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Abstract

Mood disorders are associated with differential connectivity in the default mode network
(DMN). It is not clear whether these differing DMN connectivity precedes illness onset. We
investigated DMN connectivity in 126 offspring of parents with major mood disorders and 78
control offspring of unaffected parents (ages 9 to19), and also studied how connectivity is
associated with depression symptoms. There were no differences in DMN connectivity of those
at high familial risk compared to controls, and no significant relationship between DMN
connectivity and depression symptoms. Following this, we studied the association of DMN and
salience network (SN) connectivity with mood disorder onsets so as to find subject specific
variables that can complement family history and aid in better identification of those at risk. Our
analysis revealed that connectivity within and between the DMN and SN was not associated with
mood disorder onsets, but depression symptoms were. Therefore, connectivity might not
complement family history in better identification of those at risk of developing mood disorders,

but clinical risk can.
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CHAPTER 1: INTRODUCTION

Brain Connectivity and Familial Risk for Major Mood Disorders

Mood disorders, which include depression and bipolar disorder, begin in late adolescence
to early adulthood, often affecting individuals over their lifetime (Herrman et al., 2022; Rakofsky
& Rapaport, 2018). They present early, with subthreshold symptoms, and they have been
associated with differential connectivity in the default mode network (DMN) (Pine & Fox, 2015;
Price & Drevets, 2012). However, there is no consensus on whether differing DMN connectivity
is associated with familial risk for mood disorders. Therefore, we investigated DMN
connectivity in youth at high familial risk for mood disorders, and the association between this
connectivity and depression symptoms. Our results showed that mean DMN connectivity for the
familial high risk group is similar to that of controls. Additionally, DMN connectivity was not
significantly associated with depression symptoms. These results indicate that DMN connectivity
might not be a neural indicator associated with familial risk for major mood disorders.

Following up on the first project, we decided to investigate whether connectivity in the
DMN and SN is associated with mood disorder onsets. Given that family history, which is a
strong risk factor associated with mood disorders, is not always reliable, we hypothesized that
connectivity might complement family history and help in better prediction of those at risk of
developing mood disorders (Clark et al., 2022). Our results revealed that connectivity was not
associated with mood disorder onsets, although depression symptoms were. This implies that
depression symptoms can complement family history and aid in better prediction of mood

disorder onsets, while connectivity might not.



CHAPTER 2: BRAIN DEFAULT MODE NETWORK CONNECTIVITY AND FAMILIAL
RISK FOR MAJOR MOOD DISORDERS

Abstract

The default mode network (DMN) is a network that shows increased connectivity during
rest, and is thought to underlie self-referential thought processes. Connectivity in the DMN has
been implicated in major mood disorders. Previous studies have reported either increased or no
differences in the DMN connectivity of youth at high familial risk for mood disorders, and that d
symptoms precede the onset of major mood disorders. The purpose of the current study was to
investigate DMN connectivity in a sample of youth at high familial risk of developing major
mood disorders, and characterize the correlation between DMN connectivity and d symptoms.
Our sample of 204 participants (Familial High Risk (FHR): 126, Mean age=13.42, SD=2.91;
Controls: 78, Mean age=13.22, SD=2.65) filled a depression questionnaire prior to going into the
scanner. Linear mixed model analysis found no differences in DMN connectivity between the
FHR and Control groups (B=-0.01, SE =0.02, p > 0.05), and a non-significant correlation
between DMN connectivity and depression symptoms (FHR: r = 0.06, p > 0.05; Controls: r = -
0.18, p > 0.005). The calculated power for this study showed that we needed 198 participants to
get an effect size of 0.4, so our sample size is sufficient to find reliable results. Our results
indicate that DMN connectivity might not be a risk factor associated with familial risk for major
mood disorders. Future research using advanced techniques — such as brain age gap — and a

longitudinal design is needed to validate these results.



Introduction

Major mood disorders — which include major depressive disorder and bipolar disorder — are
common, cause disability and incur high cost to society (Herrman et al., 2022). They tend to run
in families and first manifest in adolescence. Predicting their onsets is necessary to allow for
implementation of targeted early interventions that can delay or halt progression to a mood
disorder (Herrman et al., 2022). One in three offspring of parents with a mood disorder will
develop mental illness by early adulthood (Rasic et al., 2014). For this reason, family history has
been one of the strongest risk factors associated with major mood disorder onset. However,
family history alone may not always be dependable for several reasons (McGorry, 2013). Firstly,
family history is not always available since individuals could be adopted and not know their
family history, making this information unavailable. Secondly, even when family history is
available, it is not always reliable due to stigma associated with mental illness (Clark et al.,
2022). Thirdly, not all those with a positive familial history of mood disorders will develop an
illness (Al-Chalabi & Lewis, 2011). These reasons make it important to find subject specific
features that can be used to complement familial history and enable more accurate prediction of

mood disorder onsets.

Major depressive disorder (MDD), generally known as depression, is one of the most
common psychiatric disorders and is ranked as the leading cause of disability worldwide
(Herrman et al., 2022). While depression is heterogeneous in terms of levels of severity,
duration and symptom profiles, its common defining features include persistent depressed mood,
diminished interest or pleasure in activities, low energy, reduced concentration, feeling of

worthlessness or excessive guilt, suicidal thoughts and behaviours, and substantial changes in



appetite and sleep (American Psychiatric Association & American Psychiatric Association,

2013).

Bipolar disorder (BD) is characterised by depressive and manic episodes (Hirschfeld,
2014). Depression episodes in BD present with similar characteristics to those of MDD described
above. Mania is defined by increased energy, elated or irritable mood, inflated self-esteem,
distractibility, reduced need for sleep, excessive activity, risky behaviour, and a flight of ideas
(American Psychiatric Association & American Psychiatric Association, 2013). Typically, BD
first presents as depression, and is only later diagnosed as bipolar disorder due to the occurrence
of a manic episode (Hirschfeld, 2014). Most people with bipolar disorder spend more time in

depressive than in the manic phases (Judd et al., 2002, 2003).

Major mood disorders run in families; offspring of parents living with major mood
disorders are over four times more likely to develop a mental illness than those whose parents
never had a major mood disorder (Rasic et al., 2014). Given this high familial nature of major
mood disorders, a familial high risk design where offspring of parents with a major mood
disorder are compared to a control group offers an opportunity to study mood disorders in their

early stages (Gershon et al., 1976; Mednick & McNeil, 1968)

The diagnosis of major mood disorders is preceded by subthreshold symptoms, termed
antecedents, that present early in life and continue into adulthood (Dufty et al., 2010; Pine &
Fox, 2015). These antecedents are not confined to a single disorder, but shared among major

mood disorders (Faedda et al., 2015; Zwicker et al., 2020). The antecedents that are most



predictive of future development of mood disorders include depression symptoms, anxiety
symptoms, psychotic symptoms and basic symptoms (Rice et al., 2017; Uher et al., 2014; van
Lang et al., 2007). Tracking these antecedents is therefore a useful way to understand the

development of mood disorders.

Mood Disorders and Functional Connectivity

Previous neuroimaging research has investigated mood disorders by studying functional
networks during the resting state, when a participant lies in the scanner doing no focused task, as
well as during a task-based design, where a participant is presented with a task to complete
(Stevens, 2016). Resting state connectivity, however, has appealed to scientists since (1) it
enables the examination of the entire brain, (2) the fact that there is no cognitive demands during
the MRI session makes it accessible to a wider and broader population, including infants, (3) and
it promotes reproducibility since results are easily comparable across studies (Friston, 2011;
Woodward & Cascio, 2015). From resting state research, functional networks have been
identified, which are brain regions that show correlated neural activity (Friston, 2011). Though
these functional networks are interconnected, specific networks have been shown to play specific

roles in cognition and behaviour (Biswal et al., 1995; Dosenbach et al., 2007; Stevens, 2016)

Previous research shows that connectivity in the functional networks of people with a
major mood disorder differs from that of controls, which is interpreted to mean that these
dysregulations might drive the behavioural symptoms present in mood disorders (Goldstein-
Piekarski et al., 2022; Price & Drevets, 2012). Several lines of research support this

interpretation: (1) Genetic studies show that most mood disorder genetic variants are located in



neurons, (2) dysfunction in brain networks is implicated in neurodegenerative diseases, (3) as

well as in lesion studies (Burton et al., 2007; Jobson et al., 2021; Wray et al., 2018).

People living with major mood disorders have atypical functional connectivity patterns in
multiple networks (Dai et al., 2019; Yoon et al., 2020). Among the brain networks, the default
mode network (DMN), which shows heightened connectivity in the absence of a task and
negative correlation with networks active during task performance, has received the most
attention (Raichle et al., 2001). This is because the DMN is (1) involved in internal thought
processes involving the self, specifically negative thought processes and rumination (Andrews-
Hanna et al., 2014), which are associated with mood disorder symptomatology, and (2) its
dysfunction is implicated in major mood disorders (Broyd et al., 2009; Mulders et al., 2015a;
Whitfield-Gabrieli & Ford, 2012a). The DMN is characterised by the anterior region, whose seed
node is the medial prefrontal cortex, and the posterior region, whose seed node is the posterior
cingulate cortex. These two regions, along with the inferior parietal lobule, are the key regions
that consistently define the DMN (Andrews-Hanna et al., 2010; Buckner et al., 2008; Greicius et

al., 2003)

Default Mode Network and Psychopathology

Since mood disorders run in families, using case-control study designs, as well as familial
risk designs, where those at high familial risk are compared to controls with low familial risk,
has been useful for investigating connectivity patterns related to mood disorders. Previous
studies have provided inconsistent findings of DMN connectivity profile in major mood

disorders. For one, DMN hyperconnectivity has been associated with depression (Broyd et al.,



2009; Zhao et al., 2019; Zovetti et al., 2020), while others have found reduced or no differences

in DMN connectivity in major mood disorders (Pannekoek et al., 2014; Tahmasian et al., 2013).

Other researchers have also noted this, arguing that these discrepancies result from the use
of differing sample sizes, acquisition parameters, analytical methods, as well as inclusion of
participants at varying age ranges and illness severity (Gong & He, 2015; Mulders et al., 2015a;
Nazarova et al., 2022; Qu et al., 2021). And although studying connectivity in illness is
worthwhile, it is equally important to investigate connectivity patterns in a familial risk group
and understand what connectivity patterns might precede illness onset. This is because (1) by the
time mood disorders are diagnosed, it is already too late to successfully provide interventions
and (2) mood disorders present early, albeit with subthreshold symptoms, and we can track their

development through familial risk designs (Berk et al., 2010; McGorry et al., 2010).

In the study of DMN activity in familial risk groups, there have been contradictory
findings. Heightened within-DMN connectivity is found among individuals with high familial
risk (Posner et al., 2016), while others have reported no differences in DMN connectivity of a

familial high risk group (Chai et al., 2016; Heinze et al., 2020)

The varying results seen in studies looking at DMN connectivity in a familial risk group
can be attributed to differences in sample sizes, inclusion or exclusion of participants with a
mood disorder diagnosis, differing age ranges of the participants, use of differing regions to
define the DMN, and varying definitions of what constitutes as familial risk for a mood disorder
(Chai et al., 2016; Heinze et al., 2020; Posner et al., 2016) (See Table 1). Since previous research

provides inconclusive findings on the nature of DMN connectivity in illness and in familial high



risk cohorts, there is a need to investigate DMN connectivity in a familial risk cohort.

In the current study, we examine DMN connectivity in a familial risk group. We
characterize the DMN using its hub nodes in the prefrontal and posterior cortex, which is where
we would expect to see the most activity in this network (Barabdasi, 2009; van Oort et al., 2014).
Major mood disorder participants are those with a parent(s) with either bipolar disorder, or
depression. This definition is informed by prior research which shows that depression and
bipolar disorder are very similar in their early symptoms, and that offspring of parents with a
mood disorder are at higher risk of developing depression and bipolar disorder (McGuffin et al.,
2003). Control participants have no family history of a major mood disorder. Lastly, we select
participants who are at an age range where there is the highest risk of onset and the brain is
rapidly developing (9-19), which allows us to study depression symptoms and their relation to

DMN connectivity (Herrman et al., 2022).

Methods

Participants

Participants in this study include offspring of biological parent(s) with a lifetime diagnosis
of a major mood disorder (FHR), as well as participants from control families (Controls) who
don’t have any history of a major mood disorder, matched on socio-economic status. All
participants were recruited as part of the FORBOW — Families Overcoming Risk and Building
Opportunities for Wellbeing — study, a longitudinal study enriched for children of parents with
mental illness (Uher et al., 2014). The FHR participants were recruited by referral from adult

mental health services, or from clinicians who were treating the parent(s), while the Controls



were recruited from schools and communities in Nova Scotia that matched the socioeconomic

status and age of FHR participants.

Inclusion Criteria:

FHR participants were included for analysis if they had a biological parent(s) with a
lifetime diagnosis of a major mood disorder (depression, bipolar disorder or schizoaffective
disorder) as defined in the Diagnostic and Statistical Manual, Fifth Edition (American
Psychiatric Association & American Psychiatric Association, 2013). Control participants were

included if they did not have a family history of major mood and psychotic disorders.

All participants were included for analysis if they were between the ages of 9 and 19.

Exclusion Criteria:

All participants were excluded from the study if they had any clinical diagnosis of
neurological disorders; a history of head trauma with loss of consciousness; and any

contraindications to the MR

Research Ethics

The FORBOW study has been approved by the Nova Scotia Health Authority Research
Ethics Board. Written informed consent was obtained from all participants (or their parents or

legal guardians) prior to the study.



Behavioural Measurements

Baseline:

Parent interview: Parents were assessed by trained mental health assessors using the Structured
Clinical Interview for DSM-5 Disorders (SCID-5) (Spitzer et al., 1992). The reports of the SCID
were then discussed at a consensus meeting with a psychiatrist, and a final mood disorder

diagnosis was made.

Offspring interview: For offspring age < 18 years, diagnostic interviews were done by trained
mental health assessors blind to parent psychopathology using the Kiddie Schedule for Affective
Disorders and Schizophrenia, Present and Lifetime Version (K-SADS-PL), while for those age >
18, the SCID was used (Kaufman et al., 1997; Spitzer et al., 1992). Similar to parent
assessments, the reports from these interviews were taken to a consensus meeting with a

psychiatrist (who was blind to parent diagnosis) where a mood disorder diagnosis was made.

Clinical Measures: Depression symptoms were measured using the Youth Experience Tracker
Instrument, YETI , a 26-item self-report questionnaire that tracks antecedent symptoms in youth
(Patterson et al., 2021). The YETTI has been shown to have a high degree of validity, and its
depressive symptom items correlate strongly with other validated measures used in clinical
practice (Angold et al., 1995; Patterson et al., 2021). Every participant completed the YETI
before proceeding to their MRI scan session. Since antecedent depressive symptoms are one of
the common predictors of progression to major depressive disorder and bipolar disorder, we used
the antecedent depressive symptom items (max score=12) as the antecedents of interest

(Durdurak et al., 2022; Pine et al., 1999; van Lang et al., 2007). For more details on the YETI,
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see Appendix A.

Demographic measures: Demographic measurements including sex, age, ethnicity, height (cm)
and weight (kg) were collected. Socioeconomic status was scored (range: 0-5) based on (i)
maternal and (ii) paternal levels of education, (iii) family household annual income , (iv)
ownership of primary residence and (v) ratio of bedrooms to residents in household (Drobinin et
al., 2020; MacKenzie et al., 2017). Full scale intelligence quotient (FSIQ) scores were also

measured using the Wechsler Abbreviated Scale of Intelligence (Wechsler, 2011)

MRI Acquisition

Participants were scheduled for a scanning session at the Biomedical Translational Imaging
Centre at the Queen Elizabeth II Health Sciences Centre in Halifax, Nova Scotia. Prior to the

scan, participants were safety screened by a MRI technologist for any MRI contraindications.

At the beginning of the scan session, participants were fitted with some padding around the
head coil to minimize head movement. They were also instructed to remain motionless, keep
their eyes closed and think of nothing in particular. The scan session lasted approximately 35
minutes, during which anatomical and resting state images were acquired using a 3T General

Electric Discovery MR750 scanner equipped with a 32-channel head coil.

T1-weighted anatomical images (168 slices, 224x224 voxels, Imm? isotropic resolution)
were acquired. T2-weighted images were also acquired at the same resolution and voxel size

(repetition time = 5100ms). For more details, see Drobinin et al., 2020, 2021. After the
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anatomical scans, an 8§ minute resting state functional EPI scan was acquired (51 axial-oblique
slices, 3mm? voxels, slice thickness = 3mm with no gap, repetition time = 950ms, echo time =

3ms, flip angle = 60 degrees, multiband factor = 3).

Follow-up

Parent and offspring interviews were conducted yearly as long as the participants remained
in the study. Similarly, demographic measures were also collected at the yearly follow-up, with

the exclusion of IQ scores, which were only recorded at baseline.

Study participants were scheduled for an MRI scan during the yearly follow-ups.
Additionally, a reliability scan was collected for some participants, usually two weeks after their

yearly scan.

fMRI Preprocessing

fMRI preprocessing was done in fMRIPrep 20.2.1 (Esteban, Markiewicz, et al.
(2018); Esteban, Blair, et al. (2018); RRID:SCR_016216), which is based on Nipype 1.5.1
(Gorgolewski et al. (2011); Gorgolewski et al. (2018); RRID:SCR_002502).). For a detailed

description of the steps involved, see Appendix B: FMRI Preprocessing Results.

fMRI Connectivity Analysis

Connectivity analysis was completed with a custom python script using the Niearn

libraries.
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Regressor Selection

Using Nilearn, we followed the Friston-24 model to minimise noise signals resulting from
head movement (Abraham et al., 2014; Power et al., 2012a, 2014; Satterthwaite et al., 2013). The
steps for this analysis included: (i) regression of six parameters obtained by head motion
correction and (ii) regression of the white matter (WM) and cerebrospinal fluid (CSF) signal
averaged from WM and CSF brain regions. First order derivatives (R') and their squares (R?) for
white matter and cerebrospinal fluid signals were also included as regressors. These
preprocessing steps are effective in reducing variance that is unlikely to reflect neural activity

(Fox & Raichle, 2007).

Since head motion is a major concern in functional connectivity (Power et al., 2012a), and
specifically for a pediatric cohort, we also denoised the individual data using the scrubbing
method, which censors timepoints (i.e., TRs) where framewise displacement > 0.3mm (Power et
al., 2014; Yan et al., 2019) or standardized DVARS > 3 (Power et al., 2012b). Following this
step, we calculated the mean framewise displacement (FD) of all subjects across the entire
resting state scan period (i.e., 8 mins). We excluded participants with excessive motion (mean

FD > 0.4mm) from further analysis (Zheng et al., 2022).

DMN ROI Definition

For this study, we used the dorsal medial prefrontal cortex (AIMPFC) and the posterior
cingulate cortex (PCC) to characterise default mode network (DMN) connectivity. The PCC is a
key node hub of the DMN, and the dMPFC is prominent for its association with self-referential

mental processes characteristic of mood disorders (Gusnard & Raichle, 2001) For each
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participant, 2 nodes of the DMN were defined using 6mm radius spheres centered on the
coordinates of the dMPFC and PCC that were drawn from J. D Power’s seminal paper that
divided the whole brain into functional networks (Power et al., 2011). These coordinates have
also been used by a recent relevant paper examining functional connectivity between the
frontoparietal and default mode networks (Qu et al., 2021). These two ROIs were created in

Nilearn using NiftiSpheresMasker at a spherical radius of 6mm around the ROI coordinates.

Extracting Estimates of Functional Connectivity

Functional connectivity during rest was measured as the temporal correlation of BOLD
(Blood-Oxygen-level-Dependent) signal activities within the DMN. Pearson r correlations were

calculated between mean timeseries for all voxels in each ROI for each individual subject.

99 scans were excluded from the analysis: 53 scans images didn’t pass visual inspection;
43 scans had excessive motion (mean FD > 0.4mm) (Zheng et al., 2022); 3 participants had

missing depression scores.

Statistical Analyses

First, we performed a test-retest reliability for the DMN ROIs to determine reliability
measures. We then ran a mixed-effects model to test for the effects of familial risk on default
mode network connectivity. We also included age and sex as fixed effects since these have been
shown to influence functional connectivity (Chai et al., 2016; Sanders et al., 2023; Shapero et al.,
2019; Stevens, 2016; Teeuw et al., 2019). Additionally, we included family and participant

identifiers as random effects in the model to account for the fact that some participants are
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siblings and some participants have repeat measurements (Durdurak et al., 2022; Teeuw et al.,
2019). As a follow up step, we performed a sensitivity analyses to rule out any effects that could
be driven by motion, IQ, an anxiety diagnosis, or socioeconomic status (Durdurak et al., 2022;
Finn et al., 2015; Meier et al., 2018; Sripada et al., 2014; Van Dijk et al., 2012). Finally, since
some participants had a diagnosis of a major mood disorder in follow up sessions, we also
included diagnosis as a covariate in the sensitivity analyses (Ongiir et al., 2010; Scalabrini et al.,

2020; Yan et al., 2019; Zhang et al., n.d.).

To examine the correlation between default mode network connectivity and depression
symptoms, we regressed out age from both variables for comparability, normalized the variables,

and then ran a repeated measures correlation (Bakdash & Marusich, 2017).

Post-hoc Analyses

We ran a linear mixed model analysis to investigate whether familial risk, depressive
symptoms or a mood disorder diagnosis independently influence DMN functional connectivity.
Additionally, we ran a mixed effect analysis to investigate whether, in addition to familial risk,

depressive symptoms or a mood disorder diagnosis influence functional connectivity.

Results

The participants included for analysis are summarized in Table 3. The groups had an equal
distribution of males and females, and depression symptoms did not vary across groups. The 1Q
scores for both groups were very similar. However, since we have more familial high risk

participants, comparison of IQ across both groups shows significant differences. 32 participants

15



have a mood disorder diagnosis, most of whom are females, with majority of them being in the
familial high-risk group. There was no significant difference in mean FD between the two groups

(FHR group: 0.148 + 0.08; Control group: 0.156 + 0.08; p = 0.23, two-sample t test).

Test-retest Reliability

We calculated fair test-retest reliability for PCC-to-dMPFC connectivity (ICC = 0.629,
95% C1[0.32, 0.485]) and poor test-retest reliability across the default mode network (ICC =
0.39, 95% CI1[0.217, 0.55]). These measures are at par with the Human Connectome Project’s
reliability measures, from which our analysis pipeline is derived (Noble et al., 2019; Van Essen

etal., 2013).

DMN Functional Connectivity in Controls and FHR

First, we tested whether DMN connectivity was different in the familial high risk and
control groups. We first regressed age out of functional connectivity and found no differences in
connectivity between the two groups (p > 0.05) (Figure 1). To rule out whether mood disorder
diagnosis influenced the results, we plotted participants with a diagnosis as a separate group. We
found that the results remained the same (Figure 2). Linear mixed model analysis showed that
DMN connectivity did not differ across both groups (B =-0.009, SE =0.02, p > 0.05) (Table 4).
To identify any effects from other covariates (anxiety diagnosis, mood disorder diagnosis,
motion, socioeconomic status, [1Q), we performed a sensitivity analysis and found that only age

had a significant influence on DMN connectivity (Table 5).
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Depression Symptoms in Controls and FHR

We performed exploratory analysis to investigate the trend of depression symptoms in
FHR and controls. We found that, in both groups, depression symptom scores increased over age
(Figure 3). Stratification of the groups by gender showed that this increase was driven by females

(Figure 4).

Association of DMN Connectivity and Depression Symptoms

To test whether DMN connectivity was associated with depression symptoms, we
performed a repeated measures correlation. We did not find a significant association between
DMN connectivity and depression symptoms in Controls (r (74) =-0.18, p > 0.05) or FHR (r

(164) = 0.06, p > 0.05) (Figures 5 and 6).

Effects of Familial Risk, Clinical Risk and Mood Disorder Diagnosis on
Functional Connectivity

There was no significant influence of familial risk (Table 6), clinical risk (Table 7) or
diagnosis (Table 8) on DMN connectivity. Also, when either clinical risk or a mood disorder
diagnosis are included as covariates in addition to familial risk, they do not significantly

influence DMN connectivity (Tables 9 and 10).
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Discussion

We set out to investigate DMN connectivity in young people at familial risk for major
mood disorders and characterise the association between DMN connectivity and depression
symptoms. Our findings show that there are no differences in DMN connectivity between the
FHR and control groups. Additionally, we show that there are differing trends in the association
between DMN connectivity and depression symptoms for the controls versus FHR groups;

controls show a weak negative correlation, while FHR show a weak positive correlation.

We found no significant differences in DMN connectivity between participants at familial
risk for major mood disorders versus controls. These results are consistent with what a few
investigations have reported (Chai et al., 2016; Heinze et al., 2020), but disagree with another
study that found increased connectivity in FHR participants relative to controls (Posner et al.,
2016). Some studies have also reported increased connectivity in participants with major mood
disorders (Zhao et al., 2019; Zovetti et al., 2020), as well as reduced or no differences between
participants with major mood disorders and those without (Pannekoek et al., 2014). By including
participants with a mood disorder diagnosis, this study was able to examine whether DMN
connectivity is associated with familial risk irrespective of illness; accounting for diagnosis in
the sensitivity analysis ruled out any differences that could be driven by participants with a mood
disorder. Additionally, an exploratory analysis of DMN connectivity including participants with
a mood disorder as an independent group showed that there was no difference between the
groups (Figure 2). Our findings, and the diverging findings from other researchers might mean
that there is no detectable signal in the DMN that can distinguish those with a mood disorder, or

at familial risk, from controls. This would then mean that DMN connectivity might not be a
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reliable biomarker associated with familial risk, or mood disorders. For future studies, it would
be worthwhile to incorporate advanced techniques that take into account the BOLD signals from
the entire brain, like brain age gap, since these show promise of providing reliable and consistent

findings (Lund et al., 2021).

We found that both groups had increasing depression symptom scores over age, and that
this increase was driven by females. This finding is consistent with previous literature which
shows that depressive symptoms are more prevalent in females, and that mood disorders are
twice as common in females (Angold et al., 2002; Eaton et al., 2012; Padgaonkar et al., 2020).
Interestingly, control females had slightly higher depression symptom scores over time than
FHR, which can be explained by the facts that (1) there are fewer controls at later ages, and that
(2) most of the controls with a mood disorder diagnosis are at later ages. This is a limitation of
our cohort, since there is a selection bias: over time, FHR participants remain in the study at a
higher rate than controls. A balanced sample would be appropriate as it would allow us to better

interpret these results.

We found differential associations between DMN connectivity and depression symptoms
in the FHR versus control groups. These results build on previous research which shows that
there is a positive correlation between DMN connectivity and depression symptoms in the
familial high risk group (Chai et al., 2016), as well as in psychopathology (Ghaznavi et al., 2023;
Zhu et al., 2017). However, caution must be taken to interpret these results since the associations
are weak, and they do not meet statistical significance. Future studies are needed to validate this

trend in a larger sample.
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Conclusion

We found no differences between DMN connectivity in a familial risk versus a control
group, which indicates that DMN connectivity may not be a risk factor associated with familial
risk. Increased depression symptoms scores, specifically in females, may be useful for offering
targeted interventions in both FHR and control groups. However, the lack of significant
associations between DMN connectivity and depression symptoms indicates that DMN
connectivity might not underlie depressive symptoms; future research using advanced

techniques, with a longitudinal design and a larger sample, is needed to validate these results.
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Tables and Figures for Chapter 2

Posner et al., 2016 Chai et al., 2016 Heinze et al., 2020
Sample size 104 43 210
Included participants Yes No No
with a mood disorder
Participants age range 11-60 8-14 15-27
DMN regions used Lateral parietal lobe, Medial prefrontal cortex, | Right angular gyrus

Posterior cingulate cortex

Posterior cingulate cortex

Familial risk definition

FHR as participants of
parents/grandparents with

depression

FHR as participants of

parents with depression

FHR as participants
with family
members with

bipolar 1 disorder

Table 1. Summary of previous studies on DMN connectivity in familial risk groups

Regions Abbreviation Coordinates (x, y, 7)
Dorsal medial prefrontal cortex dmPFC -7, 46, 35
Posterior cingulate cortex PCC 0,-52,30

Table 2. Regions used to define the DMN
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Table 3. Demographic and clinical characteristics of participants by family group

Sex (Fem/M)

Age (years)

IQ

YETI Score

Mood Disorder Diagnosis

Scans Initial

Follow up

Controls

(n=78)

38/40
13.22 (2.65)

109.38 (12.64)

1.46 (2.88)
6 (Fem=4)
78
75

FHR
(n=126)

61/65
13.42 (2.91)
104.54 (14.00)
1.67 (2.68)
26 (Fem = 16)

126

165

p value

1.0%
0.59°
0.02°

0.55°

Note: All quantitative data are expressed as mean + standard deviation; for sex data, sample size is presented here; due to 6 missing IQ values,

the mean and standard deviation presented here are for 121 FHR and 77 Control participants; Follow up scans also includes reliability scans

Abbreviation: YETL Youth Experience Tracker Instrument; FHR, Familial High Risk; Fem, Females; M, Males

* p values were obtained by a chi-square test

® p value was obtained by a two-sample t-test
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Table 4. Linear mixed model analysis results showing the fixed effects of age, sex, familial risk
and clinical risk, as well as random effects of family (fid) and individual (iid) on DMN
functional connectivity

DMN Functional Connectivity

Predictors Estimates (o} )
(Intercept) 0.302 0.179 — 0.425 <0.001
Group -0.009 -0.064 —0.047 0.762
Age 0.011 0.004 - 0.019 0.005
Sex -0.025 -0.075 -0.025 0.325
Random Effects
o’ 0.02
T00 iid 0.01
T00 fid 0.01
N fid 132
N iid 203

Note: 444 total observations for DMN functional connectivity. Marginal R?is 0.028.
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Table 5. Sensitivity analysis testing for the effects of anxiety diagnosis, mood disorder diagnosis,
SES, 1Q, and motion on DMN functional connectivity

DMN Functional Connectivity

Predictors Estimates Cl ),
(Intercept) 0.188 -0.062 — 0.439 0.141
Group -0.000 -0.057 - 0.057 0.999
Age 0.013 0.004 —0.022 0.004
Sex -0.019 -0.069 — 0.032 0.467
Anxiety Diagnosis 0.024 -0.024 - 0.073 0.323
Mood Disorder Diagnosis -0.016 -0.083 — 0.052 0.643
Motion 0.128 -0.137-0.393 0.344
SES 0.010 -0.009 - 0.030 0.293
1Q 0.000 -0.002 - 0.002 0.874
Random Effects
o’ 0.02
T00 iid 0.01
T00 fid 0.01
N fid 128
N iiq 197

Note: 434 total observations for DMN functional connectivity. Marginal R?is 0.037. (10

observations were dropped from analysis due to missing 1Q values)
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Table 6. Post-hoc analysis testing for the effects of familial risk, age and sex on DMN functional

connectivity
DMN Functional Connectivity
Predictors Estimates Cl )/

(Intercept) 0.302 0.179 — 0.425 <0.001
Group -0.009 -0.064 — 0.047 0.762
Age 0.011 0.004 - 0.019 0.005
Sex -0.025 -0.075 - 0.025 0.325
Random Effects

o’ 0.02

T00 iid 0.01

T00 fid 0.01

N fid 132

N iid 203

Note: 444 total observations for DMN functional connectivity. Marginal R?is 0.028.

Table 7. Post-hoc analysis testing for the effects of clinical risk, age and sex on DMN functional

connectivity
DMN Functional Connectivity
Predictors Estimates Ccl P
(Intercept) 0.297 0.179 - 0.416 <0.001
Depression Symptoms 0.001 -0.006 — 0.007 0.861
Age 0.011 0.003 -0.019 0.006
Sex -0.025 -0.075-0.026 0.335
Random Effects
o’ 0.02
T00 iid 0.01
T00 fid 0.01
N fid 132
N iid 203

Note: 444 total observations for DMN functional connectivity. Marginal R?is 0.028.
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Table 8. Post-hoc analysis testing for the effects of mood disorder diagnosis, age and sex on
DMN functional connectivity

DMN Functional Connectivity

Predictors Estimates cl )
(Intercept) 0.295 0.173 — 0.417 <0.001
Mood disorder diagnosis -0.006 -0.070 — 0.059 0.861
Age 0.012 0.003 - 0.020 0.007
Sex -0.025 -0.076 — 0.025 0.318
Random Effects
o? 0.02
T00 iid 0.01
T00 fid 0.01
N fid 132
Niid 203

Note: 444 total observations for DMN functional connectivity. Marginal R?is 0.027.
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Table 9. Post-hoc analysis testing for the effects of clinical risk, familial risk, sex, and age on

DMN functional connectivity

DMN Functional Connectivity

Predictors Estimates Cl )/
(Intercept) 0.302 0.179 — 0.425 <0.001
Depression Symptoms 0.001 -0.006 — 0.007 0.853
Group -0.009 -0.064 — 0.047 0.759
Age 0.011 0.003 - 0.019 0.006
Sex -0.025 -0.075 - 0.026 0.339
Random Effects
o’ 0.02
T00 iid 0.01
T00 fid 0.01
N fid 132
N iid 203

Note: 444 total observations for DMN functional connectivity. Marginal R?is 0.028.
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Table 10. Post-hoc analysis testing for the effects of mood disorder diagnosis, familial risk, age,
and sex on DMN functional connectivity

DMN Functional Connectivity

Predictors Estimates Cl )/
(Intercept) 0.300 0.173 — 0.427 <0.001
Mood disorder diagnosis -0.004 -0.070 — 0.061 0.896
Group -0.008 -0.064 —0.048 0.780
Age 0.012 0.003 - 0.020 0.007
Sex -0.025 -0.075-0.025 0.322
Random Effects
o? 0.02
T00 iid 0.01
T00 fid 0.01
N fid 132
Niid 203

Note: 444 total observations for DMN functional connectivity. Marginal R?is 0.028.
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Figure 1. Default Mode Connectivity in Controls and FHR youth
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Figure 2. Default Mode Connectivity in Controls, FHR and youth
with a mood disorder diagnosis
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Figure 3. Depression symptom scores in Controls and FHR youth
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Figure 4. Depression symptom scores by sex in Controls and FHR
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Figure 5. Correlation of DMN connectivity and depression
symptoms in Controls
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Figure 6. Correlation of DMN connectivity and depression symptoms in

FHR
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CHAPTER 3: FROM CONNECTIVITY AND ITS ASSOCIATION WITH FAMILIAL RISK
AND CLINICAL RISK TO CONNECTIVITY AND ITS ASSOCIATION WITH MOOD
DISORDER ONSET.

In the first project, we found that connectivity was not significantly associated with
familial risk or clinical risk in a risk enriched cohort. For the second project, we decided to
investigate connectivity further and test whether it is associated with the onset of mood disorders
of participants in our cohort. This was motivated by the fact that, (1) though familial risk is a
strong risk factor for mood disorder onsets, familial information is not always available, so using
subject specific variables, like neural indicators, in addition to family history would be useful,
(2) family history is not a sufficient predictor, so there is need to improve prediction further, and
(3) there is a need to understand mechanisms underlying risk. Therefore, we decided to study
connectivity in two key networks that have been associated with mood disorders: default mode
network, and the salience network. Our main goal was to understand whether default mode
network, salience, and default mode network to salience network connectivity are associated
with the onset of major mood disorders. We hypothesized that connectivity within and between
these networks is indeed associated with mood disorder onsets and can therefore complement

family history and help in better prediction of mood disorder onsets.
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CHAPTER 4: FUNCTIONAL CONNECTIVITY AND ONSET OF MAJOR MOOD
DISORDERS IN OFFSPRING AT HIGH FAMILIAL RISK

Abstract

Mood disorders begin in late adolescence to early adulthood, often affecting an individual
over their lifetime. There is a need to predict their onsets by using risk factors associated with
illness such as family history and brain connectivity. While family history is a risk factor
associated with major mood disorder onsets, it is not sufficient, depends on recall, availability of
family members for interviews, and willingness to share potentially stigmatizing information,
and it is not always available. In addition, we need to understand the mechanisms underlying the
development of risk for major mood disorders to help design effective preventive and therapeutic
strategies. Therefore, we decided to investigate whether brain connectivity can complement
family history. Specifically, we studied the default mode (DMN) and salience networks (SN) that
are implicated in major mood disorders. These networks show differential activity in participants
with mood disorders, but it is not known whether this differential connectivity precedes mood
disorder onsets. Therefore, we investigated whether connectivity in these networks predicts the
onset of mood disorders in a sample of youth at high familial risk for major mood disorders. The
sample consisted of 204 participants (Familial High Risk (FHR): 126, Mean age=13.38,
SD=2.88; Controls: 78, Mean age=13.22, SD=2.65), who completed a magnetic resonance
imaging (MRI) scan and annual diagnostic interviews before and for up to 5 years after the MRI.
There were 32 onsets of major mood disorders in the years following the MRI scan. We
performed independent cox regression with connectivity variables of interest, as well as a

multivariate analysis with all variables while controlling for sex. Cox regression showed that
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only family history (hazard ratio=2.33, 95% CI=1.26-4.3) and depressive symptoms (hazard
ratio=1.10, 95% CI=1.01-1.2) were positively prospectively associated with onsets. Brain
connectivity variables were not associated with onsets in bivariate or multivariate analyses.
These results show that functional connectivity within and between the DMN and SN does not

meaningfully contribute to the prediction of mood disorders onset.

35



Introduction

Major mood disorders — which include major depressive disorder and bipolar disorder — are
common, cause disability and incur high cost to society (Herrman et al., 2022). They tend to run
in families and first manifest in adolescence. Predicting their onsets is necessary to allow for
implementation of targeted early interventions that can delay or halt progression to a mood
disorder (Herrman et al., 2022). One in three offspring of parents with a mood disorder will
develop mental illness by early adulthood (Rasic et al., 2014). For this reason, family history has
been one of the strongest risk factors associated with major mood disorder onset. However,
family history alone may not always be dependable for several reasons (McGorry, 2013). Firstly,
family history is not always available since individuals could be adopted and not know their
family history, making this information unavailable. Secondly, even when family history is
available, it is not always reliable due to stigma associated with mental illness (Clark et al.,
2022). Thirdly, not all those with a positive familial history of mood disorders will develop an
illness (Al-Chalabi & Lewis, 2011). These reasons make it important to find subject specific
features that can be used to complement familial history and enable more accurate prediction of

mood disorder onsets.

Aberrant, that is atypical, functional connectivity is associated with major mood disorders
(Dai et al., 2019; Sha et al., 2019; Yoon et al., 2020). Specifically, disruptions in key default
mode and salience networks have been shown in major mood disorders; these networks have
been linked to key cognitive, executive and emotive functions that are disrupted in mood

disorders (Menon, 2011; Palaniyappan et al., 2019). Additionally, increased salience network
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connectivity in a familial risk group has been shown to predict depression at follow-up, while
default mode network connectivity is altered in familial risk groups in a non-specific fashion
(Pawlak et al., 2022; Piguet et al., 2015; Singh et al., 2014). These results make it worthwhile to

study brain connectivity networks and their association with mood disorder onsets.

In this study, we investigate whether functional connectivity in the salience and default

mode networks can improve the prediction of major mood disorder onsets.

Mood Disorders

Depression and bipolar disorder are mood disorders that begin in late adolescence to early
adulthood, and they often affect individuals over their lifetime (Kim-Cohen et al., 2003).
Depression presents with persistent depressed mood, diminished pleasure in activities, low
energy, reduced concentration, feelings of worthlessness or excessive guilt, suicidal thoughts,
and changes in appetite and sleep (American Psychiatric Association & American Psychiatric
Association, 2013). Bipolar disorder is characterized by depressive symptoms, as well as manic
episodes (Hirschfeld, 2014). Mania presents with increased energy, elated or irritable mood,
inflated self-esteem, distractibility, reduced need for sleep, excessive activity, risky behaviour,
and a flight of ideas (American Psychiatric Association & American Psychiatric Association,
2013). In addition to their shared symptoms, both disorders begin early and with very similar
subthreshold symptoms. Even individuals who eventually develop bipolar disorder typically first
present with depression (Hirschfeld, 2014; Judd et al., 2002, 2003). Due to the overlap in their
early presentation and symptomatology, studying risk factors associated with these disorders in

their early stages is a useful way to identify persons at risk. A viable risk indicator is brain
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functional connectivity, which shows the correlation in Blood Oxygen Level Dependent (BOLD)

activity between resting state networks (Biswal et al., 2010).

Default Mode Network

The default mode network (DMN) is a network with hub nodes in the posterior cingulate
cortex and the medial prefrontal cortex (Raichle, 2015). It shows increased activity during rest
when a participant lies in the scanner doing no specific focused task, and decreased activity
during novel, non-self-referential, goal directed tasks. (Raichle et al., 2001; Shulman et al.,
1997). Due to this increased activity during rest, the DMN is assumed to underlie internal self-
directed thought processes (Raichle, 2015). Increased activity in this network is associated with

mood disorders (Mulders et al., 2015b; Whitfield-Gabrieli & Ford, 2012b).

Salience Network

The salience network (SN) is a network with hub nodes in the anterior cingulate cortex and
dorsal anterior cingulate cortex (Menon, 2015). It shows increased activity in response to novel
salient stimuli (Menon & Uddin, 2010). Due to this increased activity towards novel stimuli, it
has been suggested that the SN is responsible for (1) orienting to important information in the
environment, and (2) coordinating the activity from other brain networks to guide appropriate
behaviour towards the salient information (Menon & Uddin, 2010). Hypoconnectivity in this
network is associated with mood disorders (Gong et al., 2019; Goodkind et al., 2015; Sha et al.,

2019).
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Default Mode Network to Salience Network

The salience network has a major role in regulating behaviour in response to internal, self-
referential thoughts that arise from the default mode network’s activity (Menon & Uddin, 2010).
Aberrant connectivity of the default mode network to salience network (DMN-to-SN)
connectivity has been linked with mood disorders (Mulders et al., 2015b; Price & Drevets, 2012;
Sha et al., 2019). Specifically, DMN-to-SN hypoconnectivity has been associated with higher
anhedonia in depression and bipolar disorder (Sharma et al., 2017; Yu et al., 2022). This
disruption is suggested to reflect reduced capacity for regulation of self-referential thought

processes that is evident in mood disorders (Yu et al., 2022)

This aberrant activity within the SN, DMN and between the SN and DMN is thought to
relate to impaired attention and motivation that is evident in mood disorders (Seeley, 2019;

Uddin, 2015).

Functional Connectivity and Mood Disorder Onset

Functional connectivity has been associated with familial risk, and may therefore be used
in addition to familial risk to improve the reliability of prediction of mood disorder onsets (Chase
et al., 2021). Pawlak et al., used a seed-based approach to investigate the roles of the DMN and
SN in predicting onsets in a sample of 135 participants aged 11-17; they found that increased
activity in the SN predicted depression onset at follow-up (Pawlak et al., 2022). Another study
by Singh et al., used data-driven independent component analysis to investigate the role of

DMN in 24 youth at high familial risk for major mood disorders, also finding that there was
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increased DMN connectivity relative to controls (Singh et al., 2014). However, a meta-analysis
of 29 studies on connectivity in familial risk offspring (with differing age ranges and analytical
approaches) found that DMN connectivity was altered in a non-specific fashion — either
increased or decreased — among participants at familial risk (Piguet et al., 2015; Singh et al.,

2014).

In this study, we aimed to investigate whether functional connectivity can improve
identification of risk for major mood disorders. We examined the relationships between DMN,
SN, DMN-SN functional connectivity, familial risk, and onset of major mood disorders. We
hypothesized that functional connectivity would improve prediction of major mood disorder

diagnosis over using family history on its own.
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Methods

Participants

Participants of the Families Overcoming Risk and Building opportunities for Wellbeing
Cohort (FORBOW), a longitudinal risk-enriched cohort study that investigates risk factors for
mental illness in youth (Uher et al., 2014), who were aged 9 to 19 years and did not have
contraindications to MRI were invited to participate. Familial high-risk (FHR) participants
included offspring of biological parent(s) with a lifetime diagnosis of a major depressive or
bipolar disorder, while control participants come from families with no history of mood
disorders. The FHR participants were recruited through clinical referrals, while controls were
recruited from communities and schools in Nova Scotia that matched the socioeconomic status

and age of FHR participants.

Inclusion Criteria

Participants were included if they were between the ages of 9 and 19.

Familial high risk participants were included in the study if they had a parent(s) with a
lifetime diagnosis of a major mood disorder (depression, bipolar disorder or schizoaffective
disorder) as defined in the Diagnostic and Statistical Manual, Fifth Edition (American
Psychiatric Association & American Psychiatric Association, 2013). Control participants were

included if they did not have any family history of major mood and psychotic disorders.

Exclusion Criteria

Participants were excluded from the study if they had a neurological disorder, a history of
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head trauma with loss of consciousness, or contraindications to the MR1.

Research Ethics

The FORBOW study has been approved by the Nova Scotia Health Authority Research
Ethics Board. Participants who had the capacity to decide provided a written informed consent;
those who did not have the capacity to provide a full consent themselves provided an assent and

their parent or guardian provided written informed consent.

Measurements

Baseline

Parent diagnostic interview: Parents were assessed by trained interviewers using the Structured
Clinical Interview for DSM-5 Disorders (SCID-5) (Spitzer et al., 1992). The reports of the SCID
were presented at a consensus meeting with a psychiatrist, who confirmed all diagnoses.
Offspring diagnostic interview: Trained interviewers blind to parent psychopathology
completed diagnostic interviews using the Kiddie Schedule for Affective Disorders and
Schizophrenia, Present and Lifetime Version (K-SADS-PL) for participants aged < 18 years, and
SCID for those age > 18 (Kaufman et al., 1997; Spitzer et al., 1992). The reports from these
interviews were presented at a consensus meeting with a psychiatrist who was blind to parent
diagnosis and confirmed all diagnoses.

Clinical Measures: Depression symptoms were measured using the Youth Experience Tracker
Instrument, YETI , a 26-item self-report questionnaire that tracks antecedent symptoms in youth
(Patterson et al., 2021). The YETTI has good internal consistency and strong concurrent validity
with commonly used measures of depressive symptoms (Angold et al., 1995; Patterson et al.,

2021). Every participant completed the YETI before their MRI scan session. Since depression
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symptoms are one of the common predictors of progression to major depressive disorder and
bipolar disorder, we used the depressive symptom subscale (max score=12) as a predictor
(Durdurak et al., 2022; Pine et al., 1999; van Lang et al., 2007). For more details on the YETI,
see Appendix A.

Demographic and physical measures: We recorded participant sex, gender, age, race and
ethnicity. We measured the participant’s height (cm) and weight (kg) with calibrated scales. We
scored sociodemographic status (range: 0-5) based on (i) maternal and (ii) paternal levels of
education, (iii) family household annual income , (iv) ownership of primary residence and (v)
ratio of bedrooms to residents in household (Drobinin et al., 2020; MacKenzie et al., 2017). We
measured the Full scale intelligence quotient (FSIQ) with the Wechsler Abbreviated Scale of

Intelligence (Wechsler. D., 2011).

MRI Acquisition

Participants were scheduled for scanning sessions at the Biomedical Translational Imaging
Centre at the Queen Elizabeth 11 Health Sciences Centre in Halifax, Nova Scotia. Prior to the

scan, participants were screened for MRI contraindications.

For the scan session, participants were instructed to remain motionless, keep their eyes
closed and think of nothing in particular. Anatomical and resting state scans were acquired using

a 3T General Electric Discovery MR750 scanner equipped with a 32-channel head coil.

T1-weighted anatomical images (168 slices, 224x224 voxels, Imm? isotropic resolution)
were acquired. T2-weighted images were also acquired at the same resolution and voxel size

(repetition time = 5100ms). For more details, see Drobinin et al., 2020, 2021. After the
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anatomical scans, an 8 minute resting state functional EPI scan was acquired (51 axial-oblique
slices, 3mm? voxels, slice thickness = 3mm with no gap, repetition time = 950ms, echo time =

3ms, flip angle = 60 degrees, multiband factor = 3).

Follow-up
Parent and offspring diagnostic interviews were conducted annually as long as the
participants remained in the study. Similarly, demographic measures were collected at the yearly

follow-up, with the exclusion of IQ scores, which were only recorded at baseline.

Study participants were scheduled for an MRI scan during the yearly follow-ups.
Additionally, a reliability scan was collected for some participants, usually two weeks after their

yearly scan.

fMRI Preprocessing

fMRI preprocessing was done in fMRIPrep 20.2.1 (Esteban, Markiewicz, et al.
(2018); Esteban, Blair, et al. (2018); RRID:SCR_016216), which is based on Nipype 1.5.1
(Gorgolewski et al. (2011); Gorgolewski et al. (2018); RRID:SCR_002502).). For a detailed

description of the steps involved, see Appendix B: FMRI Preprocessing Results.

fMRI Connectivity Analysis

Connectivity analysis was completed with a custom python script using the Nilearn
libraries.

Regressor Selection

44



Using Nilearn, we followed the Friston-24 model to minimise noise signals resulting from
head movement (Abraham et al., 2014; Power et al., 2012a, 2014; Satterthwaite et al., 2013). The
steps for this analysis included: (i) regression of six parameters obtained by head motion
correction and (ii) regression of the white matter (WM) and cerebrospinal fluid (CSF) signal
averaged from WM and CSF brain regions. First order derivatives (R) and their squares (R?) for
white matter and cerebrospinal fluid signals were also included as regressors. These
preprocessing steps have been shown to be effective in reducing variance that is unlikely to

reflect neural activity (Fox & Raichle, 2007).

Since head motion is a major concern in functional connectivity (Power et al., 2012a), and
specifically for a paediatric cohort, we also denoised the individual data using the scrubbing
method, which censors timepoints (i.e., TRs) where framewise displacement > 0.3mm (Power et
al., 2014; Yan et al., 2019) or standardized DVARS > 3 (Power et al., 2012b). Following this
step, we calculated the mean framewise displacement (FD) of all subjects across the entire
resting state scan period (i.e., 8 mins). Participants with excessive motion (mean FD > 0.4mm)
during the scan period were also excluded from analysis (Zheng et al., 2022). There was no
significant difference in mean FD between the two groups (FHR group: 0.149 £ 0.07; Control

group: 0.156 = 0.08; p > 0.05, two-sample t test).

DMN and SN ROI Definition

We used the dorsal medial prefrontal cortex (IMPFC) and the posterior cingulate cortex
(PCC) to characterise DMN connectivity, and the dorsal anterior cingulate (dACC) cortex and

anterior insula (Al) to define the SN. The PCC is a key node hub of the DMN, and the dMPFC is
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prominent for its association with self-referential mental processes characteristic of mood
disorders (Gusnard & Raichle, 2001). The dACC and Al are hub nodes of the SN, which plays a
role in orienting us towards important external information and internal events, and
dysregulation of this network is related to cognitive deficits in mood disorders (Buckholtz &
Meyer-Lindenberg, 2012; Menon, 2011; Uddin, 2015). For each participant, 2 nodes of the DMN
and 2 nodes of the SN were defined using 6mm radius spheres centered on the coordinates of the
dMPFC, PCC and dACC, Al respectively. These coordinates were drawn from J. D Power’s
seminal paper that divided the whole brain into functional networks (Power et al., 2011). The
four ROIs were created in Nilearn using NiftiSpheresMasker, at a spherical radius of 6mm

around the ROI coordinates (Table 11).

Extracting Estimates of Functional Connectivity

Functional connectivity during rest was measured as the temporal correlation of BOLD
(Blood-Oxygen-level-Dependent) signal activities within the DMN and SN. Pearson r
correlations were calculated between mean timeseries for all voxels in each ROI for each

individual subject.

We excluded 96 scans from the analysis: 53 scan images didn’t pass visual inspection and

49 scans had excessive motion (mean FD > 0.4mm) (Zheng et al., 2022).

Statistical Analyses

To determine the association between DMN, SN, DMN-to-SN functional connectivity,

familial risk, and onset of major mood disorders, we ran a Kaplan-Meier estimation using
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survminer (Kassambara et al., 2021) and survival (Therneau, 2020) packages, and Cox
proportional hazards regression (coxme package) in R (Therneau, 2022). We used age as the
survival time in all models, and DMN, SN, DMN-to-SN connectivity, and sex as independent
variables in the Cox model. To check that the Cox proportional hazards model did not violate the
proportional hazards assumption, we plotted Schoenfeld residuals for each covariate included in
the Cox regression model. We also included family and participant ID as random effects in the
model to account for the relatedness of participants and the fact that some participants had
repeated measurements (Durdurak et al., 2022; Teeuw et al., 2019). Mood disorder diagnosis
from follow-ups was the primary outcome. We first performed bivariate analysis to test the
independent effects of each of DMN, SN, and DMN-to-SN functional connectivity on onsets of
major mood disorders. In a second step, we included familial risk, depression symptoms and
socioeconomic status as covariates. Finally, we performed a multivariate analysis using DMN,
SN, DMN-to-SN connectivity, in addition to familial risk, depression symptoms, and
socioeconomic status as covariares of interest. All models also accounted for survival time (age),
and sex. The functional connectivity scores were standardized so that hazard ratios represent the

increase of a one standard deviation in connectivity.

Results

Table 12 describes the characteristics of included participants by family history group.
Two thirds of the participants were offspring of a parent(s) with a major mood disorder. Both
groups had a balanced distribution of females and males, with the number of familial high-risk
participants being almost twice that of control participants. Thirty two participants had a new

mood disorder diagnosis at one of the follow-up assessments, with majority of them being
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female, and in the familial risk group.

Survival Curves

To investigate the distribution of mood disorder onsets across age and family history
groups, we plotted survival curves to visualize the progression to onsets in the two groups
(Figure 7). At age 9, both groups start out with zero onsets, but over time, the proportion of
mood disorder onsets increases. At age 15, the proportion of onsets in the familial high-risk
group surpasses that of controls, and by about age 17, 50% of the FHR participants have onsets,
compared to ~20% for Controls. By age 19, the FHR group reaches 100% probability of mood

disorder onsets, while Controls have just above 50%.

Cox Proportional Hazard Assumptions Test

Before running the primary analysis, we tested whether the proportional hazards
assumption was violated. The proportional hazards assumption requires that there be no
systematic relationship between covariates and survival time. The test showed that there was no
significant relationship between residuals and time for each individual covariate (Figure 8) and
the global test for each full model, which confirms that the proportional hazards assumption was

not violated (Table 13 — 16).

Functional Connectivity Association with Mood Disorder Onsets

To test how much each covariate contributed to risk of mood disorder onsets, we ran a

series of Cox proportional hazards regressions. For the bivariate tests, we found that only
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familial risk (hazard ratio=2.33, 95% CI=1.26 — 4.3) and depression symptoms (hazard
ratio=1.10, 95% CI=1.01 — 1.2) were prospectively associated with mood disorder onsets (Table
17-26). These findings remained consistent in the multivariate test: Participants in the familial
high-risk group had a 2.33 times increased hazard of mood disorder onsets, and each point on the
depression symptom scale was associated with 1.1 times increased hazard of mood disorder
onset (Table 26). The measures of functional connectivity did not contribute significantly to

predicting mood disorder onsets (all p values > 0.05).

Discussion

We investigated whether functional connectivity within and between the DMN and SN is
associated with mood disorder onsets in youth at familial risk for major mood disorders. Our
results showed that DMN, SN, and DMN-to-SN functional connectivity was not associated with
mood disorder onsets. We confirmed previous findings that offspring of parents with major
mood disorders had about two-fold increase in probability of mood disorder diagnosis compared
to offspring of unaffected parents, and that only family history and subclinical depression

symptoms were associated with mood disorder onsets.

There was no significant associations between DMN, SN, or DMN-to-SN connectivity and
mood disorder onset in our cohort. Previous research has associated disrupted connectivity —
increased SN connectivity, increased DMN connectivity, decreased DMN-to-SN connectivity —
in the networks of interest with mood disorders (Mulders et al., 2015b; Sha et al., 2019).

Additionally, increased SN has been shown to predict future onset of depression in a familial
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high risk group (Pawlak et al., 2022). Inconsistent findings on DMN connectivity in a familial
high risk group suggest that it is not clear whether altered DMN connectivity indicates risk for
major mood disorders (Piguet et al., 2015; Singh et al., 2014). These previous findings show
different results in the DMN connectivity of participants at familial risk compared to those with a
mood disorder. Several reasons have been proposed to explain this. First, the discrepancies can
be attributed to the heterogeneity in participant characteristics, as well as analytic procedures
used by the researchers (Piguet et al., 2015). Second, the DMN might be overcompensating early
on, hence the hyperconnectivity in familial risk groups; by the time of illness onset, functional
deficits manifest as hypoconnectivity in the DMN (Fornito et al., 2017). Despite the proposed
explanations for the discrepancies, caution is needed when interpreting these DMN results. In
summary, the current study results do not align with the previous literature, which suggests that
DMN, SN, and DMN-to-SN connectivity alterations might not precede major mood disorders.
Connectivity disruptions might occur as a consequence of major mood disorders, and can
therefore not be a viable risk indicator associated with mood disorder onsets. Future longitudinal
studies are needed to replicate or refute these results and help determine the viability of

connectivity as a risk factor associated with mood disorder onsets.

From the survival curve analysis, the FHR participants attained 100% probability of a
mood disorder onset by the age of 19, while controls only reached upto ~50%. The high
probability values in our cohort are likely due to a selection bias since we have a higher rate of
attrition for controls compared to familial high-risk participants. Additionally, the fewer
participants who remain in the study at later ages tend to have a mood disorder onset. Although

the probability values in these results were unrealistically high, the two-fold probability in FHR
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versus controls follows closely with what other researchers have reported (Rasic et al., 2014;

Weissman et al., 2016).

Consistent with extensive literature, family risk and depressive symptoms were
significantly associated with mood disorder onsets (Gershon et al., 1976; Mednick & McNeil,
1968; Rasic et al., 2014). Due to this significant association with mood disorder onsets, clinical
risk can complement family history and help in identifying those at risk of developing a mood
disorder. Although a power analysis showed that our sample size is adequate to detect significant
differences, the fact that we have few mood disorder onsets in our group might be a limitation
that future studies can improve on. Additionally, we have a selection bias in our cohort,
specifically for the MRI scans; we have a higher rate of attrition of controls compared to familial
high-risk participants, and those participants who get scans at later ages tend to have a diagnosis.
This bias is a limitation since it drives the probability of mood disorder diagnosis for the scanned
participants to the unrealistic levels shown in Figure 7. Future studies where attrition bias is
minimized and an evenly balanced sample is used can help provide a more realistic outlook of

mood disorder prevalence in the general population.

Conclusion

We found that DMN, SN, and DMN-to-SN connectivity were not prospectively associated
with mood disorder onsets. Additionally, we found that participants in the familial risk group are
two times more likely to develop mood disorders compared to controls, and that familial risk and

depressive symptoms are significantly associated with mood disorder onsets. These findings
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indicate that the brain connectivity variables do not complement familial history in prediction of
mood disorder onsets. However, clinical risk can complement family history in prediction of

mood disorder onsets.

52



Tables and Figures for Chapter 4

Table 11. Regions used to define the DMN and SN

Regions Abbreviation Coordinates (x, y, 7)
Dorsal medial prefrontal cortex dmPFC -7, 46, 35
Posterior cingulate cortex PCC 0,-52, 30
Dorsal anterior cingulate cortex dACC 4,14, 42
Anterior insula Al 36, 18, 4

Table 12. Demographic and clinical characteristics of participants by family history group

Controls (n=78) FHR (n=126)

Sex (Fem/M) 38/40 61/65
Age (years) 13.22 (2.65) 13.38 (2.88)
IQ 109.39 (12.64) 104.45 (14.00)
Depression Score 6.71 (2.46) 7.03 (2.58)
Mood Disorder Diagnosis 6 (Fem =4) 26 (Fem = 16)
Scans Initial 78 126

Follow up 75 168

Note: All quantitative data are expressed as mean + standard deviation; for sex data, sample size is presented here;
due to 6 missing IQ values, the mean and standard deviation presented here are for 121 FHR and 77 Control
participants; Follow up scans also includes reliability scans

Abbreviation: FHR, Familial High Risk; Fem, Females; M, Males
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Figure 7. Survival Curve in FHR and Control participants

10

0.75

0.5

0.25

Probability of Mood disorder Onset

0.0

Group
== Controls
== FHR

10

Age (Years)

54

15




Figure 8. Covariate residuals and their relationship with age
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Table 13. Proportional hazards assumption test results (DMN bivariate test)

DMN Bivariate test
Chi-square  Degrees of freedom P value
Family History 2.542 1 0.11
DMN 1.173 1 0.28
Depressive symptoms 0.137 1 0.71
SES 1.715 1 0.19
Sex 0.865 1 0.35
Global 8.195 5 0.15

Abbreviation: DMN: Default mode network; SN: Salience network; DMN-to-SN: Default mode
network to salience network; SES: Socio-economic status.

Table 14. Proportional hazards assumption test results (SN bivariate test)

SN Bivariate test

Chi-square Degrees of freedom P value
Family History 2.551 1 0.11
SN 0.2391 1 0.62
Depressive symptoms 0.0936 1 0.76
SES 1.522 1 0.22
Sex 0.9230 1 0.34
Global 6.5625 5 0.26

Abbreviation: DMN: Default mode network; SN: Salience network; DMN-to-SN: Default mode
network to salience network; SES: Socio-economic status.
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Table 15. Proportional hazards assumption test results (DMN-to-SN bivariate test)

DMN-to-SN Bivariate test

Chi-square Degrees of freedom P value
Family History 2.6068 1 0.11
DMN-to-SN 0.006 1 0.94
Depressive symptoms 0.1286 1 0.72
SES 1.67715 1 0.20
Sex 0.9002 1 0.34
Global 6.8891 7 0.23

Abbreviation: DMN: Default mode network; SN: Salience network; DMN-to-SN: Default mode
network to salience network; SES: Socio-economic status.

Table 16. Proportional hazards assumption test results (multivariate test)

Multivariate test

Chi-square Degrees of freedom P value
Family History 3.2367 1 0.072
DMN 0.3356 1 0.562
SN 0.6859 1 0.408
DMN-to-SN 0.1460 1 0.702
Depressive symptoms 0.0766 1 0.782
SES 2.3858 1 0.122
Sex 1.2122 1 0.271
Global 9.1019 7 0.245

Abbreviation: DMN: Default mode network; SN: Salience network; DMN-to-SN: Default mode
network to salience network; SES: Socio-economic status.
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Table 17. Association of DMN connectivity with mood disorder onsets

Predictors Estimates CI p
DMN Connectivity 1.002 0.785 - 1.277 0.99
Sex 0.985 0.621 — 1.561 0.948
Observations 447

R? 0.00

Table 18. Association of DMN connectivity with mood disorder onsets (accounting for family
history)

Predictors Estimates CI p
DMN Connectivity 0.997 0.776 — 1.281 0.979
Family History 2.125 1.194 - 3.779 0.010
Sex 0.979 0.616 — 1.556 0.928
Observations 447

R? 0.021

Table 19. Association of DMN connectivity with mood disorder onsets (accounting for family
history, clinical risk, and SES)

Predictors Estimates CI P
DMN Connectivity 0.955 0.726 — 1.257 0.743
Family History 2.293 1.247 -4.214 0.008
Depression symptoms 1.093 1.013-1.179 0.022
Socioeconomic status 1.150 0.941 — 1.406 0.173
Sex 1.368 0.785 —2.383 0.269
Observations 405

R? 0.038

Table 20. Association of SN connectivity with mood disorder onsets

Predictors Estimates CI D

SN Connectivity 1.095 0.879 — 1.365 0.418
Sex 0.971 0.612 — 1.541 0.901
Observations 447

R? 0.002
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Table 21. Association of SN connectivity with mood disorder onsets (accounting for family
history)

Predictors Estimates CI p

SN Connectivity 1.106 0.890 - 1.374 0.364
Family History 2.142 1.204 - 3.810 0.010
Sex 0.963 0.606 — 1.531 0.875
Observations 447

R? 0.024

Table 22. Association of SN connectivity with mood disorder onsets (accounting for family
history, clinical risk and SES)

Predictors Estimates CI

y4
SN Connectivity 1.086 0.859 - 1.374 0.489
Family History 2.311 1.257 —4.247 0.007
Depression symptoms 1.094 1.014 - 1.181 0.021
Sex 1.143 0.935 - 1.397 0.191
Observations 405
R? 0.039

Table 23. Association of DMN-to-SN connectivity with mood disorder onsets

Predictors Estimates CI p
DMN-to-SN Connectivity 0.979 0.788 — 1.215 0.846
Sex 0.991 0.623 — 1.574 0.968
Observations 447

R? 0.000

Table 24. Association of DMN-to-SN connectivity with mood disorder onsets (accounting for
family history)

Predictors Estimates CI p
DMN-to-SN Connectivity 0.997 0.800 — 1.243 0.981
Family History 2.124 1.193 - 3.781 0.010
Sex 0.979 0.614 — 1.560 0.929
Observations 447

R? 0.021
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Table 25. Association of DMN-to-SN connectivity with mood disorder onsets (accounting for
family history, clinical risk and SES)

Predictors Estimates CI p
DMN-to-SN Connectivity 1.019 0.806 — 1.288 0.877
Family History 2.289 1.245 —4.208 0.008
Depression symptoms 1.093 1.011 - 1.181 0.025
Socioeconomic status 1.355 0.780 —2.354 0.281
Sex 1.154 0.945 — 1.408 0.160
Observations 405

R? 0.037

Table 26. Multivariate hazard ratio results

Predictors Estimates CI D
Family History 2.328 1.262 — 4.294 0.007
DMN Connectivity 0.970 0.735 - 1.281 0.831
SN Connectivity 1.082 0.853 - 1.373 0.515
DMN-to-SN Connectivity 1.021 0.807 — 1.293 0.861
Depression symptoms 1.096 1.014 - 1.186 0.021
Socioeconomic status 1.141 0.935 - 1.397 0.199
Sex 1.356 0.777 — 2.368 0.284
Observations 405

R? 0.039
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Chapter 5: Thesis Conclusion

Previous research investigating connectivity in familial high-risk groups had small sample
sizes, inconsistent definition of mood disorders, and varying findings. These discrepancies were
the motivation for our research looking at brain connectivity in the DMN. We defined a rationale
for what familial risk for mood disorders is, selected hub nodes of the DMN where we would see
the most activity, and used a large sample size, with the hopes of finding significant differences
in DMN connectivity between those at high familial risk versus controls. Additionally, we were
interested in studying the relationship between DMN connectivity and depression symptoms. We
found that DMN connectivity was similar in the FHR and controls, and that there was no
significant relationship between DMN connectivity and depression symptoms. This coincided
with some previous research and contradicted a previous paper that had shown increased DMN
connectivity in the FHR group. Our findings and the different findings from other groups led us
to conclude that there might not be differences in the DMN between the FHR and controls,
which would mean that DMN connectivity is not associated with family history for mood

disorders.

Upon completing the first project, and further review of the literature, we realized that the
salience network was an important network due to its role in coordinating activity between the
DMN and other networks, as well as its association with mood disorders. We therefore decided
to study the association of these two networks with mood disorder onsets and find out whether
they can complement family history and aid in better identification of those at risk of major

mood disorder diagnosis. Our analysis showed that connectivity within and between these
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networks was not associated with mood disorder onsets, although family history and depressive
symptoms were. These results show that connectivity might not be a viable complement to
family history, but clinical risk can be used in addition to family history and help in better
identification of those at risk. Future research looking at the DMN, SN and other networks
implicated in mood disorders (e.g., central executive network, limbic network) can help validate
or disprove these findings and help us better understand the association of brain connectivity in

mood disorder onsets.
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Supplementary Material
APPENDIX A: YOUTH EXPERIENCE TRACKER INSTRUMENT (YETI)

Figure 9. YETI questionnaire (depression items highlighted)

How has your week been?

Tick one box for each question that best describes how you have been over the past 7 days.

Never Once or Often All the time

twice or Every day
| felt nervous around people | don't know well. Od Od | Od
| felt miserable or unhappy. Oa Oa | Oa
| lost my temper. Od Od | Od
| didn't enjoy anything at all. Oa Oa | Oa
All of a sudden | felt really scared for no reason at all. O O O O
| suddenly became nervous and fidgety. O O O O
| worried about the future. O O a O
| was angry. O O O O
| felt too tired to do anything. O O O O
| worried about going to school or work. O O O O
| had bursts of silliness. O O O O
| felt | was a bad person. Oa Oa O Oa
| worried about not being as good as others. O O O O
| thought nobody really loved me. O O O O
| got easily annoyed by others. Od Od | Od
| had difficulty falling asleep. Oa Oa | Oa
| woke up during the night and could not get back to sleep. Od Od | Od
| suddenly became sad for no apparent reason. Oa Oa | Oa
| heard voices or noises that other people could not hear. Od Od | Od
| saw something or someone that other people could not see. Oa Oa | Oa
| thought | was being followed or spied on. O O O O
Someone knew what | was thinking even though | did not tell them. O O O O
| felt like the world around me was not real. O O a O
| could not express myself as clearly as before. O O O O
| could not understand words or conversations that | could easily O O O O

understand before.

Things looked differently than they usually do. Oa Oa O Oa

Is there anything else you would like to tell us of your experiences in the past week? If yes, please write it into the box below.

Thank you!

83



APPENDIX B: FMRI PREPROCESSING RESULTS

fMRIPrep results included in this manuscript come from preprocessing performed

using fMRIPrep 20.2.1 (Esteban, Markiewicz, et al. (2018); Esteban, Blair, et al. (2018);
RRID:SCR _016216), which is based on Nipype 1.5.1 (Gorgolewski et al. (2011); Gorgolewski et
al. (2018); RRID:SCR_002502).

Anatomical data preprocessing

A total of 1 T1-weighted (T1w) images were found within the input BIDS dataset.The T1-
weighted (T1w) image was corrected for intensity non-uniformity (INU)
with N4BiasFieldCorrection (Tustison et al. 2010), distributed with ANTs 2.3.3 (Avants et
al. 2008, RRID:SCR _004757), and used as T1w-reference throughout the workflow. The T1w-
reference was then skull-stripped with a Nipype implementation of
the antsBrainExtraction.sh workflow (from ANTs), using OASIS30ANTS as target
template. Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and gray-
matter (GM) was performed on the brain-extracted T1w using fast (FSL 5.0.9,
RRID:SCR 002823, Zhang, Brady, and Smith 2001). Brain surfaces were reconstructed
using recon-all (FreeSurfer 6.0.1, RRID:SCR 001847, Dale, Fischl, and Sereno 1999), and
the brain mask estimated previously was refined with a custom variation of the method to
reconcile ANTs-derived and FreeSurfer-derived segmentations of the cortical gray-matter of
Mindboggle (RRID:SCR_002438, Klein et al. 2017). Volume-based spatial normalization to one
standard space (MNI152NLin2009cAsym) was performed through nonlinear registration
with antsRegistration (ANTs 2.3.3), using brain-extracted versions of both T1w reference
and the T1w template. The following template was selected for spatial normalization: ICBM 152
Nonlinear Asymmetrical template version 2009¢ [Fonov et al. (2009), RRID:SCR_008796;
TemplateFlow ID: MNI152NLin2009cAsym],

Functional data preprocessing
For each of the 1 BOLD runs found per subject (across all tasks and sessions), the
following preprocessing was performed. First, a reference volume and its skull-stripped version

were generated by aligning and averaging 1 single-band references (SBRefs). A BO-
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nonuniformity map (or fieldmap) was estimated based on two (or more) echo-planar imaging
(EPI) references with opposing phase-encoding directions, with 3dowarp Cox and Hyde

(1997) (AFNI 20160207). Based on the estimated susceptibility distortion, a corrected EPI
(echo-planar imaging) reference was calculated for a more accurate co-registration with the
anatomical reference. The BOLD reference was then co-registered to the T1w reference

using bbregister (FreeSurfer) which implements boundary-based registration (Greve and
Fischl 2009). Co-registration was configured with six degrees of freedom. Head-motion
parameters with respect to the BOLD reference (transformation matrices, and six corresponding
rotation and translation parameters) are estimated before any spatiotemporal filtering

using mc£1irt (FSL 5.0.9, Jenkinson et al. 2002). BOLD runs were slice-time corrected

using 3dTshift from AFNI 20160207 (Cox and Hyde 1997, RRID:SCR_005927). First, a
reference volume and its skull-stripped version were generated using a custom methodology

of fMRIPrep. The BOLD time-series (including slice-timing correction when applied) were
resampled onto their original, native space by applying a single, composite transform to correct
for head-motion and susceptibility distortions. These resampled BOLD time-series will be
referred to as preprocessed BOLD in original space, or just preprocessed BOLD. The BOLD
time-series were resampled into standard space, generating a preprocessed BOLD run in
MNI152NLin2009cAsym space. First, a reference volume and its skull-stripped version were
generated using a custom methodology of fMRIPrep. Several confounding time-series were
calculated based on the preprocessed BOLD: framewise displacement (FD), DVARS and three
region-wise global signals. FD was computed using two formulations following Power (absolute
sum of relative motions, Power et al. (2014)) and Jenkinson (relative root mean square
displacement between affines, Jenkinson et al. (2002)). FD and DVARS are calculated for each
functional run, both using their implementations in Nipype (following the definitions by Power
et al. 2014). The three global signals are extracted within the CSF, the WM, and the whole-brain
masks. Additionally, a set of physiological regressors were extracted to allow for component-
based noise correction (CompCor, Behzadi et al. 2007). Principal components are estimated after
high-pass filtering the preprocessed BOLD time-series (using a discrete cosine filter with 128s
cut-off) for the two CompCorvariants: temporal (tCompCor) and anatomical (aCompCor).
tCompCor components are then calculated from the top 2% variable voxels within the brain

mask. For aCompCor, three probabilistic masks (CSF, WM and combined CSF+WM) are
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generated in anatomical space. The implementation differs from that of Behzadi et al. in that
instead of eroding the masks by 2 pixels on BOLD space, the aCompCor masks are subtracted a
mask of pixels that likely contain a volume fraction of GM. This mask is obtained by dilating a
GM mask extracted from the FreeSurfer’s aseg segmentation, and it ensures components are not
extracted from voxels containing a minimal fraction of GM. Finally, these masks are resampled
into BOLD space and binarized by thresholding at 0.99 (as in the original implementation).
Components are also calculated separately within the WM and CSF masks. For each CompCor
decomposition, the k components with the largest singular values are retained, such that the
retained components’ time series are sufficient to explain 50 percent of variance across the
nuisance mask (CSF, WM, combined, or temporal). The remaining components are dropped
from consideration. The head-motion estimates calculated in the correction step were also placed
within the corresponding confounds file. The confound time series derived from head motion
estimates and global signals were expanded with the inclusion of temporal derivatives and
quadratic terms for each (Satterthwaite et al. 2013). Frames that exceeded a threshold of 0.5 mm
FD or 1.5 standardised DVARS were annotated as motion outliers. All resamplings can be
performed with a single interpolation step by composing all the pertinent transformations

(i.e. head-motion transform matrices, susceptibility distortion correction when available, and co-
registrations to anatomical and output spaces). Gridded (volumetric) resamplings were
performed using antsApplyTransforms (ANTSs), configured with Lanczos interpolation to
minimize the smoothing effects of other kernels (Lanczos 1964). Non-gridded (surface)

resamplings were performed using mri vol2surf (FreeSurfer).

Many internal operations of fMRIPrep use Nilearn 0.6.2 (Abraham et al. 2014,
RRID:SCR_001362), mostly within the functional processing workflow. For more details of the

pipeline, see the section corresponding to workflows in fMRIPrep’s documentation.
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