 
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When assessing the modulation of these dynamic patterns by mood instability, it 

appeared that a mechanism of mood elevation could work to promote more flexible 

and variable functional connections between brain regions. However, the method by 

which this pattern is maintained and regulated across longer periods of time may 

protect against more severe forms of mood instability that is seen in mood disorders 

such as BD and MDD. Thus, this preliminary finding using the novel sliding window 

approach to investigate dynamic functional connectivity suggests a system controlling 

neural balance may be key – and that an imbalance in temporally dynamic connectivity 

may account for mood instability. Further, high MDQ individuals were found to spend 

a lower amount of time in the highly interconnected state as their mood instability 

increased, yet the opposite pattern was observed in low MDQ individuals. The 

implications of this finding are two-fold. Firstly, it suggests that the engagement of a 

wider range of brain regions may act as a protective, or resilience, factor signalling a 

healthy pattern of neural flexibility. Secondly, and combined with previous findings of 

an overall depressed state in the high MDQ group as shown by lowered overall mood 

(chapter 3) and less daytime activity (chapter 4), it suggests that a general relationship 

between diminished whole brain communication may be more representative of an 

inflexible pattern of functional connectivity reflecting dampened affect, something that 

is also reported in studies of functional connectivity in MDD marked by rumination and 

negative biases (Kaiser et al., 2016). 

 

When extending this investigation by considering the relationship between dynamic 

functional connectivity properties and circadian rest-activity patterns, results begin to 

further highlight a set of protective or resilience features. For instance, those in the low 
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MDQ group occupied fewer meta-states and changed between states less often as 

their daytime activity levels increased. Considering that daytime activity was lower 

overall in the high MDQ group, and shared particular association with mood instability 

(chapter 4), this suggests that a more stable profile of dynamic connectivity may 

represent a protective feature in regulating the circadian rest-activity disruptions noted 

with mood instability. 

 

Overall, both strands of study into the resting-state functional connectivity profile of 

mood instability have elucidated patterns of dynamic functional connectivity that 

underlie this instability, over and above the absence of static differences. In particular, 

high MDQ individuals have significantly distinct profiles of functional connectivity 

highlighting not only an instability in communication between core regions, but also a 

pattern of inflexibility or rigidity in dynamic patterns across time that may represent 

overarching disruptions in regulation. Additionally, frequent indications of a protective 

or resilience mechanism – for instance, in specific associations between dynamic 

properties and circadian rest-activity patterns – further emphasises the role that an 

imbalance in neural homeostatic mechanisms has to play in the maintenance of mood 

instability. 

 

7.2  Implications 

 

Findings in the current thesis provide important implications for our understanding of 

mood instability and its relation to mood disorders such as BD and MDD. By identifying 

longitudinal mood instability in a sample distinguished by a positive MDQ screen, and 

demonstrating the circadian rest-activity patterns of disruptions associated with such 
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instability, we are able to present a more scientifically grounded representation of 

mood instability, which has otherwise only been shown in observational studies of 

clinical groups over shorter timescales. Additionally, not only does this consideration 

of the associated dynamic behavioural outcomes of mood instability provide insights 

for interventions that target behavioural changes, they have also begun to highlight 

the overarching involvement of disruptions in neural mechanisms which may cause 

both the symptoms of mood instability and behavioural disruptions. 

 

Such longitudinal monitoring of mood and rest-activity patterns may aid in identifying 

those who go on to show functional impairment and thus, may also predict illness 

onset. Extending this to the longitudinal study of mood and related behavioural 

instabilities in patient groups can also aid in informing patients and clinicians alike, of 

the worsening of symptoms and the need for hospital admission or mood stabiliser 

prescriptions (Patel et al., 2015). While I am currently unable to tease apart the nature 

of mood disorder presented here, further such monitoring could shed light on the 

trajectories to BD and MDD that may manifest. 

 

Conversely, current results also begin to elucidate potential resilience factors or 

protective features that may impact the progression of mood instability to mood 

disorders. For instance, 75% of the high MDQ group did not meet diagnostic criteria 

for any axis I disorder (see chapter 2) suggesting that mood instability by itself, during 

this time period, was not enough to cause significant illness. Additionally, previous 

research has shown the benefits of exercise as an adjunct treatment for mood 

disorders (e.g. Hearing et al., 2016) that can work to regulate mood by reducing 

symptoms of depression and increasing positive affect (Bartholomew et al., 2005). 
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This combination is particularly important to consider given that high MDQ individuals 

were shown to have lowered levels of activity in the day, particularly affected by mood 

instability, and that flexible patterns of dynamic functional connectivity seemed to 

reflect a healthy relationship with daytime activity in low MDQ individuals. Therefore, 

this cyclic relationship between mood instability, circadian rest-activity patterns, and 

resting-state patterns of functional connectivity not only presents implications for the 

progression of mood instability to mood disorder, but also of the protective features 

that may be at play both in low MDQ individuals, and in those in the high MDQ group 

who do not go on to show functional impairment or necessarily meet diagnostic criteria. 

 

Together, these implications can inform us of better treatment targets. For example, I 

have discussed the potential for exercise to alleviate mood symptoms and regulate 

affect, given that circadian rest-activity patterns are closely related to mood disorders 

and mood instability. However, by further elucidating the neural profile of mood 

instability and its related behavioural outcomes, we are able to begin to understand 

the nature and method of action of lithium and other established and novel mood 

stabilising medications. Owing to the fact that mood instability is considered a core 

feature of the clinical presentation of BD, often outside of the varying nature of 

depressive and manic episodes, a holistic approach of investigating the translational 

neuroscience basis of mood instability such as this one may aid in determining the 

potential ability for lithium to regulate the neural mechanisms that may cause mood 

and related instabilities. In a similar vein, considering this neural basis as a target for 

the development of novel therapeutic targets can also aid in improving treatment 

options and clinical outcomes for patients with mood disorders characterised by such 

instability. 
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7.3  Further Directions 

 

7.3.1  Experimental medicine interventions 

Based on these wider implications, and given that this is the first such study to 

investigate the associated behavioural and neural profile of mood instability, future 

work could begin to investigate the effects of intervention on this phenomenon. The 

Oxford Lithium Trial (OxLith) is a current study which aims to do just this, employing a 

similar methodology to that of the COMET study in investigating the clinical, cognitive, 

behavioural, neural, and biochemical effects of lithium carbonate in BD (Saunders et 

al., 2016). It is hoped that such a study can begin to understand the propensity for 

lithium to target and help regulate mood instability and associated symptoms. By 

additionally investigating the effects of this mood stabilising treatment on neural 

functioning, it can also further elucidate the particular networks and neural dynamics 

that are core to the symptom of mood instability in disordered mood, as opposed to 

those that may instead be protective. Such an assessment of the longitudinal effects 

of lithium on mood instability could then be extended to the consideration of novel and 

non-pharmacological treatments, in order to both develop better suited treatment 

options, and to fully account for the wide-ranging symptomatic consequences of mood 

instability. 
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7.3.2  Further validating novel methodologies 

On a more nuanced level, and as discussed in individual chapters, future work should 

also validate current findings, particularly given the largely novel set of methodologies 

used. For instance, while the use of actigraph devices present a beneficial and low 

intensity technique for the measurement of longitudinal and fine-grained data, their 

output of proxy markers can be considered problematic for its derivative nature 

(McGowan et al., 2019). Future studies could therefore complement current work by 

employing the use of additional circadian measures such as melatonin secretion, 

polysomnography, and sleep diaries. Furthermore, the validity of the novel analysis of 

dynamic functional connectivity via the sliding window approach should be extended. 

Owing to the importance of such neuroimaging analysis methods for a range of 

psychiatric disorders, and the translational implications they present, it is hoped that 

current work emphasising distinctions in dynamic properties in mood instability will 

contribute to this process. 

 

7.3.3  Cognitive impairments associated with mood instability  

Moreover, and in line with the RDoC framework of investigating psychiatric illness in 

terms of varying degrees of dysfunction in general psychological and biological 

systems (Insel et al., 2010), future work should also address the temporally dynamic 

nature of cognitive impairments that may present as a consequence of mood 

instability. This is particularly important given that we know of distinct and marked 

disruptions in cognitive functioning in mood disorders and during mood instability (e.g. 

Broome, He, Iftikhar, Eyden, & Marwaha, 2015; Eldar & Niv, 2015) (see chapter 1), as 

well as the established cognitive neuropsychological hypothesis of antidepressant 

action (Harmer, Goodwin, & Cowen, 2009) that posits a direct action of mood 
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stabilising treatment on cognitive functioning before clear regulation in mood is 

observed. While I am unable to experimentally address the cognitive nature of mood 

instability in the current thesis, it is hoped that analysis of the cognitive data collected 

in the COMET study will further add to the profile built here. Ultimately, it is expected 

that mood instability will be reflected in an overarching disruption in neural homeostatic 

mechanisms that are responsible for regulating mood and related behavioural and 

cognitive symptoms. 

 

7.4  Strengths and limitations 

 

Despite the advances made in understanding mood instability in the current thesis, it 

is important to note a number of limitations. For instance, and as further discussed in 

chapter 2, questions remain around the use of the MDQ, a screening tool for BD 

(Hirschfeld et al., 2000), in the identification of mood instability. Whilst this tool was 

able to accurately detect mood instability in those in the current sample who screened 

in (the high MDQ group), we are unable to conclusively attribute that to the sensitivity 

of the MDQ. As well as assessing functional impairment, the MDQ is known to account 

more heavily for symptoms of hypomania and mania, and while the current high MDQ 

group were significantly more unstable in positive affect compared to the low MDQ 

group, they were also overwhelmingly lower in absolute negative mood. Thus, it 

remains to be seen whether other screening measures, independently and together 

with the MDQ, such as the Affect Lability Scale (ALS) (Oliver & Simons, 2004) and 

Affective Intensity Measure (AIM) (Solhan et al., 2009), could also sensitively predict 

longitudinal mood instability, whilst also giving an indication of the affective domain 

that may be more implicated. This is particularly vital to understand when applying the 
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current findings to the management of symptoms in mood disorders, given that mood 

instability is characteristic of both BD and MDD, both of which are known to share 

significant diagnostic overlap. Therefore, the advent or repurposing of a tool adept at 

both identifying mood instability and sensitively predicting the course of illness – be it 

mania indicative of BD, or depression indicative of either MDD or BD – can further aid 

in administering early therapeutic interventions and preventing worsening of 

outcomes. 

 

In a similar vein, whilst the majority of high MDQ participants did not meet diagnostic 

criteria for a DSM-IV axis I disorder, a number did, with a range of heterogenous 

comorbidities. As noted in chapter 3, these individuals were significantly lower in 

absolute negative mood than the rest of the high MDQ group. However, and due to 

the small sample size, we were unable to ascertain whether these differences persist 

outside of mood monitoring, and whether those who met diagnostic criteria also had 

differing patterns of circadian and functional connectivity which may have differentially 

affected current results. Future research could address this by further parcellating the 

high MDQ group into those who do and do not meet diagnostic criteria, in order to 

determine the components of a disrupted homeostatic mechanism that are involved 

with, and even responsible for, worsening symptoms, functional impairment, and the 

progression of illness.  

 

Although the 10-week study period, incorporating daily measures of mood and minute-

by-minute changes in activity, was beneficial in its ability to both longitudinally monitor 

symptoms and capture finer-grained fluctuations in mood, we were unable to assess 

the outcomes of the mood instability identified. While the high MDQ group showed 
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significant levels of mood instability, they also showed indications of being in an overall 

low or depressed state – through both their absolute mood scores and lowered levels 

of daytime activity. It therefore may have been that 10-weeks of monitoring was able 

to detect mood instability, but was not long enough to track the progression of absolute 

mood changes. This is particularly important given that depressive episodes in BD are 

known to last between 2 and 3 months (Frankle et al., 2002) and thus, further 

monitoring for a longer period of time would have shed light on whether this mood 

instability reported over 10 weeks was part of the BD depressive phenotype, more 

prolonged periods of MDD depression, or disordered mood in its own right. Similarly, 

whilst we were able to detect dynamic patterns of functional connectivity related to 

mood instability, in the absence of static changes, results began to highlight the 

complex nature of association whereby the persistent, or rigid, nature of dynamic 

functional connectivity over time seemed to be characteristic of the high MDQ group. 

Although this analysis was exploratory in nature, more frequent scanning over a longer 

period of time, providing finer-grained snapshots at functional connectivity, may have 

helped to elucidate the mechanism of dynamic rigidity noted in the high MDQ group. 

 

To my knowledge, analyses in chapter 4 are the first to assess the longitudinal 

relationship between circadian rest-activity patterns and mood instability in groups 

distinguished by scores on the MDQ. Despite uncovering interesting patterns 

implicating the regulatory role of both daytime and night-time activity in mood 

instability, the current linear mixed effects models were unable to determine the cause 

and effect nature of this relationship. Thus, it remains to be seen whether increased 

levels of mood instability over time lead to the lowering of circadian relative amplitude 

in the high MDQ group, or instead whether disruptions in these patterns precede mood 
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instability. Future studies could aim to extend these results by including activity-based 

interventions – such as social rhythm therapy, known to help regulate and manage 

chaotic daily rhythms in BD (Frank et al., 2005; Frank, Swartz, & Kupfer, 2000) – into 

a longitudinal randomised controlled trial design in order to tease apart the 

directionality of this relationship, if any, and further inform us of the underlying 

homeostatic mechanism at play. 

 

Building on this, while the novel and exploratory nature of dynamic functional 

connectivity analyses have uncovered interesting patterns of association with mood 

instability for the first time, the infancy of these methods is noted. Despite the 

advantages of resting state functional connectivity analyses in comparison to task-

based functional connectivity, namely test-retest reliability (Cao et al., 2014; M. L. 

Elliott et al., 2020; Noble et al., 2019; Zuo & Xing, 2014), a number of physiological- 

(such as movement) and sample- (such as those with and without diagnoses) based 

factors may have influenced current results, outside of the strict pre-processing 

pipelines used, given their dynamic nature. Future research could begin to address 

this by both extending and replicating current static and dynamic analyses in studies 

of mood instability (for example, OxLith (Saunders et al., 2016)), as well as working 

with the most updated and advanced resting state analysis techniques as they are 

developed (Noble et al., 2019). 

 

A number of overall strengths are also important to consider. The oscillating nature of 

mood infers that mood instability is a temporally sensitive and dynamic phenomenon. 

Thus, it is vital that assessments of this phenomenon are able to capture this 

temporally dynamic course. The current COMET study, and the individual analysis 
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methods employed in this thesis, aimed to do just this. For example, the current 

sample were monitored for a period of 10 weeks, using daily remote measures of 

mood, cognition, and activity. While the use of remote technological devices eased 

participation burden and ensured the real-time monitoring of symptoms, the ability for 

this method to capture high-quality and fine-grained data is noted. Adding particularly 

to the strengths of this study and associated analyses in this thesis, such high-quality 

and fine-grained data has allowed for the more nuanced study of dynamic changes in 

symptoms - from a consideration of seconds in the sliding-window approach of 

dynamic functional connectivity, to the minute-by-minute method of actigraphy 

monitoring, and day-by-day to week-by-week assessment of mood. Taken together, 

this methodology particularly highlights the ability and significance of big data research 

in psychiatry, allowing the concurrent investigation of dynamic changes in 

psychological and biological systems. This is of particular importance in the study of 

complex psychiatric phenomena such as mood instability, and highlights the merits of 

technologically advanced, mathematically nuanced, and objective measures of 

psychological experience, further supporting the RDoC framework outlined by the 

National Institute of Mental Health (NIMH). 

 

However, longitudinal scientific investigation can only take us so far and thus, I was 

unable to ascertain whether the marked state of depression observed in the high MDQ 

group showing mood instability was a marker of BD, MDD, or separate to current 

diagnostic distinctions. It may have been that 10 weeks of monitoring captured a 

depressive episode of BD, or instead reflected the state of euthymia. However, given 

that individuals met criteria for MDD more frequently than BD, mood instability - 

regardless of initially being captured by a BD screening tool assessing manic 
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symptoms - may be just as importantly a feature of depression, outside of the particular 

diagnostic criteria this may fall into. Although further follow up of the participants may 

have demonstrated the potentially distinct trajectories of mood disorder that progress 

from this initial state of depression, this current facet of the research again supports 

the efforts outlined in the RDoC framework that offer new approaches to 

understanding psychiatric disorders. Therefore, by focusing less on the distinct 

diagnostic categories that mood instability may lead to, or be a feature of, findings lend 

further support to the notion of mood instability as a transdiagnostic marker that may 

integrate various types of information – including behavioural outcomes, cognitive 

functioning, and neural circuitry – to inform us of the nature of mood disorders. 

 

7.5  Conclusion 

 

Led by the need to improve clinical outcomes for patients with mood disorders, the 

aim of this thesis was to begin to build a profile of the translational neuroscientific 

nature of mood instability. In doing so, I was able to identify longitudinal mood 

instability in a sub-clinical and medication-naïve group of high MDQ individuals 

showing. Secondly, I uncovered distinct patterns of circadian rest-activity disruptions 

in these individuals, such that the effect of oscillating mood on circadian relative 

amplitude – combining facets of both daytime and night-time activity - distinguished 

those in the high MDQ group from those in the low MDQ group. Finally, I was able to 

explore the functional connectivity patterns that underlie this instability such that high 

MDQ individuals were represented in highly volatile patterns of dynamic functional 

connectivity that persisted over time, reflecting a rigid pattern of internetwork flexibility 

in mood instability. These dynamic mechanisms were also shown to be associated 
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with subtleties in mood and circadian rest-activity patterns such that the cyclic nature 

of dynamic functional connectivity presented trajectories for both the worsening of 

mood instability and protective features against it. Overall, as the first study to 

investigate the wide-ranging characteristics of dynamic mood instability, the doctoral 

research presented in this thesis has uncovered the beginnings of an overarching 

disruption in neural homeostatic mechanisms that are responsible for regulating mood 

and related clinical, behavioural, and cognitive outcomes. These exciting findings 

provide a valuable foundation for continued research into mood instability, in the hope 

of transforming our current understanding of mood disorders and improving clinical 

outcomes. 
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Appendix 
 

2.1  MDQ Questionnaire 

 
Figure 55: Mood Disorder Questionnaire. 
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2.2  COMET Study Flow Chart 

Figure 56: COMET study flow chart. 
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2.3  Screening Questionnaires 

2.3.1  AIM 
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Figure 57: Affect Intensity Measure. 
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 2.3.2  ALS-SF 

 
 

 
 

Figure 58: Affective Lability Scale – Short Form. 
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 2.3.3  BIS-II 

 
Figure 59: Barratt Impulsiveness Scale. 
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 2.3.4  SCI-R 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 60: Sleep Condition Indicator – Revised. 
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 2.3.5  McLean Screen for BPD 

 

 
Figure 61: McLean Screening Instrument for Borderline Personality Disorder (BPD). 
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2.4  I-PANAS-SF 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 62: Screenshot of the I-PANAS-SF scale used on the 

COMET iPad testing platform. 
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2.5  Happiness Scale 

 
Figure 63: Screenshot of the happiness scale. 
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2.6  OxLeq 
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Figure 64: The Oxford Life Events Questionnaire (OxLeq). 
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2.7  True Colours Questionnaires 

2.7.1  QIDS 
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Figure 65: The Quick Inventory of Depressive Symptomatology (QIDS). 
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 2.7.2  ASRM 

 
Figure 66: Altman Self-Rating Mania Scale (ASRM). 
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 2.7.3  EQ-5D 

 
Figure 67: EQ-5D Health Questionnaire. 
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 2.7.4  GAD-7 

 
Figure 68: Generalised Anxiety Disorder questionnaire (GAD-7). 
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2.8  iPad Cognitive Tasks 

2.8.1  “Wheel of Fortune” 

In this gambling decision-making task, participants were asked to pick the best out of 

2 fair gambling options, with the aim of winning as many bonus points as possible. 

Probability was indicated by size of the segment (green for a win, red for a loss) and 

magnitude, or potential outcome, was shown as the number of points (positive or 

negative) indicated within the segments. At each trial, participants selected one of the 

two wheels to “gamble” on. The wheel was then randomly spun. Depending on the 

placement of the counter, participants were then able to see if they had won or lost 

points (i.e., stopping on the green or red segment) and the magnitude won or lost. A 

cumulative count of their points for each session was displayed at the top of the screen 

throughout the task. Participants completed 20 trials at each testing session. 

 
 

2.8.2  “Fractals” 

In this task, participants learned about reward and probabilities across time. At every 

testing session, participants were shown the same 5 stimuli, or fractals, with each 

fractal having its own unique reward magnitude and probability assigned to it. These 

variables were consistent across trials for each participant in order to facilitate learning 

across the 10-week study period. Participants were asked to pick the most rewarding 

fractal, in order to gain as many bonus points as possible. They were presented with 

a combination of the 5 fractals in order to make pairwise choices (i.e., 10 trials), 

followed by 5 trials of free choice where all 5 fractals appeared. When selecting a 

fractal during the pairwise choice stage, participants were given feedback on both 

fractals (selected and non-selected), again to facilitate learning. 
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2.8.3  “Guess the Gap” 

The aim of this task was for participants to learn about integrating information about 

personal performance and responding to feedback. They were presented with a 

flashing circle followed by another and were asked to track the difference in time 

between flashes internally (T1), without using any external sources. Based on this 

time, participants were then required to predict when the next flash should occur (T2) 

by clicking within the circle. They received a score between 0 and 30 based on the 

accuracy of this prediction, across 20 trials per session.  

 

Importantly, participants were asked to predict how well they thought they would 

perform (or score in terms of accuracy) before completing this task, and also rate how 

well they thought they performed (again, in terms of their accuracy score) after the 

task. Depending on how close their predicted score was to their actual score, and their 

latter rating to their actual score, participants could gain up to 20 bonus points (+15 

for prediction, +5 for rating). 

 
 

2.8.4  “Whack-a-T” 

In this task, a basic contextual cueing paradigm (Chun & Jiang, 1998) was used to 

explore how participants learned regularities in the environment, without a reward-

based context. In a series of 50 trials, participants were required to identify the one “T” 

amongst distracting “L” s. The “T” could be presented in any orientation. Importantly, 

a number of arrays were repeated within a day, or session, and also across days. 

Participants gained bonus points based on how accurate they were across all 50 trials. 
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3.1  Shapiro-Wilk tests of normality results for daily I -PANAS-SF 

data 

 

3.2  Shapiro-Wilk tests of normality results for weekly True 

Colours data 

 
 
 

 

 

Table 45: Shapiro-Wilk tests of normality for overall daily I-PANAS-SF scores. 

* p < .05, ** p < .01, *** p < .001 

Table 46: Shapiro-Wilk tests of normality for overall weekly True Colours scores. 

* p < .05, ** p < .01, *** p < .001 
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4.1  Shapiro-Wilk tests of normality results for overall rest -activity 

data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 47: Shapiro-Wilk tests of normality for overall rest-activity data. 

*p < .05, ** p < .01, *** p < .001 
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4.2  Rest-activity patterns and mood across time (LMMs) 

4.2.1  LMM 1: L5 activity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 48: Results of the linear mixed-effects model (LMM) for 

L5 activity with group by time interactions, including estimated 

regression coefficients together with the t-statistic. 
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4.2.2  LMM 1: M10 onset 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 49: Results of the linear mixed-effects model (LMM) for 

M10 onset with group by time interactions, including 

estimated regression coefficients together with the t-statistic. 
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4.2.3  LMM 1: RA 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 50: Results of the linear mixed-effects model (LMM) for     

RA with group by time interactions, including estimated 

regression coefficients together with the t-statistic. 
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4.2.4  LMM 2: M10 Onset 

 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 51: Results of the linear mixed-effects model (LMM) for 

M10 onset with group by mood interactions, including 

estimated regression coefficients together with the t-statistic. 
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5.1  Resting-state fMRI protocol 

5.1.1  Scan 1 

 

 

Figure 69: Resting-state fMRI protocol at scan session 1. 
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5.1.2  Scan 2 

 

Figure 70: Resting-state fMRI protocol at scan session 2. 
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5.2  Identification of RSNs (FSL ICA) 

 

 

 

 

 

 

 

 

 

Table 52: Resting state networks (RSNs) identified via visual inspection (by me, Dr. Liliana Capitao, 

and Dr. Cassandra Gould van Praag) and Pearson spatial cross-correlation comparison. DMN = 

Default Mode Network. LECN = Left Executive Control Network. RECN = Right Executive Control 

Network. DAN = Dorsal Attention Network. 
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6.1  Identification of RSNs (GIFT ICA) 

 
 

 

Table 53: Resting state networks (RSNs) identified via Pearson spatial cross-

correlation comparison. DMN = Default Mode Network. LECN = Left Executive Control 

Network. RECN = Right Executive Control Network. 
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