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Summary

Functional magnetic resonance imaging (fMRI)-based functional connectivity offers
remarkable potential to non-invasively map individual differences in brain functional
organisation to individual differences in behavioural phenotypes. Applied to neurodevelopmental
and psychiatric conditions, this potential has renewed the search for neuroimaging-based
biomarkers that have diagnostic and prognostic validity. Reproducible functional connectivity-
based measures are key to achieving this goal. The overarching goal of this thesis is to improve
the reproducibility of conventional and advanced functional connectomics-based measures to
enhance their sensitivity to phenotypic differences of clinical relevance in neurodevelopmental
and psychiatric conditions. I achieve this through four empirical studies using Open Science
datasets as well as in-house data. All analysis code used in this thesis are publicly accessible via

GitHub repositories: https://github.com/JRam02.

Using the functional connectome fingerprinting approach, Study 1 demonstrates that the
test-retest fingerprint matching algorithm can serve as a simple and intuitive measure to compare,
benchmark, and adjudicate between analysis pipelines. I show that this approach enables the
identification of data pre- and post-processing parameters that optimise the detection of individual
differences in the functional connectome. I also argue that fingerprint accuracy offers a number
of advantages over the conventional approach to comparing pipelines — the computation of test-
retest reliability using the intraclass correlation coefficient (ICC). Across five datasets spanning
childhood and adulthood derived from the Consortium for Replicability and Reproducibility
(CoRR; N = 264, 7-43 years, mean age+SD = 19.445.6 years), I show that identification
accuracies of up to 94% are achieved for pipelines that employ: (I) global signal regression; (II)
finer-grained brain parcellations; (III) cortical regions, excluding subcortical and cerebellar
structures; (IV) medial frontal and frontoparietal networks; (V) a focus on discriminative edges;
and (VI) longer scan duration. Together, these factors form components of two pipelines that are
optimised for reproducing the individual functional connectome. I suggest that a pipeline defined
in this way should better enable the detection of robust and reproducible brain-behaviour
relationships, particularly in developmental samples.

In Study 2, I address the trade-off between strict data quality requirements (particularly
regarding head motion) and the large sample sizes required for robust and reproducible brain-
behaviour associations. I propose the implementation of a machine learning technique referred to
as “bagging” or bootstrap aggregation at the timeseries level for estimating individual functional
connectomes, enabling the salvage of “high-motion” individuals that would otherwise be
discarded in these analyses. Using resting-state data from CoRR and Healthy Brain Network
(HBN; N=423, 6-20 years, mean age+SD = 10.743.0 years), [ show that deriving the functional

connectome from bootstrap samples of low-motion timepoints can successfully differentiate an
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individual from a group and increases sample inclusivity. I further demonstrate that bagging
yields robust univariate brain-behaviour associations (i.e., relationships between functional
connectivity and age) even when as few as 60 “clean” timepoints are retained (16% of the full
timeseries; sampled with replacement over 500 iterations): the brain-behaviour associations
obtained using bagging are comparable with those obtained using a standard (full timeseries)
approach. The utility of bagging lies in its ability to rescue high-motion individuals by
maximising participant inclusivity by ~4-30% of the high-motion individuals from CoRR and
HBN; its application may reduce the tension between data quality vs. sample size requirements,
mitigating resource wastage and the unethical practice of discarding large numbers of participants
to ensure inclusive and reproducible brain-behaviour associations.

Study 3 builds on the work of Studies 1 and 2 by investigating whether the factors that
maximise the detection of individual differences in the functional connectome, together with head
motion strategies that maximise participant inclusivity and reduce motion artefacts also boost the
predictive power of functional connectomes for behavioural phenotypes, using connectome-
based predictive modelling (CPM). Using the HBN (N = 540, 6-21 years, mean age+SD =
10.743.0 years) and the components and strategies identified in Studies 1 and 2, I sought to
strengthen connectome-based predictions and improve their generalisability across three
domains: age, general psychopathology [CBCL], and intellectual ability [FSIQ]. I found that the
data pre- and post-processing factors previously identified for improving the identifiability of
individual functional connectomes — (I) dimensionality of parcellation schemes; (II) focus on
discriminatory functional networks such as the medial frontal and frontoparietal networks; and
(IIT) head motion mitigation strategies including scrubbing and bagging — neither improved nor
disimproved the CPM-based predictions. Generalisability to an independent sample of non-
Autistic individuals obtained from the Autism Brain Imaging Data Exchange (ABIDE; N = 439,
6-57 years, M = 16.2+6.7 years) was also generally unaffected, although finer parcellation
schemes and bagging improved generalisability for FSIQ. Therefore, while the factors and
strategies that I examined do not necessarily improve validity (i.e., strength of brain-behaviour
relationships), the evidence suggests that they do strengthen reproducibility (i.e., generalisability
of brain-behaviour relationships).

In Study 4, I take a different route to reproducibility: ecological validity. While resting-
state fMRI conditions have been widely applied to study brain functions and dysfunctions across
development, naturalistic paradigms may offer a more ecologically valid index of cognitive,
emotional, and social processes. I propose a naturalistic analysis framework that employs a short

emotionally evocative movie called “The Present” (https://www.jacob-frey.com) to explore how

functional brain responses are modulated by depressive symptomatology and emotion regulation
strategies at multiple spatial and temporal scales in a sample of female adolescents experiencing

subclinical depressive symptoms (N = 50, 13-20 years, mean age+SD = 17.0+1.9 years). In this
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study, I examined the (I) shared brain responses using intersubject correlation, (II) “static” and
dynamic functional connectivity patterns, and (III) signal complexity of the naturalistic fMRI
signals using the Hurst Exponent (H), as well as their phenotypic relevance for depressive
symptom severity and adaptive/maladaptive emotion regulation strategies. The findings suggest
that depressive symptomatology and emotion regulation strategies shape the processing of affect-
laden events in real-life scenarios.

Taken together, the findings of these four thesis projects highlight opportunities for
improving the reproducibility of functional connectivity-based measures in developing
populations, but also reveal several limitations that remain to be addressed. I discuss these
findings in the context of several broader topics of concern within the neuroimaging field: sample
size, the phenotype challenge, trade-offs of the resting-state fMRI approach, methodological
variability, rate of developmental changes, and the quest for multimodal MRI approaches. I also
consider several future avenues towards increased reproducibility, including meta-matching
frameworks, multivariate techniques, multiverse pipelines, and sex differences. I conclude that a
reproducibility lens remains central to the collective effort to discover functional connectivity-
based biomarkers of clinical relevance, and ultimately, to improve outcomes for those with

neurodevelopmental and psychiatric conditions.
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(A) ID accuracy derived from BID for the Finn Networks in addition to the
combined medial frontal and frontoparietal networks [FPNs] and whole-brain
connectome [ WBN] across the five datasets. The Finn Networks are as follows:
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(1) ventral attention [VAN]; (2) dorsal attention [DAN]; (3) frontoparietal
[FPN]; (4) default mode [DMN]; (5) somatomotor [SOM]; (6) limbic [LIM];
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Relationship between number of discriminative edges and ID accuracy derived
from BID in addition to the degree of confusion as indexed by RR across the
five independent datasets. The discriminative edges are selected based on their
DP values falling between the 25th and 99th percentiles of the whole-brain
connectome, i.e., the top 1-75% of edges in the whole-brain connectome were
retained to compute the ID accuracy of each dataset. The black box represents
the ID accuracy derived from BID when all the edges in the whole-brain
connectome were used for each dataset................c.oooiiiiiiiii, 82

(A) Relationship between scan duration and ID accuracy measured by BID in
addition to the degree of confusion as indexed by RR across the five independent
datasets. The scan duration ranges from 0.5 min to the full acquisition time of
each dataset. (B) Relationship between amount of resting-state fMRI data and
ID accuracy measured by BID in addition to the degree of confusion as indexed
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Figure 3.1

Figure 4.1

Figure 4.2

pipelines. Dots and error bars represent the mean and SD of the BID accuracies
and ICC values. Standard: GSR + Shen 268 parcellation + full scan length + full
sample size. Pipeline 1: GSR + Schaefer 1000-17Network parcellation + full
scan length + full sample size. Pipeline 2: GSR + frontoparietal networks
derived from Finn networks + full scan length + full sample size. *P < 0.05,
two-tailed paired sample t-test. For ID accuracy, the effect sizes measured by
Cohen’s d are: 1.5 (Pipeline 1) and 0.8 (Pipeline 2). For TRT reliability, the
effect sizes measured by Cohen’s d are: 1.0 (Pipeline 1) and 1.6 (Pipeline

From Marek et al. (2022): Effect sizes and sampling variability of univariate
brain-wide associations (BWAS) from the ABCD Study. (a) Effect sizes of
brain-wide associations derived from cortical thickness and cognitive ability as
well as general psychopathology at the vertex, ROI, and network levels as a
function of sample size. (b) Effect sizes of brain-wide associations derived from
resting-state functional connectivity and cognitive ability as well as general
psychopathology at the vertex, ROI, and network levels as a function of sample
size. (c) Largest brain-wide associations of cortical thickness with cognitive
ability and general psychopathology spatially displayed at the ROI-level. (d)
Largest brain-wide associations of resting-state functional connectivity with
cognitive ability and general psychopathology spatially displayed at the ROI-
level. (e) Sampling variability resamples per sample size from N = 25 to N =
3,604 for the largest brain-wide associations of cortical thickness with cognitive
ability and general psychopathology. (f) Sampling variability resamples per
sample size from N =25 to N = 3,928 for the largest brain-wide associations of
resting-state functional connectivity with cognitive ability and general
psychopathology. (g) Examples of two N = 25 subsamples, where inaccurate
default mode network (DMN) associations were observed for cortical thickness
with cognitive ability and general psychopathology. (h) Examples of two N =25
subsamples, where inaccurate default mode network (DMN) associations were
observed for resting-state functional connectivity with cognitive ability and
general psychopathology........c.ovviiiiiiiiii e, 97

Schematic describing the scrubbing and bagging procedures. The Shen 268
parcellation scheme is applied to extract the fMRI timeseries of all the
participants in the CoRR and HBN datasets. When scrubbing is performed, a
motion-corrupted timepoint is identified in the fMRI timeseries if its rmsFD >
0.20 mm. After censoring that timepoint, its preceding and two succeeding
timepoints are also removed in the timeseries. Bagging is performed using the
scrubbed timeseries by (1) selecting the least motion-corrupted timepoints
(ranked by their rmsFD values) that match a predefined threshold denoted by
minTP to prevent participants from having varying number of timepoints which
can be sampled from, and (2) bootstrapping samples of a given size TP from the
motion-limited timepoints with replacement across 500 iterations. For each
participant, the mean bagged functional connectivity matrix is computed by
averaging the 500 functional connectivity matrices...............cocveieenine.n. 111

Applying bagging and one-sample bootstrap (minTP = 60) to perform
connectome-based fingerprint identification derived from CoRR and HBN. Left
Panel: Fingerprint accuracy measured by BID as a function of TP ranging from
60 to 194 by excluding “high-motion” participants with a rmsFD > 0.20 mm.
Right Panel: Fingerprint accuracy measured by BID as a function of TP ranging
from 60 to 375 by excluding “high-motion” participants with a rmsFD > 0.20
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Figure 4.3

Figure 4.4

Figure 4.5

Figure 4.6

Figure 4.7

mm. Dotted black lines represent the BID accuracy obtained from the standard
approach using the full timeseries of each dataset. Solid navy lines denote the
BID accuracies obtained from bagging. Solid teal lines correspond to the BID
accuracies obtained from one-sample bootstrap................ocevviiiiiiininn. 114

Correlations between functional connectivity and age obtained from RESTI
using the standard approach as a function of sample size. Solid teal line shows
the mean correlations derived from 500 bootstrap samples for a given sample
size. Teal shading denotes the minimum and maximum correlations across 500
bootstrap samples for a given sample size. Black dotted line represents the lower
and upper bounds of the 95% Cls. After applying a rmsFD < 0.20 mm to exclude
the “high-movement” participants, the sample size was reduced to

(A) Correlations between functional connectivity and age obtained from REST1
using the standard approach as a function of sample size. The sample size was
set to 239 to facilitate the comparison of the standard approach with bagging.
(B) Correlations between functional connectivity and age obtained from REST1
as a function of sample size using bagging during which participants have least
amount of contaminated timepoints that match the minTP threshold (e.g., 200)
and number of bagged timepoints, i.e., TP (e.g., 20, 60, 100). (C) Comparison
of the 95% Cls between the standard approach and bagging with the area under
curve (AUC). Dotted coloured line represents the 95% Cls derived from the
standard approach. Solid coloured line represents the 95% Cls derived from
bagging. (D) Correlations between functional connectivity and age obtained
from REST1 as a function of sample size using one-sample
o010 5] 3 o J 116

Correlations between functional connectivity and age obtained from REST1 as a
function of sample size using bagging during which participants have minimally
bootstrap timepoints that match the minTP threshold (e.g., 60) and number of
bagged timepoints, i.e., TP (e.g., 20). Solid purple line shows the mean
correlations, purple shading denotes the minimum and maximum correlations,
and black dotted line represents the lower and upper bounds of the 95% Cls. The
AUC is displayed to compare the 95% Cls between the standard approach and
bagging. Dotted blue line represents the 95% Cls derived from the standard
approach. Solid purple line represents the 95% Cls derived from bagging. The
correlations between functional connectivity and age obtained from REST1 as a
function of sample size is also shown using one-sample bootstrap............... 117

(A) Influence of minTP using bagging on the width of the 95% Cls by keeping
TP constant at 20 such that minTP € {60, 100, 200}. (B) Influence of TP using
bagging on the width of the 95% ClIs by keeping minTP constant at 60 such that
TP € {20,600, 100}, . ..ot 118

Applying bagging and one-sample bootstrap (minTP = 60) to perform
connectome-based fingerprint identification derived from CoRR and HBN. Left
Panel: Fingerprint accuracy measured by BID as a function of TP ranging from
60 to 194 by including the salvaged “high-motion” participants. Right Panel:
Fingerprint accuracy measured by BID as a function of TP ranging from 60 to
375 by including the salvaged “high-motion” participants. Dotted black lines
represent the BID accuracy obtained from the standard approach using the full
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Figure 4.8

Figure 4.9

Figure 4.10

Figure 4.11

timeseries of each dataset. Solid navy lines denote the BID accuracies obtained
from bagging. Solid teal lines correspond to the BID accuracies obtained from
ONE-SAMPIE DOOLSIIAP. ....vivt it e ste e esene s 119

Salvaging “high-movement” participants to compute univariate brain-behaviour
associations with bagging without applying the initial head motion threshold of
rmsFD < 0.20 mm, i.e., the timeseries of all the participants were scrubbed with
a rmsFD < 0.2 mm. By applying bagging with minTP = 60 and TP = 20, the
sample size was increased to 379. The correlations between functional
connectivity and age obtained from RESTI as a function of sample size are
shown using bagging and one-sample bootstrap. The AUC is displayed to
compare the 95% Cls between the standard approach and bagging in addition to
the standard approach and one-sample bootstrap. Solid pink line shows the mean
correlations, pink shading denotes the minimum and maximum correlations, and
black dotted line represents the lower and upper bounds of the 95%

Impact of applying a strict head motion threshold on brain-behaviour
associations using bagging (minTP = 60 and TP = 20). (A) After applying a
rmsFD < 0.08 mm to exclude “high-movement” participants, the sample size
was reduced to 77. Correlations between functional connectivity and age
obtained from REST1 as a function of sample size are shown using bagging
across 500 and one-sample bootstrap. (B) After scrubbing the timeseries with a
rmsFD < 0.08 mm of all the participants, the sample size was increased to 92.
Correlations between functional connectivity and age obtained from REST]1 as
a function of sample size are shown using bagging across 500 and one-sample
bootstrap. The AUC is displayed to compare the 95% Cls derived from bagging
across 500 and one-sample bootstrap. Solid green line shows the mean
correlations, green shading denotes the minimum and maximum correlations,
and black dotted line represents the lower and upper bounds of the 95%

Reproducibility of the standard approach in deriving the associations between
functional connectivity and age from an additional 9 edges in the connectome.
Correlations between functional connectivity and age obtained from REST]1 as
a function of sample size are shown using the standard approach across the 9
edges. The AUCs are displayed to compare the 95% Cls derived from the
standard approach across the 9 edges. Solid coloured lines show the mean
correlations, coloured shadings denote the minimum and maximum correlations,
and black dotted lines represent the lower and upper bounds of the 95% Cls.
After applying a rmsFD < 0.20 mm to exclude the “high-movement”
participants, the sample size was reduced to 255...........covvvivcencencnnennenn. 122

Reproducibility of bagging (minTP = 60 and TP = 20) including the salvaged
“high-movement” participants in deriving the associations between functional
connectivity and age from an additional 9 edges in the connectome. Correlations
between functional connectivity and age obtained from REST1 as a function of
sample size are shown using bagging across the 9 edges. The AUCs are
displayed to compare the 95% ClIs derived from bagging across the 9 edges.
Solid coloured lines show the mean correlations, coloured shadings denote the
minimum and maximum correlations, and black dotted lines represent the lower
and upper bounds of the 95% Cls. After rescuing the ‘“high-movement”
participants, the sample size increased t0 379...........cooiviviniiniencninenen 123
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Figure 6.2
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Figure 6.5

Connectome-based predictive modelling (CPM) framework which involves
feature selection, feature summarisation, model building, and assessment of the
prediction significance. Adapted from Shenetal.,2017.............cccceceeneeeee. 130

Phenotypic distributions across the complete HBN dataset. Histograms showing
the distributions of age [in years], general psychopathology [CBCL], and
intellectual ability [FSIQ] in developing youths... ..144

Data pre-/post-processing factors and head motion mitigation strategies for
connectome-based fingerprint identification. Data pre-/post-processing factors
include the application of four publicly available parcellation schemes such as
the Glasser 360, Glasser 426, MIST 444, and Schaefer 500-17Networks atlases
in addition to using the frontoparietal networks derived from a 10-network
definition to derive the REST1 and REST2 functional connectivity matrices of
the participants. Head motion mitigation strategies include scrubbing and
bagging to compute the REST1 and REST2 functional connectivity matrices of
the participants on the basis of their least motion-corrupted timepoints in the
fIMRI tIMESETIES .. ... ettt 150

Data pre-/post-processing factors (i.e., frontoparietal networks, parcellation
schemes) for connectome-based fingerprint identification. A. Connectome-
based fingerprint accuracy derived from the frontoparietal networks using a 10-
network definition which involves the combination of the medial frontal and
frontoparietal networks. B. Connectome-based fingerprint accuracy derived
from multiple parcellation schemes that differ in terms of their parcel
dimensionality (i.e., 268 — 500 parcels), space (i.e., volume, surface), and
spatial coverage (i.e., cortical, whole-brain)..............c....cooiiiiiiinine 153

Head motion mitigation strategies (i.e., scrubbing, bagging) for connectome-
based fingerprint identification. A. Connectome-based fingerprint accuracy
derived from scrubbing where a motion-corrupted timepoint (T) is identified and
censored if its rmsFD > 0.20 mm followed by a preceding (T — 1) and two
succeeding timepoints (T + 1, T + 2). B. Connectome-based fingerprint accuracy
derived from bagging with and without the inclusion of ‘“high-motion”
participants, where the least 60 or 200 motion-corrupted timepoints are selected
from each participant’s fMRI timeseries out of which 20 or 100 timepoints are
respectively bootstrapped across 500 iterations.............cccceeeveneneeneennenne 154

Neuroanatomy of the CPM-based predictive networks for age, CBCL, and
FSIQ. First Panel: Relationships between predicted and observed phenotypes
derived from the respective POS and NEG network strengths. Second Panel:
Chord plots illustrating the contributions of the predictive POS and NEG edges
in different functional networks using a 10-network definition. Note: To
facilitate the post-hoc visualisations, the POS and NEG edges in predicting age
were thresholded with a degree of 20. Third Panel: Glass brains illustrating the
connectivity patterns across the whole brain for the POS and NEG network
strengths. Fourth Panel: Connectivity matrices summarising the connectivity
patterns within and between different functional networks based on their POS
and NEG network strengths. The shades represent the degree of edge
contributions such that darker shades indicate greater contribution of the edges
in a functional network. MF: Medial Frontal; FP: Frontoparietal, DMN: Default
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Figure 7.1

Figure 7.2

Figure 7.3

Figure 8.1

Figure 8.2

Figure 8.3

Mode; Mot: Motor; VI: Visual I; VII: Visual II; VAs: Visual association; SAL:
Salience; SC: Subcortical; CBL: Cerebellum............ccccoccvvvvvciiieeeiiiinnnn.. 156

Generalisability of baseline CPM-based predictions of age and FSIQ in ABIDE.
First Panel: Relationships between predicted and observed age derived from the
respective POS, NEG, and Combined network strengths. Second Panel:
Relationships between predicted and observed FSIQ derived from the respective
POS, NEG, and Combined network strengths. predicted and observed
phenotypes. 1, = positive network strength, r, = negative network strength, r. =
combined network Strength.............ccccvviviieiiecieee e 160

A bottom-up representation of the layers that are involved in narratives. The
features of a narration can reflect audio signals, words, sentences, interactions,
characters, events, and story-telling. Adapted from Willems et al,

Naturalistic stimuli derived from three different movies including “Inscapes”
(Vanderwal et al., 2015), “The Present” (Alexander et al., 2017), and “Ocean’s
Eleven”. Top Panel: Inscapes (http://headspacestudios.org/inscapes) is a 7-min
non-verbal, non-social series of slowly evolving abstract shapes with a piano
score sound directed by Tamara Vanderwal. Middle Panel: The Present
(https://www.jacob-frey.com) is a 4.18-min animated movie directed by Jacob
Frey that portrays an amputated youth being gifted a disabled dog by his mother.
Bottom Panel: Ocean’s Eleven is a 116-min Hollywood movie with an ensemble
cast that covers a heist comedy plot. The movie was directed by Steven
Soderbergh and released in 2001............cooveiiiniieniieeieeieee e 172

[lustration of ISC to quantify shared brain synchrony derived from the fMRI
timeseries of a voxel X from a given participant A with the timeseries of voxel
X in participant B. Adapted from Nastase etal., 2019..............cccceeeeeen . 174

Phenotypic distributions. Histograms showing the distributions of the depressive
symptom severity derived from Depression subscale of the Beck Youth
Inventory (BYT; the Depression Inventory, BYI-D), adaptive cognitive emotion
regulation (Adaptive CERQ) scores and maladaptive cognitive emotion
regulation (Maladaptive CERQ) scores. The skewed distributions of the
phenotypic measures indicate that they are not normally distributed (Shapiro-
WiLK test, P <0.05).....uiiiiiiiiicceeceeeeee e 189

Movie stills obtained from The Present (https://www.jacob-frey.com).........191

Movie-watching analysis framework at multiple spatial and temporal scales.
First, whole-brain full-length intersubject correlation (ISC) was performed by
calculating the pairwise correlations between participant A and the remaining
participants B, C, and so on such that A # B, C. Second, dynamic intersubject
correlation (dISC) was carried out using a tapered cosine sliding window with a
width of W =20 TRs and step size of W =1 TR (tapered cosine fraction = 0.95)
to capture time-varying patterns of brain synchrony throughout the movie.
Temporal ICA was then applied to extract functional networks that capture
dynamic patterns of synchronised brain activities over the course of the movie.
Third, functional connectivity (FC) was performed between a priori ROIs that
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form part of an emotion regulation network derived from NeuroSynth. Fourth,
dynamic functional connectivity (dFC) was derived using the same tapered
cosine sliding window procedure as previously described to compute the FC-
phenotypic correlations over the course of the movie. Lastly, the Hurst Exponent
(H) was employed to index the self-similarity of the BOLD fMRI signal at the
network level using the Yeo-7Network parcellation scheme and ROI level using
the predefined ROIs that are involved in the emotion regulation network.
Subsequently, the relationships between each of these measures and phenotypic
scores (i.e., BYI-D, adaptive CERQ, maladaptive CERQ) were
0130 (0] 10T PP 196

Intersubject synchronisation measured by full-length ISC. (A) Full-length ISC
during the natural viewing of an emotionally evocative movie. (B) Full-length
ISC during high-emotion segment relative to low-emotion segment of the
movie. The ISC maps are corrected for multiple comparisons thresholded at P <
0.05 FDR ..ottt 198

Relationships between intersubject synchronisation and phenotypic measures
during emotional movie viewing. (A) Relationships between full-length ISC and
self-reported depressive symptom severity (BYI-D; Top Panel), adaptive
emotion regulation (Adaptive CERQ; Middle Panel) and maladaptive emotion
regulation (Maladaptive CERQ; Bottom Panel). The relationships are displayed
at an uncorrected threshold of P < 0.01. (B) Histograms illustrate the
permutation test null distributions and observed mean p for relationships
between the phenotypic measures and global ISC averaged across the whole
brain (i.€., 268 Parcels).........ccoeviiiiiiiiiiiiiiiiiiei e 199

Temporal ICA shows several functional networks that capture dynamic
intersubject synchronisation. (A) The percentage of explained variance in each
IC is displayed in descending order than ranges from 4% to 9%. (B) The
functional networks that correspond to each IC during naturalistic emotional
viewing. The Z-statistic maps of the ICs are thresholdedatZ > 2............... 200

Timecourse of the functional networks derived during emotional movie
watching. The x-axis represents the tapered sliding windows such that each
window has a width of W = 20TRs with a step size of T = 1TR. The y-axis
illustrates the normalised response during each sliding window as measured by
dISC. Solid black curves represent the timecourse of the functional networks.
Dotted black line denote the mean dISC across the functional networks. Purple
shades indicate the functional networks that exhibit idiosyncratic responses
during high-emotion segment of the movie. Orange shades correspond to the
functional networks that exhibit high synchrony during high-emotion segment
of the movie. Some scenes from the high-emotion segment that relate to the
timecourse of the functional networks are also displayed in the top panel. A
Mann-Whitney U test was performed to quantify the increases and decreases in
brain synchrony within each functional network throughout the

Edge-level correlations between dFC and phenotypic measures that persisted
across at least 5 consecutive sliding window during the emotionally evocative
movie. (A) Edges in consecutive windows that showed a significant relationship
between dFC and BYI-D score. (B) Edges in consecutive windows that showed
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Figure 8.9

Figure 9.1

Figure 9.2

Figure 9.3

a significant relationship between dFC and adaptive CERQ score. (C) Edges in
consecutive windows that showed a significant relationship between dFC and
maladaptive CERQ score. Red line denotes the positive association between
dFC and phenotypic measures derived from Spearman’s p. Blue line represents
the negative association between dFC and phenotypic measures derived from
Spearman’s p. The number of consecutive edges that captured the significant
relationships between dFC and phenotypic measures is also displayed under
each edge. The significance of these relationships is thresholded at P <

Relationships between H and phenotypic measures at the network and ROI level.
(A) Distributions of H derived from the functional networks based on the Yeo-
7Network parcellation scheme. (B) Distributions of H derived from the ROIs
that form part of the emotional regulation network. (C) Top Panel: There is a
significant positive association between H of the VAN and depressive symptom
severity. There is a significiant positive association between H of the vIPFC and
depressive symptom severity. Bottom Panel: There is a significant negative
relationship between H of the left vIPFC and adaptive emotional regulation
strategies. The H of the left VIPFC is positively related to maladaptive emotion
regulation strategies but this relationship did not survivce statistical significance.
All the associations between H and phenotypic measures are corrected for
multiuple comparisons at the network and ROI level using an FDR threhsold set
at P < 0.05. Amyg: amygdala; OFC: orbitofrontal cortex, vIPFC: ventrolateral
prefrontal cortex; dIPMC: dorsolateral premotor cortex; dIPFC: dorsolateral
prefrontal cortex; aPFC: anterior prefrontal cortex; rACC: rostral anterior
cingulate cortex; aINS: anterior insula. VAN: ventral attention network; DAN:
dorsal attention network; FPN: frontoparietal network; DMN: default mode
network; SMN: somatomotor network; LIM: limbic; VIS: visual; SUB:
SUDCOTTICAL. .. o.etee e 206

Overview of the functional connectivity-based frameworks used in this thesis:
functional connectome fingerprinting, bagging, connectome-based predictive
modelling, and the application of a naturalistic (e.g., movie-watching)
PATAIGIM. ..ot e 216

Inter-rater reliability of diagnostic scales from the DSM-5 measured by the
Kappa statistic. The Kappa statistic can be interpreted as follows: < 0 indicates
no agreement and 0.01-0.20 as none to minimal agreement, 0.21-0.40 as fair
agreement, 0.41-0.60 as moderate agreement, 0.61-0.80 as substantial
agreement, and 0.91-1 as almost perfect agreement. Adapted from Freedman et

Subtle manipulations of the functional connectome by introducing
“enhancement attacks” in the CPM to predict a chosen behavioural phenotype
such as IQ obtained from the HCP. Model performance is quantified by the
Pearson’s correlation coefficient (r) and cross-validated R* denoted by g
between observed and predicted 1Q. MF: medial frontal; FP: frontoparietal;
DMN: default mode; MOT: motor; VI; visual I; VII: visual II; VAs: visual
associations; SAL; salience; SC: subcortical; CBL: cerebellum. Adapted from
Rosenblatt et al., 2023 ... .oiiii e 229
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Discriminality, TRT Reliability (ICC), and Fingerprinting (FP) of the functional
connectome. Left Panel: First scenario where FP reveals a low ID accuracy of
30%, ICC shows a “good” reliability of 60%, and Discriminality is high with a
value of 84%. Middle Panel: Second scenario where both Discriminality and
fingerprint ID accuracy are optimal (100%), but the ICC shows a “good”
reliability of 62%. Right Panel: Third scenario where no individual has been
successfully identified, i.e., fingerprint ID accuracy = 0%, but the TRT
reliability (ICC = 57%) and Discriminality (77%) are fair/moderate. Adapted
from Milham et al., 2021 ......ooiiitiit i e 230

Factors capturing the rate of developmental changes such demographics,
genetics, environment, and imaging modalities. Adapted from Cao et al,,

Bagging framework which applies a bootstrap sampling strategy to create an
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performance with that derived from bagging as the sample sizes are not equal:
the assumption of the test relies on computing the statistical significance of the
difference between two dependent correlations with the same sample size. rp =
positive network strength, rn = negative network strength, rc = combined
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Relationships between H and phenotypic measures at the network level after
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Recommendations for describing an optimal pipeline to reliably measure the
functional connectome at the individual level. The recommendations follow the
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processing stages as well as during the data acquisition
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Chapter 1

Summary

Chapter 1 provides an overview of the background and motivations for this thesis. I start by
describing how resting-state fMRI can be used to study functional brain organisation across
development, lifespan, and clinical conditions, and explain why the approach has become central
to the search for brain-based biomarkers of neurodevelopmental and psychiatric conditions. Next,
I discuss the importance of reproducibility (encompassing analytic reproducibility, replicability,
and robustness to analytical variability) to that search, and some of the obstacles to identifying
reproducible functional connectivity-based brain-behaviour relationships. I review the literature
on test-retest reliability of the functional connectome in the context of neurodevelopmental and
psychiatric conditions, and identify factors affecting reliability over time. Next, I review the
literature on functional connectome fingerprinting, and outline how this approach offers an
alternative way to assess the reproducibility of functional connectivity estimates. Finally, the

primary objectives and hypotheses of this thesis are elaborated.
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Chapter 1

1.1 Introduction

Over the past two decades, task-free, or “resting-state” fMRI has risen to prominence as a non-
invasive technique for the investigation of the macroscopic organisation of the human brain
(Smith et al., 2009; Damoiseaux et al., 2006; Biswal et al., 1995). A plethora of fMRI studies has
shown that spontaneous or intrinsic low frequency activity is temporally correlated within distinct
functional networks when participants are at rest (Smith et al., 2013; Biswal et al., 2010; Biswal
et al., 1995) — these correlations are referred to as “functional connectivity”. The networks that
exhibit functional connectivity at rest have been shown to recapitulate patterns of activity
observed during task performance across a wide range of functional domains, including cognitive
(Petersen et al., 2015; Bressler et al., 2010), attention (Vossel et al., 2014; Fox et al., 2006;
Corbetta et al., 2002), motor (Biswal et al., 1995), language (Li et al., 2020; Bernal et al., 2015;
Tomasi et al., 2012), and memory (Vincent et al., 2006) functions.

These “resting-state” or intrinsic connectivity networks are highly reproducible across large
population samples (e.g., Yeo et al., 2011; Smith et al., 2009; Damoiseaux et al., 2006). Further
research has also detected analogous networks across non-human species (Gorges et al., 2017,
Pan et al., 2015; Lu et al., 2012; Hutchison et al., 2012; Margulies et al., 2009; Vincent et al.,
2007), suggesting that they reflect a fundamental organisational principle of the brain. Across
human studies, a set of canonical networks has been identified (Figure 1.1) that typically includes:
(D the default mode network, which includes ventral medial prefrontal cortex, dorsal medial
prefrontal cortex, posterior cingulate cortex and precuneus, and lateral parietal cortex, and is
thought to integrate current perception and cognition, guided by memory representations
(Murphy et al., 2019; Margulies et al., 2016; Raichle et al., 2001); (II) the frontoparietal network,
comprising lateral prefrontal cortex and posterior parietal cortex, which supports cognitive
control abilities (Cole et al., 2013; Zanto et al., 2013; Dosenbach et al., 2008); (III) the dorsal
attention network, which consists of the intraparietal sulcus and frontal eye fields, and is involved
in top-down goal-directed processing (Rohr et al., 2016; Corbetta et al., 2002); (IV) the ventral
attention network, which includes the temporoparietal junction and ventral frontal cortex, and
which is active during the presentation of unexpected stimuli that are behaviourally relevant
(Vossel et al., 2014; Fox et al., 2006); (V) the sensorimotor network, which consists of
somatosensory (i.e., postcentral gyrus), motor (i.e., precentral gyrus), and supplementary motor
areas, which supports motor and somatosensory functioning and learning (Vahdat et al., 2011;
Albert et al., 2009); (VI) the limbic network, comprising limbic cortex, hippocampal formation,
amygdala, septal area, and hypothalamus, which guides motivational, emotional, and olfactory

processes in addition to long-term memory formation (Rajmohan et al., 2007); and (VII) the
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visual network, including the primary visual cortex and portions of the temporal and occipital

lobes, which supports visual processing and perception (Smith et al., 2009; Wilms et al., 2013).

. Purple (Visual)

E Blue  (Somatomotor)
. Green (Dorsal Attention)
[ violet (Ventral Attention)
[ cream (Limbic)

O Orange (Frontoparietal)
ERed (Default)

Figure 1.1. (A) Functional brain organisation described by Smith et al. (2009). Visual network
(Maps 120 — 320); Default Mode network (Map 42); Cerebellar network (Map 520); Sensorimotor
network (Map 620); Auditory network (Map 72); Executive Control network (Map 8x); and
Frontoparietal network (Maps 920 — 1029). Adapted from Smith et al., 2009. (B) Similar functional
brain organisation has been described by the Yeo-7Network definition. Visual network;
Somatomotor network; Dorsal Attention network; Ventral Attention network; Limbic network;
Frontoparietal network; and Default Mode network. The seven colour codes correspond to the
respective functional networks from the left hemisphere. Note: There is also a Yeo-17Network
definition which further extends the Yeo-7Network scheme. Adapted from Yeo et al., 2011.

Studies conducted over the past two decades show that functional connectivity offers a valid and
robust approach to mapping the functional organisation of the human brain — the functional
connectome (Fox et al., 2015; Constable et al., 2013; Van Dijk et al., 2010; Sporns et al., 2005;
Raichle et al., 2001; Biswal et al., 1995). Moreover, a variety of methods aimed at identifying
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individual differences in the functional connectome have provided fundamental insights into how
brain functional organisation evolves across the development, and how that organisation is
disrupted or altered in neurodevelopmental and psychiatric conditions (Zhang et al., 2021; Saggar

and Uddin, 2019; Castellanos et al., 2013; Fox and Greicius, 2010).

1.2 Development of Functional Networks Across the Lifespan

Although the canonical functional networks can be detected across the lifespan, from prenatal life
through early childhood to late adulthood, the functional connectome is substantially reshaped
throughout development (Sanders et al., 2023; Bruchhage et al., 2020; Chong et al., 2019; Zuo et
al., 2017; Thornburgh et al., 2017; Thomason et al., 2017; Thomason et al., 2015; Thomason et
al.,, 2014; Tomasi and Volkow, 2011; Andrews-Hanna et al., 2007). With increasing age,
neighbouring brain regions tend to segregate from one another (i.e., decrease in functional
connectivity strength) and at the same time, integrate into more distributed “adult-like” functional
networks through strengthening connectivity with distant regions (Fair et al., 2009). Across the
lifespan, an inverted U-shape profile is observed, such that increasing integration from childhood
to adulthood is followed by a “plateau”, followed by a return towards more localised network
topology in later life (Zhang et al., 2015; Di Martino et al., 2014a). There are also regional
differences: children tend to exhibit stronger subcortical-cortical connections, especially in the
limbic and paralimbic networks, and weaker cortico-cortical connectivity compared to adults
(Supekar et al., 2009). The default mode network seems particularly sensitive to developmental
processes; while it is sparsely connected in childhood, its connectivity gradually increases into
adulthood (Fair et al., 2009), followed by age-related reductions in the default mode functional
connectivity — not only in normal ageing but also in neurodegenerative disorders such as
Alzheimer’s Disease (Grieder et al., 2018; Finotelli et al., 2018; Mevel et al., 2011; Jones et al.,
2011; Greicius et al., 2004). Studying the functional connectome in developmental populations
is fundamental to understand typical and atypical brain functions in addition to understanding the

emergence of neurodevelopmental and psychiatric conditions.

1.3 Clinical Relevance of Functional Connectivity in Neurodevelopmental and Psychiatric

Conditions

Wide availability combined with low participant demands has made the functional connectivity
approach a feasible, accessible, and popular approach for the investigation of the functional
integrity of the human brain across a wide range of clinical conditions — neurodevelopmental
and psychiatric conditions in particular. Disruptions in functional connectivity — patterns of

dysconnectivity — have been well-studied in conditions such as autism spectrum disorder (ASD)
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(Hong et al., 2020; Nomi and Uddin, 2015; Uddin et al., 2013; Nielsen et al., 2013; Gotts et al.,
2012; Di Martino et al., 2011; Monk et al., 2009; Kennedy and Courchesne, 2008), attention
deficit hyperactivity disorder (ADHD) (Zhang et al., 2020; Castellanos and Aoki, 2016; Li et al.,
2014; Fair et al., 2012; Uddin et al., 2008), aphasia (Klingbeil et al., 2019; Baldassarre et al.,
2019; Marcotte et al., 2013; Turken et al., 2011), dyslexia (Bailey et al., 2018; Schurz et al., 2015;
Finn et al., 2014), schizophrenia (Li et al., 2019; Dong et al., 2018; Fornito et al., 2015; Damaraju
et al., 2014; Lynall et al., 2010; Whitfield-Gabrieli et al., 2009; Zhou et al., 2007; Garrity et al.,
2007), and depression (Yan et al., 2019; Drysdale et al., 2017; Mulders et al., 2015; Kaiser et al.,
2015; Veer et al., 2010; Greicius et al., 2007), amongst others. Relative to conventional task-
based fMRI approaches, the ability to collect data from participants from a wider spectrum of
ages and abilities, together with the greater ease of pooling samples for increased statistical
power, gave rise to considerable hope that functional connectivity would rapidly enable the
identification of sensitive brain-based markers for neurodevelopmental and psychiatric
conditions (Castellanos et al., 2013; Craddock et al., 2013b). This led to rapid growth in the
number of published functional connectivity-based studies, particularly in the last decade (Figure
1.2; Zhang et al., 2021). Despite considerable research efforts, however, no robust clinically

relevant biomarkers have yet been identified for any condition.

Peer Reviewed Journal Publications

== Functional Connectivity == Functional Connectivity and Clinical Population

2500
2000
1500

1000

Number of Publications
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Figure 1.2. Growth in the number of published functional connectivity-based studies in
neurotypical and clinical populations since the first study published by Biswal and et al. (1995).
Adapted from Zhang et al. (2021).

There are a number of challenges to the identification of brain-based biomarkers. One is that there
can be considerable variability across studies, sites, countries, and cultures in terms of factors
such as disease severity, demographics, socioeconomic status, comorbidities, and/or medication
status (He et al., 2020). These heterogeneities may be responsible for the wide range of alterations

in functional connectivity that have been reported in ASD studies, for example (Dichter et al.,
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2012; Ecker et al., 2010), which concluded that ASD is characterised by hyperconnectivity
(Supekar et al., 2013; Di Martino et al., 2011), hypoconnectivity (von dem Hagen et al., 2013;
Weng et al., 2010; Kennedy et al., 2008), or both (Monk et al., 2009).

Beyond variability in how they are measured, neurodevelopmental disorders, and psychiatric
conditions more generally, are themselves highly heterogeneous in nature — marked variability
at both the phenotypic and biological levels makes the identification of biomarkers particularly
challenging. The diagnostic categories that we, researchers, currently rely on, do not necessarily
reflect biological validity for a single symptom or condition. The National Institute of Mental
Health [NIMH] has thus proposed the Research Domain Criteria (RDoC) framework to develop
a diagnostic system for precision medicine — to better understand and classify the biological and
psychosocial bases of mental disorders (Insel, 2014; Cuthbert and Insel, 2013; Insel et al., 2010).
One response has been to identify biotypes (i.e., distinct subgroups within a population that
exhibit specific characteristics or features such as brain functions) for neurodevelopmental and
psychiatric conditions. Such efforts have been enabled by the collation of large multi-site resting-
state fMRI datasets containing imaging and phenotypic data. In ASD, for example, studies
employing large-scale datasets (e.g., Autism Brain Imaging Data Exchange [ABIDE]) have
identified biotypes using clustering approaches such as k-means, such that each subgroup
(cluster) exhibits distinct functional connectivity patterns (Hong et al., 2020). Easson et al. (2019)
applied this approach to identify two biotypes expressing atypical functional connectivity patterns
(i.e., hypoconnectivity, hyperconnectivity) within and/or between the default mode, cingulo-
opercular, and frontoparietal networks. While shared dysfunctions in these networks, which
support higher-order social and cognitive functioning, may be related to the core symptoms of
ASD, subtype-specific network atypicalities may be differentially mapped to patterns of
symptoms and symptom severity (Hong et al., 2020). Similarly, distinct functional connectivity
profiles have been linked to clinical subgroups in ADHD, with different biotypes related to
different behavioural profiles in terms of response variability and low arousal as well as executive
and information processing performances (Fair et al., 2012). Distinct profiles of atypical
functional connectivity have also been linked with specific depressive symptom profiles, such
that frontoamygdala hypoconnectivity is most severe in the biotypes that are characterised by
increased anxiety, anterior cingulate and orbitofrontal hypoconnectivity is observed in biotypes
associated with elevated fatigue, and frontostriatal and thalamic hyperconnectivity is pronounced
in biotypes associated with elevated anhedonia and psychomotor retardation (Drysdale et al.,

2017).

While there continues to be great excitement about the potential of functional connectivity to

uncover biomarkers, and the potential for large datasets to provide sufficient statistical power to
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identify biotypes, concerns about reproducibility have emerged (Schmaal et al., 2020; Hong et
al., 2020; Xia et al., 2019; King et al., 2019). Two recent examples include a failure to replicate
the stratification of depressive biotypes (Dinga et al., 2019) and a lack of reproducibility in ASD-
related atypicalities across data collection sites (He et al., 2020). These concerns highlight a
second major challenge to the search for sensitive biomarkers for neurodevelopmental and
psychiatric conditions — the need for reproducible, replicable, and robust functional

connectivity-based measures.

1.4 Robustness and Reproducibility of the Functional Connectome

Looking at the fMRI literature over the past 20 years, functional connectivity has been very
successfully applied to measure the functional brain organisation across development, lifespan,
and a wide range of clinical conditions. In our search for functional connectivity-based
biomarkers, the neuroimaging community has been accelerating their efforts to achieve robust
and reproducible brain-behaviour relationships. The term robustness refers to the ability of a
result to withstand variations in experimental conditions, populations, or methodologies while
still producing consistent and reliable outcomes (Nosek et al., 2021). Achieving robust measures
is important as it increases our confidence to ensure they remain valid and reliable over time. On
the other hand, reproducibility denotes the ability to obtain similar results of a prior study using
closely matched procedures that were applied in the original research (Nosek et al., 2021;
Goodman et al., 2016). Obtaining reproducible measures is fundamental to independently ensure
that they are valid with respect to the original experiments and methodologies. As Botvinik-Nezer
and Wager (2022) outlined, reproducibility describes three properties (Figure 1.3): analytical
reproducibility, replicability, and robustness to analytical variability. Analytical reproducibility
refers to the ability of reproducing the same results using the data and methods described in the
original study. Replicability refers to the ability of replicating similar results using the methods
described in the original study but applied to new data. Robustness to analytical variability refers
to the ability of reproducing similar findings using the same data described in the original study
but applied to new methods. Throughout this thesis, I will use their definitions to refer to the

reproducibility of functional connectivity measures and/or brain-behaviour relationships.
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Analytic reproducibility Replicability
Same data Same methods New data Same methods
Identical results Similar results
Level 1: * Sample size based on power analyses
¢ Transparent, detailed reporting ¢ Large-scale collaborations and
* Novel publication platforms consortia aggregating data across labs
* Tools for reporting error detection * Pre-registration
* Positive controls
Level 2: » External validation
* Data and code sharing * Optimizing number of participants and trials
* Best practices for software engineering (version b tical variabili
control, modularity, documentation, unit testing, Robustness to analytical variabilit
bol) Same data New methods
* Code reuse across labs, open-source tools \/
 Standardized data structures Similar results
Level 3: + Transparent, detailed reporting
* Reproduction of computing environment * Data and code sharing
« Containers * “Multiverse analysis”, multi-analyst studies

Figure 1.3. The term reproducibility describes the properties of analytical reproducibility (i.e.,
same data, same methods), replicability (i.e., new data, same methods), and robustness to
analytical flexibility (i.e., same data, new methods). Adapted from Botvinik-Nezer and Wager
(2022).

In general, achieving reproducible measures is not straightforward as there is a “reproducibility
crisis” not only in neuroimaging, but in the broader context of science. Munafo et al. (2017)
summarise the main causes of irreproducibility in research as follows (Figure 1.4; Munafo et al.,
2017; Chambers et al., 2014): (I) failure to control for bias — no randomised control, blinding;
(IT) low statistical power — underpowered studies to correctly reject the null hypothesis; (II1)
poor quality control — presence of outliers or noisy observations in measurements; (IV) P-
hacking — performing more statistical tests to report just the significance ones (P < 0.05
uncorrected); (V) HARKing [Hypothesis After Results are Known] — collecting more data after
discovering statistically significant outcomes or to push “near significant” results over the
boundary; and (VI) publication bias — publishing only positive findings, i.e., findings that
achieve statistical significance (P < 0.05) and discarding null outcomes, an issue known as the

“file drawer problem”.
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Figure 1.4. Barriers to reproducible findings across disciplines. Adapted from Munafo et al.,
2017 and Chambers et al., 2014.

It is important to remember that irreproducible findings are not just disappointing from a scientific
perspective — they contribute to a substantial waste of effort by researchers who design research,
seek funding, and seek ethical approval, as well as the individuals who participate in research,
sometimes for periods spanning days, months, or even years. In addition, there is an underlying
opportunity cost, since other potential brain markers could have been pursued instead. Ultimately,
reproducibility is a responsibility we owe to our participants — who should be at the heart of our
research questions. This is why we are compelled to improve the reproducibility of functional
connectivity-based measures — to facilitate biomarker discovery for early diagnosis, prognosis,

and therapeutic intervention in clinical populations.

It is important to note that the search for brain-based markers will also depend on our ability to
detect reproducible imaging-derived features from other modalities such as diffusion MRI.
Diffusion MRI captures microstructural properties of the white matter tissue as well as
characterises changes in structural connectivity across several behavioural domains (Ramduny et
al., 2022; Brosnan et al., 2022). The advantage of diffusion MRI lies in its ability to probe white
matter integrity and complexity (e.g., myelination) in vivo using water molecules that diffuse
within the tissue with displacement at the micron scale. The application of diffusion MRI in
children and adolescents is becoming increasingly popular to study age-related alterations in
white matter tracts both cross-sectionally and longitudinally (Tamnes et al., 2018). Further, this
modality has been applied to examine white matter developmental changes related to cognitive
functions in early life (e.g., infants). For example, Short et al. (2013) showed that diffusion MRI
measures in several white matter tracts were associated with visuospatial working memory

performance in infants — the brain regions that are involved in these white matter tracts have
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been thought to play an important role in the cognitive functioning of older children and adults.
A multimodal MRI approach offers a potentially fruitful route to achieving reproducible brain-
behaviour relationships during development, particularly since it provides an opportunity to

examine cross-modal reproducibility. I return to this in the General Discussion in Chapter 9.

In the context of biomarkers, the National Institutes of Health [NIH] Biomarkers Definitions
Working Group defines them as “a characteristic that is objectively measured and evaluated as
an indicator of normal biological processes, pathogenic processes, or pharmacologic responses to
a therapeutic intervention” (Califf, 2018; Castellanos et al., 2013; Strimbu and Tavel, 2010;
Atkinson et al., 2001). To identify functional connectivity-based measures as biomarkers, they
must capture clinically relevant information (e.g., individual differences in the brain that relate to
behaviour) and express valid characteristics (e.g., a measure’s effectiveness or utility in capturing
the “true” estimates). Hence, focusing our efforts in detecting reproducible brain-behaviour
relationships will improve the likelihood of discovering functional connectivity-based
biomarkers in challenging populations such as those suffering from neurodevelopmental and

psychiatric conditions.

Why are reproducible functional connectivity-based biomarkers difficult to attain? The barriers
to reproducibility summarised by Munafd et al. (2017) are common across scientific disciplines,
but there are some factors that have proven particularly challenging for researchers using the
functional connectomics approach with clinical groups. First, as discussed above, the phenotypic
heterogeneity inherent to neurodevelopmental and psychiatric conditions poses a particular
challenge. While this heterogeneity is an important consideration, addressing it is beyond the
scope of research conducted in this thesis; I return to this factor in the General Discussion (see
Chapter 9). Other considerations are related to the functional connectivity measurements
themselves. Understanding how we can assess the reproducibility, replicability, and robustness
of functional connectivity measures, and how we can improve existing and develop new

reproducible methods is what motivates this thesis.

1.5 Sample Size, Poor Statistical Power, Methodological Flexibility

As described above, achieving clinically useful functional connectivity-based biomarkers
remains a challenge. Over the years, the reproducibility of many findings in the fMRI literature
has been called in question as a result of the growing recognition of issues associated with small
sample size, poor statistical power, methodological flexibility, and “researcher degrees of
freedom”. Of all the sources of irreproducibility, sample size has received considerable attention.

It is understandable that sample size and power constitute key challenges to fMRI studies, given
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the expense involved. Nevertheless, low sample size has several detrimental effects, including an
increased probability of false negative (type II error) outcomes, inflated effect sizes for effects
that are detected, and exaggerated false reporting in the literature (Szucs and loannidis, 2020).
While power calculations for fMRI studies were traditionally uncommon and challenging to
perform (Mumford, 2012), there is now an expectation that studies be adequately powered. In
addition to increasing the likelihood of false positives and false negatives, smaller sample sizes
can lead to noisy or inaccurate measurements due to sampling variability. This means that the
estimates obtained from smaller samples are likely to deviate from the true values of the
population, which increases the difficulty of making accurate predictions or drawing valid

conclusions. I return to the debate of sample size in Chapters 3 and 9.

One of the key advantages of the resting-state fMRI approach over traditional task-based
approaches is the ease of pooling data from multiple sites — retrospectively (without prior
coordination) as well as through prospective collaborations. Since the 2010s, there has been a
shift towards data sharing and pooling of resting-state fMRI data, which has helped to address
the challenge of small samples and low statistical power. The first such effort was the 1000
Functional Connectomes Project [FCP] (Biswal et al., 2010), which established an openly
available dataset involving resting-state data collected from healthy adults at 20 sites around the
world. Subsequently, efforts have focused on several clinical cohorts, including the ADHD-200
(Milham et al., 2012) and ABIDE (Di Martino et al., 2013); coordinated multimodal data
collection (Human Connectome Project [HCP]; Van Essen et al., 2013); multiple scan sessions
(Consortium for Replicability and Reproducibility [CoRR]; Zuo et al., 2014a); and deeply
phenotyped, large community samples (UKBiobank (Miller et al., 2016); Healthy Brain Network
[HBN] (Alexander et al., 2017); and Adolescent Brain Cognitive Development [ABCD] Study
(Casey et al., 2018)). The ability to aggregate independent datasets have favoured the possibility
to increase the sample sizes of fMRI studies by recruiting significantly more participants, thereby
increasing the statistical power of the effects of interest, and variance between disease states and
control conditions (Nielsen et al., 2013). The creation of pooled datasets has enabled the
investigation of factors that influence reproducibility for functional connectivity studies. Two
well-studied factors, for example, are the resting conditions (e.g., eyes opened, eyes closed,
fixation) and acquisition parameters (e.g., temporal resolution, data acquisition sequence, scanner
manufacturer) (Pomponio et al., 2020; Tagliazucchi and Laufs, 2014), which, if not controlled

for, are significant sources of variability or noise in functional connectivity estimates.

Despite the promise of these large-scale datasets, reproducible functional connectivity-based
biomarkers have remained out of reach. A key component of reproducibility is reliability

(Castellanos et al., 2013) — its ability to yield similar results under a number of plausible
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scenarios (Mellinger and Hanson, 2020; Heale and Twycross, 2015). Because functional
connectivity can be influenced by measurement errors which are either systematic or random,
measuring reliability provides an important index of how consistent the measure is (Castellanos
et al., 2013). For a measure to be reproducible, it must be reliable — stable over time. In fact, for
Botvinik-Nezer and Wager (2022), reliability — being replicable in independent studies across
different datasets, populations, and/or sample sizes — is one of the three key components of
reproducibility. Next, I will consider how reproducibility is quantified through the lens of

reliability.

1.6 Measuring Reproducibility: Test-Retest Reliability

As discussed by Noble et al. (2019), reliability and validity — the correspondence of a test
measure (e.g., functional connectivity) with a target measure (e.g., behaviour) — are highly
complementary. Indeed, the reliability of a measure establishes the upper limit on its validity,
where validity is measured in terms of its correlation with a target measure. In other words, while
a reliable measure may exhibit #igh correlation with a target measure (e.g., fluid intelligence),
and therefore high validity, an unreliable measure will likely exhibit low correlation with the
target measure (e.g., fluid intelligence) and low validity. Accordingly, qualifying the reliability
of a measurement can help build evidence about its validity — a desirable characteristic for brain-
behaviour relationships. Indeed, in the absence of a known and measurable physiological basis
of functional connectivity — a “ground truth” of validity — many researchers have used
reliability as a proxy index of validity. It is important to note, however, that reliability alone
cannot ensure validity — a measure can have very high reliability (e.g., due to the impact of a
scanner artefact) but no validity. It is therefore important to measure both reliability and validity

(Noble et al., 2019).

Across disciplines, reliability is used to assess the consistency of questionnaires, surveys,
protocols, and clinical measures. There are several forms of reliability which include: internal
consistency reliability (i.e., consistency of items within a measurement); inter-rater reliability
(i.e., consistency of ratings or observations made by different “raters” or observers); inter-method
reliability (i.e., consistency between two versions of a measurement); and test-retest (TRT)
reliability (i.e., consistency of a measurement administered to the same group of individuals over
time). In the context of fMRI, the TRT reliability has been adapted to quantify the consistency of
functional connectivity estimates (Shehzad et al., 2009). To index the TRT reliability of
functional connectivity measures, the intraclass correlation coefficient (ICC) is typically

computed, which estimates the statistical stability of two measurements (Shrout et al., 1979).
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To derive the ICC for an fMRI-based measure such as functional connectivity, a minimum of two
fMRI scans is required for each participant. In theory, a sample of N participants (i = 1, 2, 3....N)
is selected randomly from a population P, and the functional connectivity at the edge-level, E is
measured k times (j = 1, 2....k) across repeated runs or sessions. Hence, E;; denotes the edge-
level measurement j for a given participant i which can be represented as a matrix with N rows
and k columns. The participants are usually referred to as “targets” and the measurements are
referred to as conditions or “raters”. The ICC of a given sample can thus be computed from the

N x k matrix.

In principle, ICC is formulated as a ratio of variances (o) based on the source of error or unwanted

variances:

variance of interest variance of interest

ICC = (2.1

total variance variance of interest + e

There are a number of ways to compute the ICC. In the case of its application to functional

connectivity measures, the specific equation as described by Shehzad et al. (2009) is:

MSBS — MSWS (2.2)

€= USBS T (k= 1) MSWS

where MSBS = mean square between subjects, MSWS = mean square within subjects, and MSE

= mean squarc e1ror.

As such, ICC can also be described as the ratio of within-subject variance to between-subject

variance (Liljequist et al., 2019; Koo and Li, 2016; Shehzad et al., 2009; Shrout et al., 1979).

In a scenario where the error source, denoted by e (e.g., fMRI runs, sessions), is at least equal to
or greater than the variance of interest, the reliability of the functional connectivity is likely to be
poor (ICC <0.4). As ICC is estimated on the basis of how e is specified, it can take the following
three forms: ICC(1,1) represents “agreement” in exact values when e is not specified; ICC(2,1)
refers to as “absolute agreement” in exact values during which e is specified and modelled as
random effects; and ICC(3,1) corresponds to “consistent agreement” in exact values during which
e is specified and modelled as fixed effects. As an example, the ICC(1,1) and ICC(2,1) models

can be mathematically expressed as follows:

o7 MSBS — MSWS (2.3)

ICC(1, 1) = ol +o? MSBS+ (k— 1) MSWS
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2 —
o MSBS — MSE 2.4)

1CCQ D= s = T
L TORT O MSBS + (k—1) MSE + 5 (MSBM — MSE)

where 1 = object of measurement such as subjects, T = specified error source, € = unspecified

XY j(mj—m)?
error source, 02 = %1), and MSBM = mean square between measurements (e.g., fMRI

scans). Of note, the reliability of the functional connectivity estimates can be generalised by
averaging across k measurements and be further expressed as ICC(1, k), ICC(2, k), and ICC(3,
k) models (Noble et al., 2019; Liljequist et al., 2019; Koo and Li, 2016).

ICC values generally range from 0 to 1 such that an ICC = 1 indicates perfect reliability whereas
an ICC = 0 denotes complete unreliability. Values are typically divided into four levels: poor
(ICC < 0.4), fair (0.4 < ICC < 0.59), good (0.6 < ICC < 0.74), and excellent (ICC = 0.75)
(Cicchetti and Sparrow, 1981). It is important to note that the use of these categories can differ
across studies. For example, an ICC = 0.4 can be taken to mean “poor” reliability in one study
(Noble et al., 2019) but denote “fair” reliability in another study (Zuo and Xing, 2014Db).

An important question that arises is how best to compute and summarise ICC for a given
application. ICC can be computed in a variety of ways — for example, at a voxelwise level for a
given region of interest (ROI)’s whole-brain pattern of functional connectivity, or on an edge-
level basis, i.e., for a given connection between a pair of ROIs. Voxelwise maps contain ~200,000
ICC values (depending on voxelwise resolution) quantifying the TRT reliability of a single ROI;
these individual ICC values can then be averaged across the whole-brain, or within specific
functional networks to obtain a summary ICC value. Computing ICC edgewise can reduce
complexity and dimensionality (e.g., 268 x 268 ROIs for the Shen parcellation scheme), but the
question of how best to summarise the metric (e.g., across all edges? Within networks?) still
arises. How best to handle negative ICC values is also unclear — it is possible to have a negative
ICC for an edge in the functional connectome if within-subject variance exceeds between-subject
variance. Such ICC values are typically set to 0 to indicate complete unreliability (Noble et al.,
2019; Noble et al., 2017; Bartko, 1976). However, the ICC’s reliance on a ratio of within- to

between-subject variance merits further consideration — I return to this below.
1.6.1 Assessing the Reliability of the Functional Connectome During Adulthood

The majority of TRT reliability studies have focused on adult populations, and have shown a
range of reliability estimates, from poor to excellent TRT reliability (Guo et al., 2012; Zuo et al.,

2010a; Shehzad et al., 2009). Using within-session (< 1 hour), between-session (> 5 months), and
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multi-scan session (3 scans) scans, Shehzad et al. (2009) showed that the TRT reliability of
functional connectivity derived from seed-based and voxelwise measures ranged from poor to
excellent. Importantly, within-session ICCs were found to be higher, on average, compared to
between-session ICCs. These TRT reliability estimates, however, depend on three factors
(Shehzad et al., 2009): (1) statistical significance — significant correlations exhibit higher TRT
reliability relative to non-significant correlations; valence — significantly positive correlations
show higher TRT than significantly negative correlations; and (3) network membership —
subregions that form part of the default mode network are more reliably correlated with each

other compared to regions within a task-induced network.

During adulthood, ICC has been computed to evaluate the TRT reliability of several functional
connectivity measures. The application of independent component analysis (ICA; a data-driven
approach which identifies maximally independent components that represent neuronal activities
and components which purely reflect physiological artefacts) has shown fair-to-good reliability
(ICCs: 0.45-0.65) of canonical functional networks (e.g., frontoparietal, default mode, and
sensorimotor networks) within (< 45 min) and between (5-16 months) scanning sessions (Zuo et
al., 2010a). Across studies, the highest reliability estimates are obtained for the frontoparietal
networks that support attentional control abilities as well as the default mode network (Zuo et al.,
2010a), which may be related to the fact that the highest inter-individual variability in functional
connectivity has been reported for association areas, including those that make up the
frontoparietal and default mode networks (Noble et al., 2019; Mueller et al., 2013). These
observations also suggest that cortical networks exhibit greater TRT reliability than subcortical
networks, potentially due to stronger and positive functional connections within the cortex (Noble
et al., 2019). Another study with adults (55-85 years) showed that between-network connections
tend to be more vulnerable to ageing effects, relative to within-network connections (Song et al.,
2012). The proportion of significantly reliable correlations between-network connections was
found to decrease in ageing adults, but the opposite pattern was observed for within-network
connections, especially in the frontoparietal and sensorimotor networks (Song et al., 2012). The
same study further demonstrated that younger adults (18-35 years) achieved higher proportion of
reliable and positive correlations compared to ageing adults, leading to better TRT reliability of
functional connectivity (Song et al., 2012). It is important to note that developmental change in
functional connectivity is not linear — non-linear age-related changes (i.e., quadratic, cubic) in
resting-state functional connectivity likely reflect underlying structural maturational processes
including synaptic pruning and myelination (Zuo et al., 2010b). Differential rates of brain
development or maturation could introduce large intra- and inter-individual variability in
functional connectivity-based measures, especially in early life and around puberty — which can

then affect the ICC estimates. As mentioned above, poorer TRT reliability also tends to be noted
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for negative correlations (“anticorrelations”), for example, between task-based networks and the
default mode network (Shehzad et al., 2009). This finding agrees with prior reports which showed
that anticorrelated patterns of functional connectivity exhibit lower stability than positively
correlated voxels (Tian et al., 2007). In a recent review, Noble et al. (2019) concluded that ICC
shows varying reliability estimates in general, potentially as a result of greater variance in the

estimates of both within- and between-subject variation.

Early work examining the TRT reliability of functional connectivity measures focused on data
collected from adult participants. Since neurodevelopmental and psychiatric conditions emerge
during childhood and adolescence, there is a need to understand the stability of functional
connectivity-based measures during these sensitive developmental periods during which the brain
undergoes significant maturational change. To date, only a small number of efforts have assessed
the TRT reliability for functional connectivity metrics either across development or in

neurodevelopmental populations.

1.6.2 Assessing the Reliability of the Functional Connectome Across Childhood and

Adolescence

Several resting-state fMRI studies have observed that spontaneous fluctuations in the fMRI signal
are more variable during childhood and adolescence compared to adulthood — which may be
expected, since these periods are marked by large maturational changes and cognitive
development (Marek et al., 2019; Thomason et al., 2011; Thomason et al., 2005). In terms of
TRT reliability, Thomason et al. (2011) computed ICC for ICA-based measures of functional
connectivity, and showed that typically developing children and adolescents aged from 9 to 15
years mostly exhibited fair-to-excellent reliability in functional networks that correspond to
cognitive and sensorimotor areas (Thomason et al.,, 2011). Similar TRT reliability has been
observed longitudinally over a span of 2-3 years although higher consistency of functional
connectivity in these networks was revealed within sessions (Thomason et al., 2011). This
suggests that patterns of functional connectivity are stable even across periods during which the
brain continues to mature. TRT reliability studies in clinically developing populations are even
more rare. One study revealed fair-to-excellent reliability (ICCs: 0.40-0.80) of functional
connectivity using measures of regional variability, local connectivity, and default mode
connectivity in typically developing and ADHD children (Somandepalli et al., 2015). The
majority of the functional connectivity estimates showed stronger reliability in the typically
developing cohort compared to the ADHD group. The lower ICCs in ADHD children could be
explained by the high between-subject and intra-subject variances which were observed in these

children (Somandepalli et al., 2015). Within both groups, the highest ICCs were observed in
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highly reliable functional networks involving the frontoparietal, default mode, and attention
networks whereas the least ICCs were found in the visual network (Somandepalli et al., 2015).
Other studies have painted a less positive picture of TRT reliability in developing populations,
but for task-based, rather than resting-state functional connectivity measures (Heilicher et al.,

2022; Kennedy et al., 2021; Herting et al., 2017).

The lack of studies in youths likely reflects some of the challenges to quantifying TRT reliability.
One of the most obvious is the requirement to have two scans, ideally separated in time (i.c.,
between-session, rather than within-session), which can be challenging to obtain in
developmental populations. In addition, since participants are, by definition, still developing,
TRT reliability measures for developmental populations are likely to be negatively impacted by
the normal maturational changes in the brain that may occur in the time between scans, as well
as by factors that reduce reliability. Disambiguating these influences is likely to be challenging.
This highlights a need to consider factors that we can control, so that we can avoid suboptimal
experimental designs and analyses. The ICC exhibits other shortcomings too, further motivating

the consideration of alternatives.

1.6.3 Factors Driving TRT Reliability of the Functional Connectome

A review of studies, including Noble et al. (2019), suggest that the following key factors affect
the reliability of functional connectivity estimates. Importantly, these factors have been used to
identify optimal functional connectivity analysis pipelines across brain states, populations, and

datasets:

1. Resting-state Conditions: TRT reliability of functional connectivity appears to be higher for

data collected during fixation conditions, relative to eyes-opened (but not fixated) or eyes-
closed; the eyes-closed condition exhibits the least reliability in the default mode, attention,
and motor networks (Patriat et al., 2013). The default mode network also shows higher TRT
reliability during eyes-opened, relative to eyes-closed (Zuo et al., 2015). The explanatory
factor may be wakefulness; fixation and eyes-opened conditions may better enable
participants to stay awake during scanning — individuals tend to experience drowsiness or
sleepiness when they are at rest (Tagliazucchi and Laufs, 2014), particularly with eyes closed.
Further, the TRT reliability of functional connectivity is improved when sleep effects are

removed from the fMRI signal (Wang et al., 2017a).

2. Naturalistic Paradigms: The majority of TRT reliability studies have employed resting-state

fMRI conditions across several populations. With increasing efforts in maximising data

quality, particularly in developing cohorts, naturalistic paradigms such as movies have been
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proposed (Vanderwal et al., 2019a; Greene et al., 2018b; Dosenbach et al., 2017; Vanderwal
etal., 2015). Movies have been found to improve the TRT reliability of functional connectivity
compared to resting-state conditions in young adults (21-31 years) (Wang et al., 2017b). Wang
et al. (2017b) showed that movies increased the ICCs from fair to excellent compared to
resting-state conditions. Although these improvements are spatially located across the whole-
brain, the greatest increase in the TRT reliability estimates have been observed in the

frontoparietal, default mode, and limbic networks (Wang et al., 2017b).

3. Spatial Distribution of Functional Connectivity: The most reliable functional networks include

the default mode, frontoparietal, and attention networks (Noble et al., 2019; Noble et al.,
2017). However, significantly lower TRT reliability of functional connectivity-based
measures has been observed when subcortical connections are considered, relative to cortical
connections (Shah et al., 2016). For example, poor-to-good ICCs have been measured for the
bilateral nucleus accumbens, globus pallidus, and amygdala in addition to deep gray matter
nuclei (Shah et al., 2016). Therefore, TRT reliability estimates may suffer from the inclusion
of subcortical regions, potentially due to their smaller volumes, close proximity to
physiological sources, and low signal-to-noise ratio (SNR) due to signal dropout (Noble et al.,

2017).

4. Scan Duration: The TRT reliability of functional connectivity-based measures appears to be
dependent on scan length, such that scan durations between 6 min to 16 min increase TRT
reliability (Birn et al., 2013). One study has posited that even longer scans are required: Noble
et al. (2017b) showed that over 36 min is required to achieve high TRT reliability, which may
not be ideal for developing or clinical populations. On the other hand, the average correlation
strengths within and between functional networks such as the frontoparietal and default mode
networks can be improved with shorter scan lengths of ~5 min, with further increases in
imaging time (up to 41 min) only marginally improve the TRT reliability of functional
connectivity-based estimates (Van Dijk et al., 2010). This finding is in line with previous
evidence showing that the organisation of functional networks may be moderately
differentiable at the individual level with such short acquisition length (Shehzad et al., 2009).
Similarly, while improved reliability of functional networks can be achieved with increasing
scan duration, their spatial distributions may attain stability within 5 min of imaging time

(Mueller et al., 2015).

5. Denoising Strategies: Denoising strategies minimise the contribution of non-neural signals in
functional connectivity-based measures. We would therefore expect that denoising would

increase the TRT reliability of functional connectivity estimates. However, the application of
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denoising strategies has yielded mixed results in the fMRI literature. Global signal regression
(GSR), which is still a controversial confound regression method, achieved improved TRT
reliability estimates for one study (Yan et al.,, 2013b) but revealed detrimental effects for
others (Wanger et al., 2022; Tozzi et al., 2020; Varikuti et al., 2016; Shirer et al., 2015).
Similarly, ICA techniques such as ICA-AROMA have shown both improvement and
reduction in the TRT reliability of functional connectivity measures (Parkes et al., 2018; Pruim
et al., 2015; Beckmann et al., 2005). When a temporal censoring procedure such as scrubbing
(i.e., detection and removal of motion-corrupted timepoints in the fMRI timeseries) was
further applied, the TRT reliability of some network-based functional connectivity measures
increased (Du et al., 2015; Power et al., 2014). In another study, scrubbing up to 50% of the
fMRI timepoints had minimal effect on the TRT reliability of functional connectivity whereas
truncating the timepoints had more drastic effect on the reliability estimates (Shah et al., 2016).
It is challenging to identify a single denoising technique that performs consistently well across
all quality control metrics (Parkes et al., 2018; Ciric et al., 2017; Varikuti et al., 2016). Hence,
it is likely that the relatively low TRT reliability in resting-state fMRI studies reflects noise

signals that remain in the preprocessed data (Shirer et al., 2015).

The literature suggests that there is a broad spectrum of factors that affects or are likely to affect
TRT reliability, due to their differential influences on both infra- and inter-individual variability.
Studies that minimise these factors should benefit from increased measurement reliability. While
ICC has proven very useful for assessing the TRT reliability of functional connectivity measures,
it has some shortcomings that limit its utility in functional connectivity applications, particularly
in developing populations. I suggest that we should also consider looking beyond the ICC as a

primary measure of TRT reliability.

1.6.4 Limitations of ICC in Evaluating the Reliability of the Functional Connectome

As described in Section 1.6, it is unclear how to best compute and summarise the ICC for
functional connectivity measures — for example, whether this should be done at the voxel,
network, or edge level. Moreover, it is a challenge to achieve excellent TRT reliability (i.e., ICC
= 0.75). From Equation (2.2), it would be essential to observe low intra-individual and high infer-
individual variability (Zuo and Xing, 2014b; Shehzad et al., 2009). Conceptually, this is because
low intra-individual variability reflects high temporal stability, while high inter-individual
variability indicates greater discrimination across participants (Zuo and Xing, 2014b). However,
we know that functional connectivity patterns are remarkably consistent across participants,
potentially leading to relatively low inter-individual variability, particularly for some functional

networks. Indeed, Noble et al. (2019) showed that infer-individual variability explains 80% of
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the variance, indicating that the ICC for a given functional connectivity measure is dominated by

between-subject differences.

Dissecting the variance components used to compute the ICC may offer one solution, but Noble
et al. (2019) caution that this requires careful understanding of how within-subject and between-
subject variability can be affected across different population samples. Even in adult populations,
within-subject variance is difficult to interpret as individuals can undergo changes in brain
structure and function over short (e.g., < 1 day), long (e.g., days, months), and developmental
periods (e.g., > 1 year; Noble et al., 2019) as a result of myriad factors including learning, health,
and work or activity patterns. As noted above, disentangling these influences from those that
reflect random time-related variability in the functional connectivity metrics of interest is likely
to be challenging; treating them as random effects may not be adequate to derive the “true” ICC
(Noble et al., 2019). The challenge of disentangling these influences underscores a need to

identify alternative metrics for assessing the stability of functional connectivity estimates.

1.7 Emergence of Functional Connectome Fingerprinting

What are the potential alternatives to the ICC as a measure of reproducibility of functional
connectivity metrics? In a seminal study, Finn et al. (2015) showed that the functional
connectivity profile of an individual is unique and stable, and can serve as a “fingerprint” to
identify that individual over time. Here, and in Chapter 2, I suggest that the identifiability of the
functional connectome fingerprints may serve as a more intuitive, simple, and less
computationally intensive way to assess reproducibility, which can complement measures of

validity in our search for better brain-based biomarkers.

The process of identifying an individual based on their functional connectivity profiles is known
as functional connectome fingerprinting (Finn et al., 2015). In order to identify an individual
using their functional fingerprint, a minimum of two fMRI scans (e.g., REST-REST, REST-
TASK, TASK-TASK) is needed, either from the same scan session or between scan sessions that
may span across multiple days, months, and even years (Finn et al., 2015; Finn et al., 2017). For
a given dataset comprising N participants with Scan 1 and Scan 2, the process involves the
creation of a “database” D = {X;, i = 1, 2, 3....N}, where X; refers to the vectorised functional
connectivity matrix derived from the non-zero ROI values from Scan 1 and the subscript i
represents the ith participant in D. Iteratively, the functional connectivity matrix X; from a given
individual j from Scan 2 is selected and this matrix is treated as the “target matrix”, T = {X;, j =

1, 2, 3....N}. The target matrix X; is then compared with each of the functional connectivity
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matrices in D and a Pearson’s correlation coefficient (r) is computed for each pairing. For a given
individual j, the correlation coefficients (r) are then ordered and ID =
argmax({ry, 12,73 .....Tn}). A participant is considered correctly identified (ID = 1) if the
identity (X;) of the highest-ranking correlation coefficient (r) matches the true identity X; of the
individual in D, otherwise the ID = 0 (Figure 1.5). The ID accuracy is therefore a simple and
intuitive measure that captures the reproducibility of an individual’s functional connectome with

a single number.
The ID accuracy of an entire dataset is computed as:

Y. Number of correctly identified participants
N (2.5)

where N denotes the total number of participants in a given dataset. For a given dataset, the ID
accuracy is averaged by exchanging the roles of the database-target matrix (D «= T). The higher
the ID accuracy of a dataset, the better the ability to differentiate an individual from a group based
on their functional connectivity profile — that is, the better the ability to pick a person out from

a crowd on the basis of their functional connectome fingerprint.

RESTSCAN2 @ RESTSCAN1 @&

8 10 x 10 i . .
Find best match using
Pearson’s correlation
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Figure 1.5. Identification procedure as described by Finn et al. (2015). An individual is identified
on the basis of their functional connectivity matrices derived between two imaging sessions (i.e.,
Database and Target Matrix). This matching procedure uses Pearson’s correlation coefficient
such that an individual is successfully identified (ID = 1) if the correlation is maximal between
the two functional connectivity matrices of that participant, otherwise that individual is
misidentified (ID = 0). Adapted from Kauffmann et al., 2017.

1.7.1 Individual Differences in the Functional Connectome derived from Predictive

Networks
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High ID accuracy for the fingerprinting approach has been observed using resting-state (i.e.,
REST-REST: 98-99%), task-based (i.e., TASK-TASK: 64-93%), and cross-state (i.e., REST-
TASK: 85-92%) paradigms. This pattern of variability in ID accuracy suggests that it is more
challenging to identify unique functional connectivity profiles across different task conditions,
and between task and rest conditions (Finn et al., 2015). Several studies have shown that the
ability to identify an individual from a group is stronger when participants perform a task, across
a broad range of domains (Cai et al., 2021; Venkatesh et al., 2020; Finn et al., 2017; Finn et al.,
2015). This has been attributed to the fact that functional connectivity patterns tend to be more
idiosyncratic at rest, since the unconstrained nature of the scanning environment allows
participants to “mind-wander,” leading to different patterns of cognition, arousal, and other
processes. Although task-based fMRI can produce relatively high fingerprint ID accuracy,
participant identification accuracy depends on factors such as task novelty, difficulty, and load.
It is also important to note that naturalistic fMRI paradigms such as movies can produce stronger
individual differences in functional connectivity patterns compared to resting-state and task-
based conditions (Vanderwal et al., 2021). It remains a challenge to identify a single movie that
performs consistently well in identifying individuals across a diverse range of populations, since
each movie aims to evoke different processes with their underlying features (e.g., stimulus,
length, narration). An important lesson from these findings, however, is that although changes in
brain states modulate the functional connectivity patterns of an individual, a given individual’s
intrinsic functional architecture is unique from a group of participants, regardless of how the brain

is engaged (Finn et al., 2015).

There also appears to be some spatial differentiation — the highest ID accuracies have been found
in the medial frontal and frontoparietal networks, two functional networks which share high
reproducibility in neurotypical and developing populations (Marek et al., 2019; Finn et al., 2015;
Mueller et al., 2013). The combination of these two networks (referred to as the “frontoparietal”
networks) further shows improved ID accuracy relative to using either network alone (Finn et al.,
2015). This is consistent with the observation that frontoparietal networks tend to be the most
relevant in linking individual differences of functional connectivity to individual differences in
behaviour (e.g., fluid intelligence) (Finn et al., 2015). It is likely that factors that affect TRT
reliability, i.e., the ICC (see Section 1.6.3), will also influence the fingerprint ID accuracy.

1.7.2 Age and Gender Related Dependencies on the Individual Functional Connectome

The ability to successfully identify an individual is determined by that individual’s connectome
distinctiveness, i.e., the degree to which an individual connectome differentiates that person from

a group (Kaufmann et al., 2017). Recent work has shown that greater connectome distinctiveness
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is associated with increasing age during the critical period that spans puberty (8-22 years, peaking
at 14.51+1.8 years). Kaufmann et al. (2017) found that developmental youths revealed higher ID
accuracy in functional networks such as the medial frontal, frontoparietal, default mode, and
motor networks; these functional networks appear to be highly predictive of an individual’s
functional connectivity profile during childhood and adolescence (Kaufmann et al., 2017).
However, the distinctiveness of the functional connectome was decreased or delayed with
increasing clinical scores related to depression, attention deficit disorder, and prodromal
symptoms of schizophrenia (Kauffman et al., 2017). High ID accuracy appears to be relatively
stable during development; individuals can be successfully identified (ID accuracy: 75-86%) on
the basis of their functional connectome fingerprints across spans of several years (1-2 years),
even extending to 3 years during adolescence and adulthood (Horien et al., 2019). These
observations have been derived using the most predictive networks, i.e., the medial frontal and
frontoparietal networks, which agree with the original fingerprinting findings derived from Finn
et al. (2015). This suggests that long-term individual differences in the functional connectome
are preserved over long timespans, even during developmental periods. Similar observations have
been found when measuring the sensitivity (i.e., likelihood of detecting a true positive ID) and
specificity (i.e., likelihood of detecting a true negative ID) of the ID accuracy in youths and
adulthood (12-30 years) on short-term (same-day scan) and long-term (scans 1.5 years apart)
(Jalbrzikowski et al., 2019). Importantly, there appears to be no significant differences in ID
accuracy between youths and adulthood over short- and long-term timespans, suggesting that the
individual functional connectome is stable in youths, despite underlying maturational change
(Jalbrzikowski et al., 2019; Horien et al., 2019). Significant improvements have been consistently
reported in ID accuracy when the most predictive connections from the frontoparietal, default

mode, and dorsal attention networks are used (Jalbrzikowski et al., 2019).

Moreover, there are significant gender differences in ID accuracy, such that male youths
demonstrate delayed connectome distinctiveness (i.e., lower ID accuracy), relative to female
youths (i.e., higher ID accuracy) (Kaufmann et al., 2017). This finding, however, appears
inconsistent with the findings of a previous study, which found that female adults from the HCP
dataset exhibit greater between-subject correlation relative to male adults (Finn et al., 2017). That
is, across brain states derived from resting-state and task-based conditions, female adults from
one session are more similar (less distinctive) to other female adults in another session, whereas
male adults tend to be less similar to other male adults from one session to the other. If females
are more similar to each other, then intuitively, they should be harder to identify from their
functional connectome fingerprints, relative to males. The impact of sex differences on the
connectome distinctiveness remains unclear and needs to be further investigated. I return to the

topic of sex differences in the General Discussion (see Chapter 9).
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One of the main challenges to developmental studies using resting-state fMRI data and functional
connectome measures is that children tend to move more during scanning, reducing data quality
and leading to data loss. In addition, when studying developmental changes, differential
movement between youth and adult groups constitute a significant confound (Power et al., 2015;
Van Dijk et al., 2012; Satterthwaite et al., 2012; Power et al., 2012). One solution is to use
naturalistic paradigms such as movies, rather than “rest” — this has been shown to significantly
increase participant compliance and reduce motion (Vanderwal et al., 2019; Greene et al., 2018b;
Dosenbach et al., 2017; Vanderwal et al., 2015). This is because movie-watching can increase
the engagement of participants as the storyline develops (Vanderwal et al., 2019; Vanderwal et
al., 2015). Another advantage of using movies is that they tend to exhibit higher TRT reliability
than resting-state conditions (Wang et al., 2017b; see Section 1.6.3). I will return to the benefits
of using naturalistic fMRI paradigms in Chapter 7. While the majority of the fingerprinting
analyses have focused on conventional resting-state and task-based conditions, there has been a
growing effort to examine the distinctiveness and stability of the individual functional
connectome using movies (Vanderwal et al., 2021; Vanderwal et al., 2017; Finn et al., 2017). In
contrast to findings using resting-state alone (Jalbrzikowski et al., 2019; Kaufmann et al., 2017;
Horien et al., 2019; reviewed above), fingerprint ID accuracies across rest and movie-watching
conditions in a large developmental psychiatric cohort (N = 210, 6-21 years) were lower (18-
44%) than previously reported in adults (80-94%; Vanderwal et al., 2021; Vanderwal et al., 2017).
It is possible that several key methodological factors may have contributed to this conflicting
finding. Identifying these factors is an important step towards understanding how we can optimise
the detection of individual differences in the functional connectome, especially in

neurodevelopmental and psychiatric populations, such as ASD, ADHD, or depression.

1.8 Objectives and Hypotheses

This thesis aims to identify ways in which we can improve the reproducibility of functional
connectivity measures in neurodevelopmental and psychiatric conditions, so that these measures
can be used in the search for brain-based biomarkers. In light of my review of the literature on
TRT reliability and connectome-based fingerprinting, above, I suggest that fingerprint ID
accuracy could serve as a simple, intuitive, and less computationally intensive reproducibility
metric than the ICC. Further, I suggest that the adoption and deployment of fingerprint ID
accuracy for this purpose will help advance the field towards more reproducible functional
connectivity measures, and ultimately, better biomarkers. In this thesis, I use the process of
functional connectome fingerprinting as a testbed for identifying functional connectivity analysis
methods that maximise reproducibility. My expectation is that improving the reproducibility of

functional connectivity measures should also improve their validity — and translate to better
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brain-behaviour relationships. This is because improving reproducibility can improve validity in
its own right, but also because better fingerprint ID accuracy suggests better differentiation of an
individual’s functional connectome, which should lead to better differentiation of their behaviour
— based on the assumption that the unique functional connectivity features which distinguish

them are behaviourally relevant, at least for the behavioural phenotypes measured in this thesis.

In line with the objectives of this thesis, | hypothesised that (1) connectome-based fingerprinting
can be used as an alternative test (to ICC) of reproducibility of functional connectivity measures;
(2) methodological factors that increase fingerprint ID accuracy can be considered to increase the
reproducibility of functional connectivity estimates; (3) methodological factors that increase
reproducibility (quantified as fingerprint ID accuracy) will also increase validity, in terms of
stable and reproducible brain-behaviour relationships for functional connectivity measures. The

roadmap for the research conducted in this thesis is as follows:

* Chapter 2 demonstrates the use of connectome-based identification as a testbed for
benchmarking, comparing, and adjudicating between methods for deriving functional
connectivity estimates in developing and adult populations. It examines factors that affect
reproducibility, quantified in terms of fingerprint ID accuracy, and describes a fingerprint-
informed pipeline for functional connectivity analyses that optimises the detection of

individual differences in the functional connectome.

= Chapters 3 and 4 apply the fingerprint approach to test the reproducibility of a novel machine
learning approach known as “bagging” for rescuing “high-movement” participants for
functional connectivity analyses. Across several samples, including developmental and
neurodevelopmental groups, I show that reproducible brain-behaviour relationships can be
computed using a subsample of the least motion-corrupted fMRI data. I suggest that this can
help researchers strike a balance between data quality requirements and sample size in brain-

behaviour association studies.

= Chapters 5 and 6 apply the factors that improve connectome-based identification and head
motion strategies that minimise the exclusion of “high-motion” individuals to investigate the
robustness of connectome-based predictions of behavioural phenotypes in developing youths
— assessing whether the methods developed in Chapters 2 and 4 also boost the prediction

and generalisability of brain-behaviour relationships.

= Chapters 7 and 8 adopts a different approach to boosting reproducibility by examining a

naturalistic paradigm — an emotionally evocative movie — intended to boost individual
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differences in emotional responses in a community-based sample of female adolescents
experiencing subclinical depressive symptoms. This work aims to develop a naturalistic fMRI

framework that captures emotional processing at multiple spatial and temporal scales.
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Abstract

Resting-state fMRI has provided ways to capture individual differences in the human functional
connectome, and much of the field is striving to optimise methods that relate these differences to
behaviour. “Fingerprinting” is the use of a test-retest matching algorithm that asks whether an
individual’s connectome is more correlated with another of their own connectomes relative to
connectomes from other participants. Here, I test the use of this straightforward matching
algorithm as a testbed for reproducible functional connectomes and to serve as a sensitive index
for comparing, benchmarking, and adjudicating functional connectivity analysis pipelines. To
achieve this, I identified several data pre- and post-processing parameters that form part of two
optimal fingerprint-informed pipelines for improving the reproducibility of the individual
functional connectome. I hypothesised that whichever parameters yielded the best identification
accuracies would also yield the best intraclass correlations across scans. Using five datasets from
the Consortium for Replicability and Reproducibility, I found that higher identification accuracies
were achieved when I employed: (I) global signal regression; (II) finer brain parcellations; (III)
cortical regions compared to subcortical and cerebellar structures; (IV) medial frontal and
frontoparietal networks relative to the whole-brain; (V) greater number of discriminative edges;
(VI) longer scan duration; and (VII) lower sample size. I then estimated the TRT reliability of the
functional connectome using a conventional method, i.e., ICC. In line with recent work, I
observed that ICC was consistently “poor” across the five datasets even with the application of
the optimal pipelines. The connectome-based fingerprint pipelines may serve as a measure of
comparison, benchmarking, and adjudication of functional connectivity-based analysis pipelines
and novel methodologies, as a means to enhance their reproducibility, especially in heterogeneous

populations such as those suffering from neurodevelopmental and psychiatric conditions.
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2.1 Introduction

As outlined in Chapter 1, the identification of clinically useful brain-based biomarkers requires
that our measures of the brain (here, functional connectivity) and of behaviour (e.g., clinically
important symptoms or behaviours) are reproducible, defined by Botvinik-Nezer and Wager
(2022) as analytical reproducibility, replicability, and robustness to analytical variability. The
goal of this thesis is to address the former — the reproducibility of functional connectivity

metrics.

One challenge to assessing functional connectivity metrics is the lack of a “ground truth” against
which to evaluate them and which could serve as a basis for comparing methods and pipelines
for computing functional connectivity (Zuo et al., 2019). For example, while functional
connectivity shows good correspondence with measures of anatomical or structural connectivity
(e.g., as revealed by retrograde tracer studies in non-human animals, or diffusion-based
connectivity studies in humans) (Litwinczuk et al., 2022; Margulies et al., 2009), it is clear that
functional connectivity metrics reflect more than is captured by these anatomical measures, so
correspondence with such measures alone cannot be used to evaluate functional connectivity
metrics or methods for their computation. In the absence of a ground truth, many studies have
focused on TRT reliability as an outcome measure; if a particular functional connectivity metric
or analysis step or pipeline is advantageous, it should exhibit improved TRT reliability. The most
consistently used index to evaluate TRT reliability of functional connectivity-based measures is
the ICC (Noble et al., 2019; Shehzad et al., 2009; Shrout et al., 1979; see Chapter 1 (Section
1.6) for detailed overview on the ICC). While the ICC has been informative, it has a number of
limitations. First, it is typically computed either as a voxelwise or an edge-level measure and
exhibits significant variation both within and between networks (e.g., Shehzad et al., 2009); when
an average value is computed across the brain, it is often quite low, suggesting that the TRT
reliability for functional connectivity-based measures is poor-to-fair, at best (see Noble et al.,
2019 for areview). This may, in part, reflect the fact that ICC is computed as the ratio of between-
subject variance to within-subject variance (Shehzad et al., 2009). Since between-subject variance
tends to account for majority of the variability in the ICC (Noble et al., 2019), achieving high
between-subject and low within-subject variances for all functional connectivity measures
remains a challenge (Tozzi et al., 2020; Chen et al., 2018). For these reasons, the ICC might not

provide the optimal testbed for arbitrating between analysis pipelines.

Here, I test a straightforward alternative to the ICC for comparing analyses and pipelines —
connectome-based fingerprint identification. This process, first proposed by Finn et al. (2015),

and its ability to successfully identify (ID) an individual based on their functional connectivity
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profiles (connectomes) have been described in Chapter 1 (Section 1.7). 1 suggest that
connectome fingerprint ID offers a simple, intuitive, and less computationally demanding
alternative to the ICC for the assessment of analysis pipelines and novel methodologies. The same
logic applies — if a particular analysis step or pipeline is advantageous, it should improve

fingerprint ID.

As reviewed in the previous Chapter, several papers have already shown that ID accuracy is
influenced by a number of processing choices. For example, Finn et al. (2015) reported lower ID
accuracy when a cortical parcellation scheme was used to derive the functional connectivity
profiles, relative to a whole-brain atlas. This may reflect the impact of differential parcel
resolutions or spatial coverage (i.e., cortical vs. subcortical regions). Indeed, fingerprint ID
accuracy exhibits variation across functional networks, with the highest ID accuracies being
found in the medial frontal and frontoparietal networks (Cai et al., 2021; Vanderwal et al., 2019;
Jalbrzikowski et al., 2019; Horien et al., 2019; Byrge and Kennedy, 2019; Vanderwal et al., 2017;
Finn et al., 2015). Somewhat predictably, restricting analyses to a small subset of the most distinct
connectome edges (e.g., < 1%) also improves ID accuracy, producing near-ceiling accuracy
(Byrge and Kennedy, 2019). Other factors known to affect ID accuracy include scan duration
(Vanderwal et al., 2019; Vanderwal et al., 2017; Finn et al., 2015) and participant age (Horien et
al., 2019; Vanderwal et al., 2017; Kaufmann et al., 2017; Finn et al., 2015), with the youngest
participants (1.5-9 months) showing lowest ID, reflecting poor connectome distinctiveness,
particularly between-sessions (Dufford et al., 2021). Recent work also indicates that denoising
strategies (e.g., GSR, temporal censoring, ICA-AROMA) improve ID accuracy in early
childhood (Graff et al., 2022). Importantly, and contrary to the benefits commonly inherent to
increasing sample size, increasing sample size has been shown to decrease ID accuracy, making

it more difficult to identify an individual from a group (Li et al., 2021; Waller et al., 2017).

The present study has twin aims. First, I aim to show how fingerprint accuracy can serve as a
robust, easily computed, intuitive, and sensitive index for comparing or benchmarking pipeline
parameters. To achieve this aim, I expand on recent efforts to maximise functional connectome
identification accuracy by examining the contributions of data pre- and post-processing factors,
as well as acquisition parameters, using five independent datasets spanning childhood to
adulthood, obtained from the Consortium for Replicability and Reproducibility (Zuo et al.,
2014a). By identifying several factors that maximise ID accuracy across these independent
datasets, I describe components of a pipeline that is optimised for the reliable measurement of
functional connectivity at the individual level. I suggest that the use of fingerprint accuracy to

identify workflows that maximise the identifiability of individual connectomes may help improve
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the identification of robust and reproducible brain-behaviour relationships for biomarker

discovery.

2.2 Materials & Methods

2.2.1 Datasets

Five datasets from the Consortium for Replicability and Reproducibility (CoRR;
http://fcon_1000.projects.nitrc.org/indi/CoRR/html/samples.html) were used: Beijing Normal
University (BNU), New York University (NYUado, NYUadu), Southwest University (SWU), and
University of Pittsburgh School of Medicine (UPSM). Ethical approval was obtained from the

relevant committee at each imaging site. Each dataset included resting-state fMRI scans obtained
from two imaging sessions on either the same day or several months or years apart. The

demographics and fMRI acquisition parameters are provided in Table 2.1.

Dataset NYUadu NYUado UPSM BNU SwWu
Sample Size (N) 31 24 67 60 82

Age Range (years) 18-43 7-13 10-19 19-23 18-25
Gender (Male/Female) 16/15 14/10 34/33 32/28 33/49
Scan Duration (min) 06:00 06:00 05:06 08:06 08:00
Time between Scans Days Days 1-4 years 3 months 1 year
Scanner Manufacturer Siemens Siemens Siemens Siemens Siemens
Scanner Model Allegra Allegra TrioTim TrioTim TrioTim
Field Strength 3.0T 3.0T 3.0T 3.0T 3.0T

TR (ms) 2000 2000 1500 2000 2000

Table 2.1. Demographic information and fMRI parameters for the five datasets obtained from
CoRR that were used in this study. All sites contributed two resting-state scans per participant.

2.2.2 Preprocessing

All data were preprocessed using the same basic pipeline (Yan et al., 2013a; Yan et al., 2013b;
Craddock et al.,, 2013c). Structural and functional data were preprocessed using AFNI
(http://afni.nimh.nih.gov/afni/), FSL (http://fsl.fmrib.ox.ac.uk/), and ANTs (http://stnava.github

.10/ANTSs). The preprocessing pipeline included: (1) volume-based motion correction; (2) grand
mean scaling; (3) linear and quadratic detrending; (4) nuisance signal regression on 24 motion
parameters (i.e., 3 translational, 3 rotational, their first derivatives, and the squares of each of
these terms) and 12 nuisance regressors (i.e., white matter, cerebrospinal fluid, global signal
(Note that GSR was one factor investigated, so for some analyses, global signal was excluded

from the nuisance regressors), their squares, and the squares of their first derivatives); (5) spatial

68



Chapter 2

smoothing using a Gaussian kernel at 6mm FWHM; and (6) temporal filtering (0.009 < f < 0.1
Hz). Functional to session-averaged anatomical co-registration was performed using boundary-
based registration in FSL (Greve and Fischl, 2009). Diffeometric normalisation of individual
anatomical to the MNI152 standard space was carried out using ANTs; the same non-linear
transformation was applied to the fMRI data. Participants were excluded if either scan exhibited

a root-mean-square framewise displacement (rmsFD) > 0.20 mm (Jenkinson et al., 2002).

2.2.3 Data Pre- and Post-Processing Parameters

To demonstrate how fingerprint ID accuracy can be used to test pipeline parameters, and to
compare the utility of ID accuracy vs. ICC for this purpose, I examined how several data
acquisition, pre-processing, and post-processing parameters affected ID accuracy and ICC
(Figure 2.1), specifically: (1) GSR; (2) parcellation schemes (i.e., scheme, spatial coverage,
resolution); (3) network organisation; (4) use of discriminative edges; (5) scan duration; and (6)

sample size.

2.2.3.1 GSR

Although debated, GSR is a highly effective denoising strategy (Parkes et al., 2018; Satterthwaite
et al., 2017; Ciric et al., 2017). It remains the most effective strategy for reducing associations
between motion and functional connectivity-based measures (Power et al., 2017; Power et al.
2014; Yan et al., 2013a; Yan et al., 2013b) in addition to increasing the biological plausibility of
patterns of functional connectivity (Weissenbacher et al., 2009; Fox et al., 2009). I examined the
impact of including vs. excluding the global signal from the 36-parameter nuisance signal

regression step during data preprocessing.

2.2.3.2 Parcellation Schemes (Selection, Spatial Coverage & Resolution)

Parcellation schemes differ in aspects such as their spatial coverage (e.g., cortex, subcortex),
space (e.g., volume, surface), and resolution (e.g., 10-1000). I parcellated the fMRI data using
four publicly available brain atlases including Shen 268 (Shen et al., 2013), Glasser 360 (Glasser
et al., 2016), MIST 444 (Urchs et al., 2017), and Schaefer 1000-17Networks (Schaefer et al.,
2018), to examine whether these different commonly applied schemes are associated with
differences in ID accuracy. | examined the influence of spatial brain coverage on ID accuracy by
comparing cortical-only parcellations to parcellations that also included subcortical and
cerebellar regions. Finally, I assessed the relationship between parcel resolution and ID accuracy
by examining two parcellation schemes with 8 (Schaefer 17Networks, 100-1000) and 10 (MIST,
7-1095) levels of dimensionality.
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2.2.3.3 Network Organisation

Several studies have demonstrated that restricting the fingerprint to specific functional networks
can increase ID accuracy (Jalbrzikowski et al., 2019; Horien et al., 2019; Finn et al., 2015). To
assess differences between functional networks in terms of ID accuracy, | examined 8 functional
“Finn” networks: (1) medial frontal; (2) frontoparietal; (3) default mode; (4) subcortical and
cerebellum; (5) motor; (6) visual I; (7) visual II; and (8) visual association (Finn et al., 2015), and
7 “Yeo” networks: (1) ventral attention; (2) dorsal attention; (3) frontoparietal; (4) default mode;

(5) somatomotor; (6) limbic; and (7) visual (Yeo et al., 2011).

2.2.3.4 Discriminative Edges

Fingerprint identification is influenced by the degree to which different edges contribute to the
identification of an individual (Vanderwal et al., 2019; Horien et al., 2019; Byrge and Kennedy,
2019; Finn et al., 2015). For example, Vanderwal et al. (2019) showed that increasing the number
of discriminative edges improves ID accuracy. I employed the discriminative power (DP)
measure to quantify the usefulness of an edge in successfully identifying an individual from a
group. The DP of a given edge reflects the empirical probability of an individual being related to
I relative to another individual based on the same edge. It is computed as the product of the edge
values between-sessions from an individual and compared with the product of the edge values
between-sessions from other individuals in a dataset (see Horien et al., 2019, Finn et al., 2015 for
details). Edges with a high DP tend to yield similar values within individuals than between
individuals, i.e., within-subject similarity is greater than between-subject similarity. To compute
ID accuracy using the most discriminative edges across all individuals in the five datasets, |
selected the edges whose DP values fell between the 25™ and 99™ percentiles of the functional
connectome, i.e., [ retained the top 1-75% of edges in the whole-brain connectome to compute

ID accuracy for each dataset.

2.2.3.5 Scan Duration

Converging evidence has revealed that the TRT reliability of functional connectivity-based
measures depends on scan duration (Noble et al., 2019; Elliott et al., 2019; Noble et al., 2017;
O’Connor et al., 2017; Mueller et al., 2015; Birn et al., 2013; Anderson et al., 2011; Van Dijk et
al., 2010; Shehzad et al., 2009) and that longer scan duration improves ID accuracy (Vanderwal
et al.,, 2021; Vanderwal et al., 2017; Airan et al., 2016; Finn et al., 2015). I assessed the
relationship between scan duration and ID accuracy by increasing the scan lengths from 0.5 min
to the full acquisition time of each dataset (scan parameters for each site are described in Table
2.1). Of note, the range of the scan lengths is limited based on the relatively short scan durations
of the five datasets (e.g., the maximum scan length is approximately 8 min derived from the BNU

and SWU datasets).
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2.2.3.6 Sample Size

While sample size typically improves the TRT reliability of functional connectivity-based
measures (Cho et al., 2020; Elliott et al., 2019), identification accuracy tends to decrease with
increasing sample sizes (Li et al., 2021; Waller et al., 2017). To assess the impact of sample size
on ID accuracy, and to avoid site/sample effects, I pooled the five datasets (N = 264), then
randomly selected subsets of individuals such that N € {20, 40, 60, 80, 100, 120, 140, 160, 180,
200, 220, 240, 264} without replacement and computed ID accuracy over 100 of each N

iterations.

2.2.4 Functional Connectivity Matrices — Fingerprints

For every individual and each scan, the mean timeseries of each ROI within a given parcellation
scheme was extracted and the Pearson’s correlation coefficient (1) between all possible ROI pairs
was computed, yielding two functional connectivity matrices (fingerprints) per individual that

were subsequently used in the ID procedure.

2.2.5 Identification Procedure

To identify an individual based on their functional connectivity fingerprint, I followed the
identification procedure as previously described in Finn et al. (2015) and Chapter 1 (Section
1.7). The mean binary identification (BID) accuracy for each dataset and each combination of
analysis factors was computed as the number of correctly identified participants divided by N. To
reach a final ID accuracy per dataset, I recomputed mean BID by exchanging the roles of the

database-target matrix (D <= T), and averaging across the two mean BIDs.

In addition to BID, I computed the relative rank (RR), which is a continuous measure ranging
from 0 to 1 that quantifies the degree of “confusion” for inaccurately identified individuals. RR
was calculated as the jth position of the rank ordered correlation that matches the predicted
identity X; in T with X; in D divided by N. For example, if the ranked ordered correlation of
participant 1 in the SWU dataset (N = 82) is at the first position, then RR =1/82 = 0.012 whereas
if the ranked ordered correlation for the same participant is at the last position, then RR = 82/82
= 1. The fewer individuals inaccurately ranked above their true identity, the lower the degree of

confusion and lower the RR (RR — 0).

2.2.6 TRT Reliability
As described in Chapter 1 (Section 1.6), I computed the TRT reliability, as indexed by the ICC,
for each edge and each dataset. I applied the ICC(2,1) model to refer to “absolute agreement” for

which the sources of errors are known (e.g., multiple sessions) and modelled as random effects
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(Noble et al., 2019). For each dataset, the mean ICC was obtained by averaging the edgewise ICC
values in addition to setting the negative values to 0 to indicate complete unreliability (Noble et

al., 2019; Noble et al., 2017; Bartko, 1976).

2.2.7 Comparing Analysis Pipelines Using ID Accuracy vs. ICC

For each dataset, the identification accuracy was computed with each of the data acquisition, pre-
processing, and post-processing parameters, and then compared with a “standard” functional
connectivity pipeline as described in Sections 2.2.2 and 2.2.4. For each dataset, the ICC was
further computed for several configurations as described in Sections 2.2.3. Given that I assessed
how fingerprint ID accuracy can be applied to test analysis pipeline parameters, I did not perform
permutation testing to assess the statistical significance of the ID accuracies themselves across

the five datasets.
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Figure 2.1. Analysis framework to describe an optimal pipeline for maximising connectome-
based identification. Data pre- and post-processing parameters: A. Applying GSR as a denoising
strategy. B. Describing the functional connectome with four publicly available parcellation
schemes such as Shen 268, Glasser 360, MIST 444, and Schaefer 1000-17Networks. C.
Describing cortical, subcortical, and cerebellar regions from the Harvard-Oxford and Buckner
atlases. D. Computing the functional connectome using multi-resolution parcellation schemes
with 8-10 levels of dimensionality. E. Examining the Finn Networks and Yeo Networks. F. Using
the top 1-75% of most discriminative edges. G. Examining scan duration — from (.5 min to the
full acquisition time of each dataset. H. Examining the impact of sample size (N) by pooling data
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across the five datasets and resampling such that N € {20, 40, 60, 80, 100, 120, 140, 160, 180,
200, 220, 240, 264}.

2.3 Results

2.3.1 Identifiability of the individual functional connectome

Using whole-brain functional connectomes collected from two scans per participant derived from
CoRR, I initially applied a standard functional connectivity pipeline which involves minimal data
pre-processing (including GSR), post-processing (i.e., whole-brain Shen 268 parcellation), and
acquisition (i.e., full scan duration and sample size) parameters to compute the identification
accuracy across the five datasets. I first computed binary identification (BID) such that the BID
accuracy is 1 if an individual is successfully identified and 0 if they are not, using all five datasets.
BID accuracies ranged from 42% to 77% which were averaged across the two database-target
matrix configurations (Figure 2.2A and Figure 2.2B). On average for both directions (D — T and
T — D), the NYU developmental dataset (NYUado; N = 24) achieved the strongest identification
accuracy (BID = 77%) whereas the UPSM adolescent group (N = 67) had the lowest (BID =
42%). I also employed relative rank (RR) to measure the degree of confusion for misidentifying
an individual from a group such that the lower the RR, the lower the confusion for incorrectly
identifying that individual. RR showed that the degree of confusion varied from 6% to 13% for
the first direction (D — T) (Figure 2.2A), and 4% to 16% for the second direction (T — D)
(Figure 2.2B). On average, the adult dataset (SWU) exhibited the lowest degree of confusion for
incorrectly identifying an individual (RR = 5%) between-sessions whereas the UPSM adolescent

dataset exhibited the highest degree of confusion (RR = 15%).

2.3.2 TRT reliability of the functional connectome is consistently poor

I then evaluated the TRT reliability of the functional connectome by applying the ICC(2,1) model
using the standard functional connectivity pipeline across the five datasets. I computed the
average ICC across 268 x 268 edges for the Shen ROIs. I found that the mean TRT reliability was
consistently “poor” (i.e., ICC < 0.4) across the independent datasets (Figure 2.2C). The highest
mean TRT reliability was observed for the adult dataset (SWU; ICC = 0.29) whereas the lowest
mean TRT reliability was found for the adolescent group (UPSM; ICC = 0.15).

2.3.3 Applying GSR as a denoising strategy improves identification accuracy

While investigating the impact of data pre-processing factors on identification accuracy across
the five datasets, I assessed the contribution of GSR by computing identification accuracy
following preprocessing with and without GSR (Figure 2.2D). For the purpose of this comparison,

all other noise regressors were held constant (i.e., the global signal was the only regressor
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removed from the 36-parameter nuisance signal regression). The range of the BID accuracies was
higher with GSR (42-77%) than without GSR (35-69%); GSR significantly increased BID
accuracies across all five datasets (paired sample t-test; t (4) = 6.14, P = 0.004).
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Figure 2.2. (A) ID accuracy derived from BID in addition to the degree of confusion as indexed
by RR for the database-target matrix configuration. (B) ID accuracy derived from BID in addition
to the degree of confusion as indexed by RR for target matrix-database configuration. (C) ID
accuracy and TRT reliability derived from the respective fingerprint approach using BID and the
ICC(2,1) model. The Pearson’s correlation coefficient (1) between ID accuracy and ICC is 0.82.
(D). ID accuracy derived from BID with and without applying GSR as a denoising strategy. The
five independent datasets are as follows: BNU (N = 60), NYUado (N = 24), NYUadu (N = 31),
SWU (N = 82), and UPSM (N = 67).

2.3.4 Finer cortical parcellations yield stronger identification accuracy

To understand how different parcellation features influence the identification accuracy, I
computed functional connectivity using four parcellation schemes with different spatial
resolutions and spatial coverage. I found that the BID accuracies differed significantly across the
parcellation schemes (repeated measure one-way ANOVA test; F (3,12) =31.1, P<0.001). There
was a tendency to achieve greater BID accuracies across the five datasets when the functional
connectome was derived from finer parcellation schemes, i.e., parcellations with higher
resolutions. While the lowest BID accuracies were obtained with the Shen 268 parcellation (42-
77%), the highest BID accuracies were found with the Schaefer 1000-17Network parcellation
(68-94%) (Figure 2.3A). Both Glasser 360 and MIST 444 parcellation schemes produced

intermediate BID accuracies ranging from 55% to 86% across the five datasets (Figure 2.3A).
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Because the parcellation schemes differ in terms of their resolutions, I applied the multi-
resolution Schaefer 17Networks (i.e., 100-1000) and MIST (i.e., 7-1095) parcellations to examine
the relationship between parcel resolution and identification accuracy. There was a non-linear
relationship between parcel resolution and BID accuracy that was evident across the five datasets
(Figure 2.3B). BID showed that there were large gains in ID accuracy as parcel resolution
increased from 7 to 300, with smaller but still significant gains thereafter (Figure 2.3B). Similarly,
there was a non-linear relationship between parcel resolution and RR across the five datasets such
that there was a rapid decline in RR from 7 to 300 parcels, and then plateaued until reaching the

finest resolutions (Figure 2.3B).

I also investigated how the inclusion of the cortex and subcortex including the cerebellum
influences identification accuracy. Fingerprint ID accuracies differed significantly across
different combinations of the spatial coverage (repeated measure one-way ANOVA test; F (5,20)
=544, P < 0.001). The highest ID accuracies were derived when the functional connectome
included cortical regions (41-77%), with the addition of subcortical and cerebellar regions making
little-to-no difference to ID accuracy. Fingerprints computed on the basis of subcortical (17-
49%) and/or cerebellar (6-36%) structures alone were associated with much lower BID across
the five datasets (Figure 2.3C). It should be noted, however, that there are differences in the
macroscale division of the cortex, subcortex, and cerebellum — the number of brain regions
within the cortex is usually much greater than that within subcortical and cerebellar structures in
most parcellation schemes, which likely impacts the stability of the fingerprints restricted to these

compartments.

2.3.5 Identification accuracy across brain networks

To examine variation in fingerprint identifiability across functional networks, I compared BID
across eight “Finn” networks and seven “Yeo” networks. For the Finn networks, BID was highest
when the fingerprints were restricted to the medial frontal (except for the UPSM dataset) and
frontoparietal networks, relative to the other functional networks (Figure 2.4A). In contrast,
fingerprinting using the visual networks (i.e., Visual I, Visual II, Visual Association) produced
the lowest BID accuracies (Figure 2.4A). Given previous research showing that combining
medial frontal and frontoparietal networks improved BID accuracies (Horien et al., 2019; Finn et
al., 2015), I examined the impact of combining these functional networks into the “frontoparietal
networks”. Restricting the fingerprint to these frontoparietal networks was associated with
significantly greater identification accuracy compared to the whole-brain functional connectome
(paired sample t-test; t (4) = 2.83, P = 0.047). When I applied the Yeo networks, BID revealed
that the fingerprints restricted to the frontoparietal (except for the NYUadu dataset; 57-87%) and

default mode networks outperformed the other functional networks across the five datasets
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(Figure 2.4B). Across the five datasets, fingerprinting with the limbic network exhibited the
lowest BID accuracies (21%-67%) followed by fingerprinting with the visual network (25%-
69%) (Figure 2.4B). Similarly, there are network-level differences in how these functional
networks are defined — brain networks tend to have more cortical regions compared to
subcortical and/or cerebellar areas, thus providing access to a greater number of cortical edges

for fingerprint identification.

2.3.6 Greater number of discriminative edges yields stronger identification accuracy

To examine whether restricting the fingerprint to discriminative edges improves identification
accuracy, I restricted the fingerprint to those edges whose DP values fell between the 25™ and
99" percentiles of the functional connectome for each dataset (i.e., selecting the top 1-75% of all
edges, ordered by discriminality). I observed a non-linear relationship between the number of
discriminative edges and ID accuracy across the five datasets (Figure 2.5). When the fingerprint
was restricted to the top 1% of DP edges, BID accuracies (21-64%) were significantly lower
compared to using all the edges from the whole-brain connectome (paired sample t-test; t (4) =
7.21, P = 0.002). When the fingerprint was computed with the top 10% of DP edges, BID
accuracies (37-77%) were significantly higher compared to the top 1% of DP edges (paired
sample t-test; t (4) = 8.22, P = 0.001). On the other hand, when the fingerprint was computed
with the top 75% of DP edges, BID accuracies slightly improved (43-77%) compared to the
whole-brain connectome. However, this improvement was not significantly different from the
whole-brain connectome (paired sample t-test; t (4) = 1.84 P = 0.14). Similar observation was
noted when comparing the BID accuracies from the top 10% of DP edges to the whole-brain
connectome (paired sample t-test; t (4) = -0.14, P = 0.90). The non-linear relationship between
number of discriminative edges and ID accuracy is striking — there is a large jump in BID
accuracies between 1% and 10%, but little-to-no improvement after that, suggesting that good

BID accuracy can be achieved with as little as the top 10% of the most discriminative edges.

2.3.7 Longer scan duration facilitates stronger identification accuracy

I evaluated the effort of acquiring increasing scan length to boost identification accuracy by
varying the scan duration from 0.5 min to the full acquisition length of each dataset. There was a
non-linear relationship between scan duration and identification accuracy across the five datasets
(Figure 2.6A), such that BID was very negatively impacted by very short fMRI scans (e.g., 0.5
min — ranging from 5% to 21% across the five datasets). The BID accuracies were optimal (42-
77%) when the full acquisition length of each dataset was used to compute the functional
connectivity matrices of each individual. RR revealed a similar pattern such that the degree of

confusion for unsuccessfully identifying an individual was highest (23-41%) with short
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acquisition time (e.g., 0.5 min) but minimal (5-15%) when the entire scan length was used to
derive the functional connectivity profiles of the individuals across the five datasets.

2.3.8 Increasing sample size does not necessarily improve identification accuracy

I also examined the effect of sample size (N) on identification accuracy by creating random
subgroups of individuals N € {20, 40, 60, 80, 100, 120, 140, 160, 180, 200, 220, 240, 264} across
the five datasets. For each N, 100 samples were selected, and the average BID was computed
across samples. There was a non-linear relationship between sample size and BID accuracy such
that the ability to identify an individual based on their functional connectivity profiles decreased
non-linearly as the sample size increased (Figure 2.6B), with the steepest decrease observed as
sample size increased from 20 to 100, and a more gradual decrease in BID as sample size
increased further to 264. The overall change across sample sizes was relatively small, however
— BID ranged from 70% when N = 20 to 53% when N = 264. As a mathematical reality,
increasing sample sizes also increases the potential for “confusion” (high correlation) amongst
individuals — it increases the pool of potential matches, thus decreasing identification accuracy.
Interestingly, the aggregated/subsampling approach produced higher BIDs for sample sizes
equivalent to those of the UPSM, BNU, and NYUadu sites, relative to the BIDs for those sites
alone, suggesting some site or sample effects that were overcome by the aggregating and
subsampling approach. Further, and contrary to observations for the preceding manipulations, for
which the trend for RR was inverted relative to the trend for BID, RR decreased slightly but non-

linearly from 12% to 7% as sample size increased (Figure 2.6B).

2.3.9 Selecting a fingerprint-optimised pipeline

On the basis of the results presented above, I identified two optimal fingerprint-informed
pipelines featuring those parameters associated with the sighest BID accuracy (Table 2.2; Figure
2.7). The following two pipelines have been described given that predictive networks such as the
frontoparietal networks and finer cortical parcellation schemes such as the Schaefer 1000-
17Network scheme, separately, encapsulate the most distinct features of an individual’s

functional connectome:

e Pipeline 1: minimal pre-processing, GSR, Schaefer 1000-17Network parcellation, full scan
length, and full sample size;

e Pipeline 2: minimal pre-processing, GSR, frontoparietal networks (medial frontal +

frontoparietal) derived from Finn networks, full scan length, and full sample size.

As expected, relative to the standard pipeline (minimal pre-processing, GSR, whole-brain Shen

268 parcellation, full scan length, and full sample size), fingerprint ID accuracy was significantly
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higher for both Pipeline 1 (paired sample t-test; t (4) = 6.11, P = 0.004) and Pipeline 2 (paired
sample t-test; t (4) = 2.83, P = 0.047). Notably, some datasets (e.g., NYUado; SWU) exhibited
BID of 90% or above following processing with Pipeline 1.

2.3.10 Applying functional connectome fingerprinting informed pipelines to improve ICC
To further assess the utility of these two fingerprint-informed pipelines, I computed TRT
reliability as indexed by the ICC for each dataset following the application of these pipelines to
compute functional connectivity (Table 2.2; Figure 2.7). The ICC increased significantly with
Pipeline 1 (paired sample t-test; t (4) = 7.22, P =0.002) and Pipeline 2 (paired sample t-test; t (4)
=17.22, P=0.002), although it is worth nothing that the ICCs across the five datasets would still

be considered “poor” according to the Cicchetti and Sparrow (1981) definition.

Pipeline NYUadu NYUado UPSM BNU SwWu
oStandard ICC 0.21 0.23 0.15 0.21 0.29
*Pipeline 1 ICC 0.25 0.28 0.19 0.29 0.35
*Pipeline 2 ICC 0.29 0.33 0.21 0.35 0.40
oStandard BID 0.65 0.77 0.42 0.49 0.75
*Pipeline 1 BID 0.78 0.94 0.68 0.79 0.90
#Pipeline 2 BID 0.81 0.86 0.44 0.77 0.83

Table 2.2. Gains in ICC and ID accuracy derived from BID across the five datasets obtained from
the standard and optimal fingerprint-informed pipelines. Standard: GSR + Shen 268 parcellation
+ full scan length + full sample size. *Pipeline 1: GSR + Schaefer 1000-17Network parcellation
+ full scan length + full sample size. *Pipeline 2: GSR + frontoparietal networks derived from
Finn Networks + full scan length + full sample size.
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Figure 2.3. (A) ID accuracy obtained from BID across the five independent datasets using four publicly
available parcellation schemes including Shen 268, Glasser 360, MIST 444, and Schaefer 1000-
17Networks. (B) Relationship between parcel resolution and ID accuracy measured by BID in addition
to the degree of confusion as indexed by RR using 8 and 10 levels of parcel dimensionality derived
from the Schaefer 17Networks and MIST parcellation schemes across the five independent datasets.
(C) ID accuracy derived from BID based on the spatial coverage of the functional connectome covering
cortical, subcortical, and cerebellar structures across the five independent datasets. Cor: Cortical,
Cor+Sub: Cortical and Subcortical; Cor+Cer: Cortical and Cerebellum; Sub: Subcortical; Sub+Cer:
Subcortical and Cerebellum; and Cer: Cerebellum.
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Figure 2.4. (A) ID accuracy derived from BID for the Finn Networks in addition to the combined
medial frontal and frontoparietal networks [FPNs] and whole-brain connectome [WBN] across the five
datasets. The Finn Networks are as follows: (1) medial frontal [MFN]; (2) frontoparietal [FPN]; (3)
default mode [DMN]; (4) subcortical [SUB]; (5) motor [MOT]; (6) visual I [VISI]; (7) visual I [ VISII];
and (8) visual association [VISA]. (B) ID accuracy derived from BID for the Yeo Networks across the
five datasets. The Yeo Networks are as follows: (1) ventral attention [VAN]; (2) dorsal attention [DAN];
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(3) frontoparietal [FPN]; (4) default mode [DMN]; (5) somatomotor [SOM]; (6) limbic [LIM]; and (7)
visual [VIS].
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Figure 2.5. Relationship between number of discriminative edges and ID accuracy derived from BID in addition to the degree of confusion as indexed by
RR across the five independent datasets. The discriminative edges are selected based on their DP values falling between the 25" and 99" percentiles of the
whole-brain connectome, i.e., the top 1-75% of edges in the whole-brain connectome were retained to compute the ID accuracy of each dataset. The black
box represents the ID accuracy derived from BID when all the edges in the whole-brain connectome were used for each dataset.
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Figure 2.7. ID accuracy and TRT reliability of the functional connectome measured by BID and
ICC, respectively, using the standard and optimal fingerprint-informed pipelines. Dots and error
bars represent the mean and SD of the BID accuracies and ICC values. Standard: GSR + Shen
268 parcellation + full scan length + full sample size. Pipeline 1: GSR + Schaefer 1000-
17Network parcellation + full scan length + full sample size. Pipeline 2: GSR + frontoparietal
networks derived from Finn networks + full scan length + full sample size. *P < 0.05, two-tailed
paired sample t-test. For ID accuracy, the effect sizes measured by Cohen’s d are: 1.5 (Pipeline
1) and 0.8 (Pipeline 2). For TRT reliability, the effect sizes measured by Cohen’s d are: 1.0
(Pipeline 1) and 1.6 (Pipeline 2).

2.4 Discussion

The present study aimed to demonstrate how connectome-based fingerprint identification
accuracy could be used as a simple, intuitive, and sensitive index to adjudicate between functional
connectivity-based analysis parameters. Across five independent Open Science datasets spanning
childhood to adulthood, I found that functional connectome fingerprint identification accuracy
ranged from 42% to 77%. I then tested the effect of a range of analysis parameters on ID accuracy
and found that GSR, fine-grained (i.e., ~1000 ROIs) brain parcellations encompassing cortical
regions, increasing number of discriminative edges, and longer scan duration improved
identification accuracy — for some datasets to = 90%. Interestingly, pooling fMRI data across
datasets to increase sample size decreased, rather than increased, ID accuracy. Importantly, the
effects of many of these manipulations on ID accuracy were quantitatively and qualitatively
unambiguous, allowing for easy selection of the “best performing” parameters. These “best
performing” parameters were then combined into two analysis pipelines that optimise the

detection of individual differences in the functional connectome.

Following the investigation of the impact of a set of data acquisition, pre-, and post-processing
parameters on fingerprint accuracy, I described two analysis pipelines as follows: (1) Pipeline 1
— GSR, cortical-based parcellation scheme with 1000 parcels, full scan length, and sample size,

and (2) Pipeline 2 — GSR, frontoparietal networks (medial frontoparietal and frontoparietal
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networks derived from the Finn networks), full scan length, and sample size. The two fingerprint-
optimal pipelines were described as the first applied a finer cortical-based parcellation scheme
whereas the second employed the most predictive functional networks, i.e., the frontoparietal
networks. While Pipeline 1 boosted fingerprint accuracies to 68%-94%, Pipeline 2 increased the
accuracies to 44%-86%. The utility of these pipelines was also supported by the fact that they
significantly increased TRT reliability (indexed by the ICC), relative to the “standard” pipeline
— although it is notable that the ICC values remained “poor”, according to the traditional
categorisation (i.e., ICC < 0.4). This echoes the TRT reliability literature which suggests ICC for
functional connectivity metrics is generally poor (mean: 0.29; 95% CI: 0.23-0.36; Noble et al.,
2019). While a direct quantitative comparison of ICC and fingerprint BID is not possible (since
these metrics are computed differently and cannot be converted to e.g., z-scores), we can compare
them qualitatively given that fingerprint accuracy tracks the ICC values in the five datasets. For
example, an ICC = 0.40 implies that the TRT reliability of a given functional connectivity
measure is fair/moderate (see Section 1.6), but is above the upper meta-analytic estimate for the
ICC across studies (Noble et al., 2019). This means that 40% of the total variance in the
measurement of interest is attributed to agreement between the “raters” while the remaining 60%
of the variance corresponds to individual variation or measurement errors. In contrast, an ID =
40% would be considered a low level of self-self correlation within a sample. However, it is clear
from Figure 2.2C that the ICC and BID accuracy track each other quite well, suggesting good
correspondence. What these comparisons suggest is that, while the ICC values that are typical for
the field are considered to reflect “poor” reliability, fingerprint identification accuracy suggests a
more optimistic perspective on functional connectome stability. To take one example, BID
accuracy for the NYUado dataset processed with Pipeline 1 is 94% (ICC = 0.28), indicating that,
on average, 23 of 24 participants are correctly identified on the basis of their functional
connectome. Similarly, the BID accuracy derived from Pipeline 1 for the SWU dataset is 90%
(ICC = 0.35), which successfully identified, on average, 74 of 82 participants. As described in
Chapter 1 (Section 1.7.2), my findings show that connectome-based identification provides a
metric of reproducibility of an individual’s functional connectome which is stable on both short-

term (days) and long-term (years) from childhood to adulthood.

Although I found that GSR was beneficial in terms of its impact on fingerprint ID accuracy, |
note that it remains the subject of dispute and there is no clear consensus on its application in
publicly available pre-processing pipelines (Li et al., 2021; see Chapter 1 (Section 1.6.3)). This
disagreement has been traditionally rooted in evidence that showed that GSR introduces negative
correlations between brain regions (Saad et al., 2012; Weissenbacher et al., 2009; Murphy et al.,
2009), but often countered by its efficacy at mitigating the effects of motion and other sources of

noise (Graff et al., 2022; Yan et al., 2013b). The debate is ongoing with recent work showing that
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the global signal could reflect neural information of behavioural relevance: for example, in a
sample of 1094 adults, the topography of the global signal has been shown to capture a positive-
negative axis of life outcomes and psychological functions linking to an increased component
loading of the frontoparietal network (Li et al., 2019). Across the lifespan, the topographical
patterns of the global signal have revealed spatially specific linear and quadratic associations with
age ranging from 6 to 86 years (Nomi et al., 2022). Given my observations of a significant and
positive effect of GSR on fingerprint accuracy, in combination with strong evidence that GSR
reduces relationships between functional connectivity and head motion, particularly in age groups
and vulnerable populations that exhibit heightened in-scanner movement, I recommend its

inclusion in processing pipelines.

Describing the functional brain with high-resolution parcellation schemes produced the highest

identification accuracies. This likely reflects the fact that increasing the parcel resolution
preserves finer properties of the functional connectome from large-scale functional networks to
localised brain areas, thus improving the sensitivity and specificity of functional connectivity
analyses (Bellec et al., 2015). The choice of selecting a parcel resolution to investigate individual
differences in the functional connectome typically depends on the desired spatial resolution of
the effects being investigated. I found that cortical regions produced the highest fingerprint
accuracy, which is consistent with observations that their functional connectivities are highly
reliable compared to that of subcortical and cerebellar structures (Noble et al., 2019; Noble et al.,
2017; Shah et al., 2016), which may be driven by factors such as poor SNR due to signal dropout
and susceptibility to physiological noise (Noble et al., 2017). It is important to note that there
may not be a unique parcellation scheme that captures individual differences in the functional
connectome across all brain states (Salehi et al., 2020). Instead, there may exist a set of brain
parcellations that is condition dependent which provides better parcel definition to detect such
individual properties across different states (Salehi et al., 2020); investigating the impact of such
state-specific parcellations on fingerprint ID would be an important future direction. Fingerprints

restricted to the medial frontal and frontoparietal networks also yielded the highest ID accuracies

compared to the whole-brain connectome. This is consistent with previous observations as
elaborated in Chapter 1 (Section 1.7.1) that these networks are highly reproducible in both
neurotypical and developing populations (Marek et al., 2019; Jalbrzikowski et al., 2019; Horien
etal., 2019; Finn et al., 2015). The frontoparietal network exhibits higher inter-subject variability
in its functional connectivity relative to other functional networks including subcortical, limbic,
and visual networks (Mueller et al., 2013), suggesting that this functional network can better
discriminate an individual from a group. Restricting the functional connectome fingerprint with
the frontoparietal networks (Pipeline 2) would be suitable for some functional connectivity

applications but not necessarily for all measures, pipelines, and procedures. Therefore, describing
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the individual functional connectome with a second fingerprint-informed pipeline that includes a
fine-grained parcellation scheme (Schaefer 1000-17Networks; Pipeline 2) offers another optimal
strategy to test the reproducibility of functional connectivity applications. Importantly, the higher
accuracy obtained for cortical regions and functional networks comprising cortical regions,
relative to the subcortex and/or cerebellum may be largely explained by differences in the number
of nodes in these different compartments and networks. For example, Venkatesh et al. (2020)
showed that some functional networks (e.g., limbic) may achieve poorer fingerprint accuracies
due to their small size (i.e., fewer brain regions) compared to others (e.g., frontoparietal networks)

with larger sizes (i.e., more brain regions) — though this is not universally the case.

As others have shown (Vanderwal et al., 2021; Vanderwal et al., 2017; Airan et al., 2016; Finn
et al., 2015), identification accuracies further increased non-linearly with longer scan duration.
Scan duration has long been identified as a factor that affects the reliability of functional
connectivity measures (Noble et al., 2019; Elliott et al., 2019; Noble et al., 2017; O’Connor et al.,
2017; Mueller et al., 2015; Birn et al., 2013; Van Dijk et al., 2010; Shehzad et al., 2009; see
Chapter 1 (Section 1.6.3)), along with resting-state conditions such as fixation, eyes-opened,
and eyes-closed (Wang et al., 2017a; Zuo et al., 2015; Tagliazucchi and Laufs, 2014; Patriat et
al., 2013). While initial reports suggested that acquisition times of ~5 min (typical for resting-
state fMRI studies) are sufficient to yield fair-to-excellent reliability (Van Dijk et al., 2010;
Shehzad et al., 2009), more recent studies have suggested that much longer duration scans are
required to yield the most reliable (e.g., > 36 min; Noble et al., 2017) and reproducible (e.g., 15-
25 min; Anderson et al., 2011) metrics. Researchers have employed several strategies to increase
the amount of fMRI data available per participant, including longer scan duration (Noble et al.,
2019; Noble et al., 2017; Tomasi et al., 2016; Shah et al., 2016), repeated scans within-/between-
sessions (Cho et al., 2020; Elliott et al., 2019; O’Connor et al., 2017; Noble et al., 2017), and
higher sampling rates (Birn et al., 2013). Acquiring and combining more scans for each individual
across different brain states could further improve the fingerprint accuracy as within-subject
variability may be better captured than at rest (Finn et al., 2017). This echoes recent evidence
which suggests that having more fMRI data per participant increases the ability to capture unique
properties of the functional connectome using resting-state and naturalistic conditions
(Vanderwal et al., 2021). It is, however, challenging to identify an ideal amount of fMRI data that
is needed per participant to optimise the reliability of functional connectivity — longer scan
lengths undermine the practical utility of fMRI, especially in developing and clinical populations

with lower in-scanner tolerance or wakefulness.

In agreement with previous work (Vanderwal et al., 2021; Vanderwal et al., 2017), identification

patterns were improved when a greater number of discriminative edges was used to compute a
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given individual’s functional connectivity profile. This finding showed that as few as 10% of the
most discriminative edges were needed to yield good fingerprint accuracies as there was no
significant difference in identification accuracies for the top 10% or 75% of the most
discriminative edges relative to the full whole-brain connectome. This suggests that
computational complexity and resource demands could be used by downsizing the functional
connectome to the top 10% of discriminative edges. This also suggests that there are some edges
that do not contribute to the identifiability of an individual’s functional connectome, thus positing
that the entire functional connectome may not be required to compute functional connectome

fingerprints.

I also pooled fMRI data across the five datasets to investigate the impact of sample size, but this
did not improve the fingerprint accuracies. That is, larger sample sizes increase the difficulty of
differentiating an individual from a group. Similar observations have been reported which showed
that fingerprint accuracy decreases non-linearly when the sample size derived from the HCP
increases from typical (e.g., N=100) to large (e.g., N=1000) (Li et al., 2021; Waller et al., 2017),
which reflects that greater potential for “confusion” (erroneous high correlations/matches) due to
the larger number of potential “lures.” Another potential limitation of this sampling strategy is
that I aggregated the fMRI data across a wide range of age groups (i.e., 7-43 years) which may
not be ideal to detect individual differences in the functional connectome. There could also be a
site effect that requires further investigation, particular in a larger dataset acquired from several
more sites. This may be a challenge as a downside of the connectome-based identification
procedure is that a minimum of two imaging scans is required which is not always feasible during
cross-sectional study designs. Future work may investigate the utility of split-half fingerprinting
as a proxy method (King et al., 2023; Wang et al., 2021). Along the same lines, employing a
larger multisite dataset could allow the investigation of inter-scan intervals on fingerprint
accuracy. The CoRR datasets used in this study make the comparison very difficult due to the

wide range of inter-scan intervals from days to years.

Although I aimed to identify a pipeline that would optimise functional connectome fingerprint
ID, and while high identification accuracies were attained for some samples, the accuracy did not
reach 100% for any sample. This demonstrates that there are some individuals who remain
incorrectly identified even with the fingerprint-informed pipelines. This suggests that there is
scope to identify further factors that might influence fingerprint identification accuracy. On the
other hand, it may also suggest that there are individuals who remain misidentified, even in the
context of overall high ID accuracy. I attempted to quantify the degree of misidentification for a

given individual from a group using the RR metric which was as low as 2% when the optimal
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pipelines were employed. The RR metric did not provide additional discriminative information

beyond BID, however.

Can we expect resting-state functional connectome fingerprint ID accuracy to be perfect? There
is evidence for 100% identification accuracy, achieved using naturalistic paradigms (Vanderwal
et al., 2017). The answer may lie in the cognitive states of participants being scanned (Finn and
Rosenberg, 2021; Finn et al., 2017); scanning conditions that evoke more specific cognitive states
tend to be associated with higher fingerprint accuracy relative to rest (Vanderwal et al., 2017;
Finn et al., 2017; see Chapter 1 (Section 1.7.2)). It is possible that connectome-based
identification accuracy at rest may reflect the influence of arousal, thought, and even
physiological processes (Finn et al., 2017). Another important consideration is the influence of
anatomical variability on individual differences in functional connectivity estimates that have
been characterised as a mixture of morphological and functional variability (Langs et al., 2015).
Converging evidence from human and primate studies have shown that there is a significant
relationship between structural and functional connectivity such that structural connectivity may
predict inter-individual variability in cognition (Sarwar et al., 2020; Sporns, 2013). This
relationship may, however, be heterogeneous as the structure-function coupling could be stronger
for some networks but weaker for others (Gu et al., 2021; Suarez et al., 2020; Baum et al., 2019).
Future work could investigate the contributions of anatomical variability (e.g., morphology) in
measuring individual differences in functional connectome identifiability. Yet another avenue
could focus on investigating whether unique or similar structure-function coupling across

individuals relates to better or worse connectome-based identification.

2.5 Conclusions

In this study, I showed that functional connectome fingerprint accuracy can be used as a simple,
intuitive, and sensitive metric for examining the effects of different functional connectivity
analysis parameters. By examining a set of data acquisition, pre-, and post-processing parameters,
I identified a number of recommended steps that form two pipelines optimised for reproducible
and stable functional connectivity at the individual level (see Appendix C). The pipelines
comprise the following strategies: (I) applying GSR as a denoising strategy; (II) fine-grained
brain parcellations; (III) cortical regions relative to subcortical and cerebellar structures; (IV)
predictive functional networks such as medial frontal and frontoparietal networks; (V) greater
number of discriminative edges; and (VI) increasing scan duration. In contrast, increasing the
sample size by pooling resting-state fMRI data across different populations do not necessarily
yield higher fingerprint accuracies. I suggest that the inclusion of fingerprint accuracy in analysis

workflows can help researchers identify the most reproducible pipelines and as a result, minimise
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the “researcher degrees of freedom” to achieve reproducible brain-behaviour relationships for

biomarker discovery.

So far, Chapter 2 has employed functional connectome fingerprinting in five datasets that
comprised low-motion individuals spanning childhood and adulthood. Retaining only
participants exhibiting the lowest levels of head motion is common practice in functional
connectivity studies, given that head motion has been identified as a major confound, particularly
in developmental populations. In Chapter 3, I will describe the efforts of the neuroimaging
community to improve both sample sizes and data quality, as routes to increase reproducibility.
In Chapter 4, I investigate whether the “high-motion” participants who are usually discarded in
brain-behaviour association studies can be salvaged using a novel sampling approach. To test the
utility of this sampling approach, I will use the same functional connectome fingerprinting

procedure described in this Chapter.
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Chapter 3

Salvaging high-motion participants to maximise sample size for

inclusive and reproducible brain-behaviour relationships
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Summary

Chapter 3 discusses the “big data” era in neuroimaging — from data-sharing and the Open
Science movement to the establishment of large multi-site collaborative consortia. Reflecting on
the active scholarly debate of sample sizes within functional neuroimaging, I elaborate on the
efforts of researchers to identify reproducible brain-behaviour associations with both typical
sample sized and large consortia-level datasets. Given that developing youths exhibit heightened
head motion during scanning, I further discuss the impact of head motion in estimating functional
connectivity in addition to describing several commonly applied head motion corrections
strategies. As “high-movement” individuals tend to be excluded in typical brain-behaviour
association studies, I examine whether some useable, low-motion data these individuals have, can
be salvaged — to address the trade-off between the requirement that data are high quality and
free from motion artefacts, and the large sample sizes required for reproducible brain-behaviour

associations.
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3.1 The Big Data Revolution

Over the past two decades, resting-state functional connectivity mapping has gained mainstream
acceptance as a powerful non-invasive technique for the investigation of macroscopic human
brain organisation, and for the elucidation of associations between variation in this functional
architecture and variation in behavioural phenotypes (Shen et al., 2017; Finn et al., 2015; Biswal
et al.,, 1995). While early brain-behaviour studies generated considerable excitement about
functional connectivity’s potential to reveal biomarkers for a range of neurodevelopmental,
psychiatric, and neurological conditions (Castellanos et al., 2013), the robustness and
reproducibility of many findings have recently been called into question (Marek et al., 2022;
Szucs and Ioannidis, 2020; Cremers et al., 2017; Button et al., 2013; Thirion et al., 2007; see
Chapter 1 (Sections 1.4-1.5)). Although accepted practice for the field at the time, subsequent
analyses have found that overly liberal statistical approaches to thresholding, combined with poor
statistical power, may have increased the likelihood of false-positive outcomes (i.e., spurious
findings) (Button et al., 2016; Button et al., 2013). Even when a low-powered study reveals a
“true” effect size, there is a high likelihood that the magnitude of that effect is inflated (Marek et
al., 2022; Anderson et al.,, 2017; Button, 2016; Simmons et al., 2011; Ioannidis, 2005).
Recognising this reality, the resting-state neuroimaging community has shifted towards an
emphasis on data sharing and both retrospective and prospective pooling of neuroimaging data
from multiple sites, creating consortia-level datasets (Casey et al., 2018; Alexander et al., 2017;
Miller et al., 2016; Zuo et al., 2014a; Thompson et al., 2014; Van Essen et al., 2013; Di Martino
et al., 2013; Milham et al., 2012; Petersen et al., 2010; Biswal et al., 2010). The ease of pooling
resting-state data has enabled the creation of datasets containing thousands and even tens of
thousands of participants — a feat that is impossible for any individual laboratory, due to resource
constraints. These collaborative efforts have established several consortia-level resting-state
datasets including the ABCD Study (N=12,000), ABIDE (N=1,112), ADHD-200 (N=947),
ADNI (N=1,821), CoRR (N=1,639, 33 datasets), HCP (N~1,200), HBN (N~10,000), Enhanced
NKI-RS (N=1,589), OASIS (N=3,059), and UKBiobank (N=60,000) among others (see Madan,
2021 for a review on large-scale neuroimaging datasets). Many of these datasets are openly
available (under Open Science CC-BY licences; e.g., ABIDE, ADHD-200, CoRR) and can be
used by anyone, anywhere, while others are available under Data Use agreements (e.g., ABCD

Study, UKBiobank). All are widely used by the neuroimaging community.

Open Science data sharing has provided an unprecedented opportunity to accelerate scientific
discovery, improve reproducible practices, and to “democratise” neuroimaging by dramatically
reducing the resources required to do research (Markiewicz et al., 2021; Milham et al., 2018;

Poldrack and Gorgolewski, 2014; Poline et al., 2012). Given the increasing cost of acquiring an
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MRI scan (e.g., US$500-US$1000/HR), combined with the fact that many researchers do not
have access to an MRI, particularly in the Global South, the Open Science big data movement
has provided researchers with unprecedented opportunities to access large-scale datasets to ask
new questions and devise new hypotheses. For example, Milham et al. (2018) showed that if we
take the sample sizes of 913 studies published using the ABIDE dataset, the cost savings
associated with data collection, phenotyping, and imaging would range from US$893 million to
US$1.7 billion. The proliferation of Open-Source processing pipelines or frameworks such as
fMRIPrep and C-PAC, and the wide adoption of Open Science practices, such as code sharing

(e.g., GitHub), has further boosted this democratising movement.

The advent of consortia-level datasets, particularly those comprising retrospective data collected
without pre-agreed and standardised imaging protocols, generated a need to standardise
neuroimaging data. Two outcomes are community adoption of the FAIR Principles (Wilkinson
et al.,, 2016) and BIDS format (Gorgolewski et al., 2016). The FAIR Principles describe the
characteristics of data and digital objects to support sharing, exploration, reuse, and deposition
by third parties (Wilkinson et al., 2016) — namely, that they should be findable, accessible,

interoperable, and reusable (https://www.go-fair.org/fair-principles/). The BIDS format is a

standard for the organisation of neuroimaging datasets (e.g., file naming conventions, direct
structure, provenance records) that follows FAIR principles and facilitates both data reuse and
automated processing by Open-Source data analysis pipelines (Gorgolewski et al., 2016). For

example, OpenNeuro (https://openneuro.org) shares hundreds of BIDS compliant resting-state,

task-based, and naturalistic fMRI datasets, collected from more than 21,900 participants.
Increasingly, Open-Source pipelines such as fMRIPrep and C-PAC expect BIDS format data,

further reinforcing its adoption across the community.

There has also been a collective effort to deposit statistical maps, brain parcellations, and atlases
from published studies so that they are accessible and available for reuse by the wider scientific

community. One such platform is Neurovault (https://neurovault.org), which is a centralised

repository for unthresholded statistical maps that researchers can reuse in their own analyses
(Gorgolewski et al., 2015). For example, if one wishes to use a whole-brain parcellation as a

mask, they can find the Shen 268 (https://identifiers.org/neurovault.image:395091) or multi-

resolution MIST 7-444 (https://identifiers.org/neurovault.collection:6227) parcellation schemes

available on Neurovault. Another effort is NeuroSynth (https://neurosynth.org; Yarkoni et al.,

2011), which is a meta-analytic database that synthesises large-scale fMRI studies to provide
term-based spatial maps. For example, if one is interested in the functional networks that play a
role in emotion regulation, they can search the term “emotion regulation” in NeuroSynth, which

yields an automated meta-analytic map of 247 studies, from which they can identify
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coordinates of peak meta-analytic activation probability: https://neurosynth.org/analyses/terms/

emotion%20regulation/. Such maps can be important starting points for analyses — for example,

by providing a basis for ROI definition.

Despite the strengths of Open Science and consortia-level data, we should note that not all
research questions can be answered by such datasets, even though we have tens of thousands of
participants at our disposal. For example, researchers interested in the neural bases of disease-
specific processes or rare clinical conditions will not find those well represented in openly
available datasets. Even for neurotypical participants, or for conditions that are relatively well
represented in consortia-level datasets (e.g., ASD, ADHD), factors such as site-to-site variation
in imaging protocols, lack of harmonised phenotypic and clinical assessments, and condition
heterogeneity (e.g., severity, comorbidity, medication status, treatment response) create
challenges that may not be sufficiently addressed by large sample sizes. Finally, although efforts
such as the ABCD Study and UKBiobank are leading the way in longitudinal data collection with
deep phenotyping, the majority of available studies to date use cross-sectional paradigms with
limited or uncoordinated phenotyping, inhibiting the precision with which we can measure

developmental processes and brain-behaviour relationships.

As discussed in Chapter 1, for functional connectivity metrics to serve as biomarkers for clinical
conditions means that methods for the detection of brain-behaviour relationships in a given cohort
must be reproducible. Researchers have long noted that a central concern in this endeavour is
sample size — we must have adequate sample sizes at our disposal to achieve enough statistical
power for estimating the “true” effect sizes of brain-behaviour associations (Yarkoni, 2009; Kelly
et al., 2012). Power reflects the rate of true positives and is inversely related to the rate of false
negatives, such that the lower the statistical power of a study, the lower the likelihood of detecting
true effects above chance. Large-scale studies typically have higher statistical power, so they can
help detect smaller effects, whereas studies with small sample studies can detect only large
effects, which are often subject to inflation (Button, 2016). Therefore, smaller sample sizes in
fMRI studies tend to reduce the likelihood of finding a true brain-behaviour association (if one
truly exists) and increase the likelihood of observing a false-positive association, i.e., inflated
brain-behaviour relationships. This phenomenon then leads to an inflation of positive effect sizes
that are typically observed in the fMRI literature (Poldrack et al., 2017; Yarkoni, 2009). It is
important to remember that underpowered studies are not only prevalent in neuroimaging but are
also present beyond the realm of neuroscience (Szucs and loannidis, 2017; Button et al., 2013;
Ioannidis, 2005). Nonetheless, this motivates the need for the neuroimaging community to work
collaboratively to establish sufficiently powered datasets for functional connectivity-based

biomarker discovery.
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3.2 Considerations of Sample Size and Amount of Data for Reproducible Brain-Behaviour

Relationships

The importance of sample size was recently underscored by Marek et al. (2022), who showed
that very large sample sizes (N £ 2,000) are required to achieve reproducible univariate and
multivariate estimates of brain-wide phenotype associations (BWAS) — statistical associations
between structural and functional brain markers, such as functional connectivity, and phenotypes
such as cognitive ability and general psychopathology. Using the large, longitudinal, richly
phenotyped ABCD Study (N=11,572; 9-10 years), the authors revealed the largest 1% univariate
BWAS across all possible associations are weaker (0.06 < || <0.16) than those typically reported
in low-powered BWAS-based studies and are not reproducible at typical sample sizes (N = 25-
100) (Figure 3.1). Subsequently, they showed that the small BWAS effect sizes derived from
resting-state functional connectivity were consistent in two other consortia-level datasets (i.e., N
=900; ABCD Study: |r| > 0.11; HCP: |r| > 0.12, UKBiobank: |r| > 0.09). The authors further
demonstrated that typical sample sizes inflate estimates of and effect sizes of brain-behaviour
associations, due to sampling variability. Sampling variability, i.e., random variation in a brain-
behaviour association across subsamples of the population, can generate stronger associations
with typical samples sizes by chance. Marek et al. (2022) demonstrated that the 99% confidence
interval (CI) of the univariate BWAS for N =25 was r + 0.52 which was drastically reduced at
r £ 0.07 for much larger sample sizes at N = 1,964. The statistical power (1 - 3, where 3 is the
Type II error, i.e., false negative rate) remains low even for considerably large sample sizes
(N=1000). This is because Type Il errors and inflation rate of the BWAS are still high for very
large N. Moreover, Marek et al. (2022) also showed that the statistical thresholding of BWAS
(i.e., correction for multiple comparisons) can limit the ability to replicate univariate correlation
effects; conservative thresholding in low-powered studies is likely to capture largely inflated
correlations unless N grows to very large (N = 9,500) to achieve 80% power for the detection of
the strongest brain-wide associations. On the other hand, multivariate BWAS has been shown to
achieve larger effects relative to univariate BWAS with large sample sizes (N £ 2,000) although
there is still an inflation rate that persists (Marek et al., 2022). An important feature of this study
is that the authors ensured the univariate and multivariate brain-wide associations were not
affected by head motion by applying a strict motion correction strategy and threshold to retain
only the “low-movement” participants, resulting in the exclusion of a substantially large number

of participants — an issue which I will return to in Section 3.3.
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Figure 3.1. From Marek et al. (2022): Effect sizes and sampling variability of univariate brain-
wide associations (BWAS) from the ABCD Study. (a) Effect sizes of brain-wide associations
derived from cortical thickness and cognitive ability as well as general psychopathology at the
vertex, ROI, and network levels as a function of sample size. (b) Effect sizes of brain-wide
associations derived from resting-state functional connectivity and cognitive ability as well as
general psychopathology at the vertex, ROI, and network levels as a function of sample size. (c)
Largest brain-wide associations of cortical thickness with cognitive ability and general
psychopathology spatially displayed at the ROI-level. (d) Largest brain-wide associations of
resting-state functional connectivity with cognitive ability and general psychopathology spatially
displayed at the ROI-level. I Sampling variability resamples per sample size from N =25 to N =
3,604 for the largest brain-wide associations of cortical thickness with cognitive ability and
general psychopathology. (f) Sampling variability resamples per sample size from N =25 to N =
3,928 for the largest brain-wide associations of resting-state functional connectivity with
cognitive ability and general psychopathology. (g) Examples of two N = 25 subsamples, where
inaccurate default mode network (DMN) associations were observed for cortical thickness with
cognitive ability and general psychopathology. (h) Examples of two N = 25 subsamples, where
inaccurate default mode network (DMN) associations were observed for resting-state functional
connectivity with cognitive ability and general psychopathology.

By suggesting that thousands of participants are needed to identify robust and reproducible
BWAS, Marek et al. (2022)’s paper prompted a scholarly debate (Nature Neuroscience, 2022). If
true, this would put the ability to study brain-behaviour relationships out of the hands of all but a

small number of researchers with access to large enough datasets and sufficient computational
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resources. In response, Rosenberg and Finn (2022) suggest there are other routes toward robust
brain-behaviour relationships that do not require participants in the thousands, including the use
of appropriate study designs (e.g., rest vs. task vs. movies), refined methodological approaches
(e.g., univariate versus multivariate), and Open Science practices (e.g., pre-registration, model
sharing and validation, replication). For example, certain brain states such as those induced by
task performance or by watching a movie are more predictive of an individual’s behaviour
compared to resting-state (i.e., unconstrained) conditions (Greene et al., 2023; Finn and
Bandettini, 2021b; Gao et al., 2019; Greene et al., 2018a). Rosenberg and Finn (2022) cite
research showing that multivariate methods can also improve the robustness of brain-behaviour
associations compared to univariate techniques, because individual functional connectivity
features tend to have lower effect sizes relative to (weighted) brain patterns in the functional
connectome (e.g., Marek et al., 2022). In terms of Open Science practices, pre-registering a study
helps to reduce the “researcher degrees of freedom” by defining the hypotheses and analysis
framework prior to conducting the research. Similarly, researchers should attend carefully to pre-
and post-processing factors that could influence the statistical power of brain-wide associations,
such as spatial normalisation, brain parcellations, and automated processing pipelines (DeYoung
et al., 2022; Bandettini et al., 2022). As described in Chapter 1 (Section 1.5), the number of
options available and the lack of consensus across researchers can lead to thousands of possible
combinations of pre-/post-processing data analysis steps. For example, Carp et al. (2012)
compared the output of 6,912 task-based fMRI analysis pipelines and found a lack of
correspondence in the activation maps related to strength, localisation, and thresholding. Poldrack
et al. (2017) further identified that the choice of data pre-/post-processing steps available to
researchers creates a total of 69,120 possible workflows, potentially introducing significant
variability into estimates, including estimates of functional connectivity. If we take the example
of brain parcellations, use of different parcellation schemes can significantly impact the strength
of brain-behaviour associations, such as relationships between functional connectivity and age or

cognitive ability (Bryce et al., 2021).

Other researchers have also contributed to the discussion stimulated by Marek et al. (2022).
Another route toward increased reproducibility in functional connectivity studies, and fMRI more
generally, is to carefully control for physiological processes, including arousal states and
breathing (Bandettini et al., 2022). Yet another avenue is to focus on smaller samples but using
studies designed to maximise SNR and effect sizes for brain-behaviour associations (Gratton et
al., 2022). For example, within-subject designs can be strengthened using experimental
manipulations that are known to be sensitive for a chosen behavioural measure, while between-
subject designs can be applied to maximise the variations between brain functions and

behavioural measures, e.g., in developing or clinical samples that exhibit significant changes in
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brain function. Moreover, reducing the variability in brain functions and behavioural measures
that relate to “noise” in the fMRI signal could also serve to increase the effect sizes of brain-
behaviour relationships with typical sample sizes. Such studies could also employ “precision
mapping” data — individual-specific brain network organisation derived from highly sampled
fMRI data (Gordon et al., 2017; Poldrack et al., 2015) or individualised brain parcellations (Kong
et al., 2021; Salehi et al., 2020; discussed in Chapter 2 (Section 2.4)) — to boost signal by
minimising the “noise” associated with morphological and functional variability in functional
connectivity estimates (Sarwar et al., 2020; Lang et al., 2015; Sporns, 2013). One conclusion we
can draw from the discussion sparked by the Marek et al. (2022) paper is that sample size is not
the only route to robust and reproducible brain-behaviour associations: methodological choices
aimed at improving the reproducibility of functional connectivity estimates themselves may also
achieve this end. In recent years, one factor that negatively influences functional connectivity

estimates has received considerable attention: head motion.

3.3 Impact of Head Motion on Functional Connectivity in Youths and Adults

Head motion has been a long-standing concern in fMRI research as it can significantly inflate
functional connectivity estimates across a diverse range of populations (Frew et al., 2022; Power
etal., 2014; Yan et al., 2013a; Yan et al., 2013b; Van Dijk et al., 2012; Power et al., 2012; Kelly
et al., 2012). This is particularly true in youth samples due to the presence of heightened in-
scanner motion (Satterthwaite et al., 2012); head motion typically decreases with increasing age
(Frew et al., 2022; Vanderwal et al., 2019; Greene et al., 2018b; Satterthwaite et al., 2012). The
canonical trajectory of developmental change in functional connectivity from childhood to
adulthood is increased distant connectivity (e.g., integration) and reduced local connectivity (i.e.,
segregation) with increasing age (Dosenbach et al., 2010; Fair et al., 2009; Fair et al., 2007).
Unfortunately, head motion exhibits the inverse pattern: more severe head motion is associated
with weaker long-distance functional connectivity and increased local connectivity (Zeng et al.,
2014; Yan et al., 2013a; Yan et al., 2013b; Van Dijk et al., 2012) — thus, the typical pattern of
developmental change in functional connectivity may simply be the spurious product of age-
related decreases in the severity of head motion (Power et al., 2012). Head motion is therefore a
significant confound that must be both minimised and, because it can never be fully removed,

controlled for in analyses of functional connectivity data.

In addition to directly influencing functional connectivity estimates, head motion can constitute
a phenotypic index in itself. For example, head motion is associated with poorer inhibition and
cognitive flexibility in older adults (Hausman et al., 2022), and with impulsivity in youths and

adults, further confounding studies of clinical cohorts, such as ADHD (Kong et al., 2014). Head
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motion exhibits significant relationships with behavioural phenotypes across a broad range of
domains such as cognition, emotion, executive function, and personality (Siegel et al., 2016),
extending to demographic (e.g., education) and physiological (e.g., blood pressure, weight, BMI)
measures (Siegel et al.,, 2016). The presence of in-scanner motion may also reflect
neurobiological correlates of functional brain organisation mainly in the default mode network as

evidenced by diminished distant functional connectivity within the network (Zheng et al., 2014).

One approach to minimising biases associated with head motion and potentially spurious
relationships with behavioural phenotypes is to apply motion correction strategies during pre-
and post-processing. All such strategies begin with the quantification of motion. One of the most
commonly used metrics to quantify in-scanner motion is framewise displacement (FD; Power et
al., 2012; Jenkinson et al., 2002). During the functional preprocessing stage, each fMRI volume
is rigidly realigned to a base volume, which produces a set of realignment parameters (RPs),
indexing how much a given volume must be rotated (along the X, y, and z axis) or translated
(pitch, roll, yawn) to align with the base volume. FD is computed as the sum of the absolute
values of the differentiated RP estimates for every volume (i.e., the difference between the current
and the preceding volume) and a participant’s overall head motion is usually computed as mean

FD (Power et al., 2012) or root-mean-square [rms] FD (Jenkinson et al., 2002).

While multiple strategies are available to mitigate the influence of head motion during
preprocessing (e.g., GSR, temporal censoring, ICA, tissue-specific signal regression, principal
component analysis [PCA]), none succeed in removing the influence of motion completely
(Parkes et al., 2018; Ciric et al., 2017; Yan et al., 2013a; Yan et al., 2013b). An important first
step in any analysis to reduce the impact of motion, therefore, is to exclude participants that have
a mean FD or rmsFD above a predefined threshold. However, there is no clear consensus on the
ideal head motion threshold that one should apply. Given the concerns discussed above, about
motion biases on functional connectivity measures, particularly in the context of development or
group differences in motion severity, some studies have applied very strict motion thresholds
(e.g., mean FD/rmsFD < 0.10 mm) to retain only those participants with minimal movement
(Marek et al., 2022; Byrge and Kennedy, 2018; Zheng et al., 2014). Although this is an
understandable approach, a conservative head motion threshold can result in having to exclude
large numbers of participants from a sample. This trade-off is exemplified in the landmark paper
of Marek et al. (2022), which employed a stringent FD threshold (filtered FD < 0.08 mm) that
resulted in only ~34% of the total sample size (N = 3,928/11,572) being retained for analyses. A
requirement to discard nearly two-thirds of a sample could certainly be deemed a considerable
waste of resources, and potentially unethical, from the perspective of the participants who

dedicated considerable time and effort to participating in the study, as well as the scientists who
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dedicated their time and effort to collecting the data. Moreover, in the context of developmental
and clinical cohorts, the participants who tend to be excluded for motion are usually those who
are the youngest (Vanderwal et al., 2015) or who exhibit more severe symptoms/difficulties (e.g.,
ADHD, multiple sclerosis) (Wylie et al., 2014; Durston et al., 2003). Salvaging their data would
maximise inclusivity, enabling a wider spectrum of behaviour to be investigated. This could be
particularly beneficial for the investigation of brain-behaviour relationships, which might
otherwise suffer from range restriction (i.e., due to being limited only to the less severe or
unimpaired range of the behavioural spectrum). While motion corrupts the timepoints during
which it occurs as well as their surrounding timepoints (Power et al., 2015; Power et al., 2014;
Power et al., 2013), even high-motion participants may still have some useable (low-motion)
timepoints within a given scan. Rather than discarding all participants who exceed a mean FD or

rmsFD threshold, could some of their data be salvaged? Chapter 4 aims to answer this question.

101



Chapter 4

Chapter 4

Towards data salvage in high-movement cohorts: bagging yields robust

and reproducible brain-behaviour relationships

Paper (In Preparation)

Ramduny, J., Vanderwal., T., & Kelly, C. Towards data salvage in high-movement cohorts:

bagging yields robust and reproducible brain-behaviour relationships.

Authors

Jivesh Ramduny'?, Tamara Vanderwal*s, Clare Kelly"**

'School of Psychology, Trinity College Dublin, Dublin, Ireland

’Department of Psychiatry, School of Medicine, Trinity College Dublin, Dublin, Ireland
3 Trinity College Institute of Neuroscience, Trinity College Dublin, Dublin, Ireland
*Department of Psychiatry, University of British Columbia, Vancouver, BC, Canada
°BC Children’s Hospital Research Institute, Vancouver, BC, Canada

102



Chapter 4

Authorship Contribution Statement

Jivesh Ramduny: Conceptualisation, Methodology, Formal analysis, Investigation, Writing —
original draft, review & editing. Tamara Vanderwal: Conceptualisation, Investigation, Writing
— original draft, review & editing. Clare Kelly: Conceptualisation, Funding, Methodology,
Formal analysis, Investigation, Writing — original draft, review & editing, Supervision, Project

administration.

103



Chapter 4

Abstract

The conflicting demands of achieving larger sample sizes and good data quality have pushed the
neuroimaging community towards acquiring thousands of participants for adequate statistical
power and at the same time, have compelled researchers to exclude large number of participants
to minimise the presence of motion artefacts in typical brain-behaviour association studies as
these individuals are often regarded as “high-motion”. In the present study, I proposed a
resampling strategy referred to as “bagging” or bootstrap aggregation at the level of timeseries to
identify an individual’s functional connectome from resting-state fMRI data obtained from CoRR
and HBN. First, I showed that functional connectomes computed on the basis of bagged low-
motion data yield good ID accuracy. Second, I demonstrated that bagging produces robust brain-
behaviour associations as a function of sample size with as few as 60 “clean” timepoints. These
associations were comparable with a standard approach employing the full fMRI timeseries.
Lastly, I showed that the utility of bagging lies in maximising participant inclusivity by salvaging
high-motion participants that would otherwise be discarded. While the findings from bagging
were reproducible across different head motion thresholds and edges in the functional
connectome, I recommend the examination of brain-behaviour relationships with other
behavioural phenotypes and consortia datasets that involve youth populations (e.g., ABIDE,
ABCD Study) to assess the generalisability of bagging for typical brain-behaviour association

studies.
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4.1 Introduction

As discussed in Chapter 3, researchers who examine brain-behaviour relationships need to meet
sample size demands, to obtain adequate statistical power for reproducible associations, as well
as data quality demands, to mitigate the confounding influence of motion-related and other
artefacts. While the sample size requirement is often satisfied by the use of large consortia
datasets, good data quality is usually achieved by retaining only low-motion data, i.e., discarding
participants who move excessively. In some cohorts, the latter can lead to large numbers of

participants being excluded.

When discarding participants on the assumption that their data are “unusable,” we reduce the
inclusivity of our dataset and limit the diversity of the samples we have at our disposal for brain-
behaviour analyses. Participants who are excluded in such analyses are those who are the
youngest and/or experience severe clinical conditions (Vanderwal et al., 2015; Wylie et al., 2014;
Durston et al., 2003; see Chapter 3 (Section 3.3)). This limits our study of a particular symptom
or behavioural dimension, since such exclusions likely truncate its range. In the context of brain-
behaviour analyses, this impedes reproducibility — imposing a range restriction violates the
assumptions of correlation by reducing the representativeness of the sample, relative to the
population (Goodwin and Leech, 2006). Restricting the range of symptoms and/or behaviours
also reduces the effect sizes of brain-behaviour relationships by decreasing the variability of the

data (Gratton et al., 2022).

Instead of discarding participants whose motion exceeds a given threshold, here, I propose a
means to salvage these individuals’ data so that they can be retained in analyses, thus boosting
sample size and diversity for the examination of brain-behaviour associations. Specifically, I
implement “bagging”, also known as bootstrap aggregation, at the timeseries level (Opitz and
Maclin, 1999; Breiman, 1996); in terms of its implementation, bagging means resampling with
replacement to create multiple random subsets of the training data. These subsamples can then be
used to generate several instances of a machine learning model, and their predictions are
aggregated to yield more robust performance estimates (see Appdendix D for more details about
the implementation of bagging). The main advantage of this bootstrap sampling technique is that
it can minimise variability and bias in a noisy high-dimensional dataset (Varoquaux et al., 2017,
Dudoit and Fridlyand, 2003). That is, creating multiple subsamples of the training data and
aggregating their performances reduce model underfitting (i.e., low variance and high bias) and/or
overfitting (i.e., high variance and low bias) in addition to improving model generalisability in
unseen datasets (Varoquaux et al., 2017; Dudoit and Fridlyand, 2003). Bagging can be applied at

the level of samples by computing bootstrap subsets of the training data or at the level of
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timeseries themselves by sampling random timepoints — both across a number of iterations (e.g.,

= 100).

An approach similar to bagging, jack-knife resampling, was first applied to fMRI data in a proof-
of-concept study to estimate Cls for correlation coefficients indexing task-evoked activation
during a finger-tapping paradigm (Biswal et al., 2001). Specifically, 85 timepoints were
repeatedly resampled (without replacement) from a timeseries of 90 timepoints acquired during
4.5 cycles of 20 seconds alternating finger-tapping/rest. For each of the 1000 jack-knife samples,
the box-car reference waveform was also resampled in a matched fashion and the correlation
between the reordered fMRI timeseries and waveform was computed. This process produces an
approximation of the theoretical population from the observed data (sample), enabling the
estimation of reliability and CIs for the parameter of interest (here, correlation with the reference
waveform). Biswal et al. (2001) then generated maps of task-evoked activation thresholded on
the basis of the estimated distributions, rather than a simple fixed correlation coefficient
threshold. Biswal et al. (2001) argued that this approach produced more robust, sensitive
activation maps because it better accounts for variation in both signal (response) and noise across
voxel. They also suggested that this approach reduces the chance of false positives, thus

increasing reproducibility.

Bagging can also be applied at the level of participants to create bootstrap resampled groups. For
example, bagging was used by Richiardi et al. (2011) to create bootstrapped sets of training data
(participant-level functional connectivity matrices), which were used to train classifiers to decode
brain states (e.g., resting-state, movie-watching) from functional connectivity patterns. Averaging
predictions across bootstrapped samples improved classification accuracy. Participant-level
resampling of training data and aggregation of model parameters and features also improve the
accuracy and generalisability of brain-behaviour models for a range of phenotypic measures (e.g.,
fluid intelligence, sustained attention, cognitive flexibility, processing speed) using connectome-

based modelling as well as other prediction frameworks (O’Connor et al., 2021; Wei et al., 2020).

Combining both approaches, Bellec et al. (2010) and Nikolaidis et al. (2020) used bagging within
individual participants’ timeseries and across participants to improve the reproducibility of
functional brain parcellations derived from relatively short acquisition scans (e.g., 6 min).
Specifically, Nikolaidis et al. (2020) applied bagging to create multiple bootstrap resampled
timeseries (using circular block resampling) for each participant. Clustering was applied to these
resampled timeseries and cluster solutions were transformed to adjacency matrices, which were
then averaged for each participant. Bagging was then applied again at the participant level —

individual adjacency matrices were averaged within many resampled groups, and clustering was
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applied to these group-mean adjacency matrices to obtain a final cluster solution. This approach
increased the reliability (assessed using the ICC), and reproducibility of functional connectivity-
based parcellations across a number of acquisition (e.g., scan lengths, scanner, imaging sites) and
processing (e.g., clustering parameters and algorithms) parameters. Moreover, reproducibility for
the bagging approach applied to 6-min scans was greater than that for the standard parcellation
approach applied to scans that were double the duration. This suggests that bagging may
compensate for the effects of short scan durations (see Chapters 1 and 2 for a discussion of the

association between scan duration and reproducibility).

In the present study, my focus is on bagging at the level of individual timeseries; this approach is
conceptually similar to that used by Biswal et al. (2001), Bellec et al. (2010), and Nikolaidis et
al. (2020). A key difference is that, rather than randomly resampling timepoints from an
individual timeseries, I first sorted each individual’s timepoints according to motion (rmsFD; see
Chapter 3 (Section 3.3)). I then retained those timepoints with the least motion (requiring all
timepoints to exhibit motion below a given threshold) and performed bootstrap resampling (with
replacement) within this subset to create multiple bootstrap resampled timeseries for each
participant. I computed functional connectivity for each sample and averaged across samples to
derive an average functional connectivity matrix for each participant. In Chapter 2, I showed
that fingerprint ID accuracy can be used to assess the impact of methodological factors on the
reproducibility of functional connectivity estimates. Here, I followed the same logic to assess the
reproducibility of this bootstrap resampling strategy by examining the effect of bagging on
fingerprint ID accuracy. I complemented this test of reproducibility with an examination of
validity — following Marek et al. (2022), I also examined the impact of bagging on estimates
and Cls for brain-behaviour relationships as a function of sample size. For both analyses, the
results obtained using bagged functional connectivity matrices were compared to those obtained
using standard, full timeseries. I hypothesised that bagging would yield reproducible functional
connectivity matrices, and robust brain-behaviour relationships. I suggest that the bagging
method offers a promising avenue to rescue data from high-motion participants who would
otherwise be excluded, thus enabling researchers to maximise sample size, and compute more

inclusive and reproducible brain-behaviour relationships.

4.2 Materials & Methods

4.2.1 Participants
Consortium for Reproducibility and Replicability [CoRR]: From the five CoRR datasets that were

employed in Chapter 2, the UPSM (N = 92) dataset was used in the present study. Each

participant had at least one anatomical and two-resting fMRI scans (see Chapter 2 (Section
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2.2.1) for the demographic information and acquisition parameters of the dataset). The purpose
of including this CoRR dataset was to assess the impact of bagging on connectome-based

fingerprint identification, following the same logic in Chapter 2.

Healthy Brain Network [HBN]: Data were obtained from the HBN (http://fcon_1000.projects.ni

trc.org/indi/cmi_healthy brain_network/), which is a community-based help-seeking sample of

children and adolescents from the Greater New York area (Alexander et al., 2017). Neuroimaging
and phenotypic data were obtained from the Cornell Brain Imaging Center (CBIC) site in
Releases 4-9 comprising 682 participants. Approval was obtained from the Chesapeake
Institutional Review Board; written consent was provided by participants who were at least 18
years old, while written consent was obtained from legal guardians and from the participants who
were under 18 years. For each participant, at least one anatomical and two resting-state fMRI
scans were obtained from the same imaging session (i.e., within-session scans). Quality control
was performed on all the scans to check for potential scan artefacts in addition to ensuring that
each participant had two runs of resting-state fMRI data as well as their phenotypic data to reflect
their age and sex. Note that motion was addressed as part of the analyses; no initial head motion
threshold was applied. A total of 423 participants (153 females; age range = 6-20 years; mean
age+SD = 10.743.0 years) remained in the cohort for subsequent analyses.

4.2.2 HBN MRI Data Acquisition

Structural T1-weighted and functional scans were acquired at the CBIC using a Siemens 3T
Prisma scanner with a 32-channel head coil. A 3D T1-weighted MPRAGE volume with spatial
resolution 0.8 x 0.8 x 0.8 mm® was obtained for each participant (224 sagittal slices, TR = 2500
ms, TE = 3.15 ms, flip angle = 8°). The two runs of resting-state fMRI data were acquired with
echo-planar imaging sequences (60 slices, voxel size = 2.4 x 2.4 x 2.4 mm’, multiband factor =
6, TR = 800 ms, TE = 30 ms, flip angle = 31°). The participants underwent two 5 min functional

runs while they fixated a cross on the screen and both runs consisted of 375 volumes.

4.2.3 MRI Preprocessing Pipeline

The structural T1-weighted and functional data derived from CoRR and HBN were preprocessed
using a previously defined pipeline (Yan et al., 2013a; Yan et al., 2013b; Craddock et al., 2013c;
see Chapter 2 (Section 2.2.2)) which includes AFNI (https://afni.nimh.nih.gov), FSL (https://fs
l.fmrib.ox.ac.uk/fsl/fslwiki/FSL), and ANTs (https://github.com/ANTsX/ANTSs).

4.2.4 Head Motion
To identify high-motion participants in the CoRR and HBN datasets, a head motion threshold of
rmsFD > 0.20 mm was applied (Satterthwaite et al., 2013; Jenkinson et al., 2002). This predefined
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threshold is consistent with the one applied in Chapter 2. After applying a rmsFD > 0.20 mm, a
total of 67 participants remained in the UPSM dataset which corresponds to ~73% of the original
sample size. For the HBN, a total of 255 participants were retained in the cohort which represents

~60% of the original sample size.

4.2.5 Parcellation Scheme
[ used a whole-brain parcellation scheme to compute the functional connectivity matrices of each

participant in the CORR and HBN datasets (https://neurovault.org/images/395091/; Shen et al.,

2013). The Shen 268 parcellation scheme describes the cortical, subcortical, and cerebellar
regions with a reasonable number of parcels. Although the properties of the individual functional
connectome are better captured with finer cortical brain atlases (e.g., Schaefer 1000-17Networks;
see Chapter 2), their applications make them highly computationally intensive to construct
functional connectivity matrices for each participant. Similarly, functional networks such as the
medial frontal and frontoparietal networks are highly predictive of an individual’s functional
connectome (see Chapter 2). The aims of the present study, however, focus on the whole-brain
functional connectome rather than on connectomes derived from specific functional networks.
When the Shen 268 parcellation scheme was applied, a total of [(268 x 268) —268] / 2 = 35,778

unique edges were obtained in the whole-brain functional connectome.

4.2.6 Functional Connectivity: Standard Approach

Using the Shen 268 parcellation scheme, the mean timeseries of each ROI was extracted prior to
computing the Pearson’s correlation coefficient () between all possible ROI pairs to construct a
268 x 268 functional connectivity matrix for each participant. Hence, the correlation values
represent the connectivity strengths (edges) between two ROIs (nodes). This procedure was
repeated for the two functional runs (REST1, REST?2) such that an individual had two functional
connectivity matrices which reflect their connectivity profiles. I eliminated some edges in the
functional connectivity matrices for each participant due to the lack of spatial coverage (i.e., zero
values) across the whole brain. I also removed duplicate edges by considering only the upper
triangular part of the functional connectivity matrices. For CoRR, there were 30,381 unique edges
that remained in REST1 and REST2. For HBN, there were 25,200 distinct edges that remained
in REST1 and REST2.

4.2.7 Functional Connectivity: Scrubbing

To identify motion-corrupted timepoints in the fMRI timeseries, a volume censoring strategy
commonly referred to as “scrubbing” was applied for the CoRR and HBN datasets (Figure 4.1;
Power et al., 2015; Power et al., 2014; Power et al., 2013). For each participant, a contaminated

timepoint T is identified in their fMRI timeseries if its rmsFD > 0.20 mm. Once T has been
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identified, the preceding timepoint (T — 1) and two succeeding timepoints (T + 1, T + 2) are
censored in the fMRI timeseries. By removing a total of four timepoints for each T in the fMRI

timeseries, the residual motion that persists in the neighbouring timepoints of T is minimised.

4.2.8 Functional Connectivity: Bagging Approach

Using the scrubbed timeseries, | employed the bagging approach (Figure 4.1), where I selected
samples of the least motion-corrupted timepoints denoted by minTP. I ranked the scrubbed
timeseries by their least rmsFD values and selected the top timepoints based on the minTP
threshold. This is an important step that prevents participants from having varying numbers of
timepoints in their scrubbed fMRI timeseries. I then took 500 bootstrapped samples, with
replacement, of TP timepoints. For each participant, a mean bagged functional connectivity
matrix was then obtained by averaging the functional connectivity matrices across the 500
samples. I also evaluated the importance of bagging by comparing results to those obtained using

only 1 iteration (relative to 500) — a procedure I refer to as “one-sample bootstrap”.

The approach to resampling that was taken here is more similar to that of Biswal et al. (2001),
who subsampled task-based fMRI timeseries without replacement, than that of Bellec et al. (2010)
and Nikolaidis et al. (2020), who used the circular block bootstrap. The circular block bootstrap
is considered preferable because it better allows for temporal autocorrelation in the timeseries,
which is known to contribute to functional connectivity (Arbabshirani et al., 2014) and fingerprint
ID accuracy (Shinn et al., 2023). Here, due to the prioritisation of low-motion timepoints, and the
exclusion of the preceding and two succeeding timepoints after a motion-contaminated timepoint,
it was not possible to apply circular block bootstrap while still retaining sufficient timepoints for
the calculation of functional connectivity. I may expect some impact of disrupted temporal
autocorrelation, although the literature is mixed on whether this would be a positive (e.g.,

Arbabshirani et al., 2014) or negative (e.g., Shinn et al., 2023) outcome.
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Figure 4.1. Schematic describing the scrubbing and bagging procedures. The Shen 268
parcellation scheme is applied to extract the fMRI timeseries of all the participants in the CoRR
and HBN datasets. When scrubbing is performed, a motion-corrupted timepoint is identified in
the fMRI timeseries if its rmsFD > 0.20 mm. After censoring that timepoint, its preceding and
two succeeding timepoints are also removed in the timeseries. Bagging is performed using the
scrubbed timeseries by (1) selecting the least motion-corrupted timepoints (ranked by their
rmsFD values) that match a predefined threshold denoted by minTP to prevent participants from
having varying number of timepoints which can be sampled from, and (2) bootstrapping samples
of'a given size TP from the motion-limited timepoints with replacement across 500 iterations. For
each participant, the mean bagged functional connectivity matrix is computed by averaging the
500 functional connectivity matrices.

4.2.9 Functional Connectome Fingerprinting

I tested the abilities of the standard and bagging approaches to identify an individual based on

their functional connectivity profiles from REST1 and REST?2 as previously described by Finn et
al. (2015), and in Chapters 1 (Section 1.7) and 2. The identification procedure was performed
by creating the “database” D which stored either the standard or bagged functional connectivity
matrices of each individual from RESTI1. Iteratively, the standard or bagged functional
connectivity matrix from a given individual from REST2 was selected, and this functional
connectivity matrix was treated as the “target matrix” T. Similar binary identification (BID) was
performed on the standard and bagged functional connectivity matrices by exchanging the D <
T configurations to compute the mean BID accuracy for the CoRR and HBN datasets. The mean
BID accuracies were also computed for the one-sample bootstrap. The mean BID accuracies were

then plotted as a function of timepoint (TP) ranging from 60 to the full timeseries of each dataset.
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4.2.10 Brain-behaviour Relationships: Standard and Bagging Approaches

To detect univariate brain-behaviour relationships, I performed partial Spearman’s Rank
correlation (Rs) between functional connectivity and age at the edge level using the full timeseries
(i.e., unscrubbed — 375 volumes) from the HBN while treating sex and head motion (indexed by
rmsFD) as covariates. The edge that shared the strongest brain-behaviour relationship (highest
Rs) was selected after applying a False Discovery Rate (FDR) to correct for multiple comparisons
(across 25,200 edges). I identified the strongest edge and its ROI-ROI pair to reduce the high
computational costs for the subsequent analyses and I refer to this procedure as the standard
approach. Following the logic of Marek et al. (2022), I then established the robustness of the
brain-behaviour relationships using the standard approach across different sample sizes. Each
sample size was bootstrapped without replacement over 500 iterations, where I randomly selected
samples of the low-motion participants at 13 intervals: N € {20, 40, 60, 80, 100, 120, 140, 160,
180, 200, 220, 240, 255}. For each sample size, the mean brain-behaviour & and 95% ClIs were
plotted as a function of N.

I repeated the brain-behaviour analyses by calculating R between functional connectivity and

age using the scrubbed timeseries from the HBN while treating sex and head motion (indexed by

rmsFD) as covariates for the same edge that shared the highest correlation strength with the
standard approach. The robustness of the brain-behaviour R; was computed on the basis of the
bagged functional connectivity matrices across different sample sizes which follows similar
sampling procedures as the standard approach. The mean brain-behaviour K and 95% Cls were
plotted as a function of V. I assessed the performance of the standard and bagging approaches by
computing their areas under the curve (AUC) such that a lower AUC indicates tighter 95% Cls.
To compare the difference in AUC between the two approaches, I computed the rate of change
in AUC as denoted by AAUC. I also derived the AAUC to compare the performance of bagging

and one-sample bootstrap.

4.2.11 Salvaging high-movement participants for connectome-based fingerprinting and
brain-behaviour relationships
Given that connectome-based fingerprinting and brain-behaviour analyses often exclude a large
number of “high-movement” participants with a predefined rmsFD threshold, I examined the
possibility of computing fingerprint ID accuracies and brain-behaviour Ry using the bagged
functional connectivity matrices derived from the scrubbed timeseries of these individuals
without applying the initial rmsFD threshold set at 0.20 mm. Connectome-based fingerprinting
was first performed as described in Section 4.2.9 with the bagged functional connectivity

matrices from REST1 and REST2 with all the participants in the CoRR and HBN datasets
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including the high-motion individuals who had at least minTP uncorrupted timepoints available.
The mean BID accuracies were plotted as a function of timepoint (TP) ranging from 60 to the full
timeseries of each dataset. Subsequently, the univariate brain-behaviour analyses were repeated
with bagging by including the high-motion participants who had least motion-corrupted
timepoints that matched the minTP threshold and who would have otherwise been discarded. The
robustness of the brain-behaviour K; was computed on the basis of the bagged functional
connectivity matrices across varying sample sizes derived from all the participants in the sample
who had enough useable timepoints. The mean brain-behaviour K and 95% Cls were also plotted

as a function of V.

Finally, I assessed the reproducibility of bagging in two ways. First, I assessed the ability of
bagging to salvage the high-movement participants who would otherwise be discarded for brain-
behaviour associations by applying a stringent rmsFD threshold set at 0.08 mm as previously
reported by Marek et al. (2022). Second, I investigated the impact of bagging on brain-behaviour
associations for the first 10 edges selected on the basis of their correlation strengths (R;) after
applying an FDR threshold to correct for multiple comparisons (across 25,200 edges). Given that
the edges share a behavioural relevance with age that may differ in their magnitude and direction,
I assessed whether bagging can produce robust brain-behaviour relationships regardless of the
valence of specific edges in the functional connectome. I computed the AUC for the bagging and
standard approaches followed by the AAUC and one-sample bootstrap comparison. The mean
brain-behaviour R and 95% ClIs derived from the bagging and standard approaches were also

plotted as a function of N.

4.3 Results

4.3.1 Applying bagging to perform connectome-based fingerprint identification

To test whether bagging generates reproducible functional connectivity matrices, I derived the
fingerprint ID accuracies from CoRR (N = 67) and HBN (N = 255) after applying a rmsFD <
0.20 mm threshold to exclude participants with excess motion. Given that fingerprint ID accuracy
is usually computed with the full timeseries, and tends to increase with longer timeseries
(Vanderwal et al., 2021; Venkatesh et al., 2020; Vanderwal et al., 2017; Finn et al., 2015; see
Chapter 2), I expectedly found that the BID accuracies were optimal with the standard approach
(Figure 4.2). For CoRR, the BID accuracy was 42% and for HBN, the BID accuracy was 78%.
When I applied bagging with the scrubbed timeseries with minTP = 60 and varied TP from 60 to

the full number of timepoints of each dataset, the BID accuracy for CoRR and HBN achieved
good accuracy, albeit lower than that for the full timeseries (33% for CoRR and 64% for HBN;
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Figure 4.2). This means that using bootstrap samples of only 60 timepoints largely preserved BID
accuracy. There was a clear benefit of computing the functional connectome on the basis of
bootstrapped data —when only one sample (rather than 500) was taken, BID accuracies were

lower, at least for smaller TP (TP = 60, 80; Figure 4.2).

0 Connectome-based identification [CORR N = 67] 10 Connectome-based identification [HBN N = 255]
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Figure 4.2. Applying bagging and one-sample bootstrap (minTP = 60) to perform connectome-
based fingerprint identification derived from CoRR and HBN. Left Panel: Fingerprint accuracy
measured by BID as a function of TP ranging from 60 to 194 by excluding “high-motion
participants” with a rmsFD > 0.20 mm. Right Panel: Fingerprint accuracy measured by BID as a
function of TP ranging from 60 to 375 by excluding “high-motion” participants with a rmsFD >
0.20 mm. Dotted black lines represent the BID accuracy obtained from the standard approach
using the full timeseries of each dataset. Solid navy lines denote the BID accuracies obtained
from bagging. Solid teal lines correspond to the BID accuracies obtained from one-sample
bootstrap.

4.3.2 Standard brain-behaviour relationships as a function of sample size

I computed univariate brain-behaviour associations by performing partial Spearman’s Rank
correlation (R;) between functional connectivity and age while treating head motion (indexed by
rmsFD) and sex as covariates. I first employed the standard approach, which uses the unscrubbed
timeseries (i.e., 375 volumes) from REST1 derived from the HBN (N =255). The brain-behaviour
relationships between functional connectivity and age were obtained using the strongest edge
(highest R;) from the whole-brain functional connectome after applying an FDR threshold to

correct for multiple comparisons (across 25,200 edges).
Plotting the brain-behaviour associations between functional connectivity and age as a function

of N, revealed an expected tightening of the 95% Cls as the sample size increased from small (N

= 20) to large (N = 255) (Figure 4.3). |Rs| was 0.35 across Ns.
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B;%Ln-Behaviour Relationships as a Function of Sample Size
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Figure 4.3. Correlations between functional connectivity and age obtained from REST1 using
the standard approach as a function of sample size. Solid teal line shows the mean correlations
derived from 500 bootstrap samples for a given sample size. Teal shading denotes the minimum
and maximum correlations across 500 bootstrap samples for a given sample size. Black dotted
line represents the lower and upper bounds of the 95% Cls. After applying a rmsFD < 0.20 mm
to exclude the “high-movement” participants, the sample size was reduced to 255.

4.3.3 Bagged brain-behaviour relationships as a function of sample size

I repeated the analysis of brain-behaviour relationships as a function of sample size using the
bagging approach (applied to REST1, HBN dataset). The brain-behaviour relationships between
functional connectivity and age were computed using the strongest edge (highest &) from the
whole-brain functional connectome that was obtained from the standard approach. In the first
instance, I set minTP = 200, i.e., I selected 200 least motion-corrupted timepoints from the
scrubbed timeseries based on their rmsFD values. As a result, the sample size was reduced to N
= 239. To compare the performance of bagging with the standard approach, I repeated the brain-
behaviour analyses using the standard approach for N = 239. Using the standard approach, I
observed similar tightening of the 95% ClIs as the sample size increased from typical (N = 20) to
large (N = 239), and |R¢| was 0.37 (Figure 4.4A). Bagging using TP € {20, 60, 100} achieved
robust correlations between functional connectivity and age which were comparable to those
obtained using the standard approach, across the three TP thresholds (|Rs| = 0.35 for each TP)
(Figure 4.4B).

These observations were confirmed by the AUC analysis (Figure 4.4C). The AAUC, which
quantifies the amount of change in AUC between the standard and bagging approaches, was
small, ranging from 0.9% to 2.7% across the three TP thresholds (AAUCrp20 = 2.7%; AAUCrpeo
=0.9%; AAUCrpi00 = 1.0%). In contrast, AAUC for one-sample bootstrap was associated with
significant widening of the 95% ClIs (AAUCrtp20 = 29.1%; AAUCrps0 = 14.5%; AAUCrtpi00 =
12.6%) (Figure 4.4D).
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Figure 4.4. (A) Correlations between functional connectivity and age obtained from REST1
using the standard approach as a function of sample size. The sample size was set to 239 to
facilitate the comparison of the standard approach with bagging. (B) Correlations between
functional connectivity and age obtained from REST1 as a function of sample size using bagging
during which participants have least amount of contaminated timepoints that match the minTP
threshold (e.g., 200) and number of bagged timepoints, i.e., TP (e.g., 20, 60, 100). (C) Comparison
of the 95% Cls between the standard approach and bagging with the area under curve (AUC).
Dotted coloured line represents the 95% Cls derived from the standard approach. Solid coloured
line represents the 95% Cls derived from bagging. (D) Correlations between functional
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connectivity and age obtained from REST1 as a function of sample size using one-sample
bootstrap.

4.3.4 Robust brain-behaviour associations with minimally bootstrap timepoints

To investigate the impact of the number of timepoints available for analysis, I reduced minTP
from 200 to 60. Setting TP to 20 increased the sample size to N = 255. Even with as few as 20
timepoints bootstrap sampled from 60 total timepoints, I observed robust brain-behaviour
associations (Figure 4.5). Standard and bagging approaches yielded comparable brain-behaviour
associations as demonstrated by their AUCs (AAUCrtp20 = 2.9%). Increased variability in the
brain-behaviour correlations was also observed with one-sample bootstrap relative to bagging

AAUCrr0 = 18.3%) (Figure 4.5).
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Figure 4.5. Correlations between functional connectivity and age obtained from REST1 as a
function of sample size using bagging during which participants have minimally bootstrap
timepoints that match the minTP threshold (e.g., 60) and number of bagged timepoints, i.e., TP
(e.g., 20). Solid purple line shows the mean correlations, purple shading denotes the minimum
and maximum correlations, and black dotted line represents the lower and upper bounds of the
95% CIs. The AUC is displayed to compare the 95% Cls between the standard approach and
bagging. Dotted blue line represents the 95% Cls derived from the standard approach. Solid purple
line represents the 95% Cls derived from bagging. The correlations between functional
connectivity and age obtained from REST1 as a function of sample size is also shown using one-
sample bootstrap.

4.3.5 Influence of minTP and TP on bagged brain-behaviour relationships

Figure 4.6 illustrates the influence of minTP (minTP € {60, 100, 200}) and TP (TP € {20, 60,
100}) directly. Varying the minTP threshold revealed a non-linear relationship between the
widths of the 95% Cls and sample size (Figure 4.6A). Across the three minTP thresholds, the
widths of the 95% Cls were considerably large (widthmintrso = 0.86; Widthmintpico = 0.83;
widthmintr200 = 0.80) at typical sample sizes (N = 20) but narrowed non-linearly (width = 0.01 for
each minTP) with increasing number of participants (N = 255). When I varied the TP thresholds,
I detected a similar non-linear relationship between the widths of the 95% Cls and sample size

(Figure 4.6B). Across the three TP thresholds, the widths of the 95% Cls were large (widthrpao =
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0.86; widthrpso = 0.77; widthrpi0o = 0.80) at small sample sizes (N = 20) but non-linearly tightened
(width = 0.01 for each TP) as the sample size became large (N = 255).
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Figure 4.6 (A) Influence of minTP using bagging on the width of the 95% ClIs by keeping TP
constant at 20 such that minTP € {60, 100, 200}. (B) Influence of TP using bagging on the width
of the 95% ClIs by keeping minTP constant at 60 such that TP € {20, 60, 100}.

4.3.6 Applying bagging to perform connectome-based fingerprint identification with
“high-movement” individuals
Until now, I employed bagging to perform all the analyses after excluding participants in the
CoRR and HBN datasets with a rmsFD > 0.20 mm, resulting in the retention of ~73% of the
CoRR (N=67/92) and ~60% of the HBN (N =255/423) participants. In this analysis, | examined
the impact of using bagging to retain as many participants as possible. I set minTP = 60 and TP
= 20, which helped retain ~88% of the CoRR (N = 81/92) and ~90% of the HBN (N =379/423)
participants. BID accuracies were optimal with the standard (full timeseries) approach for both
CoRR (33%) and HBN (71%) (Figure 4.7). Applying bagging to the scrubbed timeseries with
minTP = 60 and varied TP from 60 to the full timeseries length of each dataset, reduced BID

accuracy to 28% for CoRR and 54% for HBN. The one-sample bootstrap exhibited greater
variability across TP (Figure 4.7).
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Figure 4.7. Applying bagging and one-sample bootstrap (minTP = 60) to perform connectome-
based fingerprint identification derived from CoRR and HBN. Left Panel: Fingerprint accuracy
measured by BID as a function of TP ranging from 60 to 194 by including the salvaged “high-
motion” participants. Right Panel: Fingerprint accuracy measured by BID as a function of TP
ranging from 60 to 375 by including the salvaged “high-motion” participants. Dotted black lines
represent the BID accuracy obtained from the standard approach using the full timeseries of each
dataset. Solid navy lines denote the BID accuracies obtained from bagging. Solid teal lines
correspond to the BID accuracies obtained from one-sample bootstrap.

4.3.7 Salvaging “high-movement” participants for brain-behaviour associations

Including high-motion participants (N = 379) to compute the brain-behaviour associations with
bagging (minTP = 60 and TP = 20) yielded |Rs| of 0.24 and the expected narrowing of the 95%
CIs with increasing sample sizes (Figure 4.8). As before, brain-behaviour correlations showed
increased variability when one-sample bootstrap was performed, relative to bagging (AAUCrp
=22.5%) (Figure 4.8).
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Figure 4.8. Salvaging “high-motion” participants to compute univariate brain-behaviour
associations with bagging without applying the initial head motion threshold of rmsFD < 0.20
mm, i.e., the timeseries of all the participants were scrubbed with a rmsFD < 0.2 mm. By applying
bagging with minTP = 60 and TP = 20, the sample size was increased to 379. The correlations
between functional connectivity and age obtained from REST1 as a function of sample size are
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shown using bagging and one-sample bootstrap. The AUC is displayed to compare the 95% Cls
between the standard approach and bagging in addition to the standard approach and one-sample
bootstrap. Solid pink line shows the mean correlations, pink shading denotes the minimum and
maximum correlations, and black dotted line represents the lower and upper bounds of the 95%
CIs.

4.3.8 Reproducibility of bagging across head motion thresholds and edges in the functional
connectome
Up to this point, a motion threshold of rmsFD < 0.20 mm was applied. Next, I evaluated the
impact of a strict head motion threshold, i.e., rmsFD < 0.08 mm as recently utilised by Marek et
al. (2022) to identify the high-movement participants. First, I applied this threshold to the HBN
dataset prior to computing the univariate correlations with bagging (minTP = 60 and TP = 20),
which resulted in the retention of only ~18% of the participants (N = 77/423). |R,| was 0.22, and
95% Cls tightened as before (Figure 4.9A). Greater variability in the brain-behaviour
associations was observed when one-sample bootstrap was performed relative to bagging
(AAUCrtp20 = 38.3%) (Figure 4.9A). Second, I retained participants with at least minTP = 60 and
TP = 20, which resulted in ~22% of the participants (N = 92/423) for the brain-behaviour
analyses. |Rg| was 0.25 (Figure 4.9B). However, it is important to note that this strict rmsFD
threshold retains fewer participants which can inflate the effect sizes of brain-behaviour

relationships due to smaller Ns.

So far, I computed K using the standard and bagging approaches derived from the edge that
shares the strongest correlation between functional connectivity and age. To test the
reproducibility of bagging (minTP = 60 and TP = 20) across different edges in the whole-brain
connectome, I selected an additional 9 edges to compute the brain-behaviour associations as a
function of N. I first employed the standard approach and found that the AUCs varied from 58.34
to 62.31 (mean AUCZSD 60.1941.38; Figure 4.10). When comparing the performance of the
standard approach for these 9 edges (0.30 < K < 0.32) to performance for the strongest edge (R
= 0.35), AAUC was relatively small, ranging from 0% to 7.2%. Bagging applied to data that
included the salvaged high-motion participants (N = 379) yielded AUCs ranging from 77.79 to
82.99 (mean AUC+SD 80.3441.79; Figure 4.11), and AAUC ranging from 11.2% to 19.2%.
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Figure 4.9. Impact of applying a strict head motion threshold on brain-behaviour associations
using bagging (minTP = 60 and TP = 20). (A) After applying a rmsFD < 0.08 mm to exclude
“high-movement” participants, the sample size was reduced to 77. Correlations between
functional connectivity and age obtained from REST1 as a function of sample size are shown
using bagging across 500 and one-sample bootstrap. (B) After scrubbing the timeseries with a
rmsFD < 0.08 mm of all the participants, the sample size was increased to 92. Correlations
between functional connectivity and age obtained from REST1 as a function of sample size are
shown using bagging across 500 and one-sample bootstrap. The AUC is displayed to compare
the 95% Cls derived from bagging across 500 and one-sample bootstrap. Solid green line shows
the mean correlations, green shading denotes the minimum and maximum correlations, and black
dotted line represents the lower and upper bounds of the 95% Cls.
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Figure 4.10. Reproducibility of the standard approach in deriving the associations between
functional connectivity and age from an additional 9 edges in the connectome. Correlations
between functional connectivity and age obtained from REST1 as a function of sample size are
shown using the standard approach across the 9 edges. The AUCs are displayed to compare the
95% Cls derived from the standard approach across the 9 edges. Solid coloured lines show the
mean correlations, coloured shadings denote the minimum and maximum correlations, and black
dotted lines represent the lower and upper bounds of the 95% ClIs. After applying a rmsFD <
0.20 mm to exclude the “high-movement” participants, the sample size was reduced to 255.
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Figure 4.11. Reproducibility of bagging (minTP = 60 and TP = 20) including the salvaged “high-
movement” participants in deriving the associations between functional connectivity and age
from an additional 9 edges in the connectome. Correlations between functional connectivity and
age obtained from REST1 as a function of sample size are shown using bagging across the 9
edges. The AUCs are displayed to compare the 95% Cls derived from bagging across the 9 edges.
Solid coloured lines show the mean correlations, coloured shadings denote the minimum and
maximum correlations, and black dotted lines represent the lower and upper bounds of the 95%
CIs. After rescuing the “high-movement” participants, the sample size increased to 379.

4.4 Discussion

In modern neuroimaging research, the quest for reproducible brain-behaviour relationships has
underscored a need for large sample sizes that can provide adequate statistical power and rigorous
head motion thresholds that can improve data quality. These imperatives can come into conflict:
applying strict head motion thresholds reduces sample size, sometimes substantially, particularly

in developmental cohorts. To address this conflict, the present study assessed the impact of a
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resampling technique known as bagging on fingerprint accuracy and brain-behaviour associations
in a sample of developing youths. First, I demonstrated that bagging produces reproducible
functional connectivity matrices that successfully differentiate an individual from a group — with
and without the inclusion of the high-motion individuals’ bootstrap motion-limited timepoints.
This was achieved in samples of developing youths from both typical-N (CoRR) and large-N
(HBN) datasets. Second, I showed that functional connectomes computed using bagging retain
validity, yielding robust brain-behaviour correlations that vary as a function of sample size, even
when computed using as few as 60 timepoints (i.e., 16% of the original HBN fMRI timeseries).
Third, 1 showed that bagging improves inclusivity by salvaging high-motion participants —
analyses including these individuals yielded brain-behaviour association patterns that were
comparable to analyses that excluded them. Last, I demonstrated that bagging generates
reproducible brain-behaviour associations across different head motion thresholds and edges in

the whole-brain functional connectome.

To test the utility of bagging, connectome-based identification was performed using aggregated
functional connectomes computed using bootstrapped timeseries samples in two developmental
datasets. Although I and others (Vanderwal et al., 2021; Venkatesh et al., 2020; Vanderwal et al.,
2017; Finn et al., 2015) have previously shown that the ability to distinguish someone from their
functional connectivity fingerprints increases in association with scan duration (see Chapter 2),
here, I demonstrated that bagging can successfully identify developing youths from bootstrap
motion-limited timepoints — using as few as 60 timepoints, which represents scan lengths < 2
min. Although there was a small decrement in ID accuracy, using even minimal timeseries
(minTP = 60/ TP = 60) preserved fingerprint ID accuracy by more than 75% with and without the
salvaged high-motion participants across typical (CoRR) and consortia (HBN) datasets. This
should be weighed against the possible advantages of inclusivity and larger Ns which typically
decrease fingerprint ID accuracy (Li et al., 2021; Waller et al., 2017; see Chapter 2). While there
is considerable scope for further analyses to probe the opportunities and limitations of bagging, I
suggest that it may be applicable as a reproducible technique to increase N and minimise motion-
related data loss, particularly in challenging youth populations for which the connectome

distinctiveness is low (Dufford et al., 2021; see Chapter 1 (Sections 1.8)).

When bagging was applied with and without the inclusion of high-motion participants, robust
brain-behaviour associations were observed as the sample size grew from small to large. This is
to be expected due to sampling variability; using two metrics, the CI and AUC, I showed that
variability reduces as expected as the number of participants being sampled increases. This means
that the brain-behaviour correlations are inflated with typical (e.g., N = 20) compared to larger

(e.g., N = 255) sample sizes as smaller studies are more prone to exhibit random variations in

124



Chapter 4

these associations in addition to overestimating effect sizes that limit their reproducibility (Marek
et al., 2022; see Chapters 1 and 3 for more details about the impact of sampling variability in
brain-behaviour association studies). Although the magnitude of the impact quantified by the
change in the area under the CI curve (AAUC) varied across edges, bagging had a relatively small
impact, relative to the standard approach, suggesting that that it does not negatively impact
validity. This also demonstrates that the salvaged high-motion developing youths have useable
timepoints that are meaningful for brain-behaviour associations; their inclusion may also increase
both validity and reproducibility by mitigating the range restriction that occurs when they are
excluded. This presents a promising avenue for future research. While several head motion
mitigation strategies have been proposed (see Chapter 3 (Section 3.3) for a review), most have
focused on excluding individuals, rather than maximising inclusion. One recent study by Smith
et al. (2022) proposed a framework to salvage first grade high-motion children (N = 101, 6-8
years) by employing two motion correction procedures (i.e., scrubbing and ICA-FIX) and two
quality control metrics (e.g., functional connectivity and temporal SNR). By varying the mean
FD thresholds, the authors showed that a mean FD = 0.30 mm would be sufficient to remove most
motion artefacts by retaining ~83% of the first grade children (Smith et al., 2022). The main
advantage of bagging is that it minimises the risk of discarding large amount of high-motion
participants. Excluding tens or thousands of these high-motion participants leads to a waste of
participant time and effort as well as research resources, considering the time, cost, and effort it
took for data collection and pre-/post-processing the imaging data in addition to the infrastructure
needed to store the raw/preprocessed data (e.g., Marek et al., 2022; see Chapter 3). Moreover,
the lack of sample inclusivity and diversity in a dataset means that the estimated brain-behaviour
relationships may not be reproducible in other studies. Bagging may enable researchers to strike

a better balance between data quality and data inclusivity.

Importantly, bagging yielded robust brain-behaviour associations across different edges in the
functional connectome, suggesting that it generalises across connections and networks.
Nonetheless, future work should evaluate the generalisability and reproducibility of bagging in
greater depth, using a larger number of edges, behavioural phenotypes, and datasets. Age was
chosen as the behaviour of interest to perform brain-behaviour associations as its relationship
with functional connectivity is highly robust and has been well-studied (Grayson et al., 2017;
Geerlings et al., 2015a; Song et al., 2014; Di Martino et al., 2014a; Menon, 2013; Uddin et al.,
2011; Park and Reuter-Lorenz, 2009; Fair et al., 2009; Fair et al., 2007). Future studies should
examine the impact of bagging on brain-behaviour associations for cognitive ability and general
psychopathology — which have recently been shown to generate reproducible BWAS at the
expense of very large sample sizes (Marek et al., 2022). Moreover, achieving generalisable brain-

behaviour associations with other datasets remains important, especially in neurodevelopmental
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cohorts (e.g., ABIDE). Since children with psychiatric diagnoses generally are most likely to be
excluded due to motion, applying bagging to maximise inclusivity may help address
reproducibility concerns (discussed in Chapter 1). I return to the generalisability of bagging in

Chapter 6.

Bagging further demonstrated to yield reproducible brain-behaviour associations across different
edges in the functional connectome. This suggests that bagging does not depend on specific
connections across the whole brain. Nonetheless, future work should evaluate the generalisability
of bagging using other behavioural phenotypes. Age was chosen as the behaviour of interest to
perform brain-behaviour associations as its relationship with functional connectivity has been
well-studied in neurodevelopment (Grayson et al., 2017; Geerlings et al., 2015a; Song et al.,
2014; Di Martino et al., 2014a; Menon, 2013; Uddin et al., 2011; Park and Reuter-Lorenz, 2009;
Fair et al., 2009; Fair et al., 2007). For example, bagging could be applied to study the brain-
behaviour associations with measures that index cognitive ability and general psychopathology
— which have recently been shown to generate reproducible BWAS though at the expense of
very large sample sizes (Marek et al., 2022). Moreover, achieving generalisable brain-behaviour
associations with other datasets remains important, especially in challenging youth populations
such as ABIDE and ABCD Study. Given that these populations are those who exhibit the most
motion and are also most likely to be excluded, externally validating the performance of bagging
in rescuing these high-motion individuals would generalise its potential across other (typical

and/or consortia) datasets. I return to the generalisability of bagging in Chapter 6.

Although bagging has been shown to successfully produce robust and reproducible brain-
behaviour associations in developing youths, the current study has several limitations. First,
bagging requires the fMRI timeseries to be scrubbed using a head motion threshold, i.e., a
proportion of volumes has to be removed from the total number of volumes acquired after being
confounded by head motion. If a study acquires a small number of volumes (e.g., 100), then
scrubbing may still exclude a large number of participants due to insufficient amount of
timepoints that are least confounded by head movement, even if the aim is to retain as few as 60
timepoints. Second, bagging was tested using scans collected both within and between imaging
sessions. Comparing fingerprint ID accuracies across different datasets is difficult due to such
temporal factors as well as different sample sizes and number of timepoints. Lastly, bagging was
associated with a decrement in fingerprint ID accuracy relative to the standard approach. One
potential explanation is that this reflects disruption of temporal autocorrelation, which would
negatively impact functional connectivity strengths (see Section 4.2.8). There is considerable
scope for future work to address these limitations and to further probe the utility, reproducibility,

and validity of the bagging approach.

126



Chapter 4

4.5 Conclusions

Timeseries bagging can generate reproducible functional connectomes that exhibit robust
univariate brain-behaviour relationships in developing youths. By maximising participant
inclusivity in a given dataset, this strategy affords a promising opportunity to salvage high-motion
participants who would otherwise be discarded in typical brain-behaviour association studies.
Bagging may reduce the tension between data quality and sample size requirements in
neuroimaging, and in doing so, mitigate against resource wastage and the unethical practice of
discarding large number of participants who have given their time, effort, and trust to the research
process. While the results of this study may be considered to offer preliminary support for the
approach, future work should probe its utility, reproducibility, and validity in greater depth and
across samples and phenotypes. The next chapters (Chapters 5 and 6) begin this process by
assessing whether bagging and the fingerprint-informed pipelines identified in Chapter 2 can
improve the strength and generalisability of behavioural predictions derived from connectome-

based predictive modelling.
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Chapter 5

Detecting reproducible brain-behaviour relationships: the connectome-

based predictive modelling framework
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Summary

Chapter 5 describes the connectome-based predictive modelling (CPM) framework, which builds
predictive linear models from functional connectivity patterns to predict behavioural phenotypes
at the individual level. I discuss the application of CPM for predicting a wide range of behavioural
phenotypes that are also generalisable across independent datasets, and identify methodological
factors that affect the robustness of CPM-derived predictions. Finally, I build on the empirical
research conducted in Chapters 2 and 4 by considering whether the factors that maximise the
detection of individual differences in the functional connectome and head motion strategies that
minimise the exclusion of “high-motion” individuals might also boost the predictive power of

functional connectomes for behavioural phenotypes using CPM.
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5.1 Principles of Connectome-based Predictive Modelling

Predictive modelling, applied within the realm of neuroimaging, ultimately aims to identify brain
signatures of mental health conditions that can predict clinically relevant outcomes (Tejavibulya
et al., 2022; Woo et al., 2017). An increasingly popular data-driven technique for predictive
modelling of functional connectivity-behaviour relationships is known as CPM (Shen et al., 2017;
Rosenberg et al., 2015; Finn et al., 2015). CPM extracts statistically significant features from
functional connectivity matrices (functional connectome signatures) that share the highest
correlation strengths with a behavioural measure, to construct linear predictive models. The CPM
protocol comprises the following key steps (Figure 5.1): (1) feature selection; (2) feature
summarisation; (3) model building; and (4) assessment of the prediction significance. The main
advantage of employing CPM is that it has an in-built cross validation (CV) procedure such as
leave-one-out [LOOCV] or k-fold CV to test the generalisability of model predictions in unseen
participants (see Appendix E for details on how CPM identifies functional connectome

signatures and performs CV using either LOOCYV or k-fold).
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Correlate each edge in
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behavior relationship

y=mx+b

Brain

Apply model to novel subjects

Behavior
1

————————

Brain

Figure 5.1. Connectome-based predictive modelling (CPM) framework which involves feature
selection, feature summarisation, model building, and assessment of the prediction significance.
Adapted from Shen et al., 2017.
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CPM has gained increasing popularity since its inception to predict a broad range of behavioural
domains using both resting-state and task-based fMRI paradigms spanning childhood to

adulthood including developing and clinical populations.

5.2 Predicting Behavioural Phenotypes with Individual Functional Connectome

Using resting-state fMRI conditions, Finn et al. (2015) demonstrated that individual patterns of
functional connectivity were strongly related to fluid intelligence when CPM included positive
and negative edges, separately, derived from the whole-brain and frontoparietal connectomes.
Such brain-behaviour relationships have been reproduced in independent studies (Cai et al., 2021;
Lin et al., 2020), with high degrees of variance also explained by resting-state functional
connectivity in the cingulo-opercular, default mode, and visual networks (Dubois et al., 2018b).
Beyond fluid intelligence, resting-state functional connectivity has been shown to predict reliable
patterns of personality traits obtained from the non-uniform contributions of the positive and
negative edges of the whole brain such as openness to experience (Dubois et al., 2018a),
neuroticism and extraversion (Hsu et al., 2018), narcissism (Feng et al., 2018), temperament
(Jiang et al., 2018), and loneliness (Feng et al., 2019) — across different preprocessing pipelines,
predictive models, and populations. CPM has also been recently applied to predict individual
anxiety traits in neurotypical participants which highlights the importance of whole-brain
functional connectivity, especially the limbic, prefrontal, and temporal areas, in predicting the
anxiety scores (Wang et al., 2021). “Lesioning” of these brain regions, i.e., a non-invasive
computational manipulation of the brain regions (Feng et al., 2018), produced a drastic reduction
in the predictive power of the individual scores, which was externally validated in an independent

dataset (Wang et al., 2021).

While a substantial amount of CPM research has used resting-state fMRI paradigms, deriving
individual functional connectomes from task-based fMRI conditions may improve the prediction
of behavioural phenotypes. Predictive models derived from task-based functional connectivity
have been shown to significantly outperform those derived from rest for prediction of fluid
intelligence (Greene et al., 2018a), reading comprehension skills (Jiang et al., 2020), and
extending executive domains (e.g., language, inhibition, flexibility; Mantwill et al., 2022). This
suggests that certain (task-evoked) brain states are more predictive of some behaviours than
resting-state conditions (Greene et al., 2023). Task-based CPM has also been employed across
clinical groups (e.g., schizophrenia, bipolar, ADHD) to characterise brain networks that
correspond to different memory processes (Barron et al., 2018). For example, transdiagnostic
individual differences in memory function were predicted by functional connectivity within

networks involving default mode, limbic, subcortical, and cerebellar structures (Barron et al.,
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2018). Another significant body of work has focused on predicting attentional abilities using both
task-based and resting-state functional connectivity in neurotypical and neurodevelopmental
populations (Chamberlain and Rosenberg, 2022; Rosenberg et al., 2020; Rosenberg et al., 2018;
Rosenberg et al., 2016; Rosenberg et al., 2015). In one instance, a CPM was trained using task-
based data to predict sustained attention and inhibition; its ability to predict behaviour generalised
to resting-state data and to a sample of participants with ADHD (characterised by difficulties with

sustained attention, hyperactivity, and impulsivity; Rosenberg et al., 2015).

Recent work has further derived CPM-based models of sustained attention that differentiate
individuals with better or worse sustained attention (Rosenberg et al., 2016) and are stable over
time in neurodiverse youths, including those suffering from ADHD, anxiety, autism, bipolar, and
broader autism phenotype conditions (Horien et al., 2023). Sustained attention varies over both
short and long timescales; functional connectivity patterns within the “low-attention” and “high-
attention” networks that predict individual differences in sustained attention were found to also
predict fluctuations in attention over periods ranging from minutes to days (Rosenberg et al.,
2020). This CPM model was also sensitive to pharmacological intervention with
methylphenidate, a psychostimulant commonly used for the treatment of ADHD. Neurotypical
adults who received methylphenidate exhibited patterns of functional connectivity that are
associated with better sustained attention and decreased functional connectivity in networks
associated with poorer sustained attention (Rosenberg et al., 2016). The converse pattern was
observed for the anaesthetic agent, propofol, compared to an awake state; participants in deep
sedation (propofol condition) showed lower high-attention and higher low-attention network
strengths (Chamberlain and Rosenberg, 2022). Further reinforcing their potential for the
identification of clinically meaningful brain-based markers, CPM-based models have been shown
to predict treatment response over time; a CPM was used to characterise positive and negative
cocaine abstinence brain networks that successfully predicted cognitive and executive
functioning during a 12-week treatment period in addition to a 6-month follow-up (Yip et al.,
2019). Recent efforts have extended the ability of CPM to predict individual differences in
behaviour using structural connectomes obtained from diffusion MRI data (Yoo et al., 2022; Feng
et al., 2022; Zhang et al., 2019). For example, fractional anisotropy (FA)-derived white matter
fiber tracts successfully predicted trait anxiety levels in young and older adults (Yoo et al., 2022).
Finally, a negative network that forms part of the amygdala-prefrontal circuits was negatively
related to heightened anxiety in young adults (20-30 years), while a distributed positive network
consisting of the frontotemporal and frontolimbic circuits was positively associated with

individual trait of anxiety levels across younger and older adults (20-80 years) (Yoo et al., 2022).
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Functional connectome signatures (i.e., functional connectivity patterns predicting a behavioural
phenotype at the individual level) have successfully been used for the prediction of individual
behavioural phenotypes, prompting the question of whether the factors that improve functional
connectome identifiability might also benefit CPM-based predictions. In other words, can
boosting the uniqueness of a given individual’s functional connectome boost connectome-based
predictions of behavioural phenotypes? This link is suggested based on the fact that improving
the reproducibility of brain-related measures (here, functional connectivity) can enhance validity
of those measures, as revealed by brain-behaviour relationships (see Chapters 2 and 4). The
studies reviewed in Section 5.2 show that CPM identifies functional connectome signatures that
have specificity to clinically relevant cognitive functions and outcomes, and which are
generalisable across samples, participant cohorts, and time. CPM therefore offers considerable
promise for the search of reproducible brain-based markers in neurodevelopmental and
psychiatric conditions. It is important, therefore, to investigate the methodological factors that

have the ability to influence CPM, so that we can optimise it for reproducibility.

5.3 Methodological Considerations for Robust Prediction of Individual Behaviours

In Chapter 2, I described a processing pipeline that optimised connectome-based identification
by maximising fingerprint ID accuracy — i.e., maximising an individual’s identifiability based
on their functional connectome. In Chapter 4, I showed that bagging can help salvage “high-
motion” individuals for deriving robust and reproducible brain-behaviour associations. I now
identify and summarise the following set of factors that may contribute to the robustness and
reproducibility of behavioural phenotypic predictions obtained from CPM — a subset of which

will be investigated empirically in Chapter 6:

1. Sample Size: A large sample is required so that the dataset can be divided into training and
testing sets to enable CV to be performed (see Section 5.1 and Appendix E). This is necessary
to avoid overfitting the model and foster generalisability to novel datasets (Davatzikos, 2022;
Varoquaux et al., 2017; Whelan and Garavan, 2014). Predictive models using small sample
sizes (N=100) tend to yield inflated predictions (Yeung et al., 2022; Varoquaux et al., 2018),
leading to poor reproducibility in independent datasets (Dhamala et al., 2022; Botvinik-Nezer
and Wager, 2022). This is because small samples are susceptible to sampling variability that
produce stronger associations by chance (Marek et al., 2022; Szucs and loannidis, 2020;
Schonbrodt and Perugini, 2013; see Chapter 4), while large sample sizes decrease the
sampling variability and produce stable brain-behaviour relationships at a rate of vV (Marek

et al., 2022).
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2. Behavioural Phenotypes: Many behavioural phenotypes, such as clinical diagnoses, are

categorical in nature. Creating models that predict these phenotypes is a challenging task, due
to the fact that many of these phenotypic categories are highly heterogeneous in nature, yet
many behavioural signs and symptoms show significant overlap amongst diagnostic
categories (Marquand et al., 2016; Insel et al., 2010). Nearly 50% of individuals who meet the
criteria for one disorder are likely to meet the criteria for a co-occurring condition (Tejavibulya
et al., 2022; Astle et al., 2022; Forbes et al., 2016; Insel et al., 2010). One approach to this
challenge is to identify subtypes of neurodevelopmental and psychiatric disorders such as ASD
(Qi et al., 2020; Easson et al., 2019), ADHD (Fair et al., 2012), and depression (Drysdale et
al., 2017; Dhamala et al., 2022). Normative modelling has also gained popularity to parse the
heterogeneity in these conditions and model the biological variation within the samples
(Marquand et al., 2016). Another is to focus on behavioural dimensions that are relevant across
diagnoses, and rather than treating categories as isolated disorders, to identify shared variances
arising from a common latent construct (Astle et al., 2022; Forbes et al., 2016). The RDoC
defined by the NIMH were introduced to foster this notion of treating mental health conditions
as transdiagnostic or dimensional (Insel, 2014; Cuthbert and Insel, 2013; Insel et al., 2010; see
Chapter 1 (Section 1.3)). A good example of the successful implementation of this approach
is the work on predictive models of sustained attention, as reviewed in Section 5.2 (Rosenberg
et al., 2020; Rosenberg et al., 2018; Rosenberg et al., 2016; Rosenberg et al., 2015). Such
approaches benefit from samples that include individuals who represent different points on a
behavioural or biological spectrum of relevance — from healthy, through subclinical, to

clinical severity (Tejavibulya et al., 2022).

3. Head Motion: Predictive models are vulnerable to factors that introduce biased relationships
between potential confounds and target variables (Rao et al., 2017). For example,
physiological artefacts in the form of head motion, respiration, and cardiac movements could
be correlated with disease symptom severity such that individuals with heightened head
motion exhibit worse symptoms (see Chapter 3). Failure to control for confounds can
severely impair data quality and model interpretability (Yeung et al., 2022; Tejavibulya et al.,
2022); analyses using CPM should carefully mitigate the effects of head motion using
correction strategies such as GSR and scrubbing (see Chapters 1 and 3). Although scrubbing
can yield small improvements in differentiating an individual’s functional connectome (Pham
et al., 2023), its impact on CPM remains to be investigated. One study showed that task-based

CPM better predicts cognitive abilities such as reading comprehension skills with longer fMRI

timecourses as a function of (Jiang et al., 2020). Since scrubbing decreases the

1
,/imaging time
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length of timeseries (see Chapter 4), it may negatively impact CPM — a factor which I

consider in Chapter 6.

4. Task-Induced versus Resting-State Connectomes: CPM has traditionally employed functional

connectivity matrices derived from resting-state conditions to predict a range of behavioural
phenotypes (see Section 5.2). Emerging evidence has strongly suggested that task-induced
paradigms improve the detection of individual differences in the functional connectome and
their underlying brain-behaviour predictions (Jiang et al., 2020; Greene et al., 2018a; Finn et
al., 2017; Gratton et al., 2016). While some task conditions have been shown to exhibit higher
predictive power compared to others, combining different task-based connectomes in a single
predictive model yield better predictions than using individual conditions in isolation (Jiang
et al., 2020; Gao et al., 2019; Greene et al., 2018a). However, this observation does not
necessarily mean that integrating more task-based conditions leads to better predictive
performances (Jiang et al., 2020). This is because task conditions that are more predictive by
themselves contribute more edges to the predictive model compared to the less predictive tasks
(Gao et al., 2019). On the other hand, CPM derived from task conditions such as reading
comprehension can generalise across several other fMRI conditions (e.g., rest, emotion,
working memory) to predict language related scores (Jiang et al., 2020). This shows that the
CPMs which are built using activation patterns that are relevant to cognitive domains are

generally predictive of other domains.

5. Parcellation Schemes: In order to predict a behavioural phenotype from individual patterns of

functional connectivity, the connectivity matrices are typically derived from a parcellation
scheme (Shen et al., 2017). While a range of brain parcellations has been applied for this
purpose, the Shen (k =268) parcellation remains the most popular as it is derived from resting-
state fMRI data that covers the whole brain with a reasonable number of regions (Yeung et
al., 2022; Shen et al., 2013). Over the years, brain parcellations have been derived from
anatomical, functional, or multimodal techniques to define nodes that form part of either the
cortex or whole-brain (i.e., cortex and subcortex including the cerebellum) (Yeung et al.,
2022). While a number of brain parcellations have been shown to yield consistent predictions
of cognitive measures (Mantwill et al., 2022), they can also produce significantly different
results (Bryce et al., 2019; Dubois et al., 2018a). As described in Chapters 2, parcellation
schemes differ in parcel resolution (e.g., 7 — 1095 parcels) — higher-resolution parcellations
capture finer properties of the functional connectome at the individual level. However, there
is a trade-off: brain parcellations with increasing dimensionality do not necessarily improve
behavioural predictions (Dadi et al., 2019; Greene et al., 2018a), and can make predictive

modelling highly computationally intensive, variable, and less interpretable (Tejavibulya et
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al., 2022; Dhamala et al., 2022). Although the majority of parcellation schemes have been
defined at the group-level, the emergence of individualised brain parcellations has allowed the
detection of specific biologically plausible features that could increase the strength of
functional connectivity estimates, thus improving model predictions (Kong et al., 2021; Salehi

et al., 2020).

6. Model Building Strategies: Unsurprisingly, CPM is affected by methodological choices

related to functional connectivity definition, feature selection, and predictive algorithm
parameterisation (Dhamala et al., 2022; Dadi et al., 2019; Shen et al., 2017). Functional
connectivity is commonly estimated using Pearson’s correlation coefficient, but other methods
include: geodesic distance — non-Euclidean geometry of functional connectivity matrices
(Abbas et al., 2021; Venkatesh et al., 2020); accordance — in-phase synchronisation of two
fMRI signals (Yoo et al., 2018; Meskaldji et al., 2016); and discordance — out-of-phase
anticorrelation of two fMRI signals (Yoo et al., 2018; Meskaldji et al., 2016). Similarly, other
forms of regression models have been employed in the CPM. Partial Least Squares (PLS)
regression is a predictive technique that combines the features of PCA and multiple linear
regression to obtain a linear relationship between the predictor and response variables. PLS
regression is beneficial when the predictor variables (edges) are significantly larger than the
number of observations (participants) such that fewer components are required to explain the
covariance between the predictor and response variables. Resting-state and task-based CPMs
derived from PLS regression have been shown to predict similar, if not, better sustained
attention abilities than the traditional linear regression models (Yoo et al., 2018). Canonical
Correlation Analyses (CCA), which is a technique that compares a set of fMRI variables (e.g.,
spatial maps, network matrices) to a set of behavioural variables based on the assumption that
they are maximally correlated, has further been adapted to combine multiple task-induced
functional connectomes into a single CPM — to maximise the correlation between the
multidimensional patterns of functional connectivity and behavioural measures (e.g., fluid
intelligence) (Gao et al., 2019). Other regression models have also been incorporated into a
CPM to derive a significant number of edges from several task-based connectomes to predict
fluid intelligence through means of £; [LASSO] and {, [Ridge] regularisation (Gao et al.,
2019). Specifically, ridge regression which reduces model overfitting, complexity, and
multicollinearity, has been shown to improve the prediction of fluid intelligence compared to

other regression models (Gao et al., 2019).

7. Discriminatory Networks and Edges: As described in Chapters 1 (Section 1.8) and 2, medial
frontal and frontoparietal networks tend to exhibit the highest discriminatory power for

identifying an individual based on their functional connectivity matrices. Could restricting the
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functional connectivity matrices to the most discriminatory functional networks and edges
improve predictive performances? By improving the unique functional connectivity features
of an individual, they may boost the detection of individual differences in behavioural
phenotypes. The evidence to date provides mixed support for this notion. Predictive models
consisting of discriminatory edges that consistently relate to behaviour successfully predict
sustained attention in neurodiverse samples (Horien et al., 2023). However, building a CPM
with discriminative networks and edges to predict a range of psychometric measures such as
fluid intelligence, language comprehension, and grip strength has been unsuccessful (Mantwill
et al., 2022). It remains to be seen whether highly discriminatory connectivity features show

better predictive power for behavioural phenotypes.

5.4 Towards Reproducible CPM-based Predictions

To formulate the motivations for Chapter 6, I reinforce the empirical findings of Chapters 2
and 4: (1) connectome-based fingerprint identification serves as a testbed for reproducible
functional connectivity estimates; and (2) bagging enables the retention of “high-motion”
individuals. In Chapter 6, I first aimed to assess whether improving the identifiability of
functional connectome fingerprints also boosts CPM-based predictions by applying the
fingerprint-informed pipeline identified in Chapter 2. Second, I aimed to examine how head
motion mitigation strategies (i.e., scrubbing, bagging), which maximise sample inclusivity in a
dataset by salvaging “high-motion” participants as described in Chapter 4, influence the CPM-
based predictions. In both cases, I also investigated the impact on the generalisability of CPM-

based predictions to an independent dataset.
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Abstract

This study extends the work of Chapters 2 and 4, which focused on improving the differentiation
of an individual’s functional connectome, by assessing whether boosting the reproducibility of
the functional connectome translates to better brain-behaviour predictions in developing youths.
Using the connectome-based predictive modelling (CPM) approach and the HBN dataset, |
examined whether the data pre-/post-processing factors and head motion strategies previously
identified can improve the predictions of age, general psychopathology, and intellectual ability.
Connectome-based fingerprints were computed using the most discriminatory functional
networks, multi-resolution parcellation schemes, and head motion mitigation strategies such as
scrubbing and bagging. CPM was then performed using a 10-fold CV to predict three phenotypes:
age, FSIQ, and externalising behaviours (per the CBCL). The generalisability of these predictions
was quantified using an independent sample of non-Autistic individuals from the ABIDE dataset.
Baseline CPM successfully predicted the three phenotypes. Unexpectedly, most data
configurations had minimal impact on the CPM-based predictions. The CPM-based predictions
of age and intellectual ability were generalisable to the ABIDE datasets, with finer brain
parcellations and bagging achieving better generalisability. Taken together, these findings paint
a mixed picture — while several factors and strategies do not necessarily improve validity (i.e.,
strengths of brain-behaviour relationships), they do have the ability to strengthen reproducibility

(i.e., generalisability of brain-behaviour relationships).
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6.1 Introduction

Resting-state fMRI has provided an exciting opportunity to develop functional connectivity
measures that reveal associations with a wide range of behavioural phenotypes as a means to
accelerate the search for functional connectivity-based biomarkers. To achieve biomarkers that
are clinically viable, functional connectivity measures must be reproducible. In my previous
work, I focused on improving functional connectivity estimates as a route to boost the
reproducibility of functional connectivity-based biomarkers using functional connectome
fingerprinting (Finn et al.,, 2015). I demonstrated that the connectome-based identification
procedure can serve as a testbed for methods to increase the reproducibility of functional
connectivity estimates, and used this approach to describe two fingerprint-informed pipelines to
improve the differentiation of the individual functional connectome spanning childhood to
adulthood including developing populations (see Chapter 2). By improving the ability to identify
an individual from their functional connectivity profiles, the unique properties of their functional
connectome are enhanced — I suggest this could translate to better detection of individual
differences in their behaviour. To test this hypothesis, I examined whether improving the
identifiability of the functional connectome boosts brain-behaviour predictions in developing

youths.

Individual differences in functional connectivity, which are unique and stable like a “fingerprint”,
have been shown to predict individual differences in a broad spectrum of phenotypes using CPM
(Shen et al., 2017; Rosenberg et al., 2015; Finn et al., 2015; see Chapter 5 for details about the
conceptualisation of CPM). As described in Chapter 5 (Section 5.2), a notable body of work
employing CPM has applied resting-state and task-based fMRI to successfully predict individual
phenotypes across several domains such as sustained attention (Horien et al., 2023; Chamberlain
and Rosenberg, 2022; Rosenberg et al., 2020; Rosenberg et al., 2018; Rosenberg et al., 2016;
Rosenberg et al., 2015), fluid intelligence (Cai et al., 2021; Lin et al., 2020; Dubois et al., 2018b;
Finn et al., 2015), personality traits (Jiang et al., 2018; Hsu et al., 2018; Feng et al., 2019; Feng
et al., 2018; Dubois et al., 2018a), executive functions (Mantwill et al., 2022; Greene et al.,
2018a), social skills (Lake et al., 2019), cognitive abilities (Ju et al., 2023; Boyle et al., 2023;
Jiang et al., 2020; Beaty et al., 2018; Barron et al., 2018), and more recently, suicide risk (Gao et
al., 2023).

In Chapter 2, I identified a fingerprint-informed pipeline comprising a set of data pre-/post-
processing factors that maximised connectome-based identification in five independent datasets
(N =264, 7-43 years). For example, I found that defining the individual functional connectome

using the most discriminatory brain networks (i.e., medial frontal and frontoparietal networks),
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fine-grained parcellation schemes (7 = 1095 parcels), and cortical regions compared to
subcortical and cerebellar structures increased the identifiability of the functional connectome up
to 94% and minimised the degree of “confusion” for misidentifying an individual up to 2%. In
Chapter 3, I addressed the impact of head motion and the fact that the main approach to head
motion mitigation can lead to a large number of participants being discarded in order to maintain
good data quality, which can have the unintended knock-on consequence of reducing statistical
power as a result of reduced sample size. To address this, and to strike a better balance between
data quality and sample size, I previously proposed the implementation of “bagging” as a means
to retain the “high-motion” individuals who would otherwise be discarded (Power et al., 2015;
Power et al., 2014; Power et al., 2013; Dudoit and Fridlyand, 2003; Opitz and Maclin, 1999;
Breiman, 1996; see Chapter 4). I showed that bagging can enable the salvage of data from “high-
motion” developing youths (N = 423, 6-21 years), thus maximising sample size for deriving
inclusive and reproducible brain-behaviour associations (see Chapter 4). However, how bagging

affects connectome-based phenotypic predictions has not yet been investigated.

The goal of the present study is to examine whether optimising connectome-based fingerprint
identification for the reliable measurement of individual differences in functional connectivity
also improves the sensitivity of connectome-based phenotype predictions in developing youths.
To achieve this, I first build on the work of Chapter 2 to assess whether the same data pre-/post-
processing factors that maximised connectome-based identification also improve CPM-based
predictions of three phenotypes — i.e., age, general psychopathology, and intellectual ability —
in developing youths derived from the HBN (Alexander et al., 2017). Second, I examine whether
the bagging approach tested in Chapter 4 affects CPM-based predictions. In each case, I also
assess the impact of these factors using a gold-standard test — the generalisability of the CPM-
based predictions of the phenotypes to an independent sample (i.e., non-Autistic individuals from

ABIDE; Di Martino et al., 2014a).

6.2 Materials & Methods

6.2.1 Participants
Data were obtained from the HBN (http://fcon_1000.projects.nitrc.org/indi/cmi_healthy brain_

network/), which is a community-based help-seeking sample of children and adolescents from
the Greater New York area (Alexander et al., 2017). Neuroimaging and phenotypic data were
obtained from the Cornell Brain Imaging Center (CBIC) site in Releases 4-10. Approval was
obtained from the Chesapeake Institutional Review Board; written consent was provided by the
participants who were at least 18 years old, while written consent was obtained from legal

guardians and from the participants who were under 18 years. For each participant, at least one
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anatomical and two resting-state fMRI scans were obtained from the same imaging session (i.e.,
within-session scans). Quality control was performed on all the scans to check for potential scan
artefacts in addition to ensuring that each participant had two runs of resting-state fMRI data as
well as their phenotypic data. A total of 540 participants (198 females, age range = 6-21 years;
mean age£+SD = 10.743.0 years) were available for this study. The demographic information and

resting-state fMRI parameters of the HBN are provided in Table 6.1.

Demographic & fMRI

Characteristics AGE CBCL FSIQ
Sample Size (N) 540 516 479

Range 6-21 33-88 47-147
Gender (Female/Male) 198/342 187/329 178/301
Scanning Site CBIC CBIC CBIC

Scan Duration (min) 5 5 5

Time between Scans

Within-Session

Within-Session

Within-Session

Scanner Manufacturer Siemens Siemens Siemens
Scanner Model Prisma Prisma Prisma
Field Strength 3.0T 3.0T 3.0T

TR (ms) 800 800 800
Volumes 375 375 375
REST1 RMS FD (mm) 0.03-2.09 0.03-2.09 0.03-2.09
REST2 RMS FD (mm) 0.03-2.89 0.03-2.89 0.04-2.89

Table 6.1. Demographic characteristics and resting-state fMRI acquisition parameters of the
HBN that were used in this study. CBIC = Cornell Brain Imaging Center. RMS FD = root-mean-
square framewise displacement. Note: The CBCL scores derived from the HBN reflect
externalising behaviour that have been T-standardised.

6.2.2 Phenotypic assessment of general psychopathology and intellectual ability

6.2.2.1 General Psychopathology

The Child Behaviour Checklist (CBCL) was administered to assess general psychopathology
linked to behavioural and emotional problems in children and adolescence (Achenbach and
Rescoral, 2001). The CBCL is a 113-item parent report measure comprising eight subscales
assessing a range of internalising and externalising behaviours. For each participant, subscale
scores are T-standardised, and a total score, an internalising score, and an externalising score are
computed. The higher the CBCL T-score, the greater the risk of experiencing emotional and
behavioural problems. While externalising behaviours tend to reflect behaviours related to
conditions like ADHD and oppositionality (e.g., impulsivity, aggression, disruption),

internalising behaviours capture mood-related behaviours (e.g., anxiety, withdrawal, dysphoria)
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(Achenbach and Edelbrock, 1978). Because the HBN is a community sample of psychiatric help-
seeking individuals and because these individuals are very young, externalising behaviours are
likely to be well represented in this sample. For this study, I focused on the externalising subscale

to derive the CBCL T-scores. The distribution of the CBCL T-scores is illustrated in Figure 6.1.

6.2.2.2 Intellectual Ability

A full-scale intelligence quotient (FSIQ) score was obtained using the Wechsler Intelligence
Scale for Children (WISC-V), administered for participants aged between 6 and 17 years old
(Wechsler, 2003). For participants who are aged 18 years and older, the Wechsler Adult
Intelligence Scale (WAIS-IV) was administered (Wechsler, 2008). For both WISC-V and WAIS-
IV, the higher the FSIQ score, the greater the intellectual ability of the participants. The
distribution of the FSIQ scores is illustrated in Figure 6.1.
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Figure 6.1. Phenotypic distributions across the complete HBN dataset. Histograms showing
the distributions of age [in years], general psychopathology [CBCL], and intellectual ability
[FSIQ] in developing youths.

6.2.3 MRI Data Acquisition

Structural T1-weighted and functional MRI scans were acquired at the CBIC using a Siemens 3T
Prisma scanner with a 32-channel head coil. A 3D T1-weighted MPRAGE volume with spatial
resolution 0.8 x 0.8 x 0.8 mm® was obtained for each participant (224 sagittal slices, TR = 2500
ms, TE = 3.15 ms, flip angle = 8°). The two runs of resting-state fMRI data were acquired with
echo-planar imaging sequences (60 slices, voxel size = 2.4 x 2.4 x 2.4 mm’, multiband factor =
6, TR = 800 ms, TE = 30 ms, flip angle = 31°). Each participant underwent two 5 min functional

MRI scans while they fixated a cross on the screen; both runs consisted of 375 volumes.

6.2.4 MRI Preprocessing Pipeline

The structural T1-weighted and functional data derived from the HBN were preprocessed using a
previously defined pipeline (Yan et al.,, 2013a; Yan et al., 2013b; Craddock et al., 2013c;
see Chapters 2 (Section 2.2.2) and 4 (Section 4.2.3)) which includes AFNI (https://afni.nimh.
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nih.gov), FSL (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL), and ANTs (https://github.com/ANTSs
X/ANTSs). Participants exhibiting mean rmsFD > 0.20 mm (Jenkinson et al., 2002) in either fMRI

scan were initially excluded. A total of 306 participants (~57% of the original sample size)
remained in the cohort for the subsequent analyses. There was a significant relationship between
mean rmsFD and age (r =-0.28, P < (0.001) but not for CBCL (r = 0.02, P = 0.78) and FSIQ (r
=-0.11, P=0.08).

6.2.5 Functional Connectivity Matrices
A whole-brain parcellation was used to compute the functional connectivity matrices of each

participant within the same imaging session (https://identifiers.org/neurovault.image:395091;

Shen et al., 2013). For each participant, the mean fMRI timeseries of each ROI was extracted
prior to computing the Pearson’s correlation coefficient (r) between all possible ROI pairs to
construct a 268 x 268 functional connectivity matrix. This procedure was repeated for the two
functional runs such that each participant had two functional connectivity matrices as denoted by
REST1 and REST2. Some edges in the functional connectivity matrices were eliminated for each
participant to account for the lack of spatial coverage (i.e., zero values) across the whole brain. |
also removed duplicate edges by considering only the upper triangular part of the functional
connectivity matrices. From the [(268 x 268) — 268] / 2 = 35,778 edges in the whole-brain
functional connectome, there were 25,200 distinct edges that remained in the REST1 and REST2

functional connectivity matrices.

6.2.6 Connectome-based Fingerprinting

The fingerprint identification procedure was performed as previously described (Finn et al., 2015;
see Chapters 1 (Section 1.8), 2, and 4). Baseline identification was carried out with the 268 x
268 REST1 and REST2 functional connectivity matrices for each participant. The mean baseline
binary identification (BID) accuracy of the HBN was calculated by exchanging the roles of the

database-target matrix (D < T) configurations and averaging the two BID accuracies.

6.2.7 Connectome-based Fingerprinting Pipeline

To maximise the connectome-based identification as a means to improve the reproducibility of
functional connectivity estimates, two data pre-/post-processing factors and two head motion
mitigation strategies were applied to derive the REST1 and REST2 functional connectivity

matrices as described below (see Figure 6.2 for details):

1. Parcellation Schemes: Parcellation schemes differ in terms of their dimensionality, space, and

spatial coverage. Given that finer brain parcellations tend to yield the highest identification
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accuracy in developing youths (see Chapter 2), the resting-state fMRI data were parcellated
with four publicly available brain atlases including Glasser 360 (Glasser et al., 2016), Glasser
Extended 426 (Huang et al., 2021), MIST 444 (Urchs et al., 2017), and Schaefer 500-
17Networks (Schaefer et al., 2018). To reduce the increasing computational resources of
applying CPM with greater parcel resolutions, the maximum resolution was restricted to the
Schaefer 500-17Networks (e.g., 124,750 edges) as opposed to the Schaefer 1000-17Networks
(499,500 edges) described in Chapter 2. The properties of the four parcellation schemes are
elaborated in Table 6.2.

Schemes Dimensionality Edges Space Coverage
*Shen 268 35,778 Volume Whole-brain
Glasser 360 64,620 Surface Cortical
Glasser Extended 426 90,525 Volume Whole-brain
MIST 444 98,346 Volume Whole-brain
e < 500 124,750 Surface Cortical

Table 6.2. Properties of the parcellation schemes that were employed to derive the
REST1 and REST2 functional connectivity matrices for the connectome-based
identification procedure. The parcellation schemes differ in parcel dimensionality (i.e., 268
— 500 parcels), space (i.e., volume, surface), and spatial coverage (i.e., cortex, whole-brain).
*Baseline connectome-based fingerprint identification was performed using the whole-brain
Shen 268 parcellation scheme.

2. Frontoparietal Networks: Functional networks have consistently shown to yield the highest

identification accuracy with the combination of the medial frontal and frontoparietal networks
in neurotypical and developing populations compared to the whole-brain connectome
(Vanderwal et al., 2021; Cai et al., 2021; Jalbrzikowski et al., 2019; Horien et al., 2019; Byrge
and Kennedy, 2019; Vanderwal et al., 2017; Finn et al., 2015; see Chapters 1 (Section 1.8)
and 2). The frontoparietal networks were identified using a 10-network definition (Horien et
al., 2023; Horien et al., 2019; Noble et al., 2017; Finn et al., 2015) to construct a 63 x 63
REST1 and REST2 functional connectivity matrix for each participant.

3. Scrubbing: Head motion strategies such as scrubbing have been shown to minimise motion
artefacts in the fMRI timeseries as a means to maximise data quality (Power et al., 2015;
Power et al., 2014; Power et al., 2013; see Chapters 3 (Section 3.3) and 4). I performed
scrubbing as previously described by censoring motion-corrupted timepoints (T) if their

rmsFD > 0.20 mm in addition to their neighbouring timepoints (T — 1, T + 1, T + 2). The
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scrubbed timeseries were then used to derive the REST1 and REST2 functional connectivity
matrices for each participant. To maximise participant inclusion for performing connectome-
based identification, a rmsFD threshold set at 0.20 mm was applied as opposed to more strict
thresholds (e.g., rmsFD > 0.08 mm) which increase the risk of excluding a larger number of

participants in the analyses (Marek et al., 2022; see Chapter 3 (Section 3.3) for a discussion).

4. Bagging: Given that bagging has been shown to have the ability to successfully identify an
individual’s functional connectome based on their scrubbed timeseries and maximise sample
inclusivity by salvaging “high-motion” participants (see Chapter 4), I applied bagging to
compute the REST1 and REST2 functional connectivity matrices of the participants. Bagging
was first performed on the “low-motion™ participants (N = 306) after applying the initial
rmsFD threshold, set at 0.20 mm. For each participant, and each scan (REST1, REST2), their
scrubbed timepoints were ranked by rmsFD. From the minTP € {60, 200} timepoints
exhibiting the least motion, 500 bootstrapped timeseries volumes of size TP € {20, 100} were
randomly selected with replacement. The two parameters were tuned to be consistent with the
values applied in Chapter 4. At each iteration, functional connectivity was computed between
all pairs of ROIs, creating 500 bootstrapped REST1 and REST2 functional connectivity
matrices. For each participant, these matrices were then averaged, creating a single mean
REST1 and REST2 functional connectivity matrix. The bagging procedure was repeated with
the original sample size (N = 540) without discarding participants whose rmsFD > 0.20 mm,
excluding only those participants who did not have minTP timepoints remaining after

scrubbing.

6.2.8 Connectome-based Predictive Modelling

CPM was carried out as previously described (Green et al., 2018a; Shen et al., 2017; Rosenberg
et al., 2015; Finn et al., 2015; see Chapter 5) to predict age, CBCL, and FSIQ using a k-fold CV,
where k = 10. The three phenotypes were chosen as they differ in their measurements: age (true
biological measure), CBCL (self-reported, subjective measure), and FSIQ (task performance
measure). The strength of each edge from the whole-brain connectome in the k — 1 samples was
correlated with each of the three phenotypes across 100 iterations. Edges that shared the strongest
positive correlations with each of the phenotypes and were 95% relevant in all of the k — 1
samples were assigned to the positive [POS] network whereas those that exhibited the strongest
negative correlations with the phenotypes were assigned to the negative [NEG] network. The
significance of the correlations between each edge’s strength and the phenotypes was thresholded
at P <0.01. The POS and NEG networks of each participant in the training set were derived as

follows:
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POS = 2 FC,; m}, 6.1)
w
w

where FC is the vectorised connectivity matrix of a participant obtained from REST1, and m*
and m~ are the binary matrices for a given pair of edges i and j that survived the significance
threshold for the respective POS and NEG networks (Greene et al., 2018a). In addition, a
Combined network can be derived by computing the difference between the POS and NEG
network strengths. Linear regression models were built to assess the relationship between the
three network strengths and each of the phenotypes in the k — 1 samples. When age was
predicted, the regression models covaried for sex and rmsFD derived from REST1. When CBCL
and FSIQ were predicted, the regression models included age, sex, and rmsFD as covariates. The
three network strengths were then calculated for the (unseen) k samples to predict the phenotypes
and this procedure was repeated k times to allow each k sample to serve as the testing set once.
Permutation testing was performed to compute the significance of the model predictions by
randomly shuffling the participant labels across 1000 iterations, thus deriving the number of times

the permuted (null) predictions were greater than or equal to the true (unpermuted) predictions:

— #{rnull > rtrue}
1000 (6.3)

The significance of the model predictions was further corrected for multiple comparisons using
FDR. Model performances were quantified as the relationships between the predicted and
observed phenotypes using Pearson’s correlation coefficient (), explained variance (R?), and
mean absolute error (MAE). CPM was repeated to test whether the data pre-/post-processing
factors and head motion mitigation strategies would improve the baseline relationships between
the predicted and observed phenotypes. Finally, a Steiger’s Z test was performed to assess
whether the CPM-based predictions differed significantly from baseline for each of the factors
examined (Horien et al., 2023; Beaty et al., 2018; Steiger, 1980). Of note, a Steiger’s Z test cannot
be performed to compare the baseline CPM performances with those derived from bagging as the
sample sizes are not equal: the assumption of the test relies on computing the statistical

significance of the difference between two dependent correlations with the same sample size.
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6.2.9 External Validation of the CPM-based Predictions

To test generalisability, the POS, NEG, and Combined networks obtained from the HBN CPM-
based predictions of age and FSIQ were applied to an independent dataset (Horien et al., 2023;
Greene et al., 2018a; Rosenberg et al., 2016). Given that the CBCL T-scores were not available
for ABIDE, the generalisability focused on predicting age and FSIQ. The network strengths were
first used to derive the model coefficients in the independent sample. The network masks and
model coefficients were then used to predict age and FSIQ. The independent dataset included
non-Autistic individuals from ABIDE (84 females, N = 439, age range = 6-57 years, mean
age+SD = 16.2+6.7 years). The preprocessed resting-state fMRI data were obtained from C-
PAC which included GSR (http://preprocessed-connectomes-project.org/abide/; Craddock et al.,

2013a). After applying an initial head motion threshold of rmsFD < 0.20 mm, a total of 407
participants remained in the cohort for the CPM analyses. Model performances were quantified
for the relationships between the predicted and observed phenotypes using Pearson’s correlation
coefficient (1), explained variance (R?), and mean absolute error (MAE). A Steiger’s Z test was
recomputed to assess whether the CPM-based predictions differed significantly from baseline for

each of the factors (excluding bagging) examined.
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Figure 6.2. Data pre-/post-processing factors and head motion mitigation strategies for
connectome-based fingerprint identification. Data pre-/post-processing factors include the
application of four publicly available parcellation schemes such as the Glasser 360, Glasser 426,
MIST 444, and Schaefer 500-17Networks atlases in addition to using the frontoparietal networks
derived from a 10-network definition to derive the REST1 and REST2 functional connectivity
matrices of the participants. Head motion mitigation strategies include scrubbing and bagging to
compute the REST1 and REST?2 functional connectivity matrices of the participants on the basis
of their least motion-corrupted timepoints in the fMRI timeseries.
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6.3 Results

6.3.1 Connectome-based identifiability of developing youths
Connectome-based identification was performed for the HBN by applying a standard
preprocessing pipeline including GSR followed by the Shen 268 parcellation scheme which

consisted of 25,200 distinct edges in the whole-brain connectome. Prior to deriving the baseline
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connectome-based identification, an initial head motion threshold of rmsFD > 0.20 mm was
employed to identify the “high-movement” participants in the cohort. Using REST1 and REST2
scans acquired within the same imaging session, binary identification was carried out such that
the BID accuracy is 1 if the participants are successfully identified and 0 if they are misidentified
with other individuals in the cohort. For the D — T configuration, the BID accuracy was 76%
and for the T — D configuration, the BID accuracy increased to 80%. On average, the developing
youths in the HBN (N = 306, age range = 6-21 years, mean age+SD = 11.613.1 years) had an

identification accuracy of 78% based on their unique whole-brain functional connectome profiles.

6.3.2 Factors influencing connectome-based fingerprint identification in developing youths

Data Pre-/Post-Processing Factor #1: Frontoparietal Networks

I first computed functional connectivity for the medial frontal and frontoparietal networks using
a 10-network definition to construct a 63 x 63 REST1 and REST2 functional connectivity matrix
for each participant instead of using the whole-brain connectome. Restricting the fingerprint to
these networks alone, accounting for ~25% of the whole-brain connectome, decreased the BID
accuracy to 71% (Figure 6.3A). Contrary to the findings in Chapter 2, the functional networks
that typically share the highest discriminatory power exhibited a drop of 9.0% in their ability to
identify developing youths based on their distinct functional connectivity patterns compared to

the baseline whole-brain connectome identification.

Data Pre-/Post-Processing Factor #2: Parcellation Schemes

I then examined how different parcellation schemes that differ in their parcel dimensionality,
space (e.g., volume vs. surface), and spatial coverage influence the identifiability of the
developing youths based on their functional connectomes. Similar to the findings in Chapter 2,
there was a tendency to observe greater BID accuracies in the HBN with finer parcellation
schemes (i.e., 268 — 500 parcels), especially with those covering cortical regions only, rather
than whole-brain. When the functional connectome was defined using the whole-brain Shen 268
parcellation scheme, identification accuracy was 78% but improved to 87% when the cortical
Schaefer 500-17Networks scheme was employed (Figure 6.3B). That is, increasing parcel
dimensionality ~2 times resulted in a gain of 11.5% in the ability to differentiate developing

youths from the cohort based on their individual functional connectomes.

Head Motion Mitigation Strategy #1: Scrubbing

As described in Chapter 4, a temporal censoring strategy commonly known as scrubbing was
applied to identify and remove each timepoint (T) including one preceding (T — 1) and two
succeeding (T + 1, T + 2) timepoints that are corrupted by head motion (i.e., rmsFD > 0.20 mm)

prior to computing the REST1 and REST2 functional connectivity matrices of the participants.
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After scrubbing, BID accuracy decreased to 77% (Figure 6.4A) — a marginal drop of 1.3%
compared to when the full timeseries of the participants were used to construct the REST1 and

REST?2 functional connectivity matrices.

Head Motion Mitigation Strategy #2: Bagging

Bagging was performed using the scrubbed timeseries as described in Chapter 4. First, I set
minTP = 200 and TP = 100, i.e., I selected the 200 least motion-contaminated timepoints from
each individual’s scrubbed timeseries for REST1 and REST2, then bagged 100 timepoints,
computed functional connectivity matrices for each of 500 iterations, and averaged across
iterations to produce a mean functional connectivity matrix for REST1 and REST2 for each
participant. For this combination of parameters, which resulted in the retention of just over 50%
of the full timeseries, BID accuracy decreased to 69% (Figure 6.4B). In the second instance, I set
minTP = 60 and TP = 20, i.e., | identified the 60 least motion-contaminated timepoints from the
scrubbed timeseries, from which only 20 timepoints were bagged across 500 iterations. This
combination of parameters resulted in the retention of just 16% of the full timeseries, and BID
accuracy further decreased to 58% (Figure 6.4B). The decrease in fingerprint ID accuracy is
consistent with the results obtained in Chapter 4 when bagging was performed with the minTP

=200/TP = 100 and minTP = 60/TP = 20 thresholds.

The bagging procedure was repeated to salvage “high-motion” participants in the HBN cohort,
i.e., those initially excluded using a head motion threshold of rmsFD < 0.20 mm. Participants
from the original N = 540 sample were retained provided that they had enough timepoints
remained after scrubbing to meet the minTP thresholds. I retained ~60% (N = 320/540) and
~88% (N = 474/540) of the original full sample when minTP = 200/TP = 100 and minTP =
60/TP = 20 thresholds were applied, corresponding to a gain of 3% and 31% in sample size,
respectively. BID accuracies were 68% and 47% (Figure 6.4B). While bagging enables the rescue
of “high-motion” participants, in this sample, it resulted in relatively low fingerprint ID accuracy

which was consistent with the findings obtained in Chapter 4.
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Figure 6.3. Data pre-/post-processing factors (i.e., frontoparietal networks, parcellation
schemes) for connectome-based fingerprint identification. A. Connectome-based fingerprint
accuracy derived from the frontoparietal networks using a 10-network definition which involves
the combination of the medial frontal and frontoparietal networks. B. Connectome-based
fingerprint accuracy derived from multiple parcellation schemes that differ in terms of their parcel
dimensionality (i.e., 268 — 500 parcels), space (i.e., volume, surface), and spatial coverage (i.e.,
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Figure 6.4. Head motion mitigation strategies (i.e., scrubbing, bagging) for connectome-
based fingerprint identification. A. Connectome-based fingerprint accuracy derived from
scrubbing where a motion-corrupted timepoint (T) is identified and censored if its rmsFD > 0.20
mm followed by a preceding (T — 1) and two succeeding timepoints (T + 1, T + 2). B.
Connectome-based fingerprint accuracy derived from bagging with and without the inclusion of
“high-motion” participants, where the least 60 or 200 motion-corrupted timepoints are selected
from each participant’s fMRI timeseries out of which 20 or 100 timepoints are respectively
bootstrapped across 500 iterations.

6.3.3 Connectome-based predictions of age, CBCL, and FSIQ in developing youths

CPM was performed to predict three phenotypes (i.e., age, CBCL, FSIQ) in developing youths
using a k-fold CV, where k = 10. CPM was adjusted to control for sex and rmsFD to predict age
in addition to treating age as an additional covariate for predicting CBCL and FSIQ. The baseline
CPM predicted age using 5.3% (1,330/25,200) of the edges derived from the POS network and
3.1% (774/25,200) of the edges from the NEG network (thresholded at P < 0.01 and consistent
in 95% of all instances of 10-fold CV). The relationship between predicted and observed age was
strongest when the edges were derived from the Combined network [r = 0.63, P < 0.001; R* =
0.39; MAE = 2.00] (Table 6.3). The POS network predicted CBCL with the baseline CPM [r =
0.16, P=0.019; R*=0.03; MAE = 10.4] using 0.3% (76/25,200) of the thresholded edges (Table
6.3), while FSIQ was also predicted by the POS network [r = 0.16, P = 0.027; R* = 0.03; MAE
= 14.0] using 0.7% (178/25,200) of the thresholded edges (Table 6.3). Of note, there was a
significant relationship between rmsFD and the three predicted phenotypes that varied according
to their network strengths: age (POS: r =-0.31, P<0.001; NEG: r =-0.34, P <0.001; Combined:
r=-0.34, P <0.001), CBCL (POS: r =0.07, P=0.23; NEG: r =-0.17, P = 0.004; Combined: r
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=-0.03, P=0.67), and FSIQ (POS: r=0.21, P <0.001; NEG: r =0.19, P = 0.002; Combined:
=0.22, P<0.001).

Baseline Connectome-based Predictive Modelling

POS Network Strength NEG Network Strength Combined Network Strength

r R2 MAE r R2 MAE r R2 MAE

AGE 0.61***  0.37 2.04 0.57***  0.32 2.08 0.63***  0.39 2.00

CBCL 0.16" 0.03 10.4 0.0002  0.001 11.1 0.11 0.01 10.6

FSiQ 0.16* 0.03 14.0 0.02 0.001 14.8 0.12 0.02 14.2

Table 6.3. Baseline connectome-based predictive modelling of age, CBCL, and FSIQ. The
three phenotypes were predicted using the positive [POS], negative [NEG], and combined
[Combined] network strengths. Model performance assessed the linear relationships between
predicted and observed phenotypes using Pearson’s correlation coefficient (1), explained variance
(R?), and mean absolute error (MAE). **¥*P < 0.001, **P < 0.01, *P < 0.05.

6.3.4 Neuroanatomy of the CPM-based predictive networks

A 10-network template was used (Horien et al., 2023; Horien et al., 2019; Greene et al., 2018a;
Noble et al., 2017; Finn et al., 2015) to examine and visualise network membership for the three
models. Edges that were predictive of age in the POS and NEG networks were distributed across
several functional networks spanning the whole brain (Figure 6.5). The greatest proportion of
predictive edges in the POS network was found in the salience, motor, and subcortical networks,
followed by moderate contributions of the frontoparietal, default mode, and visual networks. For
the NEG network, the majority of the predictive edges involved the salience, medial frontal,
frontoparietal, motor, and visual networks, whereas the connections derived from the default
mode, subcortical, and cerebellar networks were least important. For CBCL, the POS network
involved edges concentrated in the subcortical, motor, default mode, medial frontal, and visual
networks (Figure 6.5), while the model for FSIQ featured edges in the subcortical and motor

networks, followed by minimal involvement of the cerebellar and salience networks (Figure 6.5).
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Figure 6.5. Neuroanatomy of the CPM-based predictive networks for age, CBCL, and
FSIQ. First Panel: Relationships between predicted and observed phenotypes derived from the
respective POS and NEG network strengths. Second Panel: Chord plots illustrating the
contributions of the predictive POS and NEG edges in different functional networks using a 10-
network definition. Note: To facilitate the post-hoc visualisations, the POS and NEG edges in
predicting age were thresholded with a degree of 20. Third Panel: Glass brains illustrating the
connectivity patterns across the whole brain for the POS and NEG network strengths. Fourth
Panel: Connectivity matrices summarising the connectivity patterns within and between different
functional networks based on their POS and NEG network strengths. The shades represent the
degree of edge contributions such that darker shades indicate greater contribution of the edges in
a functional network. MF: medial frontal; FP: frontoparietal; DMN: default mode; Mot: motor;
VI: visual I; VII: visual II; VA: visual association; SAL: salience; SC: subcortical, CBL:
cerebellum.

6.3.5 Impact of methodological configurations on CPM-based predictions

After deriving the baseline connectome-based predictions of age, CBCL, and FSIQ, CPM was
rerun using two data pre-/post-processing factors (i.e., frontoparietal networks and parcellation
schemes) and two head motion mitigation strategies (i.e., scrubbing and bagging) to assess

whether these alternative configurations improve predictive power. Regardless of configuration,
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the relationships between predicted and observed age were largely maintained (Table 6.4), with
the exception being the age model constructed using the frontoparietal networks, which showed
a significantly weaker relationship between predicted and observed age, relative to the baseline
model across the three network strengths [z, = 5.00, P <0.001; z, = 5.25, P <0.001; z. = 5.06, P
< 0.001]. Further, only finer brain parcellations such as Glasser 360 [z. = 5.06, P = 0.028] and
MIST 444 [z, = -2.29, P = 0.022] significantly altered the relationship between predicted and
observed age (Table 6.5). Note: the Steiger’s Z test could not be applied to test the significance
of the difference between baseline and bagged CPM-based predictions.

For the CBCL models, scrubbing was the only manipulation that preserved the relationship
between predicted and observed behaviour [rp = 0.18, P = 0.013] (Table 6.4); this relationship
was not statistically different from the baseline prediction [z, =-1.01, P = 0.32] (Table 6.5). For
the FSIQ models, finer whole-brain parcellation schemes, scrubbing, and bagging all maintained
the relationships between predicted and observed FSIQ, with some additional significant
relationships for Combined networks observed (Table 6.4). Only the finer MIST 444 parcellation
scheme [z, = -2.06, P = 0.039] and scrubbing [z. = -2.69, P = 0.007] significantly altered the
relationship between predicted and observed FSIQ compared to the baseline predictions (Table

6.5).
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Configurations of Connectome-based Predictive Modelling

METHOD BID BID PATTERN AGE CBCL FSIQ
rp = 0.61*** rp =0.16* rp =0.16*
Shen 268 0.78 Baseline rn = 0.57*** rn = 0.0002 rn=0.02
rc=0.63*** re=0.11 re=0.12

Predictive Networks

rp = 0.40*** rp=0.03 rp=0.03
Frontoparietal 0.71 l rn = 0.35** rn = 0.006 rn =-0.003
rc = 0.46*** rc = 0.03 rec = 0.009
Parcellation Schemes
A Tp = 0.56*** rp=0.12 rp=0.10
Glasser 360 0.83 Tn = 0.53*** rn=0.05 rn=0.08
rc = 0.58*** re=0.10 rc=0.10
A Tp = 0.61*** rp=0.14 rp=0.17*
Glasser 426 0.83 Tn = 0.53*** rn=0.03 rn=0.10
rc = 0.60*** re=0.10 re=0.15*
A rp =0.61*** rp=0.07 rp=0.18*
MIST 444 0.84 rn = 0.60*** rn = 0.005 m=0.13
rc = 0.62*** re = 0.04 re=0.17*
A rp = 0.56*** rp=0.09 rp =0.06
Schaefer 500 0.87 T = 0.58*** rn =-0.004 rn=0.09
rc = 0.60*** rc = 0.06 rc = 0.08
Head Motion Mitigation Strategies
Tp = 0.60*** rp=0.18* rp =0.18*
Scrubbing 0.77 rn = 0.58*** 7n =-0.06 rn = 0.06
v rc = 0.63*** re=0.10 rc=0.16*
. . Tp = 0.62*** p =-0.08 rp = 0.21*
ggg %I(n'IgFS T?Eg’) 069 7n = 0.53** rn=-0.12 7n=0.04
v rc = 0.62*** re=-0.12 re=0.18*
) ) Tp = 0.56*** rp=0.12 rp = 0.20**
28%?3 i";g)TP = 058 Tn = 054" 7n = 0.01 7n =-0.03
v rc = 0.58*** re=0.08 rc =0.15*
Bagging (minTP = rp = 0.60*** rp =-0.04 rp=0.16*
200 & TP = 100) 0.68 T = 0.50*** rn=0.03 rn=0.06
w/ High-Motion v re = 0.58*** re = -0.006 re=0.14*
Bagging (minTP = rp = 0.54*** rp = 0.06 rp = 0.09
60 & TP = 20) 0.47 rn = 0.49*** rn=0.09 rn =-0.01
w/ High-Motion v rc = 0.54*** rc = 0.09 rc = 0.06

Table 6.4. CPM configurations derived from data pre-/post-processing factors and head
motion mitigation strategies for predicting age, CBCL, and FSIQ. The data pre-/post-
processing factors involve using predictive networks and several parcellation schemes that differ
in terms of their parcel dimensionality, space, and spatial coverage. The head motion mitigation
strategies include scrubbing and bagging. Here, model performance is indicated by the Pearson’s
correlation coefficient (r) between predicted and observed phenotypes. 1, = positive network
strength, 7, = negative network strength, r. = combined network strength. ***P < 0.001, **P <
0.01, *P <0.05.
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Steiger’s Z Steiger’s Z Steiger’s Z
METHOD AGE CBCL FSIQ
Baseline Baseline Baseline
Shen 268 Baseline Baseline Baseline
Baseline Baseline Baseline

Predictive Networks

Zp = 5.00*** Zp = 2.29* Zp = 1.69
Frontoparietal Zn = 5.25"** zn =-0.09 zn=0.34
zc = 5.06*** zc=1.38 zc=1.56

Parcellation Schemes

Zp = 1.79 Zp=0.90 Zp = 1.06
Glasser 360 Zn=1.72 zn =-0.86 zn=-1.33
zc=2.19* zc=0.22 zc=0.42
Zp = 0 Zp = 0.49 Zp = -0.34
Glasser 426 zn=1.89 zn=-0.59 zn =-2.01*
zc=1.50 zc=0.25 ze =-1.01
Zp = 0 Zp = 2.67** Zp = -0.74
MIST 444 zZn =-2.29* zn=-0.12 Zn = -3.83***
zc=0.79 zc = 2.20* Zc =-2.06*
Zp=1.94 Zp=1.79 zp=1.88
Schaefer 500 zn =-0.46 zn=0.08 zn=-1.68
zc=1.44 zc=1.24 zc =0.91

Head Motion Mitigation Strategies

Zp = 0.90 Zp = -1.01 Zp = -1.35
Scrubbing zn =-0.68 zn =2.31* zZn=-1.74
zc=0 zc = 0.46 Zc =-2.69**

Bagging (minTP =
200 & TP = 100)

Bagging (minTP =
60 & TP =20)

Bagging (minTP = — — —
200 & TP = 100) = = =
with High-Motion = = =
Bagging (minTP = — — —
60 & TP =20) — — —
w/ High-Motion — — —

Table 6.5. CPM configurations derived from data pre-/post-processing factors and head
motion mitigation strategies for predicting age, CBCL, and FSIQ. The data pre-/post-
processing factors involve using predictive networks and several parcellation schemes that differ
in terms of their parcel dimensionality, space, and spatial coverage. The head motion mitigation
strategies include scrubbing and bagging. Here, the Steiger’s Z tests are presented for each CPM
configuration and network strength to compare the baseline HBN-derived predictions of age,
CBCL, and FSIQ with those obtained from the data pre-/post-processing factors and head motion
mitigation strategies. Note: Steiger’s Z test was not performed to compare the baseline CPM
performance with that derived from bagging as the sample sizes are not equal: the assumption of
the test relies on computing the statistical significance of the difference between two dependent
correlations with the same sample size. ***P < (.001, **P < 0.01, *P <0.05.

6.3.6 Generalisability of connectome-based predictions in developing populations
To externally validate the connectome-based predictions derived from the HBN, an independent

sample of non-Autistic individuals were obtained from ABIDE to predict age and FSIQ (CBCL
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scores were not available for ABIDE). Baseline model predictions of age generalised for the POS
[r=0.27, P<0.001], NEG [r =0.43, P <0.001], and Combined [r = 0.35, P < 0.001] networks
(Figure 6.6). The baseline CPM-based predictions of age were significantly different from those
derived from the frontoparietal networks and finer parcellation schemes (Steiger’s Z test, P <
0.05; Table 6.6) . On the other hand, the baseline predictions of FSIQ did not generalise across
the three network strengths (Figure 6.6). However, frontoparietal networks and finer parcellation
schemes were beneficial in predicting FSIQ, which were significantly different from the baseline
predictions (Steiger’s Z test, P < 0.05; Table 6.6). Bagging was the only head motion strategy that
facilitated the prediction of FSIQ across the POS [r = 0.09, P =0.04], NEG [r =0.11, P=0.01],
and Combined networks [r = 0.12, P = 0.004] (Table 6.6). The complete impact of the data pre-
/post-processing factors and head motion mitigation strategies on the CPM-based predictions of

age and FSIQ are further presented in Table 6.6.

POS Network NEG Network Combined Network
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Figure 6.6. Generalisability of baseline CPM-based predictions of age and FSIQ in ABIDE.
First Panel: Relationships between predicted and observed age derived from the respective POS,
NEG, and Combined network strengths. Second Panel: Relationships between predicted and
observed FSIQ derived from the respective POS, NEG, and Combined network strengths. Here,
model performance is indicated by the Pearson’s correlation coefficient () between predicted
and observed phenotypes. r, = positive network strength, r, = negative network strength, r. =
combined network strength.

160



Chapter 6

Configurations of Connectome-based Predictive Modelling

METHOD AGE FsiQ Steiger’s Z Steiger’s Z

AGE FSIQ

rp = 0.27*** rp=0.04 Baseline Baseline
Shen 268 rn = 0.43*** rn=0.07 Baseline Baseline

rc = 0.35"** re =0.05 Baseline Baseline
Predictive Networks

rp = 0.14** rp =0.06 zp = 2.57* zp =-0.31
Frontoparietal rn=0.13* rn = 0.08* Zn =5.73*** zn=-0.20

re = 0.19*** rc = 0.09* Zc = 3.52*** zc =-0.73
Parcellation Schemes

p = 0.19*** rp = 0.09* zp = 2.62** zp=-1.13
Glasser 360 rn = 0.32*** rm=0.04 zn = 4.39*** zn=0.84

re = 0.27*** re = 0.07 zc = 3.10** zc =-0.50

rp = 0.25*** rp = 0.06 zp=0.74 zp =-0.82
Glasser 426 rn = 0.40*** rn=0.06 zn = 1.66 zn = 0.37

rc = 0.35*** re=0.07 zc=0 zc =-0.95

p = 0.28*** rp =0.07 zp =-0.56 zp =-1.51
MIST 444 rn = 0.39*** rn=0.10* zn = 2.36* zn=-1.14

rc = 0.34*** re = 0.09* zc =0.62 zc =-2.02*

p = 0.18*** rp =0.10* zp = 2.81** zp=-1.45
Schaefer 500 rn = 0.32*** rn=0.11** zZn = 4.39*** zn=-1.35

re = 0.27*** re=0.12** zc = 3.00** Zc =-2.13*
Head Motion Mitigation Strategies

rp = 0.26*** rp = 0.03 zp=0.74 zp =0.82
Scrubbing rn = 0.42*** = 0.06 zn =0.70 zn = 0.64

re = 0.34*** re =0.04 zc=0.76 zc =1.01
Bagging (minTP = = 0'41*** 7p=0.09 - -
200 & TP = 100) rn=0.41 rn=0.01 — —

re = 0.43*** re =0.08 — —
Bagging (minTP = e = 0'19*** rp=0.06 _ _
60 & TP = 20) rn=0.39 rn=0.05 — —

Tec= 0.31 ** Tec= 007 —_— —_—
Bagging (minTP = rp = 0.38*** rp =0.06 — —
200 & TP =100) n = 0.45*** rm=0.10 — —
with High-Motion rc = 0.44*** re=0.09 — —
Bagging (minTP = rp = 0.21*** rp = 0.09* — —
60 & TP = 20) rn = 0.35*** rn=0.11* — —
w/ High-Motion re = 0.31*** re=0.12** — —

Table 6.6. CPM configurations derived from data pre-/post-processing factors and head
motion mitigation strategies for predicting age and FSIQ in ABIDE. The data pre-/post-
processing factors involve using predictive networks and several parcellation schemes that differ
in terms of their parcel dimensionality, space, and spatial coverage. The head motion mitigation
strategies include scrubbing and bagging. Here, model performance is indicated by the Pearson’s
correlation coefficient () between predicted and observed phenotypes. The Steiger’s Z tests are
also computed for each CPM configuration and network strength to compare the baseline ABIDE-
derived predictions of age and FSIQ with those obtained from the data pre-/post-processing
factors and head motion mitigation strategies. Note: Steiger’s Z test was not performed to
compare the baseline CPM performance with that derived from bagging as the sample sizes are
not equal: the assumption of the test relies on computing the statistical significance of the
difference between two dependent correlations with the same sample size. rp = positive network
strength, rn = negative network strength, rc = combined network strength. ***P < 0.001, **P <
0.01, *P <0.05.
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6.4 Discussion

The present study builds on my prior work — which sought to improve the measurement of
individual differences in the functional connectome — and assesses whether the strategies 1
identified in Chapters 2 and 4 also enhance the robustness and reproducibility of brain-behaviour
relationships, prerequisites for biomarker discovery. Applying the same logic of Chapters 2 and
4, I first tested the reproducibility of my findings in an independent, developing, and help-seeking
sample — that is, | examined whether the previously identified data pre-/post-processing factors
and head motion mitigation strategies improved fingerprint-based identification accuracy.
Connectome-based identification for the baseline pipeline was 78%; while finer parcellation
schemes improved the ability to identify an individual from their functional connectomes up to
87%, consistent with Chapter 2, restricting the connectome to the frontoparietal networks did
not boost ID accuracy, nor did bagging. Next, I investigated whether the data pre-/post-processing
factors and head motion mitigation strategies improved connectome-based phenotypic
predictions of age, general psychopathology, and intellectual ability. Finally, I assessed whether
the same factors could improve the generalisability of the CPM-based predictions, using an
independent sample. CPM-based predictions were generally preserved, but not improved, using
the pre-/post-processing factors and head motion mitigation strategies that I examined. Phenotype
predictions were also generalisable to an independent sample, with some factors (i.e., finer
grained parcellation and bagging) significantly improving generalisability. These findings thus
paint a mixed picture — strategies for increasing connectome-based fingerprint identification
accuracy identified in neurotypical adults and youths in Chapter 2 did not fully reproduce in an
independent sample of help-seeking youths, nor did they translate to stronger connectome-based
phenotypic predictions. Several strategies did improve generalisability, however — suggesting
that while these strategies do not necessarily improve validity (strength of brain-behaviour
relationships), they do strengthen reproducibility (generalisability of brain-behaviour

relationships).

Consistent with my observations in Chapter 2, connectome-based fingerprint identification
accuracy increased with parcellation schemes that encapsulate finer properties of the functional
connectome. To limit the bottleneck for increasing the computational resources of CPM, the
highest parcel dimensionality was captured with 500 parcels instead of 1000 parcels that were
applied in Chapter 2. Model-based predictions of age were generally unaffected by parcellation
schemes, while there were some increases in sensitivity for predicting intellectual ability. These
predictions were also generalisable, with increased generalisability observed for intellectual
ability for the highest parcel dimensionality (i.e., 500 parcels). The former finding is consistent

with previous work, which found that CPM-based phenotypic predictions do not differ
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significantly across different brain parcellations (Mantwill et al., 2022; Dadi et al., 2019; Greene
et al., 2018a). This suggests that the process of summarising meaningful edges (sometimes as
many as 107 or 10°) that share an association with a chosen phenotype into a singular value is
robust irrespective of the parcellation scheme being applied to define the functional connectome.
My observations on improved generalisability are novel and important, however, particularly
given the developmental samples examined. Using high-dimensionality parcellations can make
the CPM highly computationally intensive, variable, and potentially less interpretable
(Tejavibulya et al., 2022; Dhamala et al., 2022) — however, such costs may be acceptable in light
of improved reproducibility of brain-behaviour relationships (i.e., generalisability). Given that
there are no one-parcellation-fits-all datasets, individualised parcellations may be one route to
improve the CPM performance without necessarily increasing dimensionality (Kong et al., 2021;

Salehi et al., 2020).

In contrast to my observations for higher dimensionality parcellations, there was a decrease in
connectome-based fingerprint identification when the functional connectome was restricted to
the frontoparietal networks. This finding is not consistent with mounting evidence of the
frontoparietal networks being the discriminatory functional networks that maximise participant
identification (Horien et al., 2023; Venkatesh et al., 2020; Horien et al., 2019; Finn et al., 2015)
nor with my findings in Chapter 2. Further, restricting the CPM to frontoparietal networks alone
significantly dampened the connectome-based phenotypic predictions. This might be expected
— the full (baseline) predictive model showed that several other functional networks, including
the salience, default mode, visual, motor, subcortical, and cerebellar networks were important for
predictions of the three phenotypes. If we restrict the connectome only to the frontoparietal
networks, it might continue to show some relevance for behavioural phenotypes such as age and
intellectual ability, but predictive power will be lost due to the exclusion of other regions. Hence,
a narrow focus on the most stable and reproducible functional networks does not necessarily
generate the most useful or meaningful features for predicting individual phenotypes (Finn and
Rosenberg, 2021; Noble et al., 2017). These observations are consistent with Finn and Rosenberg
(2021) who argued that an individual’s functional connectome can be highly differentiable from
a group (i.e., high reproducibility) but exhibit low utility for phenotypic predictions (i.e., high
reliability and Jow validity). Instead, we require a balance between selecting stable and
reproducible brain networks that boost the identifiability of the functional connectome but also,

choosing a behavioural phenotype that is relevant to these networks.

The motion strategies I investigated also yielded a mixed set of findings. Scrubbing had minimal
impact on the fingerprint identification accuracy — which is a positive outcome, since

connectome-based identification tends to increase with longer scan duration (Vanderwal et al.,
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2021; Venkatesh et al., 2020; Vanderwal et al., 2017; Finn et al., 2015; see Chapter 2). The
application of scrubbing suggests that participants who have motion-limited timeseries can still
be included in the fingerprint identification procedure to produce reproducible functional
connectivity estimates. A recent study has shown that scrubbing yields small improvements in
the fingerprint matching of participants with network-based functional connectomes (Pham et al.,
2023). While scrubbing had a significant impact on the prediction of intellectual ability, it did not
affect the generalisation of connectome-based phenotypes in developing youths. On the other
hand, while bagging reduced the identifiability of the functional connectome, it had relatively
minimal effects on the strength of predictions for age and intellectual ability, and boosted
generalisability for these phenotypes. That is, bagging allowed the retention of the “high-motion”
developing youths who were included in the CPM for the successful predictions of age and FSIQ
scores. Given that connectome-based identification decreases with larger sample sizes (see
Chapter 2), the inclusion of these “high-movement” individuals with bagging (minTP =200, TP
= 100) did not drastically affect the fingerprinting procedure. The primary advantage of bagging,
however, is that these developing youths did not undermine the connectome-based phenotypic
prediction of age and intellectual ability. The applications of finer brain parcellations and bagging
suggest that the generalisability tests of age and intellectual ability in ABIDE are relatively strong.
Given that the training HBN sample includes help-seeking developmental participants and the
samples are therefore enriched for psychiatric symptoms, validating these predictions in the
ABIDE non-Autistic “comparison” sample means that the predictions for age and intellectual
ability are generalisable to neurotypical individuals who are non-symptomatic for psychiatric or
neurodevelopmental conditions. In contrast, scrubbing and bagging were not beneficial for
improving the connectome-based prediction of general psychopathology in this developmental
sample. This is likely due to the few contributions of edges that are meaningful or useful from
the whole-brain connectome for predicting the CBCL scores. This also suggests that the CBCL
may not be a robust behavioural measure to index externalising behaviours in developing youths,
at least not as robust as age and FSIQ. It is important to note that self-reported trait scores such
as CBCL are more difficult to predict than objective (e.g., age) and/or task performance (e.g.,
FSIQ) measurements. This may be because they are less biologically valid and/or represented
more heterogeneously, since they often constitute composite scores reflecting several types of

behaviours.

Using different strategies to manipulate the individual functional connectome for testing the
robustness and generalisability of CPM-based predictions demonstrate that several of them had
minimal impact for predicting the three chosen phenotypes. There is a possibility that CPM
imposes a ceiling for predicting certain phenotypes, beyond which little to no improvement can

be observed. If we take the example of fluid intelligence (one of the most studied phenotypes in
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the CPM literature), its out-of-sample generalisability with resting-state conditions is r = 0.20
(Greene et al., 2018a). This is an important example as the prediction of fluid intelligence has
mostly been derived from young adults from the HCP to train the CPM; these studies show that
r can range from as low as 0.02 to as high as 0.50 depending on the pre-/post-processing pipeline
being applied (Cai et al., 2021; Lin et al., 2020; Greene et al., 2018a; Dubois et al., 2018a; Finn
et al., 2015). In the case of intellectual ability studied here, its successful prediction from the
HBN cohort showed that r ranged from 0.14 to 0.18 across different CPM configurations. In
terms of generalisability, intellectual ability was successfully validated in the ABIDE sample with
r ranging from 0.08 to 0.12. Therefore, we cannot assume that these phenotypic predictions will
always be robust and generalisable because of the variations in CPM-based predictions. Assessing
the robustness and generalisability of CPM-based predictions should be prioritised as
manipulating the individual functional connectome to enhance predictive performances can be
harmful without proper justifications. Recently, Rosenblatt et al. (2023) showed that introducing
subtle manipulations in the functional connectome can significantly inflate the CPM-derived
predictive performances (e.g., relationships between observed and predicted fluid intelligence)
that are not easily detectable by visual inspection. I return to the prioritisation of the robustness

of CPM-based predictions in Chapter 9.

This study has several limitations that outline opportunities for future investigations. One caveat
is that the scan duration was relatively short, and the two scans were collected within- rather than
between-sessions. Although an acquisition length of 5 min produced a relatively high baseline
connectome-based fingerprint identification followed by successful phenotypic predictions in
developing youths, longer scan lengths (e.g., 200-1200 timepoints) can increase the predictions
of connectome-based phenotypes derived from resting-state and task-based conditions (Jiang et
al., 2020; see Chapter 5 (Section 5.3)). Unfortunately, such scanning durations present a
challenge in practice as developing youths, particularly those with psychiatric symptoms, often
suffer from low in-scanner tolerance due to heightened head motion, lower compliance, and
drowsiness (Zou et al., 2015; Tagliazucchi et al., 2014; Patriat et al., 2013; see Chapter 3
(Section 3.3)). Nonetheless, concatenating fMRI scans across sessions and runs could be a
plausible strategy to increase the amount of fMRI data required per participant (Cho et al., 2020;
Elliott et al., 2019; O’Connor et al., 2017; Noble et al., 2017). A future avenue could also
investigate the impact of within- vs. between-session functional connectomes on the chosen
phenotypic predictions to understand whether acquiring imaging data at shorter/longer intervals
make the phenotypic predictions less/more sensitive to data manipulations. A second shortcoming
is that [ was limited in my ability to test the generalisability of the phenotypic predictions — the
analyses were restricted to age (one of the most robust and well-studied phenotypes in the fMRI

literature) and intellectual ability. Given my interest in identifying biomarkers for

165



Chapter 6

neurodevelopmental and psychiatric conditions, assessing the robustness and generalisability of
relevant phenotypes should be a priority for future work. Such an example is the study of
sustained attention which has consistently been predicted and validated in neurodevelopmental
populations (Horien et al., 2023; Chamberlain and Rosenberg, 2022; Rosenberg et al., 2020;
Rosenberg et al., 2018; Rosenberg et al., 2016; Rosenberg et al., 2015; see Chapter 5 (Section
5.2)). Future work could focus on deeply phenotyped and longitudinal datasets such as the ABCD
Study (N=12,000; Casey et al., 2018). Finally, here, CPM was applied using resting-state fMRI
data to predict three phenotypes. Task-based paradigms have been shown to enhance the detection
of individual differences in the functional connectome as well as brain-behaviour predictions
(Jiang et al., 2020; Greene et al., 2018a; Finn et al., 2017; see Chapter 5 (Sections 5.2-5.3)).
Some task-induced conditions have been shown to yield higher predictive power compared to
others whereas aggregating different task connectomes in a single CPM can also improve model
predictions than using individual conditions (Jiang et al., 2020; Gao et al., 2019; Greene et al.,
2018a). Certain tasks characterise specific brain states that are more relevant to reveal trait-like
individual differences across the whole brain, thus contributing to more meaningful edges in the
CPM (Jiang et al., 2020; Greene et al., 2018a). Future work can further investigate whether these
trait-like properties can be enhanced across different task paradigms and data processing

strategies to boost the predictions of relevant phenotypes.

6.5 Conclusions

My work points out that improving the reproducibility of the individual functional connectome
(i.e., higher fingerprint accuracy) preserves the brain-behaviour relationships but does not
necessarily improve its validity (i.e., strength of brain-behaviour relationships). However, the
generalisability of brain-behaviour relationships can be improved under certain configurations
such as higher-dimensional brain parcellations and head motion mitigation strategies such as
bagging in neurotypical populations. Therefore, the ability to capture finer properties of the
functional connectome and maximising participant inclusivity is beneficial for generalisable
phenotypic predictions. Given the variations that are present in-sample and out-of-sample CPM-
based predictions, manipulating the functional connectome to improve the robustness and
generalisability of these predictions should be properly justified. Future work should encourage
the study of longer scan lengths either using concatenation strategies and/or increasing the
acquisition time, within- vs. between-session scans, reliable phenotypes, and/or task-based fMRI

paradigms.

The empirical research conducted in this thesis has so far investigated the reproducibility of

functional connectivity with an examination of its validity for brain-behaviour relationships,
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particularly in developing populations. While I achieved this with methodological innovations
(e.g., functional connectome fingerprinting, bagging, CPM) using resting-state fMRI conditions,
ecologically valid paradigms such as movies have the ability to address some of the limitations
of both resting-state and task-based conditions (reviewed in Chapters 1-6). I will now take a
different approach to improving reproducibility in Chapter 7 by describing how movies can be
applied to elicit neural responses as well as examining their behavioural utility in
neurodevelopmental and psychiatric conditions. Subsequently, I will examine a naturalistic fMRI
framework in Chapter 8 that aims to capture individual differences in emotional responses at

multiple spatial and temporal scales in female adolescents experiencing depressive symptoms.
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Chapter 7

Towards ecologically valid naturalistic paradigms to study functional

brain responses at multiple spatial and temporal scales
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Summary

Chapter 7 takes a different approach to reproducibility, focusing on naturalistic fMRI as an
ecologically valid, diverse, rich, and engaging approach to study neural responses and their
relationships with behavioural phenotypes. First, I discuss the advantages of using naturalistic
fMRI paradigms, relative to resting-state and task-based conditions. Second, I describe the
analytic frameworks that index functional brain responses and their phenotypic relevance at
multiple spatial and temporal scales — specifically, intersubject correlation, functional

connectivity, and the Hurst Exponent.
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7.1 Emergence of Naturalistic fMRI Paradigms

Recent years have seen growing efforts to develop study paradigms that improve in-scanner
compliance and data quality. These efforts have largely focused on naturalistic fMRI paradigms
— study designs that elicit neural responses to real-world experiences and situations, typically
delivered in movie form — leading to the development and application of dynamic, feature-rich,
and engaging audiovisual stimuli (Finn et al., 2022; Willems et al., 2020; Vanderwal et al., 2019;
Nguyen et al., 2019; Dosenbach et al., 2017; Alexander et al., 2017; Maguire, 2012; Spiers and
Maguire, 2007; Bartels and Zeki, 2005; Hasson et al., 2004). Naturalistic stimuli are considered
ecologically valid' paradigms, since they better replicate the dynamic world we operate in than
traditional task-based paradigms (Willems et al., 2020). In traditional experimental designs, real-
world scenarios are decomposed into subcomponents that reflect highly controlled experimental
manipulations (Nastase et al., 2020). While controlled experimental designs can provide
information that correspond to ecological brain functions, no single paradigm can be
representative and generalisable across all domains because the subcomponents are usually
interconnected with each other (Willems et al., 2020; Nastase et al., 2020). In contrast,
ecologically valid paradigms (e.g., narratives) are better suited to study the variations that
naturally occur in these stimuli, and tend to be more generalisable than traditional experimental
designs (Willems et al., 2020). These paradigms further enable the separation of individual
embedded features of interest during naturalistic stimulation (Figure 7.1) — a procedure that is

constrained for traditional paradigms comprising strictly controlled stimuli.

Narratives
Events
Characters
Actions
Interactions

Sentences

Words played abysitterlclea nedEplafterldinnerISuddenIyI]

signal

'The term “ecological validity” is described in Nastase et al. (2020) which reflects Egon
Brunswik’s definition that describes the utility of a perceptual cue with respect to an ecologically-
relevant state of the environment (Brunswik, 1949; Brunswik, 1947).
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Figure 7.1. A bottom-up representation of the layers that are involved in narratives. The features
of a narration can reflect audio signals, words, sentences, interactions, characters, events, and
story-telling. Adapted from Willems et al., 2020.

Naturalistic stimuli often feature extracts from Hollywood films, shorter animated movies, or
abstract scenes (Figure 7.2). Given that it is difficult to accommodate an entire movie (e.g.,
Ocean’s Eleven lasts for 116 minutes) within a study design, researchers tend to employ edited
versions of a film by selecting relevant story-telling segments to study the desired constructs, thus
allowing for well-controlled narratives. Children and adolescents tend to engage more with the
narratives of the stimuli (Vanderwal et al., 2019; Vanderwal et al., 2015), even when the storyline
involves complex scenes that capture higher-order processes such as memory, attention, and
emotion. When participants are scanned at rest, they can be bored, “mind-wander”, and/or fall
asleep unintentionally, especially with longer scan duration, leading to less reliable fMRI signals
(see Chapter 1 (Section 1.6.3)). On the other hand, when participants perform a task to evoke a
specific process, the need for practice and training, task difficulty, repetition, and cognitive load
pose challenges for younger participants and those with neurodevelopmental, neurological, or
psychiatric conditions. If we take the examples of ADHD and depressed participants, difficulties
with attention or anxiety could interfere with task acquisition and performance. Naturalistic fMRI
conditions could, therefore, circumvent the limitations of both resting-state and task-based
paradigms, and facilitate the search for fMRI-based biomarkers in neurodevelopmental and

psychiatric conditions (Finn, 2021a; Eickhoff et al., 2020; Sonkusare et al., 2019).

As elaborated in Chapter 3 (Section 3.3), youth populations tend to naturally move more than
adults, which often limits the amount of useable data that we have at our disposal to perform
brain-behaviour analyses. Some large-scale datasets such as the HBN and HCP now provide
movie-watching scans, thus allowing researchers to examine different naturalistic stimuli prior to
formulating their hypotheses or research questions. Hypotheses developed for one naturalistic
stimulus can be validated with other ecological stimuli (Willems et al., 2020). Researchers can
also take advantage of the recently established Open-Source naturalistic-based dataset known as
the Naturalistic Neuroimaging Database (NDDb; N = 86; 18-58 years; https://openneuro.org/dat
asets/ds002837/), which includes 10 full-length movies released between 1985 and 2016,

covering 10 different genres such as action, drama, sci-fi, historical, and documentary, among
others (Aliko et al., 2020). The “Narratives” collection is another Open-Source large-scale dataset
that aggregates 27 spoken stories (N = 345; ~4.6 hours; ~43,000 words) to benchmark models of

naturalistic language and narrative comprehension in a reproducible manner (https://openneuro.

org/datasets/ds002345; Nastase et al., 2021). Naturalistic stimuli not only provide a rich repertoire

of real-word contexts, but also allow researchers to focus on different story-telling segments by

annotating features of a movie such as faces, eye and bodily movements, sound, brightness, and
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so forth (Finn and Bandettini, 2021b; Meer et al., 2020). Therefore, the richness of naturalistic
stimuli allows researchers to compare and evaluate multiple hypotheses at the same time. Given
the potential of movies to elicit neural processes at different spatial and temporal scales, several
analytic frameworks have been applied — investigating the synchronisation of brain activity
across participants, connectivity within and between participants, and the temporal complexity of

the fMRI signals.

Figure 7.2. Naturalistic stimuli derived from three different movies including “Inscapes”
(Vanderwal et al., 2015), “The Present” (Alexander et al., 2017), and “Ocean’s Eleven”. Top
Panel: Inscapes (http://headspacestudios.org/inscapes) is a 7-min non-verbal, non-social series of
slowly evolving abstract shapes with a piano score sound directed by Tamara Vanderwal. Middle
Panel: The Present (https://www.jacob-frey.com) is a 4.18-min animated movie directed by Jacob
Frey that portrays an amputated youth being gifted a disabled dog by his mother. Bottom Panel:
Ocean’s Eleven is a 116-min Hollywood movie with an ensemble cast that covers a heist comedy
plot. The movie was directed by Steven Soderbergh and released in 2001.

7.2 Understanding Brain Synchronisation, Functional Connectivity, and Scale-free

Dynamics of the fMRI Signal Using Naturalistic Paradigms

There are several established and emerging methodological approaches to the detection of
reproducible brain-behaviour associations within naturalistic paradigms. As for task-based and
resting-state data, functional brain responses during naturalistic paradigms can be studied at
multiple spatial and temporal scales by examining: (1) shared brain responses across individuals

using intersubject correlation; (2) functional connectome derived from “stationary” and moment-
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to-moment functional connectivity; and (3) scale-free dynamics of the fMRI signal indexed by

the Hurst Exponent.
7.2.1 Functional Brain Synchronisation

One of the most common approaches to the analysis of naturalistic fMRI data is the intersubject
correlation (ISC) framework, which examines shared brain responses across individuals (Hasson
et al., 2010; Hasson et al., 2004). Amongst a set of individuals who are attending to the same
stimulus (e.g., movies, audio clips), ISC indexes the extent to which their activity within specific
brain regions and networks supporting information processing fluctuates synchronously in a time-
locked manner (Hasson et al., 2010; Hasson et al., 2004). Specifically, when a participant A
responds to a stimulus such as a movie at time ¢, the brain activity, denoted by x(t), in voxel or
ROI x, reflects a combination of three signals (Figure 7.3): ¢(t) — stimulus-locked component
that is consistent across participants; ida(t) — idiosyncratic stimulus-evoked component that is
relevant to participant A such as memories and emotions; and €a(t) — noise component that is
unrelated to the stimulus such as “mind-wandering”, head motion, or respiration. The fMRI signal

in voxel or ROI x of participant A can then be derived as:
Xa(t) = aac(t) + Baida(t) + ea(t) (7.1)

If the activity in voxel or ROI X is correlated with activity in voxel or ROI X in participants B, C,
D, and so forth, then the correlations of c(t) — 1, and the other components including ida(t) and
€a(t) — 0. Therefore, ISC depends on the relative contributions of the three signals. While ISC
is a continuous index ranging from 0 to 1, an ISC = 1 denotes perfect synchronisation such that a
region encodes information about the stimulus that is consistent across all the participants,
whereas an ISC = 0 indicates no synchronisation (completely idiosyncratic), where a region
encodes almost to no information about the stimulus that is consistent across participants. There
are two primary reasons why ISC has been traditionally used to study shared brain responses in
naturalistic fMRI conditions: (1) it can be used to filter individual-specific signals to reveal voxels
or ROIs that are time-locked and consistent across participants; and (2) it is a model-free approach
that quantifies brain responses in a natural environment without requiring a priori information
about the timecourse of the stimulus unlike general linear models that require information such
as stimulus features (e.g., faces, scenes, bodily movements, emotions) prior to defining the
models (Finn et al., 2020; Nastase et al., 2019; Nummenmaa et al., 2018; Hasson et al., 2010;
Jaaskeldinen et al., 2008; Hasson et al., 2004).
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Figure 7.3. Illustration of ISC to quantify shared brain synchrony derived from the fMRI
timeseries of a voxel X from a given participant A with the timeseries of voxel X in participant B.
Adapted from Nastase et al., 2019.

ISC was first proposed to study the functional brain organisation under naturalistic fMRI
conditions using a 30-min audiovisual feature film called “The Good, the Bad and the Ugly”
released in 1966 that portrays the distinct use of violence, tension, and gunfights (Hasson et al.,
2004). The individuals showed highly synchronised cortical brain activity during movie-watching
that correlated with emotional arousal scenes in addition to selective components (e.g., faces,
buildings) of the movie. These findings opened the door to an exciting opportunity to study the
synchronisation or similarity of brain responses across individuals using ecologically valid, rich,
and engaging stimuli in younger typical and atypical populations. For example, ASD adults
showed idiosyncratic cortical brain responses that are distributed across primary sensory cortices
and higher-order association areas during natural viewing of a Western feature film (Hasson et
al., 2009). While these individuals revealed variable ISC patterns that were weaker relative to the
non-ASD participants during the course of the movie, the greater variability amongst ASD
participants was suggested to reflect sensory overload (Hasson et al., 2009). Further ISC studies
revealed that both ASD children and adults exhibited idiosyncratic responses in several brain
networks (e.g., default mode, limbic, medial frontal) compared to neurotypical individuals,
consistent with differences in information processing underlying social cognition and
comprehension in natural environments (Lyons et al., 2020; Nummenmaa et al., 2018; Byrge et

al., 2015; Salami et al., 2013).
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In early childhood (4-11 years), ISC has been applied to examine synchronous neural activity
during free watching of the educational television show, “Sesame Street”, such that children with
more, relative to less mature cognition and verbal abilities, exhibited stronger ISCs with adults
(Cantlon et al., 2013). These findings suggest that ecologically valid paradigms can enhance our
understanding of how children process information in a real-world environment. Extending
movie-watching paradigms, brain synchrony has been captured in cortical and subcortical
auditory networks that reflect working memory and attention functions as well as medial frontal
regions that are involved in motor abilities during natural music listening (Abrahams et al., 2013).
This suggests that brain regions outside the auditory system are time-locked to the features of the

musical stimulus (e.g., structure, rhythms).

The data-driven ISC approach has also been employed to study the synchronisation of emotional
brain responses using short clips from Hollywood feature films such as “When Harry Met Sally”
and “The Godfather” to evoke positive, negative, or neutral emotions during adulthood (25-49
years) (see Saarimiki, 2021 for a review; Nummenmaa et al., 2012). As emotional valence
decreases from positive to negative, the shared brain responses increase in regions that contribute
to emotion processing in addition to areas that correspond to the default mode functions
(Nummenmaa et al., 2012). On the other hand, emotional arousal tends to be positively associated
with ISC in the somatosensory, attention, and visual networks, suggesting that emotional valence
and arousal have distinct patterns of synchronised brain activity. Relevant to the goals of Chapter
8, ISC has been applied to examine both brain synchrony and idiosyncrasy in major depressive
disorder (MDD) during adolescence and adulthood. Individuals suffering from melancholic
MDD (22-63 years) exhibited diminished synchrony in sensory association areas and higher-
order regions during naturalistic viewing of positive and negative emotionally evocative movies
in addition to a significant reduction in the ventromedial prefrontal cortex (vmPFC) — a region
that plays an important role in emotion regulation — during negative movie watching (Guo et al.,
2015). The melancholic MDD individuals further showed weaker ISC in most functional
networks, including the dorsal attention and salience networks, whose timecourses peaked during
the most emotional “disgusting” scene. This suggests that melancholia is associated with
disrupted brain responses to negative emotional stimuli (Guo et al., 2015). More recently, a study
investigated the spatiotemporal patterns of brain synchrony and their relationships with emotional
processing in adolescent depression (7-21 years) (Gruskin et al., 2020). Using an emotionally
evocative movie known as “Despicable Me” from the HBN, Gruskin et al. (2020) showed that
the synchrony of brain activity across depressed adolescents exhibited a negative relationship
with depressive symptomatology, with more severe symptoms associated with weaker ISC.
However, adolescents who exhibited similar depressive symptom profiles also exhibited more

similar brain responses during the emotional movie viewing. The same study characterised the
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temporal dynamics of brain synchronisation and suggested that the relationship between brain
synchrony and depressive symptomatology may be modulated by moment-to-moment responses
to the emotional valence of the movie amongst individuals suffering from the most severe

symptoms (Gruskin et al., 2020).

Applied to other clinical conditions, ISC has also been used to understand how paranoia
modulates neural responses during natural audio story-telling in a sample of adults (19-35 years)
with subclinical paranoia symptoms (Finn et al., 2018). While widespread brain synchrony was
captured in higher-order regions across these participants, the high-paranoia participants
exhibited more shared neural responses compared to the low-paranoia participants in the left
temporal pole and right medial prefrontal cortex (mPFC) — regions that are associated with
processes such as theory of mind, mentalising, mental states, and intentions (Finn et al., 2018).
Finally, the application of ISC has further been extended to study dynamic or moment-to-moment
brain responses across individuals using short animated movies (Gruskin et al., 2020; Di and
Biswal, 2020). Using a short Pixar movie called “Partly Cloudy”, highly consistent patterns of
dynamic connectivity were identified across individuals in the visual, supramarginal gyrus, and
default mode related areas, regions that are implicated in theory of mind, emotional processes,
and understanding the representation of the world — the narratives of the movie (Di and Biswal,

2020).

7.2.2 Naturalistic Functional Connectome

Moving beyond brain synchronisation across participants, standard functional connectivity
analyses can be applied to naturalistic stimuli to understand the interactions of functional
networks supporting sensory, memory, emotional, and cognitive processes (Song et al., 2021;
Chen et al., 2017; Baldassano et al., 2017; Simony et al., 2016) and to examine the impact of
different stimulus conditions on fingerprint identifiability (Vanderwal et al., 2021; Vanderwal et
al., 2017). Movie-watching stimuli have been shown to improve CPM-based brain-behaviour
predictions for cognition and emotion, relative to resting-state conditions (Finn and Bandettini,
2021b). While these authors revealed that movies portraying high social content are better
predictors of brain-behaviour relationships, the improvements can also be attributed to certain
underlying features; for example, movies that presented more human, verbal, and social
interactions positively improved the brain-behaviour predictions whereas movies that portrayed
natural scenes and landscapes negatively impacted the predictions. Naturalistic movie stimuli
have also been shown to yield consistently high inter-individual variability in functional
connectivity patterns in the frontoparietal networks across conditions (i.e., rest, movie) followed

by moderate variability in the heteromodal cortex, and lowest variability in the sensorimotor
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cortices (Vanderwal et al., 2017). This explains why naturalistic stimulation boosts the
identifiability of the functional connectome, even achieving perfect fingerprint ID accuracy

(Vanderwal et al., 2017).

Natural audio stimuli such as music and audiobooks have been used to examine the density and
topology of functional connectivity networks (Brauchli et al., 2020). Several networks showed
diminished functional connectivity in the vmPFC, default mode regions, and temporal areas,
suggesting that the degree of connectivity is mediated by acoustic pitch, musical processing, and
auditory processing (Brauchli et al., 2020). Naturalistic fMRI paradigms have also been applied
in developmental populations (Di and Biswal, 2022a; Vanderwal et al., 2019; Vanderwal et al.,
2017; Emerson et al., 2015). For example, 6-year old children have demonstrated an uncoupling,
i.e., decreased functional connectivity, between the visual and dorsal attention networks followed
by less-developed “adult-like” brain organisation with the interactions of the dorsal attention,
frontoparietal, and default mode networks during movie-watching (Emerson et al., 2015). This
suggests that the functional brain in early childhood undergo dynamic reorganisation that reflect

maturation processes and brain plasticity.

While the majority of the naturalistic functional connectomes have been studied in a “static” or
stationary manner, more recent efforts have characterised dynamic or moment-to-moment neural
responses over the course of a movie (Yang et al., 2023; Di et al., 2022b; Meer et al., 2020).
Naturalistic movie stimuli provide an exciting platform to characterise brain state dynamics that
co-occur across individuals during viewing of specific scenes that are linked to several
behavioural profiles such as emotion processing, sensorimotor functions, and inhibition (Meer et
al., 2020). Transitions between brain states tend to be synchronised across participants over the
course of the movie, in accordance with narratives or story-telling segments. Moreover, dynamic
functional connectivity can provide temporal insights that cannot be captured by “static”
connectivity-based frameworks. For example, Di et al. (2022b) showed that individuals exhibit
widespread moment-to-moment responses that are consistent across participants during movie-
watching. However, these dynamic patterns may be dependent on the context of the movie as
different movies produce distinct dynamic functional connectivity patterns. This critical
information cannot be captured by “static” functional connectivity (Di et al., 2022b) — the

authors further showed that stationary neural responses did not differ across movies.

In an innovative examination of dynamic functional connectivity, Yang et al. (2023) employed a
natural language processing framework to a full 2-hour Hollywood movie known as “Forrest
Gump” which was released in 1994 to further characterise brain state dynamics and the dwell

time (i.e., time spent in a given brain state). While dwell times appear to differ across individuals
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and region/network combinations, the default mode network yielded the longest time across brain
states and participants which was significantly different compared to the visual network.
Although variability in dwell times could reflect subject-dependent cognitive ability to process
the narratives of the movie, there is also the possibility that brain state dynamics differ between
higher-order (e.g., default mode and hippocampus) and lower-order (visual and hippocampus)
networks (Yang et al., 2023). Yet another potential advantage of dynamic, relative to static
functional connectivity is greater sensitivity to age and gender effects, as shown in a sample
spanning childhood to early adulthood (5-22 years) (Di et al., 2023). This study showed that
dynamic functional connectivity could capture non-linear age effects and gender differences in
regional brain activity and moment-to-moment functional connectivity. However, the authors of
that study noted that stationary and dynamic functional connectivity may capture different
characteristics of a chosen behavioural phenotype — for example, only stationary functional

connectivity predicted FSIQ in the developmental cohort (Di et al., 2023).

7.2.3 Scale-free Properties of the fMRI BOLD Signal

Spontaneous fluctuations in the fMRI signal exhibit properties of scale-free dynamics in time and
space that reflect the temporal complexity or self-similarity structure of the fMRI timeseries.
While the term temporal complexity refers to whether fMRI signals are temporally redundant and
predictable based on the degree of correlation, self-similarity refers to the geometrical similarity
between elements of an event regardless of a scale (Omidvarnia et al., 2022; Expert et al., 2011;
Bullmore et al., 2009; Eke et al., 2000). For example, a geometric fractal structure can be
partitioned into smaller windows and each window can be scaled down by a given factor. When
the scaling maps the original structure onto the partitioned structure, it becomes self-similar. In
the frequency domain, the scale-free dynamics is related to a power law of the power spectrum
in the form of 1/f like: P o f*, where P is the power, f denotes the frequency, and B is the power
law exponent for which f — 0 and > 0 (Campbell and Weber, 2022; Ciuciu et al., 2012; Expert
etal., 2011; He, 2011; Maxim et al., 2005). One of the most popular measures to characterise the
scale-free properties of the fMRI timeseries is the Hurst Exponent (H; Eke et al., 2000; Hurst,
1951). H is a continuous measure ranging from 0 to 1 such that an H which is closer to 0.5
indicates more random behaviour whereas an H which is nearer to 1 indicates more persistent
fluctuations (Eke et al., 2000). In other words, an H < 0.5 indicates that the timeseries has a “short-
term memory” and fast return to the mean whereas an H > 0.5 represents “long-term memory”
and slower return to the mean. In a scenario where H = 0.5, the timeseries demonstrates Gaussian
random white noise (e.g., Brownian motion), where past scale-free dynamics of a structure do
not influence future dynamics of the same structure, and therefore, is not predictable. H further

indexes whether a timecourse exhibits positively autocorrelated [0.5 < H < 1] or negatively
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autocorrelated [0 < H < 0.5] behaviours. In theory, there is a linear relationship between B and H
such that p = 2H — 1 for some scale-free processes such as the fractal Brownian motion. Hence,
the higher the H of a structure, the more correlated the fMRI timeseries becomes, reflecting 1/f
processes and interpreting as being more self-similar. Note: In the fMRI literature, several
definitions have been proposed to explain the behaviours that a timeseries reflects as indexed by
H including self-similarity, autocorrelation, long-term memory, persistent fluctuations, and
temporal complexity. To maintain consistent terminology in this thesis, the terms self-similarity
and temporal complexity have been used to describe the scale-free properties of the fMRI

timeseries.

Recently, H has been employed to index excitation-inhibition (E:I) balance driven by
glutamatergic and GABAergic signalling. E:I balance is thought to be disrupted in
neuropsychiatric disorders, reflecting changes in glutamatergic and GABAergic signalling,
leading to weaker SNR in neural circuits and impaired information processing (Yao et al., 2022;
Trakoshis et al., 2020; Sohal and Rubenstein, 2019; Fogaca and Duman, 2019; Selten et al., 2018;
Gao et al., 2017; Rubenstein and Merzenich, 2003). In the frequency domain, E:I can be captured
from the power law of the power spectrum as excitatory glutamate and inhibitory GABA
transmissions exhibit differential temporal profiles in neuronal signals. While increasing E:I ratio
leads to a “flatter” 1/f slope, decreasing E:I ratio produces a more negative 1/f slope (Gao et
al., 2017). It is understood that reduced H indicates increased excitation whereas greater H
corresponds to increased inhibition (Trakoshis et al., 2020), and E:I balance has been broadly

implicated in information transfer, neural computation, and homeostasis (Gao et al., 2017).

H has been examined under resting-state and task-based conditions, and more recently,
naturalistic stimulation, in typical and atypical populations. Resting-state and task-based fMRI
studies have shown that the temporal complexity of the fMRI signal is highest in brain regions
that form part of several functional networks including the default mode, frontoparietal, and
visual networks. Although fractal properties are present across the whole brain, the temporal
complexity of the fMRI signals are non-uniform, i.e., H varies in gray matter, white matter, and
cerebrospinal fluid tissues (Omidvarnia et al., 2022). An important observation that follows is
that the self-similarity structure of fMRI signals derived from task-induced conditions has been
shown to decrease with task difficulty and novelty (Churchill et al., 2016; Ciuciu et al., 2014;
Ciuciu et al., 2012; He, 2011; Barnes et al., 2009). He (2011) showed that H was reduced during
a button pressing task compared to resting-state conditions. Upon completing a task, H may return
to its initial temporal state, suggesting that any potential deviations could be indicative of
physiological and functional changes (Campbell and Weber, 2022a). Moreover, the scale-free

properties of fMRI signals derived from task-based paradigms that require more cognitive effort
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experience longer recovery times to their pre-task Hs, after returning from a higher frequency
dominant state (Barnes et al., 2009). Such phenomena could reflect the processing of online
information — a system that processes online information in an activated state and maintains the
memory to prepare for future events during a baseline state (Campbell and Weber, 2022a; He,
2011). Recently, a movie-watching paradigm has been shown to exhibit higher temporal
complexity at rest; higher fractal dynamics have been observed in the dorsal attention,
somatomotor, and visual networks, whereas lower fractal dynamics have been found in the
frontoparietal and default mode networks (Campbell et al., 2022b). Although there is only one
study, to our knowledge, which has studied the temporal complexity of the naturalistic fMRI
signals, evidence shows that the TRT reliability of H observed from resting-state and naturalistic
conditions is good (0.60 < ICC < 0.74) (Campbell et al., 2022b). The presence of scale-free
dynamics during naturalistic processing, therefore, suggests plausible (re) configurations of brain
states as the brain integrates sensory information with the narrative unfolding over the course of

the movie (Campbell et al., 2022b).

The 1/f-like dynamics of the fMRI signals have been studied initially in participants suffering
from early onset of Alzheimer’s Disease (69-85 years) such that abnormal temporal complexity
has been found in brain regions that are implicated in the disease (Maxim et al., 2005).
Promisingly, H may also be used to identify patients with mild cognitively impairment vs.
neurotypical individuals, with a classification accuracy of 83.1% (Long et al., 2018). Across the
lifespan, normal ageing has been associated with both losses and gains of signal complexity
across the whole brain; reduced Hs have been revealed mainly in the frontal and parietal regions
whereas greater Hs have been found in the insular, limbic, and temporal areas (Dong et al., 2018;

Wink et al., 2006).

The scale-free dynamics of the default mode network have been shown to relate to personality
traits such as extraversion, with greater H corresponding to lower extraversion scores during
adulthood (18-29 years; Lei et al., 2013). Another line of investigation has revealed that
depressive symptom severity is associated with reduced self-similarity signal structure of the right
frontoparietal and default mode networks, with opposite association patterns in the left
frontoparietal, ventromedial prefrontal, and salience networks (Jiang et al., 2017; Wei et al., 2015;
Wei et al., 2013). Extending this finding, the temporal complexity of the default mode network
has been shown to mediate the association between adaptive emotion regulation (e.g., cognitive
appraisal) and depressive symptomatology in young adults (21.14+1.58 years) (Gao et al., 2018).
Highly impulsive adults (19-28 years) exhibited alterations in the signal complexity of the fronto-
hippocampal pathways that are sensitive for learning, reward, and memory processing (Neufang

and Akhrif, 2020). For example, deviations in H of the anterior cingulate cortex are associated
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with response inhibition in the right hippocampus as well as reward processing in the dorsolateral

prefrontal cortex and middle frontal gyrus (Neufang and Akhrif, 2020).

H has proven to be informative in developmental populations too. Children suffering from mild
traumatic brain injury (13.442.3 years) demonstrated a reduction in the temporal complexity of
the fMRI signal of the basal ganglia, hippocampus, and cerebellar regions — supporting memory
and cognitive dysfunctions that relate to neurophysiological changes that occur in the
hippocampus (Dona et al., 2017b). Reduced signal complexity has also been observed in ASD
children (12.742.4 years), with the lowest fractal dimensions found in the left amygdala and left
nucleus accumbens (Dona et al., 2017a). Further, using H as an index of the synaptic E:I ratio,
Trakoshis et al. (2020) showed that ASD females expressed higher H, which was associated with
a stronger ability to socially “camouflage” as a means to behaviourally compensate for social and
communicative difficulties. Taken together, H is an emerging index in naturalistic fMRI that may
reflect fundamental neuronal functioning such as E:I balance, thus showing promise as a

biomarker for a wide range of clinical conditions.

Throughout this thesis, I have tested a number of methodological innovations aimed at improving
the reproducibility of brain-behaviour associations in developing populations. In the next
Chapter, I will take a different approach — I will examine whether ecologically valid paradigms
such as movies can help address some of the limitations of resting-state and task-based conditions
as elaborated in Sections 7.1 and 7.2. Chapter 8 describes a set of analyses of movie-watching
data aimed at examining whether information processing during an emotionally evocative
naturalistic stimulus is modulated by depressive symptomatology and emotion regulation
strategies in a community-based sample of female adolescents experiencing subclinical

depressive symptoms.
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Abstract

Adolescence is a sensitive developmental period during which the brain undergoes substantial
maturational changes. Heightened brain plasticity during this critical period may increase
vulnerabilities to influences that precipitate later mental health difficulties such as anxiety and
depression, particularly amongst females. The movie-watching fMRI paradigm has gained
popularity, due to the opportunities it offers to interrogate shared and idiosyncratic neural
responses as the storyline develops. In the present study, I used an emotionally evocative movie
to study brain function and brain-behaviour relationships at multiple spatial and temporal scales
in a community-based sample of 50 female adolescents experiencing subclinical depressive
symptoms. First, intersubject correlation analyses revealed patterns of brain synchrony that
differed between high- and low-emotion segments of the movie, and which were globally
modulated by depressive symptom severity and use of adaptive emotion regulation strategies.
Second, analyses of dynamic ISC revealed changes in intersubject synchronisation over the
course of the movie. Third, an exploratory analysis of dynamic functional connectivity between
edges of an emotion regulation network demonstrated time-varying brain-behaviour
relationships. Finally, the self-similarity (fractal) structure of the fMRI signal was associated with
depressive symptomatology and adaptive emotion regulation at the network and ROI level. While
my findings require replication in an independent, well-powered sample, they suggest that
depressive symptomatology and emotion regulation strategies may shape how female adolescents
experiencing subclinical depressive symptoms process emotional information during affect-laden

events that reflect real-life scenarios.
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8.1 Introduction

As outlined in Chapter 1 (Section 1.8), the last aim of this thesis is to take an alternative approach
to reproducibility: by examining whether a naturalistic fMRI paradigm — an emotionally
evocative movie — can enhance individual differences in emotional responses in a sample of

female adolescents experiencing subclinical depressive symptoms.

Adolescence is a sensitive developmental period during which substantial maturational change
and enhanced brain plasticity appear to increase vulnerability to influences that can precipitate
mental health difficulties such as depression, particularly amongst females (Sisk and Gee, 2022;
Saluja et al., 2004; Kessler et al., 1993). During this critical phase, adolescents have a heightened
risk of experiencing intense negative emotions in their daily life (Young et al., 2019; Zimmerman
and Iwanski, 2014; Silk et al., 2003), increasing demands for emotion regulation. Emotion
regulation is defined as the processes through which an individual modulates their emotions to
change the magnitude and/or type of their emotional experiences (Schifer et al., 2016; Gross,
1998; Thompson, 1994). Individual differences in emotion regulation abilities or strategies may
be linked with risks for depressive symptoms (Schifer et al.,, 2016; Ahmed et al., 2015;
Zimmerman and Iwanski, 2014; Larsen et al., 2012); better appreciating such individual
differences may improve our understanding of risk and resilience, and suggest targets for

intervention.

An emotion regulation strategy can be categorised as either adaptive or maladaptive; more
frequent engagement of adaptive emotion regulation strategies is associated with fewer
depressive symptoms, while more frequent engagement of maladaptive emotion regulation
strategies is associated with increased depressive symptomatology (Young et al., 2019;
Domaradzka and Fajkowska, 2018; Schéfer et al., 2016; Aldao et al., 2010). Studies aimed at
characterising the neural underpinnings of emotion regulation strategies have shown that adaptive
emotion regulation to reappraise sad feelings and negative stimuli (e.g., cognitive appraisal)
recruits prefrontal areas that form part of an emotional regulation network, and depressed
individuals exhibit perturbations in these circuits (Keller et al., 2022; Ebneabbasi et al., 2021; Erk
et al., 2010; Johnstone et al., 2007; Beauregard et al., 2006, Etkin et al., 2015). Further, depressed
individuals tend to engage more with maladaptive emotion regulation strategies (e.g., self-blame,
rumination, suppression) and exhibit aberrant corticolimbic activity during social isolation
(Jankowski et al., 2018), loss error processing (Willinger et al., 2022), and negative emotional
memories (Visted et al., 2018; Joormann and Gotlib, 2010). Here, I was interested in extending
these investigations by examining the neural correlates of emotion regulation under ecologically

rich and valid conditions that echo real-world scenarios (see Chapter 7).
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This aim aligns with a recent shift in fMRI research, towards naturalistic paradigms such as
movie-watching. As outlined in Chapter 7 (Section 7.2), using naturalistic movie stimuli during
fMRI elicits time-locked responses that are shared across participants and are thought to provide
ecologically valid indices of social, emotional, and cognitive processing (Eickhoff et al., 2020;
Vanderwal et al., 2019; Vanderwal et al., 2015; Hasson et al., 2010; Hasson et al., 2004).
Conventionally, naturalistic fMRI paradigms have permitted the examination of shared neural
responses across participants, in the form of ISC (Natase et al., 2019; Nummenmaa et al., 2018;
Hasson et al., 2010; Jaéskeldinen et al., 2008; Hasson et al., 2004; see Chapter 7, Section 7.2.1)).
This data-driven approach has previously been employed to study the synchronisation of
emotional brain responses during a movie paradigm in neurotypical adults (Nummenmaa et al.,
2012), adults suffering from melancholic depression (Guo et al., 2015), and depressed
adolescents (Gruskin et al., 2020). For example, Gruskin et al. (2020) showed that the shared
brain responses across depressed adolescents revealed a negative association with depressive
symptomatology — the youths exhibiting more severe depressive symptoms showed weaker
brain synchronisation. Recent efforts have also characterised the temporal dynamics of brain
synchronisation in adolescent depression. The relationship between brain synchrony and
depressive symptom severity has been shown to be modulated by the dynamic responses of the
youths who experience the more severe symptoms to the emotional valence of the naturalistic
movie stimulus (Gruskin et al., 2020). Here, I build on these investigations by also examining the

relationship between brain synchrony and emotion regulation strategies.

In addition to ISC, movie-watching fMRI data offer an interesting opportunity to examine both
static and dynamic functional connectivity patterns (Vanderwal et al., 2021; Song et al., 2021;
Finn and Bandettini, 2021b; Wang et al., 2017; Vanderwal et al., 2017; Finn et al., 2017; Chen et
al., 2017; Baldassano et al., 2017; Simony et al., 2016; Geerlings et al., 2015b; see Chapter 7
(Section 7.2.2)). Studies examining functional connectivity during movie-watching stimuli that
elicit emotion regulation have revealed associations with functional connectivity within the
salience (Saarimiki, 2021; Jaiskeldinen et al., 2021), frontoparietal (Berkman and Lieberman,
2006), and limbic (Jadskeldinen et al., 2021) networks in addition to other emotion-specific brain
areas consisting of the ventrolateral prefrontal cortex and amygdala (Torre and Lieberman, 2018;
Kohno et al., 2015). These regions have also been shown to exhibit altered functional connectivity
patterns in depression during the regulation of positive and negative emotions (Kaiser et al., 2015;
Siegle et al., 2007). To date, these examinations have focused on static functional connectivity
— whether depressive symptoms are associated with altered functional connectivity dynamics

during emotional processing remains an important open question.
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Measures of ISC and functional connectivity during naturalistic fMRI provide information about
the degree to which stimulus-evoked activity is synchronised across large-scale networks within
and between individuals. There is increasing interest in examining the characteristics of this
activity itself, however, since this can provide insights into the integrity of the stimulus-evoked
processing underlying ISC and functional connectivity. Spontaneous and stimulus-linked brain
activities can be characterised in terms of their scale-free dynamics which reflect the self-
similarity or temporal complexity of the BOLD fMRI signal (Omidvarnia et al., 2022; Expert et
al., 2011; Bullmore et al., 2009; Eke et al., 2000). One such index is the Hurst Exponent (H),
which has been applied to characterise fMRI signal complexity with depressive symptom severity
and adaptive emotion regulation such as cognitive appraisal (see Chapter 7 (Section 7.2.3)).
While one recent study investigated the scale-free dynamics of the fMRI signal using naturalistic
movie stimuli during adulthood (Campbell et al., 2022), H during movie-watching fMRI has not
yet been studied during development or in association with depressive symptoms, which could
reveal new information about signal dynamics that underlie vulnerabilities to depressive

symptomatology and emotion regulation strategies under ecologically valid conditions.

Together, these lines of investigation demonstrate that naturalistic movie-watching data offer a
powerful means for the examination of brain functions supporting emotional processing and
emotion regulation at multiple spatial and temporal scales. Here, I employ this approach to
examine the relationships between depressive symptom severity and emotion regulation
strategies and intersubject synchrony, individual functional connectivity, and brain activity
dynamics during an emotionally evocative movie in a community-based sample of 50 female
adolescents reporting subclinical depressive symptoms. As many as two-thirds of those who
experience depressive symptoms during adolescence receive a clinical diagnosis of MDD by their
early 30s (Klein et al., 2009). Investigating the neural correlates of individual differences in
emotion regulation strategies within this at-risk group may improve our understanding of risk and
resilience factors, and suggest targets for intervention aimed at averting the development of the

full clinical phenotypes.

The aims of the present study are three-fold: to (1) investigate whole-brain static and dynamic
ISC during naturalistic emotional viewing, and explore the relationships of each with self-
reported depressive symptom severity and emotion regulation strategies; (2) examine static and

dynamic functional connectivity within an a priori emotion regulation network; and (3)

characterise the underlying stimulus-evoked brain activity using the H, and explore its

associations with the phenotypic measures at the network and ROI level. First, I hypothesised

that patterns of ISC would be modulated by depressive symptomatology and emotion regulation

strategies and these relationships would vary over the course of the movie. Second, I expected
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that edges connecting key nodes of the emotion regulation network would also exhibit both static
and dynamic relationships with the phenotypic measures. Third, I hypothesised a loss of signal
complexity in the functional networks and regions that form part of the emotion regulation
network. Finally, I hypothesised that the self-similarity signal structure of these networks and
regions would share an association with depressive symptom severity and emotion regulation

strategies.

8.2 Methods & Materials

8.2.1 Participants

Sixty female adolescents, approximately half of whom reported significant but subclinical
depressive symptoms, were recruited from the community and a community-based Child and
Adolescent Mental Health Services clinic in Dublin, Ireland (Figure 8.1). The School of
Psychology Research Ethics Committee (Trinity College Dublin), Research Ethics Committee at
Linn Dara Child & Adolescent Mental Health Service, and the Saint James’s Hospital/Tallaght
University Hospital Joint Research Ethics Committee approved the study procedures. Written
consent was provided by participants who were at least 18 years old, and written assent and

parental consent were obtained for those under 18 years of age.

Adolescents were not included if they had been diagnosed with any comorbidities related to
autism, psychosis, or other pervasive developmental disorders. They were also excluded if they
had received psychopharmacological treatment in the preceding 6 months or had a Full-Scale 1Q
< 80. High-motion participants who had a mean FD > 0.30 mm during the movie-watching fMRI
scan were excluded from the subsequent analyses (Vanderwal et al., 2021; Power et al., 2012).
This mean FD threshold differs from the one (i.e., rmsFD > 0.20 mm) applied in Chapters 2, 4,
and 6 to maximise participant inclusivity. A total of 50 adolescents (age range = 13-20 years,
mean age+SD = 17.0+1.9 years) remained in this study. The demographic characteristics of the

youth sample are presented in Table 8.1.
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Variable Sample (N = 50) Mean (SD) Range
Age (years) — 17.0 (1.9) 13-20
13-17 25 — —
18-20 25 — —
Gender (Female) 50 — —
Maladaptive CERQ* — 29.2 (8.4) 15-49
Self-blame* — 9.68 (3.6) 4-17
Rumination* — 12.2 (3.9) 5-20
Catastrophizing* — 7.32 (2.4) 4-12
Adaptive CERQ* — 11.8 (4.4) 4-20
Positive Reappraisal* — 11.8 (4.4) 4-20
BYI-D — 17.4 (10.4) 2-45
Mean FD — 0.14 (0.05) 0.08-0.30

Table 8.1. Demographic Characteristics. CERQ = Cognitive Emotion Regulation Questionnaire
(*Maladaptive Strategy; *‘Adaptive Strategy). BYI-D = Depressive Inventory from Beck Youth
Inventory. FD = Framewise Displacement.
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Figure 8.1. Phenotypic distributions. Histograms showing the distributions of the depressive
symptom severity derived from Depression subscale of the Beck Youth Inventory (BYI; the
Depression Inventory, BYI-D), adaptive cognitive emotion regulation (Adaptive CERQ) scores
and maladaptive cognitive emotion regulation (Maladaptive CERQ) scores. The skewed
distributions of the phenotypic measures indicate that they are not normally distributed (Shapiro-
Wilk test, P < 0.05).

8.2.2 Self-Reported Depressive Symptomatology

The Depression subscale of the Beck Youth Inventory (BYI; the Depression Inventory, BYI-D)
was administered to measure self-reported depressive symptom severity (Beck et al., 2005). The
BYI-D subscale contains 20 items which refer to feelings, thoughts, and behaviours related to
depressive symptoms experienced in the preceding 2 weeks. The BYI-D score is calculated by
summing the items from the inventory, each of which is answered using a 4-point scale ranging
from 0 [“never”’] to 3 [“always”]. The higher the BYI-D score, the greater the severity of

depressive symptoms. Hence, the severity of the depressive symptoms that a female youth may
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experience can be categorised as average [BYI-D < 17], mildly elevated [17 < BYI-D < 21],
moderately elevated [22 < BYI-D < 31], and extremely elevated [BYI-D = 32].

8.2.3 Self-Reported Emotion Regulation Strategies

The Cognitive Emotion Regulation Questionnaire (CERQ) was administered to the participants
to assess their emotional responses following stressful or negative events in their daily lives
(Garnefski et al., 2001). The CERQ is a multidimensional questionnaire that characterises nine
coping strategies. Each subscale consists of 4 items (36 items in total). For each item, participants
indicated the extent to which they used the coping strategies after experiencing a negative event
on a 5-point Likert scale ranging from 1 [“almost never”] to 5 [“almost always”]. A CERQ
subscale score is then generated for each participant by summing up the individual scores from
the 4 items ranging from 4 to 20; the higher the subscale score, the more frequently that specific
cognitive coping strategy is used. Of the nine coping strategies, four are identified as maladaptive
strategies (i.e., self-blame, other-blame, rumination, catastrophising) and the remaining five are
categorised as adaptive (i.e., acceptance, positive reappraisal, refocus on planning, putting into
perspective, positive refocusing) (Domaradzka and Fajkowska, 2018; Aldao et al., 2010). Given
the negative associations between adaptive strategies such as positive reappraisal and
psychopathology (Garnefski and Kraaij, 2007; Garnefski et al., 2004; Garnefski and Kraaij,
2003), and positive associations between maladaptive strategies such as self-blame, rumination,
and catastrophising and psychopathology (Garnefski and Kraaij, 2007; Garnefski et al., 2004;
Garnefski and Kraaij, 2003), I derived global adaptive and maladaptive CERQ scores for each

participant by summing up the items from the respective subscales.

8.2.4 Naturalistic Stimulus
The participants underwent an fMRI scan during which they watched a short movie called “The

Present” (https://www.jacob-frey.com). The Present is an animated film which describes a

poignant story featuring a 12-year-old boy who struggles with emotion regulation and self-image
in the context of having only one leg. The narrative arc of the film captures changes in the youth’s
emotions and emotion regulation around the difficult topic of being differently abled. The film
also features a broad range of themes such as frustration, screen-time, disgust, self-image,
humour, empathy, and attachment (Figure 8.2). This naturalistic stimulus has recently been used
to evoke emotional responses in a psychiatrically enriched developmental sample derived from
the HBN (Alexander et al., 2017). The movie lasted 4 minutes 18 seconds in total, with the main
story taking place during the first 3 minutes 23 seconds, followed by the ending credits (55
seconds). Since the most significant emotional moment of the short movie takes place during the
final 87 seconds, I analysed the entire timeseries to account for the haemodynamic delay in the

BOLD fMRI signal, and enduring emotional processing and regulation.
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Figure 8.2. Movie stills obtained from The Present (https://www.jacob-frey.com).

8.2.5 MRI Data Acquisition

Structural and functional scans were acquired using a Philips Achieva 3T scanner from the Trinity
College Institute of Neuroscience which is located at Trinity College Dublin. A T1-weighted
MPRAGE volume with a spatial resolution of 0.9 x 0.9 x 0.9 mm® (FOV = 230 mm, TR = 8.4
ms, TE = 3.8 ms, flip angle = 8°) was obtained for each participant. The participants underwent
resting-state and movie-watching fMRI scans although the resting-state data were not used in the
present study. The movie-watching fMRI data were acquired with 132 echo-planar imaging (EPI)

volumes (37 slices, TR = 2000 ms, TE = 30 ms, voxel size=3.2 x 3 x 3 mm3).

8.2.6 MRI Preprocessing Pipeline

The structural and functional scans were preprocessed using the fMRIPrep version 5.1.0 pipeline
(https://fmriprep.org/en/stable/; Esteban et al., 2019), and in-house scripts using FSL
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL), and AFNI (https://afni.nimh.nih.gov) — which is

similar to the pipeline applied in Chapters 2, 4, and 6. The structural data underwent bias field
correction, skull stripping, tissue segmentation (i.e., gray matter, white matter, cerebrospinal
fluid), and spatial normalisation of the anatomical data to the MNI152 standard space using non-
linear transformation. Preprocessing of the functional data comprised volume-based motion
correction and functional to anatomical co-registration using boundary-based registration (Greve
and Fischl, 2009). Confound regression was performed with 24 motion parameters (i.e., 3
translational and 3 rotational parameters, their first derivatives, and the squares of each of these
terms) and 12 nuisance signal regressors (i.e., cerebrospinal fluid, white matter, global signal,
their squares, and the squares of their first derivatives). Spatial smoothing was applied to the
functional data with a Gaussian kernel at 6 mm FWHM followed by temporal filtering (0.01 < f
< 0.1 Hz).

8.2.7 Intersubject Correlation Analyses
I first performed whole-brain full-length and dynamic ISC analyses to quantify the shared brain

responses across participants during naturalistic viewing of the emotionally evocative movie
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(Figure 8.3; see Chapter 7 (Section 7.2.1)). I then assessed the relationships between ISC and
each of the phenotypic measures (i.e., BYI-D, adaptive CERQ, maladaptive CERQ) to determine
whether the degree of brain synchrony is related to depressive symptom severity and emotion

regulation strategies across participants.

8.2.7.1 Intersubject Correlation

I used a whole-brain parcellation (https://identifiers.org/neurovault.image:395091; Shen et al.,

2013) to extract the mean timeseries across 268 parcels for each participant. Pairwise correlations
were computed between the timecourses of all participant pairs using Pearson’s correlation
coefficient (r) to generate a 50 x 50 ISC matrix for each parcel [rag = r(Xa,Xg), Tac =
T(Xa, X))y ven oen where A # B, C]. I derived the mean of the lower triangle of the ISC matrices to
summarise the degree of brain synchrony across the participants. Hypothesis testing was then
performed to obtain the significance of the ISC at each parcel using a non-parametric approach
as proposed by Chen et al. (2016). To obtain a null distribution, a subject-wise bootstrapping
method was used to randomly sample participants with replacement to generate a new ISC matrix,
and this procedure was repeated 5,000 times. The statistical significance of ISC was adjusted for

multiple comparisons (across 268 parcels) by applying an FDR threshold corrected at P < 0.05.

8.2.7.2 Difference in ISC between low and high emotion segments of the movie

Given that the emotional content evolves over the course of the movie, two epochs of equal length
were identified which contained the high and low emotion contents. The high-emotion segment
started at 2 minutes 51 seconds and was immediately preceded by the low-emotion segment, from
1 minute 24 seconds. Each epoch comprised 45 volumes. It is important to note that the
segmentation on the basis of emotional content was not performed using independent raters — a
step that should be taken in further research. Accordingly, it is possible that that emotion ratings
are similar or even stronger in other parts of the movie. I computed the pairwise correlation
between all participants’ timecourses for each parcel using the low-emotion and high-emotion
segments as previously described (see Section 8.2.7.1). For each parcel, I subtracted the ISCiow
matrix from the ISChpign matrix to obtain the difference in ISC. The statistical significance of the
difference in ISC was assessed using a non-parametric approach (see Section 8.2.7.1) and FDR

corrected at P < 0.05.

8.2.7.3 Relationships between ISC and phenotypic measures

To examine relationships between ISC and the phenotypic measures, I computed the correlations
(Spearman’s p) between full-length ISC and each of the phenotypic measures. [ISC was computed
as described in Section 8.2.7.1 by computing the pairwise correlations between the timecourses

of a given participant and the remaining participants using Pearson’s correlation coefficient (1)
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for each parcel. Hypothesis testing was achieved by computing the significance of the Spearman’s
p using a non-parametric approach (see Section 8.2.7.1). To obtain a null distribution, a
permutation method was applied which randomly shuffled one of the vectors for every parcel to
compute the Spearman’s p between ISC and each of the phenotypic measures, and this procedure
was repeated 5,000 times. Statistical significance was adjusted for multiple comparisons (across
268 parcels) using an FDR corrected threshold at P < 0.05. I also assessed the consistency of
these relationships across the whole brain by obtaining the observed mean p which represents the
correlation coefficients between ISC and each of the phenotypic measures averaged across 268
parcels. I further derived the mean p from the null distribution of each permutation test and

performed two-tailed significance testing as previously described by Gruskin et al. (2020).

8.2.7.4 Dynamic Intersubject Correlation (dISC)

To assess changes in ISC during the movie, I quantified moment-to-moment changes in
intersubject synchronisation by computing ISC for each parcel using a tapered cosine sliding
window approach. A tapered cosine window prevents all the timepoints in a window from having
equal weights, especially those that are at the boundary and extreme of the window (Gruskin et
al., 2020; Preti et al., 2017). Here, dynamic intersubject correlation (dISC) was calculated by
setting the width of the tapered window to W = 20 TRs with a step size of W =1 TR (tapered
cosine fraction = 0.95), thus producing 112 ISC maps. Parameter selection was performed by
referencing previous studies which reported that such W offers a good trade-off between detecting
reliable dISCs with long enough W and capturing transient dISCs with short enough W (Gruskin
et al.,, 2020; Di and Biswal, 2020; Trost et al., 2015; Nummenmaa et al., 2012). To extract
functional  networks  that capture dynamic  intersubject  synchrony  during
movie-watching, I performed ICA using FSL’s MELODIC (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki
/MELODIC; Smith et al., 2004). The ICs correspond to the spatial maps that are statistically

independent and non-Gaussian. | concatenated the 112 ISC maps temporally to create a single
4D image and then allowed ICA to automatically decompose the maps into ICs. The ICs
underwent visual inspection to ensure that they did not relate to physiological noise and their Z-
statistic maps were thresholded at Z > 2. I further assessed the relationships between dISC and
each of the phenotypic measures for each IC by extracting the mean dISC across each of the ICs
for each participant, followed by the same procedures for testing the brain-behaviour relationships
as described earlier (see Section 8.2.7.3). This approach allowed me to evaluate whether patterns
of temporal dynamics of brain synchrony covary with depressive symptom severity and/or
emotion regulation strategies. The statistical significance of the Spearman’s p was adjusted for

multiple comparisons based on the number of ICs using an FDR threshold at P < 0.05.
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8.2.8 Functional Connectivity Analyses

After performing the whole-brain ISC analyses, I proceeded to perform a series of functional
connectivity analyses which focused on an a priori emotion regulation network (Figure 8.3). I
assessed both static and dynamic functional connectivity patterns derived from the emotion

regulation network, and examined their relationships with the phenotypic measures.

8.2.8.1 Functional Connectivity
I defined a set of a priori ROIs for emotion regulation using NeuroSynth (Yarkoni et al., 2011).
I queried the term “emotion regulation”, which resulted in an automated meta-analytic map for

247 studies, spanning 10 ROIs (https://neurosynth.org/analyses/terms/emotion%20regulation/).

These ROIs include the following: bilateral amygdala [R_Amyg; L _Amyg], bilateral dorsolateral
prefrontal cortex [R_dIPFC; L dIPFC], left dorsal premotor cortex [L_dPMC], left ventrolateral
prefrontal cortex [L_vIPFC], left rostral anterior cingulate cortex [L_rACC], left anterior insula
[L_aINS], right orbitofrontal cortex [R_OFC], and right anterior prefrontal cortex [R_aPFC]. For
each participant, | extracted the mean timeseries of each ROI and computed the Pearson’s
correlation coefficient () between all possible ROI pairs to construct a 10 x 10 functional
connectivity matrix. I then vectorised the 50 functional connectivity matrices by selecting their
respective lower triangular part to produce a 50 x 45 functional connectivity matrix. Using these
functional connectivity matrices, | performed edge-level correlations using Spearman’s p to
assess the relationships between functional connectivity involving the ROIs and each of the
phenotypic measures. The statistical significance of the relationships was derived using the same
non-parametric approach as previously described (see Section 8.2.7.3). A permutation method
was employed to randomly shuffle one of the vectors for every edge to calculate the Spearman’s
p between functional connectivity and each of the phenotypic measures, and this procedure was
repeated 5,000 times. To control for multiple comparisons (across 45 edges), the significance of

the Spearman’s p was FDR corrected at P < 0.05.

8.2.8.2 Dynamic Functional Connectivity (dFC)

I computed dFC for the same 10 ROIs using the same W = 20 TRs tapered cosine sliding window
approach as described earlier (see Section 8.2.7.4). I performed edge-level correlations for each
window using Spearman’s p to assess the associations between functional connectivity and each
of the phenotypic measures. The statistical significance of the associations was obtained using a
non-parametric procedure as previously described (see Section 8.2.7.4). For every W, a
permutation method was used to randomly shuffle one of the vectors to calculate the Spearman’s
p between dFC and each of the phenotypic measures, and this procedure was repeated 5,000
times. Given that the sliding windows overlap with each other (i.e., they are not independent), the

significance of the Spearman’s p was corrected for multiple comparisons across 45 edges using
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an FDR threshold corrected at P < 0.01. To determine the connections that facilitate significant
associations with the phenotypic measures over the course of the movie, I retained the edges that

consistently revealed such relationships in at least 5 consecutive windows.

8.2.9 Hurst Exponent Analyses

Finally, I was interested in examining the self-similarity structure of the movie-watching fMRI
signals given that these signals may exhibit abnormal autocorrelated patterns as a result of
depressive symptom severity (Jing et al., 2017; Wei et al., 2015; Wei et al., 2013). I employed H
to assess the self-similarity of the BOLD fMRI timeseries at the network and ROI level (Figure

8.3; see Chapter 7 (Section 7.2.3) for more details about the properties of H).

8.2.9.1 Network-based H
H was first computed using the hurst package in Python (https://github.com/Mottl/hurst) at the

network level using the network definition derived from the Yeo-7 Network scheme (Yeo et al.,
2011) which includes the following: (1) ventral attention; (2) dorsal attention; (3) frontoparietal;
(4) default mode; (5) somatomotor; (6) limbic; (7) visual; and (8) extending the subcortical
network consisting of the bilateral hippocampus and amygdala. To derive H for each functional
network, I averaged the respective timeseries to obtain a 50 x 132 matrix. I computed Spearman’s
p between H of each network and each of the phenotypic measures while covarying for age (Gao
et al., 2018; Lei et al., 2013). To further control for multiple comparisons (across 8 networks),
the significance of the Spearman’s p was FDR corrected at P < 0.05 for each of the phenotypic

mecasures.

8.2.9.2 ROI-based H

H was also computed at the ROI level using the same hurst package in Python with the a priori
regions obtained from NeuroSynth as defined in Section 8.2.8.1. I computed the Spearman’s p
between H of each ROI and each of the phenotypic measures while treating age as a covariate
(Gao et al., 2018; Lei et al., 2013). To control for multiple comparisons (across 10 ROIs), the
significance of the Spearman’s p was FDR corrected at P < 0.05 for each of the phenotypic

mecasures.
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Figure 8.3. Movie-watching analysis framework at multiple spatial and temporal scales.
First, whole-brain full-length intersubject correlation (ISC) was performed by calculating the
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pairwise correlations between participant A and the remaining participants B, C, and so on such
that A # B, C. Second, dynamic intersubject correlation (dISC) was carried out using a tapered
cosine sliding window with a width of W = 20 TRs and step size of W = 1 TR (tapered cosine
fraction = 0.95) to capture time-varying patterns of brain synchrony throughout the movie.
Temporal ICA was then applied to extract functional networks that capture dynamic patterns of
synchronised brain activities over the course of the movie. Third, functional connectivity (FC)
was performed between a priori ROIs that form part of an emotion regulation network derived
from NeuroSynth. Fourth, dynamic functional connectivity (dFC) was derived using the same
tapered cosine sliding window procedure as previously described to compute the FC-phenotypic
correlations over the course of the movie. Lastly, the Hurst Exponent (H) was employed to index
the self-similarity of the BOLD fMRI signal at the network level using the Yeo-7Network
parcellation scheme and ROI level using the predefined ROIs that are involved in the emotion
regulation network. Subsequently, the relationships between each of these measures and
phenotypic scores (i.e., BYI-D, adaptive CERQ, maladaptive CERQ) were performed.

8.3 Results

8.3.1 Naturalistic emotional viewing reveals whole-brain intersubject synchronisation

I first characterised the degree of brain synchrony across participants by performing whole-brain
full-length ISC. Natural viewing of “The Present” elicited substantial whole-brain intersubject
synchronisation in 176/268 parcels (Figure 8.4A; P <0.05 FDR). Whole-brain ISCs were similar
to patterns observed in previous work with strong ISCs in the visual and somatosensory regions
(Vanderwal et al., 2019; Vanderwal et a., 2015). Relatively weaker ISCs were observed in regions
involved in social and emotional processing. Weak-to-moderate ISCs were also noted in the

prefrontal and association cortices extending to the cerebellum.

Comparing ISC during high-emotion and low-emotion contents of the movie revealed significant
differences for 39/268 parcels (Figure 8.4B; P < 0.05 FDR). ISCs were significantly weaker
during the high- relative to low-emotion segment in the visual-related areas, primary
somatosensory cortex, cerebellar structures, and default network regions, but stronger in the
primary and supplementary motor areas in addition to brain regions that support language

processing and face perception (P < 0.05 FDR).
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Figure 8.4. Intersubject synchronisation measured by full-length ISC. (A) Full-length ISC
during the natural viewing of an emotionally evocative movie. (B) Full-length ISC during high-
emotion segment relative to low-emotion segment of the movie. The ISC maps are corrected for
multiple comparisons thresholded at P < 0.05 FDR.

8.3.2 Brain synchrony is related to depressive symptom severity and emotion regulation
strategies during the emotionally evocative movie

There were no significant associations between ISC and self-reported depressive
symptomatology and emotion regulation strategies that survived the FDR threshold at P < 0.05
(across 268 parcels). At an uncorrected threshold (P <0.01), greater depressive symptom severity
was related to weaker ISC in 1/268 parcel, i.e., left anterior prefrontal cortex (p =-0.43, P <0.01
uncorrected; Figure 8.5A). Stronger adaptive CERQ scores were related to increased ISC in
2/268 parcels (Figure 8.5A) — in the right anterior cingulate cortex (p = 0.36, P < 0.01
uncorrected) and right striatum (p = 0.40, P < 0.01 uncorrected). In contrast, stronger adaptive
CERQ scores were related to weaker ISC in 3/268 parcels (Figure 8.5A) — in right posterior
prefrontal cortex (p = -0.37, P < 0.01 uncorrected), left frontal pole (p = -0.38, P < 0.01
uncorrected), and left hippocampus (p = -0.49, P < 0.01 uncorrected). There was a negative
association between ISC and maladaptive CERQ scores in 2/268 parcels, located in the right
cerebellum (p =-0.37, P < 0.01 uncorrected; p = -0.40, P < 0.01 uncorrected) (Figure 8.5A).

While regional relationships between ISC and self-reported depressive symptomatology and
emotion regulation strategies were weak, when I examined a global measure of ISC, averaged
across all 268 parcels, I observed a significant (following permutation testing) negative
relationship between depressive symptom severity and ISC, such that more severe symptoms
were associated with weaker intersubject synchrony (p = -0.04, P < 0.001) (Figure 8.5B). An

inverse relationship was also observed for adaptive emotion regulation strategies (p = -0.06, P <
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0.001; Figure 8.5B), but the association between mean ISC and maladaptive emotion regulation

strategies was not significant (p = -0.006, P = 0.25; Figure 8.5B).
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Figure 8.5. Relationships between intersubject synchronisation and phenotypic measures
during emotional movie viewing. (A) Relationships between full-length ISC and self-reported
depressive symptom severity (BYI-D; Top Panel), adaptive emotion regulation (Adaptive CERQ;
Middle Panel) and maladaptive emotion regulation (Maladaptive CERQ; Bottom Panel). The
relationships are displayed at an uncorrected threshold of P < 0.01. (B) Histograms illustrate the
permutation test null distributions and observed mean p for relationships between the phenotypic
measures and global ISC averaged across the whole brain (i.e., 268 parcels).

8.3.3 Temporal ICA captures dynamic intersubject synchronisation in several functional
networks during naturalistic emotional viewing
To explore dynamic patterns of brain synchrony, I first computed ISC for each ROI using a
tapered cosine sliding window approach, with 112 temporal windows spanning the length of the
movie. Applying ICA to the resultant ISC maps revealed 15 networks exhibiting coordinated
changes in intersubject synchronisation over time with an explained variance ranging from 4% to
9% (Figure 8.6A). These functional networks were largely located posteriorly and comprised
regions of the default mode, visual, sensorimotor, and cerebellar networks (Figure 8.6B),

sometimes in combination with the limbic regions including the hippocampus and thalamus.
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Figure 8.6. Temporal ICA shows several functional networks that capture dynamic
intersubject synchronisation. (A) The percentage of explained variance in each IC is displayed
in descending order than ranges from 4% to 9%. (B) The functional networks that correspond to
each IC during naturalistic emotional viewing. The Z-statistic maps of the ICs are thresholded at
Z>2.
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8.3.4 High emotion content evokes idiosyncratic responses during movie-watching

To assess changes in the degree of synchronisation within each of the functional networks
described above throughout the movie, I plotted the ISC timecourses of the networks (i.e., across
the 112 temporal windows; Figure 8.7). The high-emotion segment of the movie (previously
defined from TR > 67, comprising 45 windows) includes the scenes where the young amputee
empathises with a three-legged dog and decides to engage and play with the dog — illustrated in
the top panel of Figure 8.7. Compared to the rest of the movie (67 windows), 4/15 functional
networks (networks 1, 2, 10, 14) exhibited relatively decreased ISC during the high-emotion
segment (Mann-Whitney U test; P <0.05 FDR; Figure 8.7), suggesting that individuals expressed
more idiosyncratic neural responses during this time. In contrast, 3 networks (networks 11, 13,
15), including the visual and default mode regions, became more synchronised during the high-
emotion segment, compared to the rest of the movie (Mann-Whitney U test; P < 0.05 FDR; Figure
8.7).

I further investigated whether the timecourse of the functional networks covaried with the
phenotypic measures (i.e., BYI-D, adaptive CERQ, maladaptive CERQ). After applying an FDR
threshold to account for multiple comparisons across the 15 functional networks, there were no
associations between dISC and the phenotypic measures that survived statistical significance at

P <0.05.
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Figure 8.7. Timecourse of the functional networks derived during emotional movie
watching. The x-axis represents the tapered sliding windows such that each window has a width
of W = 20TRs with a step size of T = ITR. The y-axis illustrates the normalised response during
each sliding window as measured by dISC. Solid black curves represent the timecourse of the
functional networks. Dotted black line denote the mean dISC across the functional networks.
Purple shades indicate the functional networks that exhibit idiosyncratic responses during high-
emotion segment of the movie. Orange shades correspond to the functional networks that exhibit
high synchrony during high-emotion segment of the movie. Some scenes from the high-emotion
segment that relate to the timecourse of the functional networks are also displayed in the top
panel. A Mann-Whitney U test was performed to quantify the increases and decreases in brain
synchrony within each functional network throughout the movie.
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8.3.5 Moment-to-moment functional connectivity shows edge-level correlations with self-
reported depressive symptomatology and emotion regulation strategies during
emotional movie-watching

Using the a priori ROIs derived from a NeuroSynth-defined emotion regulation network, I first

computed the edge-level associations between static functional connectivity and each of the

phenotypic measures. No edge-level relationships were observed, nor were any relationships

detected for the global mean static functional connectivity across the 10 ROls.

In a novel and exploratory approach to examining how brain-behaviour relationships unfold over
the course of a movie, I identified edges that exhibited a relationship with a given phenotypic
measure that persisted across at least 5 consecutive sliding windows. This analysis suggested the
presence of relationships between dFC and BYI-D scores that changed over the course of the
movie. There were 5/8 edges that showed a positive relationship between dFC and BYI-D scores
— two of these relationships were observed during the low-emotion segment of the movie
whereas the remaining were found during the high-emotion segment (Figure 8.8A): (1) L_vIPFC
— L rACC (p = 0.40, P < 0.01); (2) L vIPFC — L aINS (p = 0.41, P < 0.01); (3) L Amyg —
L aINS (p =0.39, P <0.01); (4) L _dIPFC — R _aPFC (p = 0.40, P < 0.01); and (5) L_dPMC —
L dIPFC (p=0.40, P<0.01). There were 3 /8 edges that exhibited a negative association between
dFC and BYI-D scores during both low- and high-emotion segments of the movie (Figure 8.8A):
(1) L Amyg — R OFC (p =-0.43, P<0.01); (2) R OFC — L _dPMC (p =-0.41, P <0.01); and
(3)R_Amyg—L dPMC (p=-0.40, P <0.01).

Interestingly, an edge connecting the L dPMC and L _Amyg yielded a positive relationship
between dFC and adaptive CERQ scores (p=0.41, P <0.01) at the beginning of the high-emotion
segment of the movie (Figure 8.8B). Lastly, a total of 3 edges showed an association between
dFC and maladaptive CERQ scores, where the first two edges were found during the low-emotion
segment and the last edge was captured during the high-emotion segment (Figure 8.8C): (1)
L Amyg—-R OFC (p=-0.43, P<0.01); (2) L dPMC — R _dIPFC (p =-0.38, P <0.01); and (3)
L dIPFC —R_aPFC (p =0.39, P <0.01).
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8.8. Edge-level correlations between dFC and phenotypic measures that persisted

at least 5 consecutive sliding window during the emotionally evocative movie. (A)

Edges in consecutive windows that showed a significant relationship between dFC and BYI-D

score. (B) Edges in consecutive windows that showed a significant relationship between dFC and
adaptive CERQ score. (C) Edges in consecutive windows that showed a significant relationship
between dFC and maladaptive CERQ score. Red line denotes the positive association between
dFC and phenotypic measures derived from Spearman’s p. Blue line represents the negative
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association between dFC and phenotypic measures derived from Spearman’s p. The number of
consecutive edges that captured the significant relationships between dFC and phenotypic
measures is also displayed under each edge. The significance of these relationships is thresholded
at P <0.01 for each window.

8.3.6 Self-similarity signal structure of the ventral attention network and ventrolateral
prefrontal cortex is associated with depressive symptom severity and adaptive
emotional regulation strategies during naturalistic emotional viewing

Finally, I computed H and examined its relationships with the phenotypic measures at the network

and ROI level (Figure 8.9; Table 8.2; Table 8.3). A significant positive association between

depressive symptom severity and H within the VAN was observed (p = 0.43, P = 0.015 FDR;

Figure 8.9C; Table 8.2). Within the set of 10 a priori emotion regulation ROlIs, the left vIPFC

exhibited a significant positive relationship between depressive symptom severity and H (p =

0.40, P =0.039 FDR) and a negative relationship between adaptive emotion regulation and H (p

=-0.40, P = 0.044 FDR; Figure 8.9C; Table 8.3). Although maladaptive emotion regulation was

positively related to the H of the left vIPFC (Figure 8.9C; Table 8.3), this relationship did not

survive statistical significance after correcting for multiple comparisons (p = 0.38, P = 0.075

FDR).
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Figure 8.9. Relationships between H and phenotypic measures at the network and ROI level.
(A) Distributions of H derived from the functional networks based on the Yeo-7Network
parcellation scheme. (B) Distributions of H derived from the ROIs that form part of the emotional
regulation network. (C) Top Panel: There is a significant positive association between H of the
VAN and depressive symptom severity. There is a significiant positive association between H of
the vIPFC and depressive symptom severity. Bottom Panel: There is a significant negative
relationship between H of the left vIPFC and adaptive emotional regulation strategies. The H of
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the left vIPFC is positively related to maladaptive emotion regulation strategies but this
relationship did not survivce statistical significance. All the associations between H and
phenotypic measures are corrected for multiuple comparisons at the network and ROI level using
an FDR threhsold set at P < 0.05. Amyg: amygdala; OFC: orbitofrontal cortex, vIPFC:
ventrolateral prefrontal cortex; dIPMC: dorsolateral premotor cortex; dIPFC: dorsolateral
prefrontal cortex; aPFC: anterior prefrontal cortex; rACC: rostral anterior cingulate cortex; aINS:
anterior insula. VAN: ventral attention network; DAN: dorsal attention network; FPN:
frontoparietal network; DMN: default mode network; SMN: somatomotor network; LIM: limbic;
VIS: visual; SUB: subcortical.

Networks PBYI-D P value PadapCERQ P value PmaladapCERQ P value
Ventral Attention 0.43 0.015 -0.33 0.18 0.38 0.057
Dorsal Attention -0.22 0.43 -0.14 0.64 -0.16 0.62
Frontoparietal 0.032 0.98 0.11 0.70 -0.066 0.73
Default Mode 0.013 0.98 -0.054 0.80 0.058 0.73
Somatomotor 0.16 0.56 -0.20 0.59 -0.050 0.73
Limbic -0.0037 0.98 0.067 0.80 -0.13 0.62
Visual 0.089 0.86 0.037 0.80 0.13 0.62
Subcortical -0.21 0.43 -0.18 0.59 -0.26 0.30

Table 8.2. Relationships between H and phenotypic measures at the network level after correcting
for multiple comparisons using an FDR threshold set at P < 0.05.

ROls PBYI-D P value PadapCERQ P value PmaladapCERQ P value
L_Amyg 0.098 0.83 -0.037 0.92 -0.011 0.94
R_Amyg -0.0035 0.98 0.024 0.92 -0.060 0.93
R_OFC -0.023 0.98 -0.16 0.83 -0.045 0.93
L_vIPFC 0.40 0.039 -0.40 0.044 0.38 0.075
L_dIPMC 0.062 0.96 -0.14 0.83 -0.079 0.93
L_dIPFC 0.10 0.83 -0.071 0.92 0.12 0.93
R_dIPFC 0.14 0.83 -0.22 0.70 0.059 0.93
R_aPFC -0.0043 0.98 0.089 0.92 0.029 0.93
L rACC 0.22 0.70 0.015 0.92 0.14 0.93
L_aINS -0.18 0.73 -0.049 0.92 0.070 0.93

Table 8.3. Relationships between H and phenotypic measures at the ROI level after correcting
for multiple comparisons using an FDR threshold set at P < 0.05.

8.4 Discussion
Movie-watching fMRI has become an increasingly popular approach, due to higher in-scanner

compliance and the ecologically valid nature of the stimuli. In the present study, I employed an

emotionally evocative movie to investigate brain functions at multiple spatial and temporal scales,
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and associations with key measures of depressive phenotypes in a community-based sample of
50 female adolescents experiencing subclinical depressive symptoms. First, ISC analyses
revealed regionally specific patterns of brain synchrony that exhibited differential modulation
during high- relative to low-emotion segments of the movie. Although these localised shared
neural responses did not exhibit any phenotypic relevance after correcting for multiple
comparisons, there were significant associations between global mean intersubject synchrony and
both depressive symptom severity and adaptive emotion regulation. Second, novel analyses of
dynamic ISC revealed changes in intersubject synchronisation within and between high- and low-
emotion segments of the movie. Third, while static functional connectivity showed no
associations with behaviour, an exploratory analysis of dynamic functional connectivity between
edges of an emotion regulation network demonstrated time-varying brain-behaviour
relationships. Finally, the self-similarity (fractal) structure of the VAN, and specifically, of the
left vIPFC, was positively related to depressive symptom severity and negatively associated with

adaptive emotion regulation.

8.4.1 Shared brain responses in adolescents experiencing depressive symptoms during free
emotional viewing
The strongest degree of brain synchrony was evident in the temporal and occipital cortices during
the emotional movie. These regions have been widely implicated in processing different aspects
of a movie such as stimulus features, emotional information, and story-telling narratives. I
observed stronger synchronisation in visual processing areas that are associated with face
recognition and perception (Weiner and Zilles, 2016; Haxby et al., 2000; Tovée, 1995), audio-
visual emotional processing (Pourtois et al., 2005), selective visual attention (Driver and Spence,
2000), encoding of environmental scenes (Aminoff et al., 2013), and visuospatial orientation and
processing (Seghier, 2012; Husain and Nachev, 2007; Karnath, 1997; McFadzean et al., 1994).
In contrast, weaker intersubject correlations were revealed in brain regions that are involved in
emotional processing which echoed a previous finding of reduced ISC in melancholic depression
(Guo et al., 2015). This distributed pattern of ISC may relate to the emotional valence of the
movie, given that there were significant differences in brain synchrony in the high- relative to the
low-emotion segments. Despite the emotional context of the movie, the majority of regions
exhibiting significant ISC were located posteriorly in the brain — I did not observe significant
ISC in the vimPFC, for example. This aligns with previous work suggesting that emotional
processing circuits may process information related to an individual’s interpretations or meaning
of the stimulus, thus yielding idiosyncratic responses (and therefore weaker ISC) across
participants (Chang et al.,, 2021). For example, the vmPFC, which is critical for emotion
regulation, has been shown to exhibit weak cross-participant similarity compared to exogeneous

regions (e.g., visual cortex) during movie-watching (Chang et al., 2021).
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Examination of brain-behaviour relationships revealed two global effects — both depressive
symptom severity and adaptive emotion regulation strategies were positively associated with the
global mean of ISC across the whole brain. Contrary to expectations, however, the strength of
ISC within the functional networks did not exhibit any phenotypic relevance for depressive
symptoms or emotion regulation, after correcting for multiple comparisons. This differs from
previous studies that have found that individuals exhibiting greater depressive symptomatology
expressed weaker intersubject correlations in the anterior prefrontal cortex (Kaya and McCabe,
2019; Pandya et al., 2012). My expectations were also informed by structural MRI studies which
posited that the maturation of the prefrontal cortex is linked to the development of adaptive
emotion regulation during adolescence (Pizzagalli and Roberts, 2021; Kaya and McCabe, 2019).
For example, greater cortical thinning of the prefrontal regions has been shown to predict more
frequent use of cognitive reappraisal in female adolescents (Vijayakumar et al., 2014). Taken
together, female adolescents exhibiting subclinical depressive symptoms revealed that their
shared brain responses are likely to be modulated by a global contribution of brain regions that
are linked to depression and adaptative emotion regulation. This finding requires further

investigation in an independent subclinical sample.

8.4.2 Temporal dynamics of brain synchrony in functionally defined networks

As discussed in Section 8.2.7.4, emerging approaches characterising dynamic ISC offer
opportunities to examine the temporal dynamics of brain synchrony, potentially revealing new
insights into shared neural responses during specific moments or windows of events over the
course of a movie (Chang et al., 2021; Meer et al., 2020; Gruskin et al., 2020; Di and Biswal,
2020; Guo et al., 2015). Temporal ICA revealed several functional networks that exhibited
coherent moment-to-moment changes in ISC, many of which recapitulate patterns of neural
responses during rest and task performances (Allen et al., 2011; Smith et al., 2009; Emerson et
al., 2015). The recruitment and modulation of these higher-order networks suggest that they are
engaged to support cognitive and emotional processing as the movie unfolds, with some networks
showing differential modulation within and between high- and low-emotion segments. Further,
the temporal patterns of several functional networks showed idiosyncratic responses during the
high-emotion segment which agrees with weaker cross-participant similarity in individuals
suffering from melancholic depression (Guo et al., 2015). However, I observed some network
components that revealed greater normalised responses in the same segment, thus supporting a
previous report that emotionally evocative events increase the brain synchrony in the frontolimbic
network derived from adolescent depression (Gruskin et al., 2020). These temporal patterns were,
therefore, consistent with previous work on modes of variations in functional connectivity and

brain synchrony — some networks may dynamically reconfigure the narrative comprehension
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during movie-watching whereas others may have a role in minimising the dwelling time during

negative stimuli (Demirtas et al., 2019; Simony et al., 2016; Guo et al., 2015).

8.4.3 Dynamic functional connectivity in emotional processing regions during naturalistic
movie stimuli
To examine whether moment-to-moment changes in functional connectivity over the course of
the emotionally evocative movie have phenotypic relevance, I performed an exploratory dynamic
functional connectivity analysis. Although preliminary and in need to further refinement, the
analysis suggested that the functional connections between regions involved in emotional
processing exhibited phenotypic associations that evolved over time, and across low- and high-
emotion segments of the movie. Several edges showed positive or negative relationships with
depressive symptom severity over the course of the movie, suggesting that changing connection
strengths between emotional processing regions may reflect emotional processing that is
modulated by depressive symptom severity. Converging evidence from the literature has shown
that depressed individuals exhibit aberrant functional connectivity patterns in these regions which
may be associated with anhedonia (Light et al., 2011), suicidal thoughts (Chen et al., 2021; Wei
et al., 2018), anxiety (He et al., 2019), poor social skills, and positive relations with others (He et
al., 2022; Segrin et al., 2009). A functional connection between the dorsal premotor cortex and
amygdala shared a significant relevance with adaptive emotion regulation strategies during the
start of the high-emotion segment. Greater use of such regulation styles may strengthen the
premotor-amygdala functional connectivity, thus allowing depressive individuals to modulate
their internal sequence of actions when they experience affect-laden events (Ohbayashi et al.,
2016; Solopchuk et al., 2016). During the low-emotion segment, there were two prefrontal-limbic
connections that revealed an inverse association with maladaptive regulation strategies, which
aligns with evidence that engagement of maladaptive emotion regulation styles is associated with
altered interactions between the orbitofrontal cortex and amygdala (Fiuzat et al., 2017), and
between the dorsal premotor and dorsolateral prefrontal cortices (Bakhit et al., 2020). These
observations must be caveated by the exploratory nature of the analysis, however. Due to the
sliding window approach, edges are temporally dependent and overlap across the sliding
windows. A modified correction for multiple comparisons should be applied, but this may limit
the practical utility of the approach. Here, in line with the exploratory nature of the study, I
retained only the edges whose significant brain-behaviour relationships persisted across at least

five sliding windows. Future work should refine this approach and examine its reproducibility.
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8.4.4 Self-similarity signal structure of the ventral attention network and ventrolateral
prefrontal cortex in adolescents experiencing subclinical depressive symptoms during
movie-watching

Spontaneous fluctuations in the BOLD fMRI signal demonstrate properties of scale-free

dynamics, which can be characterised in terms of temporal complexity or self-similarity structure

(Dong et al., 2018; Churchill et al., 2016; Ciuciu et al., 2012; He, 2011; Maxim et al., 2005; see

Chapter 7, Section 7.2.3). In this sample of adolescents, the self-similarity signal structure of

the VAN was positively associated with depressive symptom severity. The VAN comprises the

bilateral vIPFC and temporoparietal junction (TPJ), and is thought to orient the attention towards
unexpected salient stimuli that are behaviourally relevant (Vossel et al., 2014; Corbetta et al.,

2008; Corbetta and Shulman, 2002). This observation is consistent with reports of increased

within-network effective functional connectivity between VIPFC and TPJ in both neurotypical

and depressed adolescents (Liu et al., 2019; Sylvester et al., 2013). At the ROI level, the self-
similarity signal structure of the left vIPFC was also significantly related to depressive
symptomatology and negatively related to the use of adaptive emotion regulation strategies, such
that individuals who report using adaptive emotion regulation less frequently show more regular
behaviour in the signal of the left vIPFC. In addition to being part of the VAN, activity in the left

VvIPFC has been associated with cognitive appraisal to help reduce the emotional impact of an

event or scene after changing the interpretation of a negative stimulus (McRae et al., 2010; Goldin

et al., 2008). In addition, the left VIPFC has been shown to down-regulate the responses in
emotion-specific regions including the amygdala and insula during negative movie-watching

(McRae et al., 2010; Goldin et al., 2008). Although these findings require replication in an

independent sample, they suggest that dysregulation of emotional information processing in the

VvIPFC in adolescents experiencing mood symptoms represents an important avenue for further

research.

8.4.5 Limitations and future directions

Four major limitations warrant consideration. The primary shortcoming of the present study,
which focused on a unique dataset collected in-house, is its sample size. As has been discussed
throughout this thesis, larger sample sizes are recommended to achieve reproducible functional
connectomes that are valid for brain-behaviour relationships. Future work focusing on naturalistic
emotional processing in adolescent depression could benefit from publicly available
developmental datasets such as the HBN (Alexander et al., 2017) and ABCD Study (Casey et al.,
2018). Indeed, these datasets could be used to examine the validity and reproducibility of the
exploratory analytic approaches and findings described above. The second challenge of the
present study lies in the heterogeneity of psychiatric disorders such as depression (Buch and

Liston, 2021; Mihalik et al., 2019; Xia et al., 2018; Drysdale et al., 2017; Zhang et al., 2016).
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Since the adolescents in the sample exhibited subclinical symptoms, it means that some
individuals exhibited virtually no symptoms, while others exhibited few or moderate symptoms.
The lack of clinical severity in this community-based sample is likely to have negatively impacted
my ability to detect brain-behaviour relationships. Third, the duration of the movie may also have
played an important role. Given that The Present is only 4 minutes 18 seconds including the
ending credits and the high emotion segment is predominantly towards the end of the movie, the
lack of significant relationships may be attributed to the short movie length. As discussed in the
previous Chapters, existing evidence suggests that cross-participant similarity derived from
movie-watching fMRI may be improved with increasing scan duration (Vanderwal et al., 2021;
Gruskin et al., 2020; Vanderwal et al., 2019; Guo et al., 2015). Future work could also apply the
bagging approach as proposed in Chapter 4 to examine whether motion-limited naturalistic fMRI
timepoints could boost brain synchrony, functional connectivity, and self-similarity structure of
the fMRI signals as well as their phenotypic relevance with depressive symptomatology and
emotion regulation strategies. Lastly, movie annotations such as luminance and human faces have
been shown to predict trait-like phenotypes that are related to cognition (Finn and Bandettini,
2021b). Naturalistic stimuli have further demonstrated to evoke reliable brain states that are
associated with physiological indices such as heart rate and pupil diameter (Meer et al. 2020).
Meer et al. (2020) showed that these brain states share significant associations with several
stimulus features (e.g., face expressions, scene valence/switching, dialogues) that reflect
behavioural profiles of anxiety and inhibition. While I did not extract stimulus features, future
work might benefit from such annotations, to complement and strengthen dynamic analyses of
ISC, functional connectivity, and brain-behaviour relationships. Validating stimulus features by
gathering emotion ratings from an independent set of raters will be an important future step,
particularly since the low- and high-emotion segments as currently defined are confounded with
time (i.e., first and second halves of the movie). As a result, the comparison of the low- and high-
emotion segments could be confounded by processes and factors that covary with time, such as
stimulus-level (e.g., narrative arcs) and subject-level factors (e.g., arousal, attention).
Independently provided emotion ratings would provide a more robust means to define the
emotional blocks across the movie, especially because the first half of the movie also captures

emotional moments related to frustration, anger, surliness, and so forth.

8.5 Conclusions

Naturalistic paradigms offer opportunities for a multiplicity of analyses that provide a window
on the neural correlates of shared and idiosyncratic information processing and how these evolve
in an ecologically valid and dynamic context. The analyses reveal dynamic patterns of within-

and between-individual brain synchrony that may share associations with depressive symptom
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severity and emotion regulation strategies. Emerging and exploratory methodologies can further
elucidate the temporal complexity of the attention and prefrontal networks that are thought to
play an important role in emotional processing. While future research should address the
limitations of the present study (e.g., sample size, subclinical sample, movie length) and directly
examine the reproducibility and validity of the analyses, my findings suggest that naturalistic
paradigms offer a fruitful means to assess how depressive symptomatology and emotion
regulation strategies shape how adolescents experiencing subclinical depressive symptoms

process emotional information.
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Chapter 9

General Discussion
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Summary

Chapter 9 elaborates on the contributions of the empirical findings of this thesis. I consider these
findings in the context of several broader topics of concern within the neuroimaging field: sample
sizes, the phenotype challenge, trade-offs of the resting-state fMRI approach, methodological
variability, rates of developmental changes, and the quest for multimodal MRI approaches. In
addition to presenting the limitations of the empirical research carried out in this thesis, I consider
several avenues towards increased reproducibility including meta-matching frameworks,
multivariate techniques, multiverse pipelines, and sex differences. Finally, I conclude that a
reproducibility lens remains central to the collective effort to discover functional connectivity-
based biomarkers of clinical relevance, and ultimately, to improve outcomes for those with

neurodevelopmental and psychiatric conditions.
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9.1 Contributions of Empirical Findings

The overarching goal of this thesis is to improve the reproducibility of functional connectomics-
based measures in neurodevelopmental and psychiatric conditions as a means to enhance their
sensitivity to phenotypic differences of clinical relevance (i.e., validity criteria for brain-based
measures). As outlined in Chapter 1, this thesis relies on the definition of reproducibility as
proposed by Botvinik-Nezer and Wager (2022): encompassing analytical reproducibility,
replicability, and robustness to analytical variability. The contributions of the four empirical
research are presented below, and their underlying analytical and conceptual frameworks are

illustrated in Figure 9.1.

Functional Connectome
Fingerprinting

nnectome-based Predictive

Bagging Modelling

Naturalistic Paradigm

Figure 9.1. Overview of the functional connectivity-based frameworks used in this thesis:
functional connectome fingerprinting, bagging, connectome-based predictive modelling, and the
application of a naturalistic movie-watching paradigm.
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First, I showed that functional connectome fingerprinting can be used as an index of
reproducibility for functional connectivity-based measures, and offers advantages over the
traditional TRT reliability index, the ICC. By investigating the impact of several methodological
factors on fingerprint ID accuracy, I showed that the fingerprint paradigm can serve as a testbed
for comparing the impact of different functional connectivity-based pipeline parameters. Using
this approach, I identified several factors that increased ID accuracy across five independent
datasets. Together, these components form two pipelines that are optimised for the reliable

measurement of functional connectivity at the individual level.

Second, I grappled with the challenge to reproducibility that is posed by two countervailing
imperatives: the requirement to minimise the impact of head motion and the requirement to
maximise sample size. To address this challenge, I proposed bagging or bootstrap aggregation at
the level of timeseries. I showed that functional connectivity matrices computed from bootstrap
samples of motion-limited timepoints successfully act as reproducible “fingerprints”. I further
demonstrated that the bootstrap approach retains validity: univariate brain-behaviour associations
(i.e., relationships between functional connectivity and age) are largely preserved for bagged
functional connectomes computed from as few as 60 “clean” timepoints. Bagging also maximised
sample inclusivity by enabling the retention of up to 30% of the “high-motion” participants that
would normally be excluded. This study suggests that we can achieve both high data quality
standards as well as inclusive and reproducible functional connectomes without discarding large

proportions of our data, even in developing populations.

Third, I encountered an unexpected result: optimising the uniqueness of the individual functional
connectome did not necessarily improve connectome-based prediction of behavioural phenotypes
in developing youths. While it seems intuitive to infer that factors enabling superior connectome
fingerprint differentiation would improve brain-behaviour predictions, I showed that several pre-
and post-processing factors, such as maximally discriminatory networks, multi-resolution
parcellation schemes, and head motion mitigation strategies (i.e., scrubbing and bagging) did not
improve (or disimprove) individual predictions of age, general psychopathology, and intellectual
ability. An important observation was that bagged connectomes did not disimprove predictions,
further supporting the bagging approach for the rescue of high-motion data. I further showed that
certain factors, including finer parcellation schemes and bagging, improved the generalisability
of age and intellectual ability predications to an independent sample. These observations suggest
that while validity of CPM-based predictions (i.e., strength of brain-behaviour relationships) may
be near ceiling, there is scope to boost reproducibility (i.e., generalisation to independent

samples).
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Lastly, I explored how naturalistic paradigms such as movie-watching offer rich opportunities for
the elucidation of how functional brain responses are modulated by phenotypic dimensions of
interest, such as depressive symptom severity. | proposed a movie-watching framework that
examines the following: (I) shared full-length and moment-to-moment responses using
intersubject correlation; (II) “static” and moment-to-moment functional connectivity derived
from an a priori emotion regulation network; (III) and temporal complexity of the fMRI signal
derived from the emotion regulation network and its underlying ROIs using the H. While subject
to a number of shortcomings, particularly sample size, my final study provided preliminary
illustrations of how a short emotionally evocative movie can serve as an ecologically valid index
of emotional processing and regulation captured at multiple spatial and temporal scales in female

adolescents experiencing subclinical depressive symptoms.

In this general discussion, I reflect on the main outcomes of this thesis and how they relate to
gaps that remain to be addressed so that we can attain reproducible functional connectivity-based
biomarkers with clinical viability: (1) sample size; (2) phenotypic measurements; (3) resting-state
fMRI conditions; (4) methodological variations in fMRI pipelines; (5) rate of developmental
changes; and (6) multimodal MRI applications.

9.2 Consortium-level versus Typical Sample Sizes

To improve the reproducibility of functional connectivity measures, sufficiently powered studies
are required to detect the true effect sizes in question, which may be smaller than previously
appreciated (Marek et al., 2022; see Chapter 3 (Section 3.2) for a detailed discussion). As
elaborated in Chapter 3, Marek et al. (2022) revealed that thousands of participants (N £ 2,000)
are required to achieve reproducible univariate and multivariate BWAS. There has been a
scholarly discussion within the neuroimaging community about whether achieving brain-
behaviour associations that are robust and reproducible do indeed require thousands of
participants. My research supports a point made in these discussions (e.g., Rosenberg and Finn,
2022; Nature Neuroscience, 2022; Gratton et al., 2022; DeYoung et al., 2022; Bandettini et al.,
2022; see Chapter 3, Section 3.2), that attention to methodological choices other than sample
size can boost the robustness and reproducibility of functional connectivity measures. First, I
showed that fingerprint ID accuracy can serve as a testbed for functional connectome
reproducibility, and can be improved based on a set of data pre-/post-processing factors. On the
other hand, I demonstrated that increasing the sample size (from N =20 to N = 264) did not help
improve the identifiability of an individual’s functional connectome; higher N was found to
decrease the fingerprint ID accuracy, thus increasing the challenge of differentiating an

individual’s functional connectivity profile (see Chapter 2). This shows that there is scope for
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further methodological improvements to boost the fingerprint ID accuracy in the context of larger
samples, particularly with the ABCD Study (N = 12,000). Second, I showed the utility of bagging
for maximising the sample size requirements by improving participant inclusivity without
decrement to the reproducibility of brain-behaviour relationships. As elaborated in Chapters 3
(Section 3.3) and 4, it is common practice to discard large number of “high-movement”
participants in typical brain-behaviour association studies. Instead, I showed that participants who
are usually considered both “low-motion” and “high-motion” can yield robust and reproducible
brain-behaviour relationships, even for N < 500 — on the basis of the participants’ timepoints
that are least corrupted by head motion. An important consideration is that consortia-level
datasets do not always capture inclusive and diverse populations, especially those from
underrepresented and minority groups (Ricard et al., 2023; Dhamala et al, 2023). For example,
Ricard et al. (2023) argued that the lack of inclusivity in neuroimaging data collection is evident
in consortia datasets such as the UKBiobank and HCP which respectively include ~95% and 76%
white participants. If we are going to acquire and process thousands of participants’ data only to
discard a substantial amount prior to the analyses, then this contradicts the motivation to acquire

large sample sizes that promote inclusivity and diversity in the first place.

It is clear that sufficiently powered studies with adequate statistical power are required to estimate
the true effect sizes of brain-behaviour associations. This is predominantly due to the sampling
variability that manifests at low sample sizes to produce inflated brain-behaviour correlations. I
found that the 95% Cls for brain-behaviour relationships tightened with increasing sample sizes,
showing that the effect sizes converge to their “true” estimates when the study is sufficiently
powered, aligned with the findings of Marek et al. (2022). However, the stern focus on sample
size is not enough to observe reproducible relationships in both BWAS and non-BWAS studies
because large sample sizes do not always translate to reliable phenotypes (Gell et al., 2023;
Nikolaidis et al., 2022). Hence, collaborative efforts to acquire thousands of participants (e.g.,
UKBiobank N = 60,000) will only address half of the equation for optimising the detection of
univariate and multivariate brain-behaviour associations. Recently, Li et al. (2023) showed that
certain phenotypes such as age only require 300 individuals to generate replicable brain-
behaviour associations while others including mental health and lifestyle measures need
consortia-level sample sizes at N = 1,500-3,900. For example, the authors showed that a sample
size of N =300 can generate fair ICCs (ICC = 0.50) whereas a much larger sample size of N =
3,500 would be required to replicable alcohol consumption with similar TRT reliability from the
UKBiobank. Surprisingly, even IQ, which is one of the most consistently used phenotypes in
deriving brain-behaviour relationships would need thousands of participants to achieve the largest
effect size for excellent regional replicability (ICC = 0.75). Here, regional replicability indexes

the replication probability between independent samples for individual brain-behaviour
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associations using a resampling procedure (Li et al., 2023). Similarly, I showed in Chapter 6 that
CPM can yield robust connectome-based predictions of age and intellectual ability in developing
youths that are generalisable in an independent cohort of neurotypical individuals based on a set
of methodological factors for N < 500. This work reinforces the message that datasets with Ns
numbering in the thousands are not the only route to robust and reproducible brain-behaviour

associations.

The active debate on whether reproducible brain-behaviour associations require thousands of
participants has prompted several methodological suggestions to reduce the sample size
requirement. These methodological innovations reveal new opportunities to extend the work
carried out in thesis by deriving brain-behaviour associations without the urgency to acquire
sample sizes in the thousands. For example, Spisak et al. (2023) showed that applying a cross
validation (CV) method to derive in-sample effect sizes using the HCP yielded strong effects for
multivariate BWAS from moderate sample sizes (N = 75-500), and eliminated the inflation rate
in the discovery sample, reported by Marek et al. (2022). While estimating the CV-based effect
sizes, multivariate BWAS attained 80% in-sample statistical power and out-of-sample replication
probability for N < 500 when phenotypes such as age, cognitive ability, and fluid intelligence
were predicted. It is important to note, however, that CV does not always guarantee the detection
of true effect sizes and replication rate as CV on its own can introduce model overfitting, bias,
and complexity (see Chapter 5 and Appendix E). Studies that employ CV can still suffer from
insufficient power and increased variability in effect size estimation (Spisak et al., 2023). Similar
observations have been reported when CV is employed to estimate the effect sizes of univariate
BWAS derived from voxel-based morphometry (Goltermann et al., 2023). While CV shows its
utility in generating sufficiently large effect sizes for sample sizes in the hundreds (N > 400),
smaller samples could inflate the effect sizes of univariate voxel-based associations. Nonetheless,
the application of CV in univariate BWAS could serve as a solution to evaluate the
generalisability of the effect sizes in typical sample sizes compared to large-scale datasets
regardless of the modality (Goltermann et al., 2023). A further clarification about the application
of CV is that multivariate BWAS cannot be fully replicated in smaller samples from independent
consortia even with the largest effect sizes. Tervo-Clemmens et al. (2023) showed that only 31%
of the multivariate BWAS effects are replicable in the ABCD Study at N = 1000 followed by
14% at N= 1500, and 0% at N="75. When sample sizes tend to be typical, the rate of false negatives
reaches 55%. If we take the largest multivariate BWAS effect size, the ability to replicate such
effect is possible at N = 400 at the expense of a 40% reduction in the out-of-sample prediction
from the HCP to the ABCD Study (Tervo-Clemmens et al., 2023). Another approach lies in
detecting regional univariate and multivariate BWAS which seems to achieve 80% power with

sample sizes in the order of hundreds derived from the HCP (Cecchetti and Handjaras, 2022).
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Expectedly, multivariate brain-behaviour associations revealed stronger effect sizes compared to
univariate BWAS; multivariate BWAS achieved statistical power greater than 80% when
predicting cognitive abilities at N =350 whereas reliable associations between brain features (e.g.,
functional connectivity, cortical thickness) and psychopathology required larger sample sizes (N

= 1,500) to achieve sufficient power.

While it is not possible to propose the ideal sample size that is required for reproducible brain-
behaviour associations, i.e., there is no one-size-fits-all studies, neuroimaging-based researchers
should not be discouraged from working with typical sample sizes — the median sample size in
fMRI studies is N = 25 (Szucs and loannidis, 2020). Although the neuroimaging field is moving
towards consortia datasets arising from the Open-Source and data sharing movements, I believe
that studies employing typical sample sizes are equally as important as those replying on large-
scale datasets. Individual laboratories usually employ their own datasets of typical sample sizes
as they are not able to acquire thousands of participants due to the lack of infrastructure, funding,
and ethical justification. Typical sample-size studies have promising potentials to truly advance
the search for functional connectivity-based biomarkers in challenging populations by enabling
targeted investigations that are generally not possible in larger studies, such as: (I) allowing
precise phenotyping of behaviours; (II) developing repeated measurements of imaging data cross-
sectionally and longitudinally; (IIT) lesioning of specific brain regions and functional networks;
(IV) inducing brain states under resting-state, task-based, naturalistic, and pharmacological
conditions; (V) studying rare clinical conditions and/or subtypes in neurodevelopmental and
psychiatric conditions; and (VI) establishing rich, diverse, age-specific datasets to investigate

brain-behaviour associations.

9.3 Reliable Measurement of Phenotypes

While the neuroimaging community is pushing towards “big data” (see Chapter 3 (Section 3.1)),
the reliability of both imaging data and behavioural phenotypes has garnered particular attention
over the years. As I mentioned in Chapter 1, the ability to observe reproducible brain-behaviour
relationships for biomarker discovery requires us to not only focus on improving the
reproducibility of the functional connectome but also, requires us to optimise for reliable
phenotypes. While the split-half reliability of resting-state functional connectivity generally
fluctuates across consortia ranging from 0.39 [UKBiobank] to 0.79 [HCP] with the ABCD Study
achieving moderate estimate (Marek et al., 2022), the TRT reliability of behavioural phenotypes
typically investigated in fMRI studies ranges from poor to excellent, and may be hindered by the
presence of measurement noise (Gell et al., 2023). Attenuating phenotypic reliability produces a

drastic reduction in the brain-behaviour predictions as a result of increasing measurement noise
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irrespective of methodological variations in brain parcellations and predictive models (Gell et al.,
2023). In Chapter 6, I showed that CPM successfully predicted three phenotypes including age,
general psychopathology, and intellectual ability in developing youths with baseline model
predictive performances ranging from 0.16 to 0.61. I further demonstrated that optimising the
individual functional connectome did not necessarily improve or disimprove the brain-behaviour
predictions. While the chosen phenotypes were sufficiently reliable to be predicted, it is possible
that phenotypes in other domains may not be reliable enough. This is because behavioural
phenotypes often suffer from heterogeneity (e.g., subtypes, comorbidities, prevalence), ill-
informed diagnostic criteria (e.g., categorical, subclinical, dimensional), biases (e.g., sampling

bias, method bias), and low resolution (see Chapter 5 (Section 5.3)).

Moreover, I observed that the CPM-based prediction of general psychopathology as indexed by
the CBCL is a challenge, since it appears to be less sensitive to methodological considerations —
at least for the factors I examined in Chapter 6. If we take a look at the inter-rater reliability of
diagnostic scales in neurodevelopmental and psychiatric conditions based on the Diagnostic and
Statistical Manual of Mental Disorders (DSM-5; American Psychiatric Association, 2013), their
Kappa statistics — a measure of inter-rater reliability — show great variability, ranging from
unacceptable agreement to very good agreement (Figure 9.2; Freedman et al., 2013; Cohen,
1960). For example, MDD diagnoses in adult and youth populations exhibit a Kappa statistic of
0.28 which refers to questionable agreement (Figure 9.2) — a limitation I pointed out in Chapter
8. It is, however, possible to improve the TRT reliability of phenotypic measures by acquiring
several repeated measurements (e.g., = 4) — this can increase the reliability of CBCL and NIH
Toolbox from poor-to-good (0.40 < ICC < 0.70) to good-to-excellent (0.66 < ICC < 0.91)
(Nikolaidis et al., 2022). Even with the acquisition of two phenotypic measurements for N= 1000,
the mean square error (MSE) in predicting brain-behaviour associations decreases compared to
one phenotypic measurement for much greater sample sizes (N = 10,000-100,000) (Nikolaidis et
al., 2022). Other routes to improving the reliability of behavioural phenotypes such as
psychopathology are dimensional measurement, deep phenotyping, and hierarchical modelling
(Tiego et al., 2022). While developing new phenotypes in an effort to improve univariate and
multivariate brain-behaviour relationships, age can be used as a phenotype of reference as I have
done in Chapters 4 and 6 given that age is the most robust and reliable phenotype (ICC = 1.0)
in the literature, though obviously differs from behavioural and clinical measures in that it is a
direct biological index. Although it is unlikely that new phenotypic measures will achieve perfect
reliability due to biological variations that manifest within and between individuals in addition to
a potential reliability plateau, establishing more novel sensitive and reliable phenotypes should

not be discounted.
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Adult Diagnoses
Kappa: -0.10 0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80

Major Neurocognitive Disorder 0.78
Posttraumatic Stress Disorder

Complex Somatic Symptom Disorder Revised
Hoarding Disorder

Bipolar | Disorder

Binge Eating Disorder

Borderline Personality Disorder
Schizoaffective Disorder

Mild Neurocognitive Disorder
Schizophrenia

Attenuated Psychotic Symptoms Syndrome
Mild Neurocognitive Disorder

Alcohol Use Disorder

Bipolar Il Disorder

Mild Traumatic Brain Injury (TBI)
Obsessive-Compulsive Personality Disorder
Major Depressive Disorder

Antisocial Personality Disorder
Generalized Anxiety Disorder

Mixed Anxiety-Depressive Disorder

Child Diagnoses
Kappa: -0.10 0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80

Autism Spectrum Disorder

ADHD

Bipolar | Disorder

Avoidant/Restrictive Food Intake Disorder
Conduct Disorder

Oppositional Defiant Disorder
Posttraumatic Stress Disorder

Major Depressive Disorder
Callous/Unemotional specifier
Disruptive Mood Dysregulation Disorder
Mixed Anxiety-Depressive Disorder
Nonsuicidal Self-Injury

M Very good agreement ¥ Questionable agreement
B Good agreement B Unacceptable agreement

Figure 9.2. Inter-rater reliability of diagnostic scales from the DSM-5 measured by the Kappa
statistic. The Kappa statistic can be interpreted as follows: < 0 indicates no agreement and 0.01-
0.20 as none to minimal agreement, 0.21-0.40 as fair agreement, 0.41-0.60 as moderate
agreement, 0.61-0.80 as substantial agreement, and 0.91-1 as almost perfect agreement. Adapted
from Freedman et al., 2013.

We, as researchers, should always be reminded that achieving large sample sizes for robust and
reproducible brain-behaviour associations will only be useful if the phenotype of interest is
reliable. Phenotypes that exhibit poor-to-moderate reliability will require increasing sample sizes
or training data to successfully predict brain-behaviour relationships. Indeed, smaller sample
sizes with high reliability tend to have better predictive performances compared to larger samples

that have good-to-moderate reliability. A sample size of N = 400 with excellent phenotypic
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reliability can outperform the prediction of age compared to a substantially larger sample size of
N = 4,450 with moderate reliability derived from the UKBiobank (Gell et al., 2023). Therefore,
acquiring very large sample sizes will be beneficial for brain-behaviour predictions if both the
imaging and phenotypic data are highly reliable; otherwise, data that share suboptimal reliability
may not offer any significant gains in predicting behavioural phenotypes. If we further consider
the joint reliability of brain features (e.g., here, functional connectivity) and behavioural
phenotypes expressed as \/m, then poor phenotypic reliability combined with low
imaging reliability would require significantly greater sample sizes (N > 5,000) to detect small-
to-moderate effect sizes as opposed to having excellent joint reliability which would require a

sample size of N =200 to observe reproducible brain-behaviour relationships (Nikolaidis et al.,

2022).

Although resting-state fMRI has provided an exciting opportunity to elucidate the functional
brain organisation and its relevance to behavioural phenotypes across populations, brain states,
and non-human species (see Chapter 1), its application has rendered potential trade-offs in the

search for functional connectivity-based biomarkers.
9.4 Trade-offs of Resting-State fMRI

Low participant demand and wide availability mean that resting-state fMRI paradigms are
particularly suitable for studying brain functions and dysfunctions across neurodevelopmental
and psychiatric conditions. The majority of the empirical work presented in this thesis have
focused on improving the reproducibility of the individual functional connectome using resting-
state conditions with the exception of the last study, which applied a movie-watching paradigm
to study individual and group-average functional brain responses at multiple spatial and temporal
scales. In Chapter 8, I showed that an emotionally evocative movie can serve as an ecologically
valid, rich, and engaging candidate of emotional processing and regulation during adolescence,
even with a movie length of less than 5 min. Although preliminary, I showed that female
adolescents experiencing subclinical depressive symptoms exhibited temporal autocorrelated
patterns in the VAN and left vIPFC that could be modulated by depressive symptomatology and
adaptive emotion regulation. In general, naturalistic connectomes tend to yield better brain-
behaviour predictions than resting-state conditions as individual differences in functional
connectivity may be influenced by trait-like features (Finn and Bandettini, 2021b). While
researchers are bound to select an appropriate naturalistic stimulus, movie annotations such as
luminance and human faces have been shown to be predictive of trait-like cognitive phenotypes

(Finn and Bandettini, 2021b; see Chapter 8).
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On the other hand, task-induced fMRI paradigms better capture individual properties of the
functional connectome and their underlying associations with behavioural phenotypes (Zhao et
al., 2023; Jiang et al., 2020; Greene et al., 2018a; Finn et al., 2017; Gratton et al., 2016; Finn et
al., 2015; see Chapter 5 (Sections 5.2-5.3)). Certain tasks tend to yield stronger brain-behaviour
relationships that are robust and generalisable compared to other tasks and/or resting-sate
conditions as they are usually designed to capture specific behavioural processes such as
sustained attention, decision-making, reward processing, personality traits, intellectual ability,
and executive functioning (Zhao et al., 2023; Finn, 2021a). As elaborated in Chapter 5 (Sections
5.2-5.3), combining multiple task states has been shown to boost the CPM-based predictions of
behavioural phenotypes, relative to deriving the task-based connectomes in isolation (Jiang et al.,
2020; Gao et al., 2019; Greene et al., 2018a). There are two important underlying points to
highlight: (1) there may not be a single brain state that encapsulates the functional organisation
of the brain (Finn, 2021a; Finn et al., 2017); and (2) aggregating more task-based conditions does
not necessarily enhance brain-behaviour predictions. Instead, more predictive tasks tend to

contribute to more meaningful features (e.g., edges) in a predictive model (Jiang et al., 2020).

In this thesis, I showed how resting-state fMRI conditions can be used to successfully
“fingerprint” an individual from their functional connectome, rescue ‘“high-movement”
participants, and predict brain-behaviour relationships in developing youths aged as early as 6
years old. Others have been able to differentiate an individual’s connectome during infancy as
early as 1 month old, albeit observing poorer connectome distinctiveness compared to
adolescence and adulthood, especially across between-session scans (King et al., 2023; Hu et al.,
2022; Dufford et al., 2021). In Chapter 4, I further performed bootstrapping and scrubbing of
resting-state fMRI timeseries to sample “low-motion” timepoints — procedures which were
performed on the assumption that the timepoints do not need to be contiguous as opposed to task-
based timeseries as the timepoints are stimulus-locked (Shinn et al., 2023; Arbabshirani et al.,
2014). Subsequently, the ability to acquire fMRI data in the absence of an external stimulus has
encouraged researchers to increase the amount of imaging data collected per participant from
minutes to hours, as a means to allow precision or “deep” mapping of the individual functional
connectome (Gratton et al., 2020; Gordon et al., 2017; Laumann et al., 2015). For example, the
Midnight Scan Club [MSC] dataset collected more than 20 hours of fMRI data in 10 participants
(OpenNeuro: 10.18112/openneuro.ds000224.v1.0.4; Gratton et al., 2020). The TRT reliability of

the functional connectome improves with longer acquisition times (Noble et al., 2019; Noble et
al., 2017; see Chapter 1 (Section 1.6.3)), benefitting subcortical regions, such as cerebellar
structures, in particular, since these brain regions are fundamentally susceptible to sources of

physiological noise (Gratton et al., 2020; Shah et al., 2016).
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Since the inception of resting-state fMRI and the emergence of functional connectivity in 1995,
the field of neuroimaging has gained favourable insights into the functional brain organisation
(see Chapter 1 (Sections 1.1-1.3)). However, we should not forget that the “resting” brain means
it is unconstrained, which could confound the detection of reproducible functional connectivity
patterns, especially in challenging populations such as developing youths, based on a number of
factors including: (1) resting conditions such as eyes closed, eyes opened, and fixation (Zuo et
al., 2015; Patriat et al., 2013; see Chapter 1 (Section 1.6.3)); (2) wakefulness such as sleepiness
and drowsiness (Tagliazucchi and Laufs, 2014); (3) spontaneous thoughts such as “mind-
wondering” (Kucyi et al., 2016; Christoff et al., 2009); (4) mood states (Harrison et al., 2008);
and (5) in-scanner motion (Power et al., 2015; Satterthwaite et al. 2012; Kelly et al., 2012; see
Chapter 3 (Section 3.3)). Another caveat of resting-state fMRI lies in disentangling the amount
of explained variance that reflects trait-like versus state-like components in functional
connectivity (Finn et al., 2017; Geerlings et al., 2015b). Features derived from resting-state
functional connectivity have also demonstrated to weaken the prediction of cognitive measures
than individual characteristics related to age, gender, and intracranial volume (Omidvarnia et al.,
2023). While these individual characteristics increase the predictive performance, aggregating
them with resting-state fMRI features marginally improves the phenotypic predictions
(Omidvarnia et al., 2023). It is also possible that there is a ceiling when improving resting-state
functional connectivity estimates; for example, I observed that the components that describe two
optimal fingerprint-informed pipelines did not yield 100% identification accuracy (see Chapter
2). Of note, these components that form part of the optimal pipelines do not reflect a final set of
factors, since there are parameters that I have not examined in Chapter 2. In addition, CPM-
based predictions of three phenotypes did not necessarily improve (or disimprove) across several
data pre-/post-processing factors (see Chapter 6). I return to this in Section 9.5. While the
interactions between sample size, phenotypic measurements, and resting-state fMRI paradigms
are deemed essential for reproducible functional connectivity estimates, methodological

variability in fMRI pipelines still remains a dominant challenge.

9.5 Methodological Variability in fMRI Pipelines

Methodological variability in fMRI pipelines is often referred to as the “researcher degrees of
freedom” (Wicherts et al. 2016; Simmons et al., 2011). In functional neuroimaging, these degrees
of freedom are present during the data pre- and post-processing stages, thus contributing to a
growing number of false positive (type I error) outcomes and inflated effect sizes (Graff et al.,
2022; Dhamala et al., 2022; Li et al., 2021; Botvinik-Never et al., 2020; Dadi et al., 2019; Parkes
et al., 2018; Poldrack et al., 2017; Ciric et al., 2017; Shirer et al., 2015; Yan et al., 2013a; Carp,

2012). The major sources of variability in fMRI pipelines are typically observed due to either the
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inclusion/exclusion of certain steps or their sequential order of a procedure. In this thesis, I have
maintained identical pre-processing pipelines, even when I employed fMRIPrep for the last study,
to alleviate potential sources of variation in the functional connectivity estimates, followed by the
same Shen (k = 268) parcellation scheme to extract the fMRI timeseries. However, this is not the
case in the wider context of neuroimaging; for example, at the pre-processing stage, GSR remains
a debatable head motion mitigation strategy which means that some laboratories consistently
apply it while others do not (see Chapters 1 and 2). Similarly, spatial smoothing varies according
to the choice of the Gaussian kernel but also, depending on whether one is interested in the whole-
brain, ROI-based, or network-based functional connectome (Mikl et al., 2008). Another form of
variability lies in applying a head motion threshold to identify “high-motion” individuals; as I
have elaborated in Chapters 3 and 4, consortia and typical neuroimaging studies tend to apply
an arbitrary mean FD/rmsFD threshold which can be interpreted as either liberal (> 0.30 mm) or
stringent (< 0.10 mm). At the post-processing stage, the choice of parcellating the functional brain
varies largely on laboratory preferences, research questions, and desired resolution of the effects
being investigated. Another common source of variability lies in thresholding statistical maps
(Marek et al., 2022; Botvinik-Never et al., 2020; Poldrack et al., 2017) and analysis software
(Bowring et al., 2019). Together, these highlight the “toothbrush problem™ that persists in
functional neuroimaging — when it comes to analysis pipelines for functional connectomics,
many laboratories and researchers feel very strongly about only using their own. One implication
of this is the necessary duplication of data analyses on the same raw data, in laboratories around
the world. When we consider the size of some of the datasets available runs to the tens of
thousands (e.g., ABCD Study, UKBiobank, HBN), this entails considerable unnecessary energy
use. This then leads to a considerable amount of flexibility across functional connectomics-based
pipelines. Hence, I hope that the work conduced in this thesis will help move the field from a
surfeit of analysis options towards a consensus approach, which will boost reproducibility while

reducing the resources spent using only one’s own toothbrush.

Subsequently, it is important to remember that controlling for covariates (e.g., socioeconomic
status, sex, age, education, head motion) in deriving functional connectivity estimates imposes a
quandary as researchers have the freedom to select the covariates they wish to account for
although some may be conservative (i.e., controlling for too many confounds) whilst others could
be flexible in their approach (controlling for least potential confounds) (Hyatt et al., 2020). Hence,

I have covaried the same variables in Chapters 4 and 6 when estimating, predicting, or

’Here, I am drawing on Poldrack & Yarkoni (2016), who cited Walter Mischel’s characterisation
of the field of Psychology: “Psychologists treat other peoples’ theories like toothbrushes — no
self-respecting person wants to use anyone else’s” (Mischel 2008, cited in Poldrack and Yarkoni,
2016).
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generalising brain-behaviour relationships from the HBN and ABIDE. Although covarying for
potential confounds could drastically change the statistical significance of outcomes and their
underlying effect sizes, it does not always guarantee that their effects are completely removed. A
prominent example of methodological variability in fMRI pipelines can be appreciated in a study
which employed 70 independent teams to evaluate 9 predefined hypotheses using a single dataset;
while there were some levels of agreement between groups, no two teams employed similar
analysis workflows which contributed to the variability in functional connectivity estimates

(Botvinik-Never et al., 2020).

In terms of connectome-based predictions of behavioural phenotypes, predictive models such as
CPM are generally trained via parameter tuning (see Appendix E for the list of parameters),
which could increase the likelihood of finding a meaningful brain-behaviour association above
chance if too many combinations are formulated during feature selection and model building. In
Chapter 6, | employed connectome-based fingerprinting to examine the robustness of the CPM-
based predictions and generalisations. I showed that FSIQ was generalisable to an independent
sample when the individual functional connectomes were derived from fine-grained parcellation
schemes and bagging. Recently, a study has shown that “enhancement attacks” — minor
alterations in the functional connectome introduced to falsely boost the predictive performance
of a phenotype — can dramatically inflate the relationships between observed and predicted 1Q
in ways that cannot be easily detected visually (Rosenblatt et al., 2023). Rosenblatt et al. (2023)
showed that, by introducing individual-specific patterns that share a significant association with
every participant’s IQ to create the enhanced individual connectomes, boosted the IQ predictions
from 0.18 (using the original connectome) to 0.97 (using the enhanced connectomes), whilst the
correlations between the original and enhanced connectomes maintained near-perfect correlations
of r = 0.99 (Figure 9.3). Together with my findings in Chapter 6, this raises the alarm that the
robustness of predictive frameworks such as CPM should be prioritised as manipulating the
functional connectome to improve brain-behaviour associations can be harmful without proper

justifications.
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Figure 9.3. Subtle manipulations of the functional connectome by introducing “enhancement
attacks” in the CPM to predict a chosen behavioural phenotype such as IQ obtained from the
HCP. Model performance is quantified by the Pearson’s correlation coefficient () and cross-
validated R? denoted by q* between observed and predicted 1Q. MF: medial frontal; FP:
frontoparietal; DMN: default mode; MOT: motor; VI; visual [; VII: visual II; Vas: visual

associations; SAL; salience; SC: subcortical; CBL: cerebellum. Adapted from Rosenblatt et al.,
2023.

The other question that arises is whether the fingerprint identification procedure always produces
the “true” proportion of successfully identified individuals in a given cohort. There are scenarios
whether fingerprint ID accuracy as well as TRT reliability can produce misleading conclusions
(Figure 9.4; Milham et al., 2021). As such, a discriminability (D) metric has been proposed which
calculates the probability of the distance between-sessions within each individual being lower
than the distances to other individuals (Wang et al., 2020). An interesting property of D is that it
can be equivalent to the ICC under the Gaussian assumption for univariate data although it can

be broadly applied to assess the reliability of high-dimensional data given that it is a non-
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parametric multivariate generalisation of the ICC. The advantage of D is that it provides stronger
statistical power with increasing number of participants and repeated measurements compared to
the fingerprint identification procedure (Wang et al., 2020). It also generates discriminability
estimates that tend to be constant as the sample size grows whereas fingerprint ID accuracy
decreases non-linearly with more participants (Wang et al., 2020), consistent with my findings in
Chapter 2. Therefore, D could provide complementary information about the identifiability of
an individual’s functional connectome together with the fingerprint ID accuracy — as a means to
index the reproducibility of functional connectivity estimates. This means the factors that improve
both metrics could better indicate whether they can enhance the validity of the functional

connectome, i.e., strengths of brain-behaviour relationships.
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Figure 9.4. Discriminality, TRT Reliability (ICC), and Fingerprinting (FP) of the functional
connectome. Left Panel: First scenario where FP reveals a low ID accuracy of 30%, ICC shows
a “good” reliability of 60%, and Discriminality is high with a value of 84%. Middle Panel: Second
scenario where both Discriminality and fingerprint ID accuracy are optimal (100%), but the ICC
shows a “good” reliability of 62%. Right Panel: Third scenario where no individual has been
successfully identified, i.e., fingerprint ID accuracy = 0%, but the TRT reliability (ICC = 57%)
and Discriminality (77%) are fair/moderate. Adapted from Milham et al., 2021.

Although the disagreement in fMRI pipelines is evident in the literature, there has been some
degree of consensus in applying Open-Source analysis workflows such as fMRIPrep (Esteban et

al., 2019), C-PAC (Craddock et al., 2013c), and NiPreps (https://www.nipreps.org) aimed at

harmonising and reproducing functional connectivity-based analyses (Ramduny et al., 2023).
Achieving perfect agreement amongst researchers may not be feasible as some variability is
bound to be present across populations. For example, applying the same parcellation scheme to
derive the functional connectome during infancy and adulthood is not ideal as the size of an infant
brain is smaller and less functionally developed. Similarly, developing youths tend to exhibit
excessive in-scanner motion compared to adults (Satterthwaite et al., 2012); applying identical
head motion thresholds for both populations will lead to a greater number of youths being

excluded from the cohort compared to adults. Finally, methodological variability can also be
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intertwined with the dataset being analysed due to the curse of dimensionality — analysing or
extracting features in high-dimensional spaces (e.g., neuroimaging data) that do not occur in low-
dimensional environments — a common curse for predictive models (Mwangi et al., 2014). While
addressing the methodological variability in fMRI pipelines, it is also important to be aware that
the rate of developmental changes could pose a challenge in capturing individual differences in

functional connectivity that are reproducible across different populations.

9.6 Rate of Developmental Changes

Development contains a number of sensitive periods during which the brain exhibits increased
plasticity, and patterns of segregation and integration emerge (early childhood = adulthood; see
Chapter 1 (Section 1.2)). These changes shape the development of behaviours that are necessary
for later stages of life (Cao et al., 2017). A key challenge for neuroimaging is that the
developmental trajectories of the structural and functional brains generally differ due to the rate
of their underlying maturational processes, and are influenced by several biological and
environmental factors (Figure 9.5; Sydnor et al., 2021; Shaw et al., 2008). The work carried out
in this thesis focuses on developing populations with fMRI data obtained at different scan
intervals. For example, in Chapter 2, I used the resting-state scans from five different datasets
(7-43 years) acquired across several days, months, and even years, to perform the connectome-
based fingerprint identification procedure. This means individuals in some of the datasets
underwent larger developmental changes compared to others. In Chapter 4, I used the UPSM
group from CoRR (between-session scans) in addition to the HBN (within-session scans) to obtain
the resting-state fMRI data, which means that the scans reflected short-term and long-term
developing changes in the cohorts from 6 to 21 years. Although connectome-based fingerprinting
and bagging were successfully applied in both datasets, the potential impact of developmental
change was ignored, potentially impacting the results obtained; further research is required to
determine how best to capture both short-term and long-term developmental changes in such

studies.

Sydnor et al. (2023) elegantly revealed the presence of age-related changes in the intrinsic fMRI
activity along the sensorimotor-association (S-A) axis during adolescence. This S-A axis features
a cortical hierarchy that allows neurodevelopmental plasticity to unfold in youths aged from 8§ to
17 years (Sydnor et al., 2023; Sydnor et al., 2021). Moreover, the cortical regions that follow the
S-A axis showed a significant relationship between intrinsic fMRI activity indexed by amplitude
fluctuations and environmental scores such as neighbourhood factors with greater amplitudes
found in the association cortex and /ower amplitudes pronounced in the sensory and motor

cortices (Sydnor et al., 2023). An important aspect of studying developmental changes lies in the
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presence of heterogeneity across the whole-brain. Individual variations in functional connectivity
patterns are heterogeneous in both the heteromodal association cortex — higher variability across
brain regions which subserve an integrative role in the cortex, and unimodal cortices — lower
variability across brain regions which are rather functionally specific (Xu et al., 2019; Mueller et
al., 2013). While these heterogeneous patterns can be observed in individuals as young as ~31-
42 postmenstrual weeks, they are non-uniform across the whole brain with minimal decrease in
the individual variability patterns of the default mode, frontoparietal, and limbic networks,
moderate decrease in the visual, attention, and subcortical networks followed by significant
decrease in the sensorimotor networks (Xu et al., 2019). In neurotypical adults, the frontoparietal
and attention networks demonstrate the highest level of functional variability followed by the
default mode network with moderate variability, and sensorimotor-visual systems exhibiting
least level of variability (Mueller et al., 2013). It is also important to remember that the ability to
detect these developmental changes is often limited by the spatial and temporal resolutions of the
chosen imaging modality. For example, fMRI exhibits a good spatial (~2-3 mm) but poor
temporal (~5-6 seconds) resolutions (Figure 9.5). Detecting individual differences in functional
connectivity that are reproducible would thus improve our ability to understand their underlying
short-term and long-term associations with individual behavioural phenotypes in developing

populations — perhaps with the contribution of a multimodal MRI approach.

Age

Gene

Environment

Node Connectivity Topology

Structural MRI (~mm)

Diffusion MRI (~mm)

Functional MRI (~mm) (~sec)

Figure 9.5. Factors capturing the rate of developmental changes such demographics, genetics,
environment, and imaging modalities. Adapted from Cao et al., 2017.
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9.7 A Quest for Multimodal MRI Applications

In searching for reproducible functional connectivity measures, I showed that there are
individuals whose functional connectomes are always misidentified regardless of the data pre-
/post-processing factors (see Chapter 2). In optimising the differentiation of an individual’s
connectome, I demonstrated that fingerprint ID accuracy was as high as 94% and the degree of
confusion for misidentifying an individual was as low as 2%. The inability to achieve perfect
connectome-based identification could potentially be explained by the anatomical variability that
is present across individuals. At the same time, this motivates the study of structural connectomes
as they share an ability to predict trait anxiety levels in youths and adults although these
connectome-based predictions deserve methodological considerations to assess their
reproducibility and generalisability in independent samples (Yoo et al., 2022; Feng et al., 2022;
Zhang et al., 2019; see Chapter 6). Recently, suicide risk was predicted using multimodal
connectomes (i.e., structural and functional connectivity) in a typical sample of late-life
depression individuals (Gao et al., 2023). Individual patterns of structural and functional
connectivity showed an ability to explain 14% and 30% of variance in suicide risk, respectively,
in addition to classifying late-life depression participants into three distinct groups (i.e., non-
suicidal, suicide-attempt, ideation/plan) with an accuracy of up to 90% that were generalisable in
an independent dataset (Gao et al., 2023). Structural connectomes can successfully identify
individuals during a perinatal period with an identifiability rate of 62% (Ciarrusta et al., 2022),
which was greater than the self-self similarity of 10% derived from the individual functional
connectome (Ciarrusta et al., 2022). Therefore, the individual structural connectome exhibits
stable properties that are present in early development. High-resolution structural connectivity
and morphological features can also enable stronger differentiation of an individual compared to
the functional connectome, although the properties that uniquely identify individuals from a
group may exhibit poor infer-individual differences in behavioural phenotypes (Mansour et al.,
2021). The difference between individual identification and behavioural prediction derived from
high-resolution multimodal connectivity features could thus better capture and provide
meaningful insights into the infer-individual variations that are present in a range of mental health
conditions (Mansour et al., 2021). The combination of structural and functional connectomes
could inform us why some individuals remain difficult to ID using functional connectome
fingerprints alone, and why improving functional connectome fingerprints do not necessarily
strengthen or worsen the connectome-based phenotypic predictions, especially in developing

youths.

The structure-function coupling has further revealed unique and stable individual characteristics

that correspond to individual traits of cognitive and general behavioural domains which are
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mostly relevant in the association cortex (Sun et al., 2022). These coupling patterns have an
inherent ability to identify an individual from a cohort not only at rest but also across different
brain states (Griffa et al., 2022). Although the structure-function coupling can be stronger for
some brain networks compared to others (Suarez et al., 2020; Baum et al., 2019), it can serve as
an indicator of inter-individual differences in macroscopic brain organisation (Griffa et al., 2022).
The unique features, which underlie structure-function coupling, are both predictive of certain
behavioural phenotypes and heritable though they can be influenced by age and sex (Gu et al.,
2021). While the structure-function coupling has been found to be the highest in the visual and
subcortical structures, and weakest in some transmodal areas (e.g., default mode, limbic), it could
also reflect developmental changes that are localised within the frontoparietal and default mode
regions (Baum et al., 2020; Honey et al., 2009). Given that the alignment of brain structure and
function may not be perfect due to the presence of intra- and inter-variability, individual
differences in structure-function coupling could provide complementary information in
understanding the individual brain organisation across development, brain states, and clinical

conditions (Suarez et al., 2020).

9.8 Limitations

The limitations of the four empirical projects have been described in their respective Chapters.

Here, I describe the limitations of this thesis within the wider context of functional neuroimaging.

¢  The four empirical research projects have employed datasets with varying sample sizes,

which makes it difficult to directly compare reproducibility across projects. Using a single
large-N dataset, such as the ABCD Study, in future work could be a solution to this problem,
since the ABCD consortium includes longitudinal multimodal imaging and deeply
phenotyped data in developing youths. Of note, the minimally preprocessed ABCD Study
samples would still substantially increase the computational resources required. Ideally, the
consortium would share data preprocessed with a standardised pipeline such as fMRIPrep,
addressing the toothbrush problem mentioned above, and reducing the duplication of effort

and expenditure of computational resources across laboratories.

¢ The foundation of this thesis primarily relies on using datasets derived from resting-state

fMRI conditions. Since task-based fMRI conditions have been shown to enhance individual

differences in functional connectivity and to predict individual behavioural phenotypes
across several domains, task-induced connectomes should be considered to provide a clearer
picture of the reproducibility of functional connectivity-based measures in developing

youths. A future line of work is required to examine the impact of bagging on the temporal
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autocorrelated patterns of the fMRI signals in resting-state and task-based conditions as well
as assessing the validity of the bagged functional connectomes in task-induced fMRI

paradigms.

¢ The resting-state and naturalistic fMRI data used in this thesis have been acquired from

relatively short scan lengths (~5 min) which proved to be sufficient in detecting individual

patterns of functional connectivity that are unique, stable, and predictive of behavioural
phenotypes. Nonetheless, future studies should determine if longer scan duration (e.g., > 10
min) could further boost the performances of the frameworks employed in this thesis.
Similarly, it would be noteworthy to assess the efforts of several concatenating strategies
that have been proposed in the literature to maximise the number of timepoints collected per

individuals using the HCP and/or ABCD Study.

¢  While Chapter 8 employed a movie-watching paradigm to study emotional processing and

regulation at multiple spatial and temporal scales, I did not quantify changes in emotional
valence during the movie. Moreover, I used a relatively short animated movie clip (The
Present) which is 4.18 min in length including the ending credits to study brain
synchronisation, “static” and moment-to-moment functional connectivity patterns, and self-
similarity structure of the BOLD fMRI signals. It remains important to assess how emotional
valence scores, stimulus features (e.g., face expressions, scenes), and longer emotionally
evocative movies influence the ability to capture spatial and temporal functional brain
responses and their relationships with depressive symptomatology as well as adaptative and

maladaptive emotion regulation strategies.

¢ For the last empirical research, 1 focused on a community-based sample of female

adolescents who reported subclinical depressive symptoms on the Depression subscale of

the Beck Youth Inventory (BYI-D). Although I adopted a dimensional approach and
observed a wide range of BYI-D scores (ranging from 2 to 45), my findings may not be
comparable to those obtained using categorical depression diagnoses or (e.g., melancholic
depression, MDD) adult age groups. The use of the community sample exhibiting subclinical
symptoms, combined with the small sample size, may have negatively impacted power and

my ability to detect significant and robust brain-behaviour relationships.

¢  The four empirical projects employed both cross-sectional and longitudinal datasets, which
can increase the difficulty of comparing the stability of the functional connectome and its

potential phenotypic relationships. While the CoRR datasets that were employed in Chapter
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2 included resting-state fMRI scans acquired over durations spanning several days to years,
the HBN samples employed in Chapters 4 and 6 obtained the fMRI scans within the same
session. The impact of these temporal factors was not directly investigated. Similarly, a
community-based sample of female adolescents exhibiting subclinical depressive symptoms
was recruited to investigate naturalistic emotional processing and regulation cross-
sectionally as presented in Chapter 8. An important caveat of cross-sectional studies is that
the reliability of functional connectivity estimates could be influenced by subject-related

variances such as stress, hormones, and sleep (Telzer et al., 2018).

¢ Most empirical projects in this thesis used Open Science data. This means I did not make
certain methodological decisions (e.g., acquisition sequences, behavioural protocols)
myself, and was restricted in terms of the analyses that I could apply following the
hypotheses that I could propose (e.g., in terms of phenotypes I could examine). Another
phenomenon refers to dataset decay, where researchers within the neuroimaging community
re-analyse existing datasets with similar and/or different statistical testing procedures that
may increase the occurrence of false positive results (Thompson et al., 2020). Given that
methodological variability persists due to the lack of consensus in the pre-/post-processing
strategies of fMRI data, re-analysing the same dataset could increase the already large
number of statistical maps that exists due to different thresholds, multiple comparison
corrections, ROI definitions, or neuroimaging software (e.g., FSL vs. SPM) amongst other

decision points (Poldrack et al., 2017).

Beyond the future directions suggested by a consideration of these limitations, there are other
potential research avenues that warrant consideration, including meta-matching frameworks,

multivariate techniques, multiverse pipelines, and sex differences.

9.9 Future Directions

The empirical research conducted in this thesis focused on varying sample sizes from typical
(e.g., N=24 from the NYUado in CoRR) to consortia-level (e.g., N =540 from the HBN). In this
thesis, I have employed the components that describe two optimal connectome-based
fingerprinting pipelines across five datasets (N = 24-82) to assess the robustness of connectome-
based phenotypic predictions and generalisations in large-scale datasets. Given that a chosen
phenotype P, derived from a typical sample-size study can be correlated, to certain extent, with
another phenotype P in a large-scale dataset, a predictive model trained on P; could be translated
to predict P. This meta-matching framework has the potential to extend my work by deriving

robust and reproducible brain-behaviour associations with typical samples sizes (e.g., CORR) by
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applying meaningful features obtained from consortia datasets (e.g., HBN, ABIDE). Predictive
models can exploit the functional connectivity features from these consortia (N > 10,000) to
predict unseen phenotypes in datasets with typical sizes (N < 200) (He et al., 2022). Meta-
matching models have recently been shown to boost brain-behaviour predictions with tens of
participants compared to classical approaches (He et al., 2022), and have the ability to predict
generalisable global cognitive functioning in psychiatric populations with gains in prediction
accuracy ranging from 7% to 291% (Chopra et al., 2022). While the meta-matching framework
shows there are common neurobiological features that are shared across psychiatric conditions
for predicting cognition, such brain-behaviour predictions appear to be predominantly driven by
the association networks related to the frontoparietal and default mode networks (Chopra et al.,
2022). This framework will benefit the research conducted in this thesis by performing brain-
behaviour associations using the relevant features in the functional connectome of the HBN that
are predictive of a chosen behavioural phenotype to applying them to the independent datasets in
CoRR. These brain-based features can further be investigated in terms of their generalisability
within the context of CPM — as a means to improve the predictions of age, general

psychopathology, and intellectual ability in an independent sample.

The empirical research that was conducted in this thesis mainly focused on developing, assessing,
and validating univariate patterns of functional connectivity derived at multiple spatial and
temporal scales. Given that the aim of this thesis lies in improving the reproducibility of
functional connectivity-based measures in neurodevelopmental and psychiatric conditions, the
application of multivariate techniques could provide complementary insights into the brain-
behaviour associations that may not otherwise be detected by univariate models. Although
multivariate methods can increase the dimensionality of imaging and phenotypic features in
addition to reducing model interpretability, methods such as support vector regression (SVR; a
machine learning model that can be used in classification problems or assigning classes when the
data is not linearly separable) and CCA can yield stronger brain-behaviour associations compared
to univariate models (Marek et al., 2022). Marek et al. (2022) showed that the maximum out-of-
sample BWAS between functional connectivity and crystallised intelligence derived from SVR
was more robust (r = 0.39) compared to the univariate correlation (r = 0.16) in the ABCD Study.
Given that brain features are typically related to some extent, their multivariate patterns could
boost their effect sizes instead of studying them individually, thus showing merit to improve the
robustness of brain-behaviour associations (Rosenberg and Finn, 2022). Future work can include
multivariate techniques such as CCA and SVR to further predict and generalise brain-behaviour
relationships, especially in the context of general psychopathology — the CBCL scores which
indexed externalising behaviours in Chapter 6 were less sensitive to methodological factors and

head motion strategies in developing youths.
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As discussed above, a single research question or hypothesis can be answered using a range of
functional connectivity analysis frameworks and pipelines — leading to increased
methodological flexibility or “researcher degrees of freedom”. One solution is to establish
multiverse analytic procedures (Dafflon et al., 2022; Botvinik-Nezer and Wager, 2022). They
provide a platform for identifying the underlying relationships between different analytical
factors that rest on data pre-/post-processing techniques such as regression, classification, motion
correction strategies, and parcellation schemes. The variations in these methodological choices
could provide meaningful insights into both the homogeneity and idiosyncrasy of different
pipelines in addition to understanding how the multiverse space could be mapped to a low
dimensional environment to control the amount of analyses being carried out. Importantly, we,
as researchers, can focus on the strengths of different pipelines that are sparsely located in the
multiverse space to form an ensemble analysis pipeline. Another advantage of establishing
analytic pipelines in a multiverse space is the ability to evaluate the generalisability of a specific
pipeline compared to other analysis methods by comparing their respective performances as well
as assessing the generalisability of the pipelines in out-of-sample datasets to prevent overfitting
a chosen dataset instead of attempting all the possible pipeline combinations. The data pre-/post-
processing factors identified in Chapter 2 and head motion strategies proposed in Chapter 4
could be treated as a multiverse analysis pipeline for brain-behaviour predictions and
generalisations as [ have shown in Chapter 6. Nonetheless, future work is required to test whether
such multiverse pipeline can derive robust and reproducible brain-behaviour associations in (sub)
clinical populations such as those investigated in Chapter 8 and extending other fMRI conditions

(e.g., task-based, naturalistic).

During the empirical work conducted in this thesis, I estimated, predicted, and generalised brain-
behaviour relationships by covarying sex differences using the HBN and ABIDE. To advance our
search for functional connectivity-based biomarkers in neurodevelopmental and psychiatric
conditions, treating sex as a biological variable of relevance is important; the connectome
distinctiveness appears to be delayed in male compared to female youths (Kauffman et al., 2017,
see Chapter 1 (Section 1.7.2)), and connectome-based predictions of memory functioning differ
in male and female adults based on their underlying within- and between-network connections
(Juetal., 2023). In several behavioural paradigms, sex differences in learning, spatial navigation,
decision-making, fear conditioning, or emotional processing do, in fact, reflect differential sex-
dependent strategies (Shansky and Murphy, 2021; Shansky, 2018; Shansky and Woolley, 2016).
Studying sex as a biological variable is also relevant across neuropsychiatric conditions as these
disorders manifest differently in males and females by their age of onset, symptom severity, and
treatment response. On the other hand, male and female individuals reveal overlapping patterns

of brain-behaviour relationships across cognitive domains though the strengths of these
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associations differ between the two sexes (Dhamala et al., 2021). Predictive models can also
probe shared neurobiological features pertaining to internalising and externalising behaviours
across sexes such that perturbations in functional connectivity patterns may represent unique
psychiatric-related behaviours across males and females (Dhamala et al., 2023). Finally, there are
sex differences in the functional network topology — association networks including the ventral
attention, default mode, and frontoparietal networks probe the greatest inter-individual variations
in functional topology in youths, wherein males exhibit greater network loadings than females in
the default mode and frontoparietal networks whereas females express higher network loadings
in the attention networks compared to males (Shanmugan et al., 2022). Another line of
investigation requires the distinction between gender and sex differences on outcome measures
(Regitz-Zagrosek and Gebhard, 2022). Given that gender and sex often have separable effects on
clinical outcomes, the work carried out in this thesis could benefit from the examination of the

distinct and potentially interacting effects of gender and sex on functional connectivity estimates.

9.10 Conclusions

The overarching aim of this thesis is to improve the reproducibility of functional connectivity-
based measures, particularly in challenging developmental populations. I first demonstrated that
functional connectome fingerprinting offers a way to compare, benchmark, and adjudicate
functional connectivity analysis pipelines — as a means to assess the reproducibility of the
individual functional connectome. This approach offers advantages over the traditional
estimation of TRT reliability using the ICC. Using the connectome-based fingerprint
identification procedure as a testbed of reproducibility, I identified a set of pre-/post-processing
factors that improved the identifiability of an individual’s functional connectome. Second, I
implemented bagging or bootstrap aggregation for estimating the functional connectomes using
low-motion timepoints. Bagging generated reproducible functional connectomes and maximised
sample inclusivity by salvaging participants who would normally be discarded due to excess head
movement. This enabled the retention of a large sample size, desirable for analyses of typical
brain-behaviour associations. Third, I examined whether the pre-/post-processing factors that
maximise fingerprint identification and head motion mitigation strategies (i.e., bagging and
scrubbing) that maximise participant inclusivity with their motion-limited timeseries could
improve connectome-based predictions of age, general psychopathology, and intellectual ability
in developing youths. Unexpectedly, most factors I examined neither boosted nor worsened the
phenotypic predictions nor their generalisability to an independent sample, with the exception of
fine-grained brain parcellations and bagging, which improved generalisability. Finally, I took a
different approach to reproducibility by exploring whether brain activity during a naturalistic

movie-watching paradigm could be modulated by depressive symptom severity and emotion
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regulation strategies in female adolescents exhibiting subclinical depressive symptoms. By
proposing a movie-watching analysis framework, I showed that depressive symptomatology and
emotion regulation strategies may shape how female adolescents process emotional information

over time based on affect-laden events that reflect real-life scenarios.

By empirically examining the reproducibility of the functional connectome as defined by
Botvinik and Wager (2022) in consortia and community-based datasets, I conclude that there is
no single factor that can optimise functional connectivity-based measures in isolation. Improving
the reproducibility of functional connectivity estimates is just one route to boosting the
reproducibility of brain-behaviour relationships; strategies can be applied to either side of the
brain-behaviour equation. These strategies include adequate study design paradigms, robust and
reproducible methodological pipelines, and reliable behavioural phenotypes. Although there is
some consensus within the neuroimaging community on how to address the potential sources of
variability in functional connectivity estimates, I agree that it is not realistic to achieve perfect
agreement during data collection, pre-processing, and post-processing stages of a study. I strongly
recommend the neuroimaging community employ preprocessed Open-Source datasets (if their
research questions and hypotheses permit) and/or apply publicly available methodological
pipelines to minimise some of the variations during decision-making. On the basis of this thesis,
I further suggest that sample size (in the thousands) is not the only route to generate reproducible
functional connectivity estimates, nor robust and reproducible brain-behaviour relationships. In
addition, I argue that it is important to think about the validity of the functional connectome when
developing methods to improve its reproducibility — an individual’s functional connectome can
be reproducible but exhibit low validity, thus having low utility to observe meaningful brain-

behaviour relationships.

The contributions made by this thesis are: (1) connectome-based fingerprinting can serve as a
testbed for reproducible functional connectivity-based analysis methods; (2) bagging can achieve
a balance between data quality standards and sample size requirements by retaining “high-
movement” participants for robust and reproducible brain-behaviour association studies; (3)
while the strengths of connectome-based phenotypic predictions appear robust to methodological
choices, bagging improves the generalisability of the CPM-based predictions; and (4) naturalistic
movie-watching paradigms offer a rich context for the exploration of how phenotypic variables,
such as depressive symptoms, affect information processing evoked by real-life scenarios. A final
recommendation arising from this work is that the neuroimaging community should
remember to put the participants at the heart of their research questions — doing so means
that we, as researchers, should apply the lens of reproducibility to our efforts to develop

study design protocols, methodological pipelines, and reliable phenotypic measurements.
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My hope is that centring this perspective will enable us to move a step closer to discovering
functional connectivity-based biomarkers that will make a real difference to the lives of our

participants and their families.
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Appendix C
Recommendations
Factors Influence on fingerprint accuracy
GSR Increases by regressing out the GS in the fMRI timeseries

Parcellation Scheme

Parcel Resolution

Parcel Coverage

Network Organisation

Discriminative Edges

Scan Duration

Amount of fMRI Data

Increases with higher resolutions (Shen 268 - Schaefer 1000)

Increases as parcel resolution increases (7 > 1095)

Increases with cortical regions

Decreases with subcortical and cerebellar structures
Increases with medial frontal and frontoparietal networks
Increases with medial frontal + frontoparietal networks

Decreases with visual, subcortical and limbic networks

Increases with higher number of differentiating edges (top 10%)

Decreases with lower number of differentiating edges (top 1%)

Increases with longer scan lengths (0.5 min -> full scan

duration)

Decreases with increasing sample sizes (20 > 264)

Table A.1. Recommendations for describing an optimal pipeline to reliably measure the
functional connectome at the individual level. The recommendations follow the underlying
factors that influence fingerprint accuracy at the data pre- and post-processing stages as well as
during the data acquisition phase.
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Appendix D

Bagging applies a popular bootstrapping sampling strategy by generating L random samples of
size B with replacement from an initial dataset of a given size N (Figure A.1). The bootstrap
samples are generated from a training set to produce multiple train sets or “bootstraps” across a
number of iterations (e.g., = 100) (Varoquaux et al., 2017; Opitz and Maclin, 1999; Breiman,
1996) — which means that a value or instance may be repeated more than once in a bootstrap
sample. The bootstrap samples should typically satisfy the statistical properties of representativity
and independence. Here, representativity infers that the size N of a given dataset should be
powered enough to explain the majority of the complexity of the distribution so that the
distribution of the bootstrap samples can approximate to the real distribution of the dataset.
Subsequently, independence means that the size N of a given dataset should be large enough
related to the size B of the bootstrap samples to prevent the samples from being strongly correlated
with the initial dataset. With the two statistical properties in mind, the bootstrap samples can be
used to compute the confidence intervals (Cls) as a function of some observations. The bootstrap
samples can then be trained independently and in parallel using the weak learners. Based on the
goal of the model, e.g., regression, a weak learner is fitted for each bootstrap sample (L times)
and then aggregated by averaging their predictions to obtain an ensemble model — a process
called soft voting. In the case of classification, the class that is returned by each weak learner
from the L bootstrap samples is treated as a vote and the class that receives the highest or majority

of votes is output by the ensemble model — a process called hard voting.
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L
LB
P weak learners fitted on ensemble model (kind of average
initial dataset L bootstrap samples
each bootstrap sample of the weak learners)
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Figure A.l. Bagging framework which applies a bootstrap sampling strategy to create an
ensemble model.

In practice, we have L bootstrap samples of size B,
1,1 ,1 1 2 2 2 2 L L L L
{z1,23,23, ... ... zg}, {25, 25, 25, ... ... ZEYs oeenn Azl zh, 2%, zg} (A.1)

where z’g denotes the b-th observation derived from the L-th bootstrap sample. We then fit a weak

learner denoted by w; (e) to each of the L bootstrap samples,

wi(e), wy(e), ....... , wi(e) (A.2)

and aggregate them by simply averaging the L weak learners to produce an ensemble model for
regression: sp, () = % Y oowi(e) (A.3)

classification: s;, () = argmax;[card(l | w;(e) = k)] (A.4)
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CPM expects an M x M functional connectivity matrix for each participant in a given dataset,
where M typically represents the brain areas obtained from a parcellation scheme and the values
correspond to the edge or connection between any two brain regions followed by a N x 1 vector,
where N refers to the behavioural scores of the participants. As described in Chapter 5 (Section
5.1), the CPM protocol comprises the following key steps: (1) feature selection; (2) feature
summarisation; (3) model building; and (4) assessment of the prediction significance. The CPM
framework takes the functional connectivity matrix derived from the whole-brain connectome
and behavioural score of every participant and splits the dataset into training and testing sets. In
the training set, each edge in the connectivity matrices is related to the behavioural scores using
a variant of linear regression, where the most meaningful edges that share significant positive,
negative, or combined brain-behaviour associations (e.g., P < 0.05) are selected to build the
predictive model. It is also possible to select network-specific connectomes instead of the whole-
brain to compute the functional connectivity matrices on the basis of a priori hypotheses. In other
words, the feature selection and summarisation steps can focus on only one functional network
so that their relevant edges can be retained during model fitting. For each participant, the
meaningful edges are then summarised into a single value by adding their respective correlation
strengths. Hence, the predictive model assumes linearity (y = mx + b) between the summarised
brain connectivity data and behavioural scores. Finally, the summary values are computed for
every participant in the testing set to obtain the predicted behavioural scores for the unseen
participants. The performance of the predictive model can be derived by comparing the predicted
behavioural scores with their true values. In order to assess the significance of the model
prediction, permutation testing is applied to generate a null distribution of the test statistic by
randomly shuffling the behavioural scores of the participants but preserving the structure of the
connectivity matrices (e.g., Participant A’s functional connectivity matrix is paired with
Participant B’s behavioural score) over a number of iterations (e.g., 100-10,000). The statistical
significance is then obtained by calculating the percentage of the permutations that are greater or

equal to the true prediction estimate.

CPM has an in-built cross validation (CV) procedure such as leave-one-out [LOOCV] and k-fold
CV to allow the generalisability of model predictions in unseen participants. In an effort to predict
an individual behavioural phenotype derived from patterns of functional connectivity, CV divides
a dataset D into training and testing sets that are non-overlapping to allow independence between
feature selection and model prediction (Scheinost et al., 2019; Varoquaux et al., 2017; Whelan
and Garavan, 2014). While the training set is used to build the model using a form of regression,

the testing set assesses the generalisability of the model (Yeung et al., 2022). For example, k-fold
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CV ensures that D is randomly divided into k samples of equal size, where the k-1 samples
correspond to the training set and the remaining k samples represent the testing set. This
assignment is performed k times to allow each of the k subsets to serve as the testing set once.
The model performance can then be assessed by averaging the predictions across the k
combinations of training and testing sets. In LOOCV, D is split into training and testing sets,
where only one sample is used as the testing data and the remaining data are used to train the
model. This process is performed n times, where n is the size of D, and model performance is
evaluated by averaging across n possible combinations. LOOCYV is generally used when D is
small (i.e., lower n) as it is less computationally intensive and increases the size of the training
data albeit the potential risk of overfitting (Scheinost et al., 2019). The application of k-fold CV,
however, depends on minimising the bias-variance trade-off given that k is likely to have an
inverse effect on sample size (Scheinost et al., 2019; Varoquaux et al., 2017). While it is essential
to note that there is no one-size-fits-all k value, a higher k decreases bias by minimising the
difference between the predicted and observed behavioural measure in addition to increasing the
variability of the model prediction under different subsets of the training data. Hence, a balance
is needed to have enough training data to reduce potential bias during model fitting and also,
sufficient testing data to reduce the amount of variance during model prediction. In theory, 5 or
10-fold CV and 10-20% LOOCYV (i.e., leave out 10-20% of the dataset to serve as the testing set)
have been recommended on the basis of a given sample size (Scheinhost et al., 2019; Varoquaux

etal., 2017).

It is important to remember that CPM focuses on predicting linear relationships between brain
connectivity features and behavioural scores, rather than non-linear (e.g., quadratic, cubic)
associations. These linear predictive models could further generate a range of predicted
behavioural measures that is lower compared to their true observed scores such that the smallest
scores could be overestimated, and the highest scores could be underestimated (Shen et al., 2017).

CPM requires the following parameter tuning:

1. Type of CV to be performed (e.g., LOOCV, k-fold)

2. Number of iterations for CV (e.g., 100-1000)

3. Method to control for confounds (e.g., adjust with partial correlation during feature selection,
adjust with multiple regression during model fitting, adjust at both feature selection and model
fitting steps)

4. Method to relate functional connectivity patterns to the given behavioural scores (e.g.,
Pearson’s correlation, Spearman’s Rank correlation, partial correlation, robust regression)

5. Feature selection type (e.g., P-value, sparsity)
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6. Feature selection threshold (e.g., P-value = 0-1 or sparsity = 0-100%)
7. Consistency of a significantly correlated edge with the target behavioural variable to fall in all

of the k-fold CV (e.g., 0-100%)

8. Number of iterations to perform random permutations (e.g., 1000-10,000)
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