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Abstract

Infraslow dynamics of the default mode network and a spectrum of
external to internal attention

By Harrison Watters

Early efforts to understand the human cerebral cortex focused on localization of function, assigning
functional roles to specific brain regions. More recent evidence depicts the cortex as a dynamic
system, organized into flexible networks with patterns of spatiotemporal activity matching
attentional demands. In functional MRI (fMRI), dynamic analysis of such spatiotemporal patterns is
highly promising for providing non-invasive biomarkers of nheurodegenerative diseases and neural
disorders. However, there is no established neurotypical spectrum to interpret the burgeoning
literature of dynamic functional connectivity from fMRI across attentional states. Here, we apply
dynamic analysis of network-scale spatiotemporal patterns in a range of fMRI datasets across
numerous tasks including a left-right moving dot task, visual working memory tasks, congruence
tasks, multiple resting state datasets, mindfulness meditators, and subjects watching TV.
Additionally, we compare QPP detection methods and explore the effects of prolonged behavioral
training on cortical network dynamics, using a dataset of musical training. In our task vs rest
datasets, we find that cortical networks show dynamic functional connectivity across a spectrum
that tracks external vs internal attention. Dynamics of networks often grouped into a single task
positive network show divergent responses along this axis of attention, supporting evidence that
definitions of a single task positive network are misleading. Somatosensory and visual networks
exhibit strong phase shifting along this spectrum of attention. Results from the multi-dataset task
study were robust on a group and individual level, further establishing network dynamics as a
potential individual biomarker. Finally, we explore the application of these results to biomarker
discovery using an Alzheimer’s Disease dataset as an example.

To our knowledge, this represents the first study of its kind to generate a spectrum of dynamic
network relationships across such a breadth of tasks and brain states, representing a significant
advance towards implementing dynamic functional connectivity as a biomarker.
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Chapter 1

Introduction and Background: Anticorrelated dynamic patterns of the default

mode and task positive networks — Quasi-Periodic Patterns

1.1 Intrinsic brain activity

1.2 Default mode, task positive, and other cortical networks

1.3 Quasi-periodic patterns (QPPs)

1.4 The goal of a multi-dataset application of QPP analysis across attentional

states and disorders



1.1 Intrinsic brain activity and cortical networks

/he brain consumes ten times the energy by weight of other organs in the human body on
average, despite only accounting for 2% of body weight (1). The brain’s high energy
demand, 20% of all glucose metabolism in adult humans (1), is perhaps not surprising

given that itis composed of the hundreds of billions of neurons and glia that form the biological basis

of all conceivable sensation, behavior, and cognition.

What is more surprising is the relative energetic cost of task-related activity vs on-going intrinsic
activity in the brain. Intuitively, one might predict that the greatest energy expenditures would
accompany goal-directed behavior, task-related activity, or cognitive effort. However, when imaging
with modalities such as positron emission tomography (PET) or functional magnetic resonance
imaging (fMRI), even highly demanding perceptual, cognitive, or motor tasks cause no more than a
5% increase in regional blood flow or energy consumption (1, 2). In other words, most of the energy
consumed by the most energy demanding organ goes not to facilitating goal-directed behavior or
task activity, but to maintaining on-going activity and blood flow that happens independent of any

task —intrinsic activity.

Not only does intrinsic activity consume a disproportionate amount of energy, but itis also organized
in a decidedly non-random fashion into intrinsic cortical networks. Foundational fMRI work
conducted by Biswal and colleagues in 1995 demonstrated that this type of intrinsic, or resting state,
brain activity showed high functional correlation within canonical cortical networks, such as sensory
and motor networks (3, 4). This means that even at rest the brain is organized into distributed cortical

networks; the same networks that show organization during task activity. Subsequent work has



continued to validate these original findings, demonstrating that cortical networks show correlation

and organization at rest, not merely in response to tasks. (1, 2, 5-8).

1.2 Default mode, task positive, and other cortical networks

There is no agreed upon universal taxonomy to describe cortical networks, with different groups and
methods arriving at overlapping but distinct definitions (5). However, based on anatomical and
functional criteria, several canonical cortical networks have emerged in the common vocabulary of
brain imaging literature (5, 9, 10). In the present study, we use the Yeo’s 7 network definitions which
are estimated based on intrinsic functional connectivity, and we focus primarily on the following
networks: default mode network (DMN), the task positive networks - dorsal attention (DAN) and
frontoparietal (FPN) - ventral attention network (VAN), visual (VIS), and somatomotor (SOM) networks

(10).
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Figure 1.1. 6 of the primary intrinsic cortical networks of the human brain, which are the primary

focus of the present study (the 7" network, the limbic network, is not shown). The DAN and FPN are



often grouped as the TPN. Networks are Yeo’s networks (10) shown on an example parcellation and

structural template from the Montreal neurological institute (MNI) 152 atlas.

These cortical networks, which can be grouped roughly into two categories, sensory-motor cortex
and association cortex (Figure 1.1), also scale with phylogeny (11). This means that across mammals
the relative size of cortical networks tracks the adaptive needs of the organism. In humans, highly
social primates with one of the largest relative brain sizes, the massive evolutionary expansion of the
neocortex corresponds to disproportionate growth of association networks such as the default mode
network (11), while the relative change in area dedicated to primary sensation and motor cortex is

minimal.

Foundational efforts in fMRI often focused on activation and functional connectivity (FC) of the
sensory and motor cortical networks (12, 13). This makes good sense, as these studies were
concerned with measuring changes in blood oxygen level dependent contrast (BOLD) signal in
response to simple tasks like finger tapping. In the 2000’s, attention turned to understanding the role
of distributed cortical networks such as the default mode network (DMN) and the task positive
network (TPN) (7, 14). Based primarily on task and resting state fMRI studies, the DMN shows
increased activation during internally focused tasks while the TPN shows activation during goal-
directed or external focus (15, 16). In global signal regressed fMRI time series (17), the relative
activation of these two networks appears to work in opposition, meaning they show anticorrelated
activity (7, 8, 14, 18). When one network’s activation is high the other is low. The DMN, as its name
implies, was originally thought to represent a sort of default or task-negative brain state that
becomes dominant in the absence of any clear task (7, 15, 19). This thinking has been modified, as
itis now clear that the DMN is also highly involved in a number of tasks, chiefly (but not exclusively)
those tasks that involve internally directed attention such as mind wandering, memory encoding and

recall, and maintenance of internal thought trains (7, 15, 20-24).



Based on traditional time-averaged FC analysis, which compares the averaged activity with respect
to a seed or between networks across the entire scan, it has been demonstrated that the balance of
anticorrelated activity between the DMN and TPN regions is related to healthy arousal, attention, and
cognition (25, 26). This appears to be especially true of the typical anticorrelated activity seen
between the DMN and the dorsal attention network (DAN), a task positive network that shows
increased functional activation in response to externally focused and visual tasks (27-30). In time-
averaged fMRI studies, loss of anticorrelation between the DMN and DAN is associated with poor
task performance, aging, dementia, and sleep deprivation (28, 31-34). In congruence tasks, which
present distractor or incongruent stimuli to demand increased cognitive effort during a task,
deactivation of the DMN during the task has been shown to scale with task difficulty (35). Studies like
these demonstrate that anticorrelated activity between the DMN and task positive regions is a
feature of neurotypical development, as well as a critical feature of cortical resource allocation

underlying attentional control.

Activity balance between DMN and task networks may have also been critical to the evolution of
humans, social primates who rely heavily on generating and understanding shared narratives (15,
36). Beyond merely an internal attention or mind wandering network, the DMN may be critical for
integrating information across domains of memory, language, and symbolic meaning for the purpose
of constructing internal narratives, a sense of self, and theory of mind (37). Consistent with the
understanding that the DMN is key to generating a sense of self, substances that can induce ego
dissolution such as psilocybin, LSD, and THC, have all been found to affect DMN activity and/or
reduce DMN/DAN anticorrelation (26, 38-41). Notably, in phylogenetically close primate relatives
such as macaques, marmosets, and lemurs, the DMN lacks integration of the medial prefrontal
cortex (mPFC), which may be key to increased regulation of DMN activity in humans, helping to set

them apartin terms of social cognition (42). A growing body of evidence indicates that the DMN helps



us make sense of the world by integrating intrinsic information (memory) with incoming extrinsic
information to form narratives and shared neural representations essential for building communal
meanings and societies (43). For example, Zadbood and colleagues found that subjects viewing
movies during fMRI had similar DMN activity in response to viewing and recalling the same narrative
(44). In a storytelling task, subjects more successfully transmit and comprehend stories the more
similar their DMN activity is - termed neural alignment or neural coupling (43, 45, 46). Additionally,
the closer friends are in a social network, the more similar their DMN activity appears at baseline
(47), and the more similar their DMN responses to viewing audiovisual movies are, an effect that
decreases with decreasing closeness in a social network (48). In summary, the DMN, one of the
major human cortical networks, has been implicated in a range of processes critical to human

attention, cognition, and socialization.

1.3 Quasi-periodic patterns (QPPs)

Most of the previously mentioned work explored the activity of the DMN and other networks using
traditional time-averaged functional connectivity methods, which compare the averaged activity
across a whole scan. While time-averaged, or seed-based FC methods have been foundational and
incredibly valuable in identifying cortical networks and patterns of FC during task, rest, and disease,
they do not capture any recurring or periodic patterns within a scan that could be highly informative
(49-52). Cortical network activity is increasingly conceived of as a dynamic phenomenon, with
spatiotemporal patterns occurring across scales and modalities (53). Unlike static or time-averaged
FC methods, dynamic methods focus on identifying recurring patterns of co-variation or
anticorrelation between networks. Such spatiotemporal patterns of cortical activity could provide
valuable non-invasive biomarkers of attention and cognitive disorders missed by traditional fMRI

analysis (54-57).



Several types of spatiotemporal patterns have been identified, including co-activation patterns and
infraslow quasi-periodic patterns (QPPs) (55, 56, 58). The work in the present study focuses on the
QPP, an infraslow (>0.1Hz) pattern directly involving anticorrelation of the DMN and task positive
regions. QPPs repeat quasi-periodically and last approximately ~20 seconds in humans (59, 60).
QPPs appear to be a highly robust phenomenon of infraslow anticorrelated network activity, having
been detected across species (54-56) (mice, rats, non-human primates, and humans) and with
sliding window algorithm (Figures 1.2-1.3) and complex principal components analysis (PCA)
methods (49, 59). Abbas and colleagues reported in 2019 using sliding window-based methods that
QPPs significantly contribute to FC in the brain, particularly in the observed FC relationships between
default mode and task positive areas (59), a finding consistent with previous work in rodents and
humans (55, 61). Using complex PCA (Figure 1.4), amethod thatis not constrained by a user selected
window length or sliding window algorithm, Bolt and colleagues demonstrated that the QPP is one of

3 primary components that explain most of the time varying fluctuation in intrinsic brain activity (49).

Not surprisingly, given traditional FC analysis findings implicating DMN-TPN anticorrelation in
neurotypical attentional processing, QPPs are weaker in individuals with attention deficit
hyperactivity disorder (ADHD) (62), and increased DMN-TPN anticorrelation during the QPP has been

associated with “in the zone” type attentional performance in healthy subjects (63).

Given the large contribution of QPPs in directing intrinsic whole brain spatiotemporal patterns, and
evidence that the relationship between networks in the QPP could provide valuable biomarkers of
healthy and maladaptive brain states, further exploration of QPP network relationships is warranted.
In particular, a more fine grained network approach that looks beyond the grouping of the TPN is
needed, as there is evidence from both static and dynamic measures of FC indicating that TPN
activity is better understood not as a single network, but as separate networks such as the dorsal

attention network (DAN), frontoparietal control network (FPN), and the ventral attention network



(VAN) (27, 63-67). Additionally, as is discussed below, though all cortical networks, including sensory

networks, seem to participate strongly in QPPs, only the role of the DMN and “TPN” have been

explored.

A All ROIs B ROIs grouped as networks

BOLD fMRI Signal

Time (s) Time (s)
mmmm DMN - Default Mode Network

All 246 Brain Regions mmmm TPN - Task Positive Network

Figure 1.2. Example of a single full QPP cycle as detected with a sliding window algorithm on
resting state fMRI time series. A) All 246 regions of interest (ROIs) from the Brainnetome 246 atlas
used in the present study and B) the subsets of those regions as they appear after being grouped
into the DMN and TPN, respectively. Note the generally anticorrelated relationship between DMN
and TPN regions during the QPP. Also note the time course on the x-axis, though the x ticks cover 0-

25 seconds, from beginning to end the pattern itself spans 15-20 seconds.
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Figure 1.3. QPP network activity detected on resting state data from the human connectome
project (n =50, half male half female). Note that all major cortical networks, not only the default

mode and task positive networks, participate in the QPP, meaning they also show anticorrelation.

1.4 The goal of a multi-dataset application of QPP analysis across attentional states and

disorders

So far the following has been established: intrinsic activity accounts for most brain activity (2), this
intrinsic activity is organized into anticorrelated networks that subserve divergent functions related
to the balance of external and internal attention (3, 7), and the quasi-periodic pattern appears to be
the dominant pattern of this intrinsic anticorrelated activity (49). Finally, dynamic analysis methods,
including analysis of QPPs, have become a major point of interest (7, 49, 50, 52, 54, 58, 59, 62, 63,

68-73).

However, significant gaps in our understanding of QPPs remain before they might serve as useful
biomarkers or provide insight into the etiology of neurological disorders. First, there exists no
neurotypical reference of the internetwork relationships of the various networks that participate in

the QPP. Most studies of QPPs have focused on the relationship between the DMN and the TPN,



though all the major cortical networks, including sensory and motor networks, participate in the
anticorrelated pattern of the QPP (Figure 1.2). An exploration of the dynamic connectivity between

the DMN and all major cortical networks would be much more informative.

Regarding the application of QPP analysis to neural disorders, Abbas and colleagues explored how
QPPs might be altered in individuals with ADHD (62), but other neural disorders remain largely
unexplored, including Alzheimer’s Disease (AD), which is known to heavily affect DMN-DAN
anticorrelation in traditional time-averaged FC methods (74-77). Itis very likely that QPPs will also be
disrupted in AD, and itis possible QPPs could provide a non-invasive biomarker of AD. The effects of
prolonged behavioral training on internetwork QPP relationships are also virtually unexplored.
Processing approaches and the application of dynamic analysis methods also varies widely between

research groups, complicating interpretation of possibly related findings between groups.

To address these gaps, the present study implements a multi-dataset approach to apply QPP
analysis uniformly to a wide range of datasets. By using a streamlined processing approach and
uniform application of the same QPP methods across many datasets, we seek to eliminate some of
the noise generated by inter-study differences in methodology. The datasets detailed in each chapter
were selected to capture a range of brain states across tasks and rest in healthy neurotypical

subjects.

The following chapters seek to: A) establish how internetwork relationships change across task vs
rest in many neurotypical subjects from different datasets, and B) explore how prolonged behavioral
training may alter QPP network dynamics, using musical training as a proxy for prolonged behavioral

training.
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Figure 1.4. QPP detected with cPCA from resting state HCP data, shown on sagittal plane of MNI
template. Note the strong anticorrelation between default mode and task positive regions
throughout the cycle (heat bar shows normalized BOLD signal). Compare with the anatomical

reference for DMN and other networks on the left.

The chapter on musician data (chapter 3) also serves as a cautionary tale regarding the interpretation
of group vs individual application of QPP detection methods, with an example of how group vs
subject-wise QPP results can differ, especially in smaller datasets with shorter scan lengths.
Additionally, the musician chapter includes a comparison of group level results between QPP
detection with a sliding window based QPP vs complex PCA detection. In the final chapter, we report
preliminary results of QPP analysis applied to subjects from the Alzheimer's Disease Neuroimaging
Initiative (ADNI) database. We also discuss how these results provide possible biomarkers and how
these results are consistent with an intuitive explanation based on basins of attraction for why

anticorrelated network dynamics may be adaptive and necessary for neurotypical cognition.



Chapter 2

Networks beyond the default mode and task positive network show changes

in quasi-periodic patterns that track an axis of external vs internal attention

2.1 Introduction
2.2 Methods
2.3 Results

2.4 Discussion

2.5 Conclusions

This chapter is from the first author manuscript Infraslow dynamic patterns in human cortical
networks track a spectrum of external to internal attention, which has been accepted for publication

at Human Brain Mapping.

Citation: H. Watters et al., Infraslow dynamic patterns in human cortical networks track a spectrum

of external to internal attention. bioRxiv 10.1101/2024.04.22.590625 (2024).

Full Author List: Harrison Watters, Aleah Davis, Abia Fazili, Lauren Daley, T) LaGrow, Eric H.

Schumacher, Shella Keilholz.



2.1 Introduction

The human cerebral cortex, which, to quote Geschwind & Rakic, “considers itself the crowning
achievement of evolution”, is marked by significant expansion compared to other mammalian brains
(78), with the majority of volume increase accounted for by disproportionate representation of non-
sensory association cortex (11, 79, 80). Expansion of the association cortex paralleled the evolution
of highly interconnected brain networks that became untethered to direct sensory stimuli and
adapted novel functions related to attentional control, memory, cognition, and social interaction

(11).

These flexible but distinct cortical networks (9), originally detected in positron emission tomography
(PET) and later functional magnetic resonance imaging (fMRI) (7, 18), largely maintain their
organization at rest, in the absence of any externally directed task (4, 51). One way to view these
distributed cortical networks is along an axis of external to internal attention (11, 15, 81, 82). At one
end of the spectrum, regions of the default mode network (DMN) become less active during
externally focused tasks, and more active during memory recall, mind-wandering, the maintenance
of internal thought trains, and other internally directed processes (6-8, 16, 18-20, 83-85). At the other
end of the spectrum, regions showing task related activation, opposite the DMN, have been referred
to as the task positive network (TPN), which typically is considered to include the dorsal attention
network (DAN) (27, 86), the frontoparietal network (FPN)(81), and sometimes the ventral attention or
salience network (VAN) (5, 87). The DMN seems to work in opposition with networks that exhibit
increased activity during externally directed tasks, showing anticorrelated activity with the DAN
specifically (15, 21, 66, 88, 89). As measured with fMRI when subjects are at rest, anticorrelated
activity between the DMN and DAN appears to be a hallmark of neurotypical cognition. DMN-DAN

anticorrelation declines in aging and dementias (28, 32, 68, 74, 90, 91). Diminished DMN-DAN



anticorrelation has also been seen in sleep deprivation (33, 34), is associated with attention deficit
hyperactivity disorder (ADHD) in children (25, 26), poor task performance in adults (31), and the use
of exogenous neuromodulators that negatively affect working memory performance, such as delta9-

tetrahydrocannabinol (39, 92, 93).

Anticorrelated DMN-DAN activity may have evolved as an adaptation to allocate cortical resources
based on a spectrum of external vs. internal attention, and to allow for more elaborate construction
of internal thoughts and narratives (15, 22, 43, 94, 95). Weber et al reports that subjects engaged in
a congruence task showed DMN deactivation that scaled with the difficulty of the task (35), indicating
a relationship between task difficulty and increasing allocation of cognitive resources. In other
words, when the external task was easier, the default mode network could afford to become more
active. This interpretation of DMN-DAN anticorrelation fits with anecdotal human experience: when
unrelated thoughts interrupt external tasks, we tend to perform the tasks poorly. Conversely, when
external stimuli are overwhelming or distracting, maintaining an internal train of thought is difficult.
Importantly, this model of network resource allocation also implies that underlying networks such as

the DMN may show dynamic changes related to external vs internal attentional demand.

Seminal fMRI studies of cortical network activity, including DMN-DAN anticorrelation, relied on
traditional time-averaged measures of activity, which represent the averaged correlation between
reference-informed regions across the entire scan. While this time-averaged analysis approach is
incredibly valuable for exploring external vs internal attention, it misses recurring dynamic patterns
that capture time-varying relationships between networks within the fMRI signal (50, 70). A subject’s
attention may shift repeatedly over the course of a single scan, and time-averaged approaches fail
to capture network dynamics that may correspond to such attentional fluctuations. Across imaging

modalities, there is increasing evidence that dynamic spatiotemporal patterns are related to arousal,



attention, and cognition (49, 53, 55, 58, 59, 61-63, 73, 96, 97). Several types of dynamic
spatiotemporal patterns have been described in fMRI literature (52, 53, 60, 72, 98). The work in the
current study focuses on the quasi-periodic pattern (QPP): a repeating, whole brain spatiotemporal
pattern of alternating activity between the DMN, TPN, and other networks that happens quasi-
periodically on the infraslow timescale (lasting about 20 seconds in humans), and has been directly
implicated in attention and arousal (55, 57, 59, 61, 73, 99). Consistent with previously mentioned
time-averaged FC studies regarding the DMN, QPPs are disrupted in individuals with ADHD (62) and
low frequency waves of DMN activity (<0.1Hz) disrupt task performance (100). More recently, work
from collaborators showed that the amount of anticorrelation in the QPP between DMN and the

frontoparietal network (FPN) decreases along with task performance (63).

Considering the important evolutionary role of the DMN, its critical functions in attention and
cognition, and the potential for inter-network DMN dynamics as a biomarker of healthy brain function
across task and rest states, we tested whether the dynamic relationships of networks in infraslow
QPPs reflect the axis of external vs. internal attention. Here, we detected QPPs in a range of datasets
(Figure 2.1) obtained from a mix of open sources and collaborators (Supplemental table 1). We
employed inter-network correlation analysis (Figure 2.3) between the DMN and DAN, as well as all
other major attentional networks of the cortex (Figure 2.2) during the QPP. We hypothesized that 1)
key attentional networks would show task related shifts in their correlation with the DMN. 2) These
effects would be robust when QPPs were detected at both the group averaged and individual level.
3) The constituent networks of the so-called task-positive network (i.e., DAN, FPN, VAN) would show
divergent results with respect to their correlation with the DMN in the QPP. And finally, 4) sensory
cortices would also participate in dynamic shifting of DMN correlation in response to the task-rest

spectrum.



This is one of the first studies connecting such a breadth of datasets for spatiotemporal analysis in
relation to an axis of attention.The results provide significant theoretical insight into the role of inter-
network DMN dynamics in the balance of external vs internal attention. Additionally, the resulting
dynamic DMN fingerprints for each task type can be used as a reference to guide future studies, to
interpret disparate findings related to dynamic functional connectivity, and to help identify shifts in

inter-network DMN activity to be used as a biomarker in health and disease.

2.2 Materials and Methods

2.2.1 Code
All code is Open-Sourced and available online. QPP code referenced in the methods section is

available on github: https://github.com/BnzYsf/QPP_Scripts_v0620

Preprocessing code and pipeline are open source and available here: https://fcp-indi.github.io/

All code used for quasi-periodic pattern detection was run in Matlab (Mathworks Inc. 2023) with

some plots generated using R studio (Posit team, 2024).

2.2.2 Study design and participants

A range of functional MRI task types were obtained, totaling 327 participants across 788 scans
(Figure 2.1A). For a full summary of datasets used, scan type, scans per subject, sources, and the
available scan parameters for T1 and functional scans see Supplemental table 1. In brief the
following task types were used: a left-right moving dot task (101) originally used to measure reaction
times in a study of gamers vs. non-gamers; two n-back visual working memory tasks - one from
OpenNeuro (102), and one from the Human Connectome Project (103); three types of congruence

tasks — Stroop (104), Flanker (105), and Simon (106); a dataset of meditators during resting state and


https://github.com/BnzYsf/QPP_Scripts_v0620
https://fcp-indi.github.io/

a mindfulness meditation task (107), and a dataset of subjects watching an episode of the Twilight

Zone (108).

2.2.3 Quasi-Periodic Pattern Acquisition, TR, and Window Lengths

Recurring infraslow spatiotemporal patterns (quasi-periodic patterns) were detected using an
updated version of the QPP detection algorithm originally employed in rats (55, 56) and more recently
in humans (57, 59, 61, 99). For full details on the pattern detection algorithm see the preceding
studies, especially Xu and colleagues 2023 (99). In the present study, a robust version of the pattern
algorithm was used that starts at the beginning segment and then iterates through the entire time
series, correlating the initial segment with all other segments (Figure 2.1C). The pattern finding
algorithm uses a segment of data the length of one QPP, which is on the order of ~20 seconds in
humans and set by choosing a window length that when multiplied by the repetition time (TR) for a
given scan is equal to a final length of 20 seconds (49). For example, with a TR of 2 seconds, 10
timepoints would represent an elapsed time of 20 seconds, therefore the window length would be
set at 10 such that TR x WL = 20 seconds. The algorithm starts with this segment length at the
beginning of the time series then moves through the time series and correlates the QPP template
segment with every time point from beginning to end of the time series. Segments which exceed a
threshold of correlation (0.2) with the initial QPP template are then averaged. The averaged-updated
template is then fed back into the algorithm loop in place of the initial segment, and sliding
correlation is repeated until change is negligible between iterations, producing a convergent QPP

pattern (57, 61).

One complication arising from a multidataset approach is that datasets have variation in spatial

and temporal resolution. While the voxel sizes used in the present studies were relatively uniform



(3-4mm range, supplemental table 1) the TR in various datasets varied from 0.535 - 2.25 seconds
(table 1). To account for this variation, it becomes necessary to employ different window lengths in
the sliding window QPP algorithm to capture equivalent patterns across time. The established QPP
length is in the range of 20 seconds in humans (49, 57, 59, 61-63, 73, 109). This means that one full
cycle of the QPP, one peak and one trough of DMN anticorrelation for example, takes about 20
seconds. Therefore, if the final pattern length (20 seconds) is divided by the TR (the effective
temporalresolution) the appropriate window length for datasets of different TRs can be estimated.
Based on this logic, we selected window lengths for each dataset that resulted in a final QPP length
as close to 20 seconds as possible, while still attempting to adjust for window lengths that best
captured a whole phase of the QPP with minimal inter-QPP phase. The chosen window lengths and

resulting final QPP lengths are shown in Table 1.

It is important to emphasize that small changes in window length do not change the overall
internetwork correlation patterns observed in the QPP. For example, in work by Abbas and
colleagues (59), various window lengths capturing a final pattern anywhere from 16 — 30 seconds
were applied and still found the same anticorrelated pattern between the DMN and TPN. However,
if the window length is too small, less than one full cycle will be captured. When the window length
is too long, the final pattern captured will show more of the tails of the pattern or begin to show
another peak from another cycle. In other words, altering the window length slightly doesn’t change
the final pattern, just how much you see of the pattern. To further illustrate this point, we repeated
all group level QPP detection with alternate window lengths in addition to those listed in table 1.
The additional window lengths used did not change the overall patterns detected or their
internetwork correlations and are shown in supplementary figures 2.1 and 2.2, with new window

lengths shown in supplementary table 3. QPPs were detected on a group and individual level. That



is, the algorithm was employed on concatenated time series for each group and individually for all

788 scans using the same TR-window length combination from each subject’s respective group.

This allowed us to compare inter-network QPP dynamics at both the group and individual level (see

Figure 2.3).

Table 2.1. Datasets, TRs, and QPP parameters

Dataset OpenNeur VG: HCP | Flanker | Simo | Stroop | CABI | Meditator | Twilight
o VWM Gamer | Task/ n Rest s Zone
Task Rest
EPITR (s) 2 0.535 .72 2.5 2 1.5 225 | 1.5 1.5
QPP Window | 10 32 30 8 10 12 10 10 12
Length
Final QPP 20 17.12 21.6 20 20 18 225 |15 18

Length (s)




2.2.4 Processing pipeline and global signal regression

To minimize noise introduced by processing variation, all datasets were uniformly processed with
the configurable pipeline for the analysis of connectomes (CPAC) (110). CPAC is run via Docker
container and contains many formerly separate fMRI tools and processing packages housed within
a single software, allowing for streamlined processing. These include but are not limited to steps for
skull stripping, functional to anatomical registration, and motion correction. As the name implies,
the pipeline has a default version but has a wide range of parameters which are configurable to
meet the needs and experimental interests of the researcher. For this study, an identical version of
the configurable pipeline was used for all datasets, which included motion correction, slice-timing
correction, global signal regression, and registration to an anatomical template. The complete

version of the pipeline used can be made available upon request.

The default CPAC pipeline automatically generates processed time series with and without global
signalregression (GSR). In the present study the primary findings are in the global signal regressed
data, as anticorrelated patterns between the default mode and other networks only tend to emerge
after GSR (15, 49, 57). However, we recognize that the global signal contains meaningful functional
information (111) and could be possibly informative, and thus repeated all group level QPP
detection and analysis without using GSR. The results of non-GSR internetwork analyses, as
expected (49), showed positive global correlation between all networks and are shown in

supplementary figures 2.3 and 2.4.

2.2.5 Grouping ROIls into networks for inter-network QPP analysis



The output of the QPP detection algorithm is a ~20 second pattern dominated by reliable and strong
anticorrelation between the DMN and TPN. However, as mentioned, the TPN itself is composed of
multiple cortical networks depending on the study (DAN, FPN, and/or VAN) (5, 63). And other regions
and networks, whose dynamics across task type have not been thoroughly explored, also participate
in this strong pattern of anticorrelation (57, 61). To analyze broader network relationships across task
types inthe QPP and compare them to existing network-based FC findings in the literature from seed-
based and dynamic methods, we employed a network-based approach grouping all ROIs into
canonical association and sensory networks. QPP outputs were plotted as 246 ROls assigned to
Yeo’s 7 networks (9), which assigns cortical ROIs into 7 major association and sensory cortices, plus
subcortical regions (See supplemental table 2 for a key used to group Brainnetome ROIs into Yeo’s 7
networks). As we were focused primarily on generating an spectrum of inter-network QPP dynamics
for the major attentional and sensory networks we excluded the limbic or subcortical networks. The
following networks were used: default mode network (DMN), frontoparietal network (FPN), dorsal
attention network (DAN), ventral attention network (VAN), somatomotor network (SOM), visual
network (VIS) (see Figure 2.1B for anatomical location of these networks). The task positive network
(TPN) is also plotted and included in our analyses but note that this network is just the combination
of the DAN and FPN, which show divergent results in our data depending on the task (see figures 2.3
and 4). As indicated in the following sections, the primary factor driving DMN/TPN anticorrelation
across brain states appears to be DMN/DAN anticorrelation, while the DMN/FPN have more flexible

correlation.

2.2.6 Measures of inter-network QPP relationships

Waveform plots were generated showing the normalized BOLD signal during the QPP for all networks

(Figure 2.2). Waveform plots were chosen as they allow qualitative inspection of major shifts in



network behavior based on task (Figure 2.2A-F upper panels). Corresponding network correlation
plots were generated to capture these shifts quantitatively for each dataset (Figure 2.2A-F lower
panels). Tasks were categorized based on the type of activity. These task categories were reinforced
qualitatively based on clear trends we saw in our preliminary results that seemed to indicate a
spectrum of inter-network shifts related to externalvs internal attention (see Figure 2.3). This resulted
in datasets being categorized as either “visual task” (for visual working memory and the visual
reaction time moving dot task), “congruence task” (for congruence tasks such as Flanker, Simon, and
Stroop), “rest” (for resting state scans), “meditators rest” (practitioners of mindfulness meditation at
rest), “meditation” (same practitioners but during a meditation task), or “Twilight Zone”. Note that
Twilight Zone and Meditators are the only datasets in their categories as they did not fit with other

tasks categorically or empirically (in terms of their inter-network dynamics, see results).

To generate a spectrum of inter-network DMN dynamic fingerprints as a potential biomarker, focused
analysis was made with respect to the DMN (Figures 2.4-5). Initially, the correlation between all
networks and the DMN was calculated at the group level (Figure 2.3A). As notable differences
immediately became apparent across the task spectrum in several networks, we repeated all DMN-
to-network correlations at the individual level for comparison (Figure 2.3 A-B). DMN-to-network
correlation from individual QPPs (Figure 2.3B) was used for statistical comparison (Figure 2.3C), as
group level correlations lack variance and mean. Scans were grouped by task category to test
differences between “visual task”, “congruence task” and “rest” QPPs. Note that meditator and
Twilight Zone groups were excluded from statistical comparison as they have much smaller sample
sizes and showed empirically different trends from the other categories. These miscellaneous groups
show interesting trends however, informative for interpreting task vs rest and for guiding future

experiments, and were therefore included for visual comparison. Statistical comparisons of DMN-



to-network correlations (Figure 2.3C) were made using the Kruskal-Wallis test for multiple
comparisons. All correlation values were Fisher transformed before statistical comparison to
account for non-normal distribution. Multiple comparison correction was done using the
conservative Bonferroni method (112) and assuming 7 comparisons between the 8 canonical
networks used. (Standard a = .05 was adjusted for 7 comparisons (.05/7) to a =.007). To capture the
idea of DMN-to-network correlations in the QPP as a “fingerprint” that can be used as a neurotypical
reference to compare to future studies, we generated a DMN-to-network QPP fingerprint for each
category of scan (Figure 2.4). The qualitative differences between infraslow QPP fingerprints are
discussed in the results section, while the underlying statistical differences are captured network by

network in Figure 2.3C.

2.2.7 Plotting internetwork QPP correlations without qualitative grouping and comparing visual

tasks

The exact protocols of the visual working memory (VWM) and moving dot video gamer task (VG) are
quite different. Furthermore, congruence tasks are certainly a very visual task as well. Thus, to
overcome a purely qualitative definition of visual task based on the attention spectrum shown in
Figures 2.3 and 4, we also separated all data out by subject and Fisher transformed correlation to
DMN. We then assigned subjects/scans into quartiles based on their degree of correlation to DMN
regardless of dataset or task type (Figure 2.5 A) to see if the spectrum of attention that becomes
apparent in qualitative data would survive. Additionally, while the VWM and VG tasks could both be
categorized as a type of cued response task, they are different tasks and required separate analysis.
In Figures 2.5 and 2.6 the category of “visual task” is therefore broken into VWM and VG, respectively,
so that a finer grained groupwise comparison can be made. Based on the normalized distribution of

the fisher transformed values, a one-way ANOVA comparison was made with respect to the



correlation-to-DMN factor for the groupings Rest, Congruence, VWM, and VG, with corresponding

pairwise Tukey analysis of significance reported in a p-value table in the same figure (Figure 2.6).
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Figure 2.1. (A) Data sources to CPAC processing. (B) Example of Yeo’s network used in the present
study, shown in a 3-plane slice of standard MNI 152 space. Note that the task positive network (TPN)

is the combination of DAN and FPN networks. (C) Process of QPP detection, network waveforms,



and inter-network correlations. (D) Example of inter-network analysis specific to DMN. Note the

change in correlation to the DMN across an axis of external to internal attention.

2.3 Results

Our results reflect the dynamic relationships of cortical networks within QPPs, spatiotemporal
patterns of activity, expressed as the correlation between networks (for example movies of such
QPPs see other work by our group (49, 61). The reported correlation structure simply summarizes the
behavior of specific networks within these patterns. Overall, QPPs showed a strong pattern of
DMN/DAN anticorrelation, consistent with previous literature, using both seed-based and dynamic
FC methods, describing strong anticorrelation between default and task positive brain networks (15,
16, 19, 49, 59, 61, 63, 73). Group level QPP waveforms and inter-network group correlations are
reported first followed by subject-wise DMN QPP correlations and statistical comparisons. For both
group and individual analysis, we find that a spectrum of inter-network DMN shifting emerges based

on task type that seems to track a spectrum of external to internal attention.

2.3.1 Group level QPP waveforms and qualitative network differences across task type

Several major qualitative differences and trends were quickly apparent in the group level QPP
waveforms (Figure 2.3). First, in the visually demanding tasks (moving dot task and visual working
memory, see methods), the phase of the VAN and somatosensory (SOM) networks is completely
switched compared to the other task types (compare Figure 2.3A to other task types). That is, rather
than showing positive correlation with the DAN they are instead strongly correlated with the DMN.
This VAN and SOM phase switching is not apparent in congruence tasks, though they do trend more

positively in DMN correlation (Figures 2.2 and 2.3A).



The FPN also shows a major shift corresponding to the spectrum of tasks (Figure 2.2 and Figure 2.3A-
B). Specifically, across all resting groups and during meditation and TV watching the FPN is strongly
in phase with the DMN. For both visual and congruence tasks the FPN becomes more positively
correlated with the DAN than the DMN. The more externally directed the current task is (further left
on task spectrum in Figure 2.3A), the stronger the FPN-DAN alignment in the QPP appears to be on
average. This is consistent with previous seed-based FC findings characterizing the frontoparietal
control network as a flexible network that can shift between modulating the DAN or DMN,

respectively, depending on task type (22, 113).

The DMN-TPN relationship at the group level is somewhat more variable across the datasets,
trending towards positive in the meditation and TV watching datasets, and more negative correlation
in the visual task sets. The increased DMN-TPN anticorrelation during tasks found here is consistent
with literature indicating that externally focused tasks increase separation between the DMN and
TPN (97). However, as mentioned, the TPN described in this study and in others is just the
combination of the DAN with other attentional networks such as the FPN and VAN, which show

divergent results in our QPP data with respect to their DMN correlation.

When inspecting the results of the DAN and FPN across the task and rest spectrum reported in the
present study, it is apparent that shifts in activity of the FPN are primarily responsible for the overall
TPN inter-network correlation shift. In the group level QPP, the DMN-DAN correlation is universally
negative with minimal variability, only trending towards the positive in the Twilight Zone set. The FPN,
however, shows dynamic switching in the QPP that corresponds strongly to the amount of externally
directed task demand the subjects are engaged in (Figure 2.3A). In other words, in the group level

QPP, the DAN exhibits only small change in DMN anticorrelation based on task, where the FPN seems



highly responsive to the task-rest spectrum, shifting flexibly between the DMN at rest and the DAN

during externally directed tasks.

2.3.2 Individual level QPP correlations for Visual, Congruence, and Rest states

Subject-wise inter-network DMN correlation results were largely consistent with group level findings
(Figure 2.3 A-B). Specifically, means of the individual DMN-to-network correlations for all networks
showed the same trends found at the group level. That s, in both group and individual QPPs the TPN,
DAN, FPN, and VIS showed significantly decreased DMN correlation during visual tasks compared to
rest and congruence, while the VAN and SOM showed significantly increased DMN correlation for
visual tasks compared to rest and congruence (Figure 2.3C). In summary, both group and individual
results indicate that with respect to infraslow QPP dynamics, the VAN and SOM exhibit task-negative-
like responses, shifting phase to be more in line with the DMN, a network associated with internal
mentation, memory retrieval, mind-wandering, and perceptual decoupling (6, 18, 19, 21, 95).

Meanwhile, the DAN, FPN, and VIS networks exhibit task-positive-like responses.

It is important to highlight the results of the HCP dataset within the task-rest spectrum, as they act
as areference point to validate the other datasets analyzed here. Most of the datasets have subjects
with either a task or a rest scan, not both. For example, the CABI rest subjects were only scanned
during rest, and the VG and VWM subjects were only scanned during tasks. The HCP subjects,
however, were each scanned twice at rest and twice during avisual working memory task (114). Thus,
the HCP subjects plotted in the task and rest categories are the same subjects. Importantly, these
same subjects compared at task and rest recapitulate the same results of network phase shifting
and correlation changes for each DMN-to-network comparison made between tasks in the other

datasets (note HCP task and rest results in Figure 2.3A-B).
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Figure 2.2. (A-F) QPP waveforms and heatmaps showing correlations between all networks during
QPP across task spectrum. Note switching of SOM and VAN from negative DMN correlation at
rest/congruence to positive DMN correlation in visual tasks. FPN becomes more negatively

correlated with DMN in visual and congruence tasks compared to rest.
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Figure 2.3. Shifts in DMN-to-network correlations along the spectrum of fMRI tasks, shown as
Fisher transformed correlation R values on y-axis vs task type on x-axis. Group (A), Individual (B),
and Stat Comparisons (C). Note that DAN, FPN, and VIS networks show task-positive-like
responses moving from rest towards visual tasks (right to left), while VAN and SOM show the

opposite trend, becoming positively correlated with the DMN during visual tasks.

2.3.3 Meditators and Twilight Zone DMN correlations during the QPP

While meditators and Twilight Zone groups contained much smaller sample sizes and thus were not
included in the statistical comparison with the visual, congruence, and rest groups, they exhibited
notable trends that inform the other datasets. The high experience meditation group, actively
meditating subjects, and the Twilight Zone group trended much higher than resting state subjects in
their DMN-DAN correlation, at the opposite extreme from externalvisual tasks. A similar but opposite
trend is seen in the DMN-SOM correlation, with the high experience meditation group, actively
meditating subjects, and the Twilight Zone group showing a much more negative DMN correlation,
resembling extreme rest. For networks such as the DAN, VAN, and SOM, these miscellaneous
datasets (meditators/Twilight Zone) suggest that activities related to a high degree of internal focus
or narration cause inter-network DMN shifts that fit on the resting state end of the attention
spectrum. Or rather, that tasks involving heavy internal focus or narration overlap heavily in their

inter-network DMN dynamics with resting states.

2.3.4 Inter-network DMN fingerprints during QPP



Inter-network DMN correlations for all networks were co-plotted on polar plots to capture a
functional connectivity fingerprint for each task state (Figure 2.4). The overall fingerprints are notably
similar between congruence tasks and rest (Figure 2.4), while the visual task varies significantly
(captured in Figures 2.2/4 qualitatively and statistically in network-by-DMN comparisons in Figure
2.3C). Meditation and Twilight Zone DMN fingerprints also trend strongly away from typical rest. In
conjunction, the results of inter-network DMN dynamics during the QPP in Figures 2.3 and 2.4
indicate a spectrum of network shifting with respect to the DMN that corresponds heavily to the

balance of external vs internal attention in each task.

2.3.5 The attention spectrum without qualitative grouping, and comparison of visual task type

While a DMN vs non-DMN alignment spectrum is apparent in Figures 2.3 and 2.4 when grouping the
tasks into the categories of “visual task”, “congruence task”, etc., these groupings were primarily
made on a qualitative basis. However, when breaking the visual task further into finer categories of
visual working memory (VWM) and the moving dot video gamer task (VG) and plotting all subjects
together only by their correlation to DMN values, the spectrum of external to internal attention is
equally apparent (Figure 2.5 A). Separate comparison of the cued visual tasks VWM and VG also
shows that the tasks show largely similar responses with respect to DMN alignment during the QPP
(Figure 2.5 and 2.6). The VG task showed significantly different correlation to DMN for all networks
analyzed compared to rest (Figure 2.6). The VWM and VG tasks showed the same general trend for all
networks (Figure 2.6), and only different significantly with respect to the VAN response, where the

VWM showed greater DMN alignment than the VG task (see Figure 2.6 p-value table).



2.4 Discussion

We generated a spectrum of inter-network DMN dynamics from infraslow QPPs across a range of task
types in neurotypical human subjects. Most whole brain spatiotemporal analysis projects advanced
by our group and others have focused on single datasets and only on the relationship between the
DMN and TPN. To our knowledge, this represents the first study of its kind to generate a spectrum of
dynamic infraslow network relationships across such a breadth of tasks and networks. Additionally,
as the effects of the various stimuli across tasks on QPPs were unknown, it represents an
investigation of stimuli dependent effects on infraslow QPP dynamics. We propose that the detected
shifts in spatiotemporal network patterns tracks an axis of external to internal attention, with certain
networks exhibiting dynamic task-positive-like behavior (DAN, FPN, VIS) and others showing task-
negative-like dynamic shifting (DMN, VAN, SOM) during the QPP. This work has broad implications
for the interpretation of dynamic FC findings and their implementation in preclinical research. For
example, these neurotypical network dynamic results can be used as a reference as we and other
groups apply QPP analysis to datasets of pathology and neurodivergence, helping us to identify
biomarkers and understand how aberrant network dynamics contribute to the etiology of neural
disorders. Additionally, these findings contribute important evidence to theory regarding the
evolution of flexible cortical networks and attentional resource management. The robustness of the
inter-network DMN shifting across group and individual level QPP analysis also indicates that QPPs

have potential as a biomarker for individual subjects despite considerable intersubject variability.

2.4.1 Relation to other models of network topography

The observed network shifts in QPPs across task type reported here may be related to a hierarchy of
unimodal vs transmodal network topography reported by Margulies and colleagues, where highly

integrated association networks such as the DMN sit at the highest level of abstraction and



multimodal integration (115) and unimodal sensory regions like the SOM and VIS networks are at the
other extreme of the hierarchy processing primary sensation. Cortical network activity has been
found to exhibit a temporal hierarchy as well, with Golesorkhi (116) and colleagues finding that “core
networks”, or the association networks more distant from periphery sensation, are more influenced
by activity in slower frequency ranges. Cortical organization by unimodal to transmodal hierarchy
across timescales has been found across modalities, and such intrinsic neural time scales shape
cognition and affect the integration of information between peripheral sensory networks and core
association networks such as the DMN (117). Further exploration of why infraslow sensory network
activity becomes more aligned with the DMN, such as between the DMN-SOM as reported here,
could help to bridge the understanding of how cortical dynamics across timescales reconfigure to

accommodate task demands.

The results of the present study could also support a recent “baseline model” interpretation of
intrinsic cortical activity. Northoff and colleagues argue that rather than DMN and TPN regions
underlying separate internal vs task states (the dual mode), respectively, ongoing global cortical
activity is argued to drive a shared neural code for both internal and external attention (118). The
findings from the present study seem to support the baseline model interpretation of intrinsic
activity, as we find that flexible interactions with the DMN are important in task and rest between

various networks, including sensory networks. Additionally, we observe that at least in the infraslow



frequency range, activity between the DMN and TPN is largely stable between task and rest, while

other networks such as FPN, VAN, and SOM seem to shift flexibly depending on task needs.
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Figure 2.4. DMN-to-network dynamics for each category of task, plotted as correlation to DMN for

each network normalized to a scale of 0 (minimum) to 1 (maximum). Note that all tasks are co-

plotted with rest as a reference state. Correlational structure for each task may represent a



dynamic fingerprint for whole brain dynamics corresponding to the mix of external vs internal

attention demanded by a task.

2.4.2 Consideration of different stimuli

The exact parameters of the various stimuli from the task datasets differ significantly. For example,
the moving dot task from the gamer study required subjects to react quickly to a pair of moving dots,
with one dot being a distractor color and one being a cued color they were prompted to react to. The
n-back working memory tasks from the OpenNeuro and HCP are similar to the gamer task in that
they were also based on prompting the subjects to direct their attention to certain “cued” stimuli”
before being presented the stimuli on a 4x4 grid. Stimuli were then shuffled and presented after
disappearing for some delay, with subjects having to report the location of the cued stimuli. The
tasks we have grouped as congruence tasks all fall within the category of some type of congruence
reaction task, where there is some type of mismatch introduced in the cue stimuli. The Stroop task
prompts subjects to correctly respond when text is displayed that is incongruent with the color of
the word, the word blue in red text, for example. The Simon and Flanker tasks represented similar
types of cued stimuli mismatch. The meditation task required subjects to attempt to engage in
mindfulness based meditation while in the scanner, and is described in full detail in the original study
by Hasenkamp and colleagues (107). Lastly, the Twilight Zone dataset is one of several fMRI datasets
available on OpenNeuro that represent subjects engaged in audiovisual media watching. In this
case, the time series represents subjects watching the same 15 minute segment an episode entitled
“The Lateness of the Hour.” To be clear, beyond the hypotheses described in the introduction, we

had no idea how these varied stimuli might relate to or alter network activity in infraslow QPPs, and



the mix of datasets represents an effort to explore how such dynamic patterns might change in

relation to these different stimuli.

As most task datasets were obtained from open sources we were limited in access to behavioral and
other non-imaging data. Reaction time data were only available in the gamer vs non-gamer datasets
shared with us by the Dhamala lab at Georgia State University, which was based on reaction time to
a moving dot task (101), and were only accessible as averaged reaction times across all trials per
subject. Given these limitations to accessing behavioral data, the present study focused on the

functional imaging data from each dataset.
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Figure 2.5. A) DMN correlations from QPPs plotted from lowest to highest for all subjects and scans
instead of qualitative grouping based on dataset of origin. B) The same DMN correlations assigned
into quartiles for visual aid. Note in both A and B that the VAN and SOM show highest correlations
during the VWM and VG tasks, while the other networks trend towards higher DMN correlation during
rest and congruence tasks. Despite differences in the protocol of VWM and VG tasks, both tasks

seem associated with similar changes with respect to network correlation to DMN during the QPP.
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Figure 2.6. Separate analysis of visual working memory (VWM) and moving dot task from video gamer

study (VG) shown as correlation to DMN in box plots with mean and variance. While the tasks are



somewhat different, in both tasks the subjects are presented with a cued stimuli that they must then
react to. In the VG task, the subject’s goalis to react quickly to a cued dot color after it begins moving.
In the VWM tasks, subjects must hold a cued visual stimulus in their working memory after it
disappears from a grid and then correctly identify it after it disappears for some amount of time.
Despite differences in these types of cued stimuli tasks, with respect to DMN correlation in the QPP
the tasks seem associated with the same trends for all the major cortical networks analyzed. These
differences are tested at the group level with a one-way ANOVA on the box plots shown in A, with
corresponding pairwise Tuker analysis and resulting p-values between groups and networks shown
in B). In B, note that the VG task differs from rest for all networks, but that VG and VWM only differ

significantly with respect to the VAN.

2.4.3 Discussion of changes by network:

Dorsal attention network

DMN-DAN anticorrelation significantly increased during visual tasks compared to rest but not
congruence tasks. Our results add further evidence that definitions of a single “task positive”
network can be misleading, given the divergent task responses shown by the DAN, FPN, and VAN
along the DMN vs non-DMN spectrum. (c.f., (61, 63). Our results are corroborated by recent work
from collaborators. Employing QPP analysis to a finger tapping task, Seeburger and colleagues found
consistent results with respect to DMN-DAN anticorrelation. Subjects engaged in the finger tapping
task were assessed for time spent “in the zone” vs “out of the zone”. Subjects who performed better
showed significantly greater DMN-TPN anticorrelation, with some of this effect accounted for by

increased DMN-DAN anticorrelation (63). Also consistent with our results, Seeburger found that the



shifting in TPN anticorrelation was primarily driven by changes in the amount of FPN anticorrelation,

not DAN.

Frontoparietal control network (also referred to as executive control network)

We found that the FPN exhibits decreased DMN correlation in the infraslow QPP depending on the
task, becoming more positively correlated with the DMN during rest and more anticorrelated with the
DMN during congruence and visually demanding tasks. This result lines up with a considerable body
of evidence from fMRI and seed-based analysis that the FPN, or frontoparietal control network, acts
to flexibly modulate the DMN and DAN depending on the degree of internal to external attention
involved in a task (22, 65, 113, 119-123). For example, Smallwood and colleagues proposed that
increased DMN-FPN alighment during rest, when attention is often directed inward or to mind-
wandering, is critical for buffering internal thought trains to prevent interruption by intruding thoughts
or external stimuli (22, 94, 95, 124, 125). Morin and colleagues, which employed the same Yeo’s 7
network definitions used in the present study, also reported flexible reconfiguration of the FPN
resulting in increased DAN-FPN alignment and decreased DMN-FPN alignment during symbolic
visual tasks (123). The FPN has also been further parcellated into subregions based on preferential
connectivity with either the DMN and DAN, with these FPN subdivisions showing flexible change in
DMN FC based on task type (65). While there are disparate results and many open questions
regarding the role of DMN-FPN connectivity in neurotypical subjects, our QPP based results taken
with the broader evidence support a theory of DMN-FPN interaction that points to generally
increased DMN-FPN connectivity during rest and internal attention, and decreased DMN-FPN

connectivity during externally directed or visual tasks.



Ventral attention network

Throughout fMRI literature, the VAN (also referred to as the salience network or reorienting network)
is characterized as critical for redirecting attention to salient incoming stimuli (5, 51, 87, 126-128).
Across our QPP task spectrum, the VAN exhibited the opposite trend of the DAN and FPN, becoming
strongly correlated with the DMN during visual tasks, and more negatively correlated during internally
focused tasks. Both categories of visual task in this study (n-back visual working memory and left-
right moving dot task) require a high degree of focused external attention and the suppression of
distracting stimuli. The VAN becomes more suppressed during external goal-directed tasks, but
transiently active when a distracting or novel stimuli is introduced to redirect attention (126, 127,
129). Seeburger and colleagues further corroborate our results, reporting the DMN and VAN to be
more positively correlated when task performance was high and more negatively correlated when
performance was low (63). DMN-VAN dynamics could provide a valuable biomarker for attentional
disorders (62, 130). Considering seed-based findings of increased DMN-VAN FC in ADHD subjects
(130), the aberrant DMN-TPN dynamics reported in Abbas et al (62), and the QPP results in the
present study of increased DMN-VAN connectivity during external tasks, it could be the case that

ADHD subjects exhibit task-like infraslow brain dynamics (QPPs) even at rest.

Sensory networks (SOM/VIS) across the task-rest spectrum:

The somatomotor network showed a strong shift across the spectrum of external-internal attention
in the group and individual QPP results. Somatomotor and visual networks showed opposite trends

across the spectrum, with SOM becoming much more correlated with the DMN during visual tasks,



and the VIS becoming more anticorrelated with DMN during task. Increased alignment between the
visual network and DAN during a visually demanding task fits an understanding of the DAN as
directing top-down goal directed visual attention (15, 27, 66, 67). Likewise, perceptual decoupling is
thought to be essential to the maintenance of internal trains of thought, when the DMN is generally
most active (94, 124, 131). The need for perceptual decoupling, the separation of intruding
somatosensory perception from internal thought processes, might explain why we see high DMN-

SOM anticorrelation in the resting state QPPs.

Our results support an updated understanding of sensory areas as being key to cognition and
consciousness (132, 133) and not merely evolutionarily ancient substrates of primary sensation
(134, 135). Of course, while expansion of the human cortex is disproportionately represented by
association areas (11) this does not mean that sensory cortices remained static over the course of
millions of years of evolution. Rather, sensory networks coevolved with association cortex and
underwent selection suited to human behavior (for another good discussion on this topic see “Your
Brain Is Not an Onion With a Tiny Reptile Inside”) (136). Dynamic inter-network relationships between
the DMN and sensory networks could provide novel insight into our understanding of cortical
function as well as a potential biomarker for conditions with altered sensory network activity like

autism spectrum disorder (137-139)

2.4.4 Limitations

A primary limitation is that the data analyzed in the current study was obtained from a range of
different subjects, from different scanners, with slightly different parameters. However, as
mentioned in the results section, subjects scanned on the same scanners with identical parameters

(HCP data) recapitulated the same task vs rest inter-network changes seen in the other datasets,



indicating that the signal of inter-network dynamic changes was greater than noise from dataset-to-
dataset variability. Age and sex are factors that have long been known to affect baseline FC (32, 140).
While effort was made to include datasets with similar age and sex ratios, these are important
biological variables that surely contribute noise to data analyzed here. Demographic variables such
as socioeconomic status, a variable that was not included in these datasets, can also have a major
impact on FC (26). The inter-network correlation values reported here are on functional time series
processed with global signal regression (GSR). There is no consensus on the use of GSR in fMRI
preprocessing, with some arguing that GSR increases the possibility of detecting spurious
anticorrelations (17, 141). There is also evidence that GSR reveals information in FC patterns missed

without GSR (17).

It has been demonstrated that variation in DMN activity, CAPs, and global sighal are related to
physiology and behavior (111). As behavioral, physiological, and psychological data were not
available for the subjects of the present study, the DMN vs non-DMN network spectrum was only
analyzed using fMRI data. However, Seeburger and colleagues explored the interaction between
moment-to-moment changes in QPPs as the relate to behavior using a finger tapping sustained
attention task, and found results that are consistent with findings from the previous study with
respect to DMN-to-network connectivity (63). Future studies could include regression analysis of
more behavioral task performance data or other subject data to compare with changes in these

reported infraslow DMN dynamics.

2.4.5 Conclusions

We applied QPP analysis to compare dynamic inter-network correlations between major attentional

and sensory networks with the default mode network, a cortical network crucial for neurotypical



cognition whose aberrant activity has been implicated in numerous disorders. Using a range of
datasets comprising a spectrum of task and rest and external-to-internal attention, we found that
DAN, FPN, and VIS networks exhibit task-positive-like responses to visually demanding tasks during
QPPs, while the VAN and SOM networks exhibit task-negative-like responses, becoming more
aligned with the DMN during visual tasks. These findings based on spatiotemporal dynamics offer
additional evidence that the brain does not possess a single task positive or task negative network
(142). Rather, cortical networks are in a constant state of dynamic interaction that can flexibly
change. The brain is never truly at rest and is constantly integrating external and internal models of
reality, a process mediated by the DMN (37, 43). Our results suggest that as the locus of attention
shifts from external to internal tasks, cortical network dynamics shift with respect to the DMN in a
way that corresponds to the balance of task demands. This is consistent with the literature at large
and makes evolutionary sense. The brain is a flexible behavioral system that evolved to produce
adaptive behavior in the face of constantly shifting environmental variables. It is not surprising then
that cortical networks underlying human behavior should themselves show dynamic shifts tracking

task demands.

2.4.5 Future Directions

The results presented here provide a reference for comparing altered and pathological cortical
dynamics to healthy subjects that can be used to gain insight into disease etiology and to identify
diagnostic biomarkers. Specifically, given the evidence of altered DMN-DAN anticorrelation in
attentional disorders and mild cognitive impairment, this type of analysis could be applied to
datasets of ADHD and Alzheimer’s Disease. The evidence presented here for dynamic shifting of
sensory networks with respect to the DMN also suggests that application of this type of QPP analysis

to autism spectrum disorder (ASD) could be fruitful, given the altered sensory network activity in



subjects with ASD. Considering the growing evidence that the DMN is central to capacities amplified
in humans such as theory of mind, advanced language, and the construction of shared neural
representations of the world (43), the application of QPP analysis to experimental datasets of
subjects engaged in storytelling, problem solving, or economic game theory is also an active area of

interest.
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3.1. Introduction:

Intrinsic brain activity is dominated by alternating activity between brain regions associated with
internal and external attention (7, 8, 19, 59). The primary network known to increase activity in the
absence of externally directed attention is the default mode network (DMN), which is typically
considered to include the posterior cingulate cortex (PCC), medial prefrontal cortex (mPFC), and
precuneus (19, 21). The DMN shows increased activity during internally directed processes such as
memory replay, mind wandering, imagination of future scenarios, social inference, and the
construction of shared and individual internal narratives (15, 37, 43, 44). In global-signal regressed
data from resting state functional magnetic resonance imaging (rsfMRI), activity in default mode
regions is strongly anticorrelated with regions that show task-related increases in activity during
externally directed attention (15, 88). These task positive regions have been referred to as the task
positive network (TPN), which typically includes dorsal and frontoparietal cortical regions, or the

dorsal attention network (DAN) and frontoparietal network (FPN) (15, 86).

This anticorrelated relationship between the DMN and TPN has been implicated in attentional
control, and DMN FC is disrupted in pathologies such as attention deficit hyperactivity disorder (62,
143-147). Increased default mode network activity has also been associated with resting state mind-
wandering (84, 125, 148, 149) and increased rumination, both thought to be predictors of

unhappiness (150).

However, while increased DMN activity may drive spontaneous thoughts in the form of mind-
wandering and maladaptive rumination, it may also signal an increase in all types of spontaneous
cognition, including creativity (125). Several groups have reported a link between increased activity
in the primary nodes of the DMN and creativity, including mPFC and PCC (151-153). An increase in

functional connectivity between the DMN and the frontoparietal/executive control network (FPN) and



the DMN and ventral-attention/salience network (VAN) has also been implicated in creativity,
specifically in the domain of musical improvisation (153-155). Such alterations in DMN-FPN or DMN-
VAN connectivity may represent an increased capacity for flexible cognitive control driving creativity

(156, 157).

Based on the known relationship between DMN-FPN FC and creativity, Belden et al., 2020 explored
changes in resting state functional connectivity (FC) depending on creative musical training, using
seed-based functional connectivity and graph-theory analysis to compare changes in the DMN, FPN,
and other networks (158). Belden et al., 2020 found that improvisational musicians showed an
increase in resting state FC between the visual network and both the DMN and FPN, as well as

increased intrinsic FC in the ventral DMN when compared to classical musicians and controls.

While traditional time-averaged functional connectivity analysis employed by Belden et al., 2020 can
identify seed-based correlations during resting state fMRI, analysis of dynamically recurring patterns
such as co-activation patterns or infraslow quasi-periodic patterns (49, 53, 55, 57, 58, 61, 96) may
provide deeper insight into the relationships between networks involved in creative improvisation.
Also, the original study conducted analysis based on group level concatenated scan data, or
aggregate data. As has been documented in the public health space, aggregated data can lead to
misleading conclusions about the variance of individual subjects that belong to a group, a
phenomenon which has sometimes been referred to as the ecological fallacy or aggregation bias
(159). In this study, we seek to expand upon the analysis made by Belden and colleagues by applying
multiple methods of dynamic FC pattern detection at both the group (aggregated scans) and
individual scan level. Thus, this study also represents an exploration of the robustness of the
methods themselves, and the validity of using purely aggregated group level data to make inferences

about subject level dynamic functional connectivity.



Multiple types of recurring dynamic patterns have been detected and described in rsfMRI data (52,
53, 60, 72, 98). The present study focuses primarily on the dominant resting state pattern of
anticorrelated activity between the DMN and the task positive regions, which occurs quasi-
periodically on the infraslow timescale (with 1 cycle lasting about 20 seconds in humans) (59). This
pattern, which has been described as the primary quasi-periodic pattern (QPP) of dynamic FC, was
first quantitatively detected in blood-oxygen level dependent (BOLD) fMRI in anesthetized rats (56)
and was subsequently detected in human rsfMRI (55). The original QPP detection in Majeed et al.,
2009 and Majeed et al.,2011 employed a sliding window-based algorithm that converged on a
reliable pattern of DMN/TPN anticorrelation. More recently, this QPP has been replicated using
complex principal components analysis (cPCA) on rsfMRI (49) and appears to be one of the three
dominant spatiotemporal patterns that account for most of the time lagged connectivity structure in

intrinsic brain activity observed across methods.

Given the relation of default mode QPP dynamics to attention, we predicted that prolonged focused
musical training, like that experienced by classical musicians, may lead to altered DMN and DAN
anticorrelation dynamics when compared to musicians who are primarily improvisational. The
established role of the DMN in spontaneous cognition makes it a useful reference network for making
functional correlations that may implicate other networks in creative cognition. We primarily
measured the amount of correlation between other canonical networks and the DMN at the group
and individual level, over the full cycle of the QPP. QPP analysis allows us to capture whole brain
dynamics and the time lag structure between other cortical networks based on musical training, and
to compare with the inter-network results originally reported in Belden et al., 2020 in networks such
as the visual network and frontoparietal network. Thus, while our analysis was primarily focused on
exploring functional correlation to the DMN during the QPP, we also followed QPP results that

differed in regions beyond the DMN.



In addition to QPP detection using the QPP-finding algorithm, we repeated part of our group level QPP
network analysis using cPCA, a type of dimensionality reduction method originally pioneered in
geological and climate sciences to detect the components that explain most of the variance within
propagating patterns (160). More recently, Bolt and colleagues demonstrated that in global signal
regressed data, the first component from cPCA in rsfMRI is equivalent to the QPP of DMN/TPN
activity. To our knowledge, this is the first study to apply both the pattern-finding algorithm and cPCA
to the same dataset to detect group-wise dynamic FC differences. By applying both methods, we
hoped to uncover any differences in the sensitivity of each approach to group level changes in QPP
network dynamics. To compare group-average vs individual QPP network trends, we repeated all

algorithm-based QPP detection on a subject-wise level.

Using these two methods, a QPP-finding algorithm and cPCA-based QPP detection, we hypothesized
that: (1) DMN network activity in the QPP may be higher in improv musicians than improv or MMT
subjects, given the association between DMN activity and mind-wandering/spontaneous cognition,
(2) the visual network in the QPP would be more strongly correlated with the DMN and FPN, given the
seed-based connectivity results in Belden et al., 2020, (3) group level differences in QPP network
correlations would be consistent across both the sliding window and cPCA methods, (4) the
application of QPP waveform analysis may detect groupwise differences in time-lagged information

missed by traditional seed-based FC analysis.

The findings in this study add to growing evidence that infraslow patterns of anti-correlated DMN-
TPN activity, sometimes referred to as quasi-periodic patterns, are a robust phenomenon in resting
state data. They also provide cautionary results related to the overinterpretation of inter-network

correlations based purely on aggregate level detection of dynamic FC patterns.



3.2. Methods:

All code is Open-Sourced and available online. QPP code and cPCA code referenced in the methods

section is available on GitHub: (1) https://github.com/BnzYsf/QPP_Scripts_v0620, and (2)

https://github.com/tsb46/complex_pca

All code used for sliding window quasi-periodic pattern detection was run in Matlab 2023a (161).
Visualizations were generated through R, version 4.3.2 (162), and FSL (163). Code for cPCA was run

in Python on a Linux operating system.

3.2.1 Participants

Structural and functional MRI scans were obtained from Alex Belden and Psyche Loui at
Northeastern University. All original scan acquisition adhered to best practices for ethical human
data collection and informed consent in accordance with local institutional review boards. For a full

description of participants and MRI acquisition see their original study Belden et al., 2020.

In brief, 48 young adult subjects were recruited from universities and schools in the Boston area and
classified into three groups based on musical training background: classical training, improvisational
training, or minimal-musical training (MMT). Final groups consisted of 16 subjects each (n = 4
females, n = 12 males). To the extent possible, the groups were matched in age, general cognitive

ability, pitch discrimination, duration of musical training, and age of onset of musical training.

3.2.2 Data acquisition and pre-processing

T1 weighted structural scans and resting state functional scans were obtained on 3T Siemens
scanners at Northeastern Biomedical Imaging Center and the Olin Neuropsychiatry Research

Center. T1-weighted sequences were 3D magnetization prepared rapid-acquisition gradient-echo
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(MPRAGE) with a voxel size 0of 0.8 x 0.8 x 0.8 mm?3(TR =2.4 s, TE = 2.09 ms, flip angle = 8°, FOV = 256

mm).

Resting state scans had a duration of 7.5 minutes and were obtained with an echo-planar imaging
(EPI) sequence with 947 volumes (TR =475 ms; TE = 30 ms; flip angle = 90, 48 slices; FOV =240 mm;
acquisition voxel size = 3 x 3 x 3 mm?®). Following typical resting state protocol, participants were

instructed to keep their eyes open and fixated on a cross for the duration of the scan.

For processing, scans were formatted according to Brain Imaging Data Structure (BIDS:

https://bids.neuroimaging.io/. Poldrack et al., 2024). All pre-processing was run in Linux (Ubuntu

22.04.3 LTS) using the configurable pipeline for the analysis of connectomes (C-PAC: https://fcp-
indi.github.io/). Outputs for algorithm based QPPs were generated with and without global signal
regression (GSR); non-GSR results are available in supplemental material. As part of the default C-
PAC pipeline, anatomical scans were registered to the 2mm Montreal Neurological Institute MNI 152
Atlas. Resting state functional scans were also registered to standard MNI space and then extracted
as timeseries to the Brainnetome 246 atlas, a 246 region-of-interest (ROI) parcellation based on MNI
space. The first 10 volumes of each scan were truncated for all subjects, resulting in a final 937

timepoints by 246 ROI 2-dimensional timeseries for each subject.

3.2.3 Quasi-Periodic Pattern Acquisition window

Recurring spatiotemporal patterns (quasi-periodic patterns) were identified using an updated
version of the sliding window pattern detection algorithm from Majeed et al. 2011 and other work
from the Keilholz group. For a more detailed description of the original algorithm see Majeed et al.
2011. Previous versions of the algorithm were based on a user-defined or random starting point
within the time-series and would conduct a sliding correlation of the initial segment with other

segments in the scan that exceeded a threshold of correlation (0.2) with the initial template. In this
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study, we used a robust version of the pattern algorithm that starts at the beginning timepoint and

then iterates through each timepoint, updating until a convergent pattern is produced (57, 73).

While the QPP algorithm we used no longer has a user defined start point, it still requires a user
defined window length. Previous work indicates that QPPs last approximately 20s in humans (49, 59,
73) but we ran the QPP algorithm with various window lengths (WL) to determine empirically which
WL most reliably captured a full phase of the QPP in this dataset. After trying a range of window
lengths between 15-40 seconds, we found that a WL of 24 time points most reliably captured a full
phase of the QPP in this dataset and used that WL for all algorithm based QPP analysis. Given that
the TR of the functional scans was .475 seconds, this means that the QPPs displayed in the results

section are on the order of 12 seconds (TR x WL, .475 seconds X 24 second WL = 12 seconds).

Initial QPP analysis was conducted at the group level: we ran the QPP algorithm on the concatenated
time series for 16 subjects at a time (classical, improv, MMT, respectively) and an average group level
QPP was detected. QPP analysis was then conducted between group-level QPPs based on canonical
networks (described below). Individual QPPs were also run for all 48 subjects. Statistical
comparisons at the individual level were only made for the network correlations found to be most
different at the group level, including the visual network and parts of the subcortical network

(amygdala).

3.2.4 Network based analysis of QPP functional connectivity

Analyzing QPP dynamics with canonical network definitions generated results that could be easily
compared with the default mode network literature as it relates to creativity, including Belden et al.’s
original seed-based analysis findings (158). We therefore decided to employ canonical network

definitions after applying the QPP pattern detection algorithm.



After QPP detection, the QPP was mapped to network space (9, 10) (Yeo et al., 2011). ROls from the
Brainnetome 246 parcellation were assigned into 7 canonical cortical networks plus subcortical,
resulting in QPP waveforms for the following 8 canonical networks: default mode network (DMN),
frontoparietal network (FPN), dorsal attention network (DAN), ventral attention network (VAN),
somatomotor network (SOM), visual network (VIS), limbic network (LIM), and subcortical network

(SCN).

From these time series, waveform plots were then generated plotting the normalized BOLD signal for
one full cycle of the QPP for all defined networks. We then compared the correlations, the amplitude,
phase, and squared difference between networks of each group-level QPP against all other groups.
As the present study was focused on dynamics relative to the DMN, the focus of these comparisons
was with respect to the DMN. As the improv group showed an altered amygdala-DAN FC, we reported
differences with respect to the DAN instead of the DMN. Because the DMN and DAN are strongly
anticorrelated in all group QPPs, either the DMN or DAN provide convenient reference networks to

compare the remaining Yeo’s cortical networks.

For statistical measures, group level network correlation comparisons were made using the cocor R
library (164). Subject-wise statistical comparisons of network correlations were made in R studio
using Kruskal-Wallis test for multiple comparisons (162). All correlation values were Fisher
transformed. Subject-wise statistical comparisons were made after Fisher transform. Correction for
multiple comparisons was made using the conservative Bonferroni correction (112) based on the
assumption of 7 underlying comparisons between the 8 canonical networks used. Thus, the

standard significance threshold of a = .05 was adjusted for 7 comparisons (.05/7) to an a =.007.

3.2.5 Complex Principal Components Analysis



Bolt et al, 2022 demonstrated that the majority of variance in low-frequency spatiotemporal BOLD
patterns can be explained by three principal components (49). In global signal regressed data, the
first of those principal components is equivalent to the QPP or task-positive vs default mode
anticorrelated pattern. Note that in Bolt et al. the primary results are reported without global signal
regression, and thus in that study the first component is global signal while the second component
is equivalent to the QPP. Using the same methodology of Bolt et al., we applied Complex Principal
Components Analysis (cPCA), a dimensionality reduction method, to identify the principal

component of low-frequency BOLD signal in our dataset equivalent to the QPP.

The same 2-dimensional timepoint by ROI preprocessed CPAC outputs that were the QPP algorithm
input were used for cPCA. cPCA was run in Python on a Linux operating system on concatenated

scans on a groupwise basis for the 3 respective music groups (classical, improv, MMT).

cPCA was run initially with 10 components; consistent with Bolt et al., 2022, the majority of variance
in our dataset was explained by the top 3 components (Figure 3.4A). We then plotted the top 3
components across 937 timepoints to generate histograms of the proportion of the components
across subjects (Figure 3.4B) and total proportion of the top 3 components (Figure 3.4C). Note that
components 2 and 3 of GSR data possibly correspond to additional types of QPPs, QPP2 and 3
specifically (61), but as the present study focuses on the dominant QPP of DMN/TPN anticorrelation

the other QPPs/components were not used for analysis.

After confirming that the relative proportion of time spent in the QPP component was similar across
groups (Figure 3.4B-C), component 1 (QPP1) for each musical group was then reconstructed as a 4-
dimensional nifti file for visualization in FSLeyes. We then plotted the QPP component as a
reconstructed time series into brain space and generated network activity waveforms for comparison

to the sliding window algorithm results (Figure 3.5).



cPCA based waveforms were generated in FSLeyes (163) by selecting voxels in key nodes of ROls
corresponding to each network of interest (DMN, DAN, VIS, AMYG) based on the Brainnetome
parcellation (table 1) and then plotting the timeseries in bins representing the length of one full cycle
through the QPP. The default number of bins is 30 for the reconstructed time series. 100 bins were
used instead for increased temporal resolution for plotting the phase alignhed components. For any
number of bins used in the reconstructed component time series, the total number of bins
represents one full cycle through the QPP, corresponding to radial distance between 0 and 2. Like
the algorithm based QPP, one full cycle of the cPCA based QPP takes approximately 20 seconds in
humans (49). Note that in the algorithm based QPP we used a window length of 24 time points, which

was determined empirically by trying a range of window lengths between 15-40 time points.

As with the algorithm based QPP networks, we then made group-level comparisons of the
correlations between the networks of interest and the default mode network. For the cPCA QPP
analysis, only group level comparisons were made, no subject-wise waveforms or correlation values
were generated. When plotting ROl based correlation of cPCA based time courses in FSLeyes, we
found that all voxels within a given Brainnetome ROl were highly correlated, near 1 (see supplemental
figure 2), and thus plotting the time course from a representative voxel within each ROl was roughly
the same as plotting a mask for each ROI. Thus, for each network of interest a representative voxel
was selected and used to generate waveform plots (Figure 3.5 B-C). To account for interhemispheric
differences, voxel-based time courses were plotted from both left and right hemispheres. No
qualitative differences were noted in left vs right hemisphere time courses from the chosen voxels,
so the average time course between left/right was calculated and plotted to compare with QPP
pattern algorithm results (Figure 3.5 B). Allvoxels and their corresponding Brainnetome ROl numbers

are shown in table 3.1.



Network MNI coord. left [ MNI coord. right | Brainnetome ROI | Brainnetome ROI
hemisphere hemisphere numbers
DMN 8785107 9585107 PCC 175,176
FPN 70151124 113151124 Dorsolateral area | 3,4
8
DAN 72125139 110125139 Dorsolateral area | 7, 8
6
VIS 77 26 63 107 26 63 Occipital  polar | 2083, 204
cortex
AMYG 7012551 114125 51 Medialamygdala | 211,212

Table 3.1: MNI and Brainnetome coordinates for all seeds used to generate cPCA waveforms

3.3. Results:

3.3.1 Network analysis of QPPs

QPPs detected in our groups were similar to those in prior studies (49, 59) showing a strong pattern
of anticorrelation between default mode and dorsal attention/task-positive areas (Figure 3.2). Group

level QPPs are discussed first followed by a comparison with subject-wise QPP results.



DMN/TPN anticorrelation is shown to be associated with changes in cognition and arousal,
specifically attentional control and mind wandering (33, 54, 59, 141, 148, 165). Given the prolonged
hours of repetitive musical training undergone by classical musicians, we initially speculated there
may be differences in resting attentional control and thus looked for differences in correlation
between default mode and task positive regions (DAN, FPN, and VAN) in classical musicians.
However, we did not find significant differences in correlations specifically between the DMN/TPN
regions in the classical musicians (Figure 3.2 A). Instead, we found significant differences in the time
lagged network correlations between the DMN and other networks in the improv group. Additionally,

the amplitude of QPPs in improv musicians trended much lower than classical and MMT groups.

As captured by the squared difference between networks, the overallamplitude of the anticorrelation
between the DMN-DAN in the improv group trended far below the classical and minimally trained
musicians (Figure 3.2, C-D). For the improv musician group, the squared difference between DMN-
DAN was 0.076, roughly half of the classical group’s 0.132 and the MMT group’s 0.149 (note that
squared differences between normalized network activities were measured at the group level and

thus lack a standard deviation).

In addition to changes in overall QPP amplitude, the improv group also showed an altered QPP
progression in the visual and subcortical networks. More specifically, the network waveform plots
(Figure 3.2C) and their underlying correlations showed increased correlation between visual-DMN
and decreased correlation between amygdala-DMN activity in the improv group QPP (Figure 3.3B.
Given the strong anticorrelation between the DMN and DAN in the QPP, decreased amygdala-DMN
FC also means increased amygdala-DAN FC. As previous literature implicates amygdala-DAN FC as
an area of interest for behavior and cognitive control (166, 167) we decided to report the difference
in extrinsic amygdala FC as between amygdala-DAN and not amygdala DMN. We found no clear

group-wise differences in other subcortical structures such as the hippocampus, which was highly



varied between groups, or in the thalamus and basal ganglia, which seem to show almost no QPP-
like activity in this frequency range (0.1-1 Hz). This is consistent with Yousefi et al., 2021, which

reported very weak thalamic QPP activity only revealed by substantial averaging (61).

Given that the improv group’s visual network and amygdala seemed to be the most different, plots
and statistical comparisons were made for the improv group’s visual network-DMN and amygdala-
DAN correlations compared to the other training groups. The improv musicians showed an increased
correlation between both the visual network and DMN and the amygdala and DAN relative to the

classical and minimally trained musicians (Figure 3.3, A-B, left).

Group-level QPP waveforms were also generated on time series processed without global signal
regression (GSR). Waveform results without GSR exhibited positive global correlation between all of

Yeo’s networks used in the present study (supplemental Figure 1).
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3.3.2 Subject level QPPs for comparison of selected networks

Group level analysis is commonplace in seed-based and dynamic FC studies but obscures individual
variability. To explore how dynamic DMN FC differs at the subject-wise level, we also applied the QPP
algorithm individually to all 48 subjects. We then again plotted the fisher-transformed correlation

values between the DMN and all other networks for each subject (Figure 3).

The purpose of the individual QPP comparison was two-fold. First, we wanted to know how similar
the mean network correlation values of all networks in the individual QPPs were to the correlations
detected at the group level. Previous work from Yousefi et al., 2018 using neurotypical subjects from
human connectome data suggests that DMN/TPN anticorrelation is consistent within individual
subjects, and between the individual and group level. However, Yousefi et al., 2018 did not apply QPP
analysis to detect group-wise differences based on training or pathology and focused on DMN/TPN
without considering other networks. Having individual correlation values allowed us to more easily

make statistical comparisons as they provide a distribution and variance.

We found notable differences between the group and subject level QPP analysis. First, at the group
level (Figure 3, A-B) the improv musicians showed a much higher correlation between the DMN and
visual network (Fishers r = 1.187) than classical (Fishers r = -0.218) and non-musicians (Fishers r = -
1.068993262). This DMN-VIS correlation increase is not present in the subject level analysis. Second,
improv musicians also showed a significantly higher Amyg-DAN correlation atthe group level (Fishers
r=1.365) compared to classical (Fishers r=0.215) and non-musicians (Fishersr=0.0142). Once again,
when the QPP algorithm was run on a subject-wise basis this increased Amyg-DAN correlation was

not present (Figure 3 B).
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Figure 3.2: QPPs from sliding window pattern detection algorithm. A) QPP waveforms during 1 full
cycle for all 8 cortical networks. DMN: default mode network, DAN: Dorsal attention network, FPN:
frontoparietal network, VIS: visual network, SOM: somatomotor network, LIM: limbic network, SCN:
subcortical network, VAN: ventral attention network. B) Squared difference between each network
and the DMN for the same cycle. C) QPP waveforms for the DMN, DAN, and the two regions where
group-level differences were noted in improv musicians: the visual network and amygdala. D)

Squared difference between the same subset of networks for each group.
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The improv group showed significantly higher FC between Amyg-DAN and DMN-VIS compared to

classical and MMT. Group level p-values generated with cocor tool (164), individual level p-values



generated with Kruskal-Wallis test for multiple comparisons in R studio. A Bonferroni adjusted
significance threshold of .007 was used for both subject-wise and group comparisons, assuming a
multiple comparison correction of .05/7 (assuming 7 network comparisons between the 8 networks

defined).

3.3.3 Complex Principal Components Analysis of QPPs

As in Bolt et al., 2022, the top 3 components explained most of the variance and there is a strong
elbow in the explained variance after the first 3 components (Figure 4A). We found the proportion of
the top 3 components across all 937 timepoints for each subject and group to be very similar (Figure
4 B-C). For all 3 training groups, the first component (representing the QPP) was the dominant brain
state for approximately 40-50% of all timepoints (Figure 4C). Note that the other components (2-3)

were not used for further comparison as they represent different spatiotemporal patterns (49).

The cPCA results are alignhed in several ways with the QPP algorithm results. First, the peak amplitude
of the QPP component is noticeably less in the improv group, roughly half that of the other training
groups, just as it was with the DMN-DAN amplitude in the algorithm-based pattern detection.
Specifically, improv musicians normalized cPCA timeseries (BOLD signal) showed a decreased peak
amplitude range in the QPP of -0.462 to 0.462, compared to the classical musicians’ range of -0.816
to 0.816 and the MMT range of -0.772 to 0.772 (Figure 5A). Second, when mapping the cPCA-based
QPP back to brain space we noticed that in the improv group, the occipital/visual regions were
positively correlated with the posterior cingulate cortex (r = 0.371), a primary node of the default
mode network (Figure 5A). The classical (r = -0.549) and MMT (r = -0.960) groups showed typical
visual-DMN anticorrelation, consistent with the sliding window QPP waveforms. Thus, based on the
reconstructed time series in brain space, the improv musicians showed increased visual-DMN

correlation just as they did in the QPP algorithm approach. Additionally, the improv musicians also



showed a much higher correlation between the amygdala and DAN (r = 0.878) compared to the

classical (r = 0.215) and MMT (r = 0.014) groups, again consistent with the QPP algorithm results

(Figure 5 B-C).
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Figure 3.5: A) One full phase (zero to 2m) of group-level cPCA detected QPP time-courses mapped

onto brain space. Time-courses were manually phase adjusted into 6 time points. Note that in the



improv group the posterior-cingulate cortex (PCC) is highly correlated with primary visual cortex
(occipital lobe) at various time points, where in the classical and minimally trained musicians these
two regions are always anticorrelated. B) Comparison of group-level correlation results between the
sliding window-based algorithm and cPCA for selected networks. The overall network trends are very
similar in both approaches. C) Waveform plots of normalized BOLD activity from QPP algorithm (left)

and cPCA approach (right) for one full cycle of the QPP.

In summary, we found that the three main group level differences detected in improv musicians were
consistent between the pattern detection algorithm and complex PCA methods. (1) The overall
amplitude of the QPP between DMN-DAN trends much lower in the improv group. (2) The visual
network in the improv musicians has a positive correlation with the default mode network at the
group level, whereas for the classical and MMT groups the visual network-DMN were anticorrelated.
3. The amygdala is more correlated with the dorsal attention network in the improv musicians than

in classical musicians or in MMTs.

3.4. Discussion:

This study applied two methods of dynamic functional connectivity analysis to a dataset of human
subjects based on musical training. Our primary finding is that sliding window and cPCA based QPP
detection show convergent results. Both dynamic FC analysis methods detected an increased FC
between the visual network and both the DMN and FPN, respectively, in improv musicians compared
to classical and untrained musicians. With both methods, a trend of decreased QPP amplitude was
detected in the improv group. Importantly, these inter-network correlation differences detected at
the group level were not replicated when the sliding-window algorithm was applied on a subject-by-
subject basis. Thus, our results indicate that interpretation of group level findings as they relate to a

hypothesized link to creativity could be very tenuous. In general, one interpretation of our results is



that substantially greater individual scan lengths may be needed to find consistency between group
averaged and individual infraslow dynamic pattern detection. The possible implications for these

findings are discussed below.

3.4.1 Consistency between sliding-window and cPCA methods, and a consideration of group vs

individual level QPP discrepancy:

Internetwork correlations during the QPP were very consistent between the sliding window and cPCA
QPP detection methods, with both approaches findings that the improv group showed increased
correlation between the DMN-VIS and DAN-Amyg during the QPP. This finding is one of the first cross-
method comparisons to demonstrate consistent sensitivity to the same group-wise correlation
differences across the two methods of QPP detection. Our results add to a growing body of evidence
that the QPP phenomenon is a robust feature of time-varying infraslow intrinsic activity, and that the

QPP phenomenon is sensitive to group level changes in such patterns.

However, the large discrepancy between inter-network correlations detected at the group and

individual level with QPP analysis warrants further discussion.

On one hand, differences in functional connectivity results between group-averaged and individual
level analyses have been well documented in the FC literature and should not be entirely surprising
given the high degree of individual variability in neuroanatomy and functional networks (15). On the
other hand, as demonstrated in the chapter 2 multi-dataset approach, results appear to be very

consistent between group and individual QPP detection with many scans and subjects.

Additionally, the QPP algorithm converges on an average pattern no matter what time series it runs
on, so it should be no surprise that the group level QPP and underlying network dynamics are not
fully recapitulated when running the QPP on a subject-wise level. At the group level, the QPP

algorithm was run on the concatenated time series for all 16 subjects from a group at once (14,992



timepoints at once). This means the group QPP converged on an average pattern for all 14,992
timepoints for each group. The individual scans’ QPP (937 timepoints per scan) resulted in a
distribution of correlations largely consistent with the group level analysis (Figure 3.3A). However,
the group level algorithm may converge on altogether different results depending on the underlying
subjects, and because there is much less data in an individual image series. When considering group
vs subject-wise QPP results it is also important to note that global signal regressed data has been
shown to produce QPPs that may be more like one another in terms of individual DMN-TPN

correlations (57).

3.4.1.2 Short scan length and QPPs

Another important consideration with respect to group vs individual pattern detection is the scan
length in the present study. Each subject only had one scan that was 5 minutes in length. The original
dataset authors used a TR of 0.475 ms, which they correctly point out results in a time series with
many more timepoints to sample than a typical TR of 2-3 seconds employed in other fMRI studies.
However, the effective temporal resolution of 0.475 ms is faster than the temporal resolution of the
BOLD signalwhich is on the order of several seconds in humans (4, 168). Also, the QPP phenomenon
itself, as pointed out, lasts about 20 seconds on average when the waves of activity occur. Thus,
sampling at a much faster rate that the fundamental signal (BOLD) and the phenomenon being
tracked (QPPs) does not increase the amount of data or the fidelity of the QPP detection algorithm.
As with any BOLD based fluctuation in activity, the QPP detection algorithm benefits from longer
scan times. For a pattern that happens quasi-periodically and lasts on the order of 20s, the pattern
in a 5-minute scan for any individual subject may happen only a handful of times in the entire scan.
Thus, when detecting concatenated data, individuals who happen to have more occurrences of QPPs

during a short scan will necessarily have a greater influence on the end QPP that the algorithm



converges on. The short scan length of the present dataset therefore likely contributes to the large

discrepancy between group and individual correlation results.

3.4.2 Default Mode - Visual Network Connectivity and a Tenuous Link to Creativity:

In both QPP detection methods the visual network/occipital lobe activity of improv musicians was
more in phase with the DMN and FPN compared to classical and MMT groups, resulting in a
significantly higher VIS-DMN and VIS-FPN correlation. This finding is consistent with the seed based
connectivity analysis employed by Belden et al., 2020. The robustness of this finding across two
dynamic QPP methods, in addition to the original static FC analysis, seems to indicate that an
increased VIS-DMN/FPN connectivity is a very strong feature of this dataset. Whether increased VIS-
DMN connectivity is a real feature of improvisational musical training or related to an increased
capacity for creativity is a much more difficult question to answer conclusively with these findings

alone.

However, these dynamic FC results contribute to a growing body of evidence indicating that visual-
DMN connectivity may drive domain general creativity by way of increased mental imagery (158). A
link between visual network activity and creativity was originally supported by findings from EEG
(169) and white matter tractography (170, 171). For example, Petsche found increased coherence
between frontopolar and occipital/visual regions during visual, verbal, and musical acts of creative
thinking. More recent rsfMRI findings also indicate that spontaneous visual network activity and

connectivity to the DMN are related to visual creative cognition (172).

Considering the role of activity in V1 and V2 in the generation of mental imagery (173), it seems
intuitive that creativity may be linked to visual imagination. However, the combination of visual
imagination and musical creativity, a process presumably dominated by audition more than vision,

is less intuitive. At the same time, visual activity has already been linked to spontaneous imagery and



creativity in non-waking states of consciousness. Dreaming during REM sleep for example, another
type of spontaneous cognition, is heavily linked to both default mode network (125) and spontaneous
visual network activity (174). Dreaming itself has also been linked to creativity (175, 176). Given the
available evidence, it seems reasonable that increased synchrony between two networks heavily
implicated in the generation of spontaneous thoughts could explain an increased capacity for

domain general creativity.

Of course, even if the increase in dynamic VIS-DMN FC in this dataset is related to creative cognition,
and not merely an artifact, the direction of causality is unclear. In other words, from the analysis in
this study itis unclear whether years of creative musicalimprovisation cause an increase in VIS-DMN
connectivity or whether people who are more creative and exhibit such dynamic FC in the first place

are simply more drawn to certain types of creative expression.

3.4.3 Dorsal Attention - Amygdala Connectivity:

The improv group QPP also displayed increased correlation between the amygdala and DAN for both
QPP detection methods. It is difficult to make strong interpretations of increased amygdala-DAN
connectivity based on the analysis from this study alone. However, there is related evidence from
rsfMRI studies that an increased amygdala-DAN correlation could underlie important behavioral and
attentional changes. For example, one rsfMRI study using the same canonical networks from the
present study (Yeo’s 7 networks) found that increased amygdala-DAN FC was negatively correlated
with trait anxiety (166). If our results of increased amygdala-DAN functional connectivity were to be
replicated in other datasets measuring creativity, this would establish a potential link between

creativity training and anxiety.

More recently, Sylvester et al., 2020 empirically defined three amygdala subsections based on their

respective functional connectivity with major cortical networks: identifying a default mode



subdivision, dorsal attention subdivision, and a subdivision that did not display a preferred
connectivity with the DMN or DAN (167). In the present study, the amygdala section used would have
fallen within what Sylvester et al., 2020 described as the centromedial amygdala, or DMN connected
amygdala subdivision. However, in our improv musicians, despite the selected amygdala seed being
inthe DMN-associated region, the amygdala was instead highly correlated with the DAN. In contrast,
the classical and MMT groups displayed positive DMN correlation from the same amygdala voxel (or
DAN anticorrelation), consistent with the neurotypical trend described in Sylvester et al., 2020.
Again, the direct implications for this altered amygdala functional connectivity are unclear. But as
Sylvester et al., 2020 points out, the subsections of the amygdala with high DAN functional
connectivity may regulate top-down attentional and spatial processing (like that typically associated
with the DAN). If increased amygdala-DAN FC is a real feature of increased creativity or
improvisation, it could be the case that the amygdala’s role in modulating the DAN becomes altered

in creatively trained subjects.

There is also some anatomical evidence that the amygdala is related to increased creative cognition,
with Bashwiner et al., 2016 reporting that increased volume in the left amygdala was significantly
correlated with higher scores of creativity in their subjects (177). In a study specifically using jazz
musicians and improvisation, the amygdala showed increased activity during musical improvisation
inspired by positive images (178). Whether increased amygdala activity or amygdala-DAN FC at rest

could signal increased creativity will require further replication in future studies.

3.4.4 Limitations

Small sample size is a common limitation in resting state and task-based fMRI interpretation (179,
180). Given the group sample sizes of n = 16 for this study, it is difficult to draw strong general

conclusions regarding creativity. With this type of niche study however, sample size will likely



continue to hamper interpretation for the foreseeable future as it is difficult to recruit a large number
of age-matched volunteers for a variable such as musical or creative training. Even within this study
there is significant heterogeneity of creative training within each group. For example, not all of the
improv musicians have the same primary instrument, or the same number or training hours, or the
same age of onset for musical training. Attempting to obtain an even larger sample size of musicians
would introduce even more variation in the subjects’ respective training backgrounds. However,
while small sample size may hinder generalization, in our case it may be beneficial as it shows that

our QPP and cPCA methods are robust in a very typical fMRI dataset in terms of sample size.

While the groups used in this study all had the same ratio of male and female subjects (12 and 4,
respectively), it would be ideal to have an equal number of male and female subjects overall, as sex

differences in rsfMRI have been widely reported (140).

Our primary dynamic FC correlation values are presented on data that were processed with global
signal regression (GSR). There is still no consensus on global signal regression as a pre-processing
step, but the use of global regression has been argued to increase the possibility of detecting
spurious anticorrelations (17, 141). At the same time, GSR may reveal valid insights into FC patterns

missed without GSR (17).

Finally, as noted previously, the primary group level findings were not recapitulated when the QPP
algorithm was run on a subject-wise basis. While this is not entirely surprising, the discrepancy
between group and individual results shows that we require further understanding of individual FC
dynamics. It is possible that individual noise or anatomical variation may very well be greater than

subtle but real shifts in network dynamics due to creative training.

3.4.5 Conclusions



This study represents the first simultaneous application of algorithm based and cPCA based QPP
analysis to detect group-wise differences in rsfMRI network dynamics. Using cPCA to detect QPPs
yielded convergent group level results to those of algorithm-based QPP detection. Improvisational
music training was found to be associated with increased visual network and DMN connectivity
during quasi-periodic infraslow network dynamics. This is consistent with Belden et al.’s previous
static functional connectivity analysis results and extends upon their findings. Both QPP analysis
methods support a potential relationship between visual network-DMN connectivity and human
creativity. The two methods also found that improvisational music training is associated with higher

amygdala and DAN connectivity, further implicating the amygdala in creative cognition.

3.4.6 Future Directions

While the subjects’ age of onset of musical training was available for each subject, the present data
are purely cross-sectional. Performing a longitudinal study with two or more scans over the course
of musical training would help clarify whether there is a causal link between creative training and
altered network dynamics by comparing dynamic DMN FC at different phases of learning.
Additionally, comparing the dynamics of artists, writers, or other creatively trained individuals with
musical improvisers would help clarify whether the effects of creative training are domain general or

differ depending on the creative discipline.

The trend of decreased QPP amplitude in improvisational musicians seems counter to our initial
hypothesis that improv musicians may exhibit increased DMN activity. However, the squared
difference between DMN and DAN only represents the amplitude of those networks in the infraslow
frequency range analyzed in the present study. To better understand the findings of amplitude change

in improv musicians, future studies could apply additional band passes for internetwork analysis, or



include individual comparison of all ROls within each respective network to provide a sense of which

ROls show altered amplitude during infraslow QPPs or patterns of other frequency ranges.

Because increased amygdala-cortical connectivity is related to anxiety (166), investigating a
correlation between trait anxiety, creative training, and dynamic amygdala activity is another
opportunity for future studies of dynamic FC and creativity. Creativity and anxiety have been
tentatively linked in the literature for some time (181-183). Such a study of dynamics could be guided
using the three amygdala subdivisions established in Sylvester et al., 2020, that is, the default mode,
dorsal attention, and unspecified amygdala, to elucidate their respective dynamic FC with cortical

networks implicated in creativity.

Data and Code Availability

QPP algorithm scripts are available at the Keilholz MIND Lab github here:

https://github.com/BnzYsf/QPP_Scripts_v0620

cPCA scripts provided by Taylor Bolt (Bolt et al., 2022) are available at his github here:

https://github.com/tsb46/complex_pca

Structural and rsfMRI scans were provided by Alex Belden from the MIND lab at Northeastern and

can be made available upon request to the authors and original data collectors.
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Chapter 4

Conclusions, Discussion, and Future Directions

4.1 Conclusions
4.2 Discussion and Future Directions — QPPs in Alzheimer’s Disease, cortical

networks as attractor states



4.1 Conclusions

This multi-dataset study produced several novel insights into the dynamic functional connectivity of
cortical networks across behavioral states, as well as cautionary information regarding the

application of dynamic analysis on the individual level or to smaller samples.

4.1.1 DMN vs non-DMN axis of attention

In neurotypical subjects from a wide range of task and rest states, we report that cortical network
dynamics during the QPP follow a DMN vs non-DMN alignment axis, which appears to closely track
the degree of external attention demanded by tasks. At one end of the spectrum, subjects engaged
in resting states or tasks requiring a high degree of internal attention such as mindfulness meditation,
show a strong correlation between the DMN-FPN. This DMN-FPN connectivity weakened during
congruence tasks and became significantly weaker during external visual tasks. These findings were
consistent with literature portraying the FPN as a flexible executive control network that modulates
and buffers the activity of other networks depending on attentional demands (119, 141, 184). These
results also suggest that decreased DMN-FPN alignment in the QPP could serve as a biomarker of
atypical executive control or attentional processing at rest. The DMN-VAN correlation also exhibited
a strong shift corresponding to internal vs external attention, but in the opposite direction, showing
a flip from negative to positive correlation to the DMN during externally focused tasks. Surprisingly,
the somatomotor (SOM) network participated more strongly than any other network in shifts related
to external vs internal attention, switching from very negative DMN-SOM correlation during internal
tasks to very positive correlation during external tasks. Overall, the spectrum of attention from
internal-to-external that we observe generates a tool that can be used to help interpret the
burgeoning literature of dynamic FC results, which so far have lacked a neurotypical refence to link

results across datasets. We propose that this DMN vs non-DMN axis can serve as a reference point



to establish biomarkers in future dynamic FC studies, where results can be compared to this

reference spectrum to identify atypical internetwork dynamics.

4.1.3 QPP Methods comparison and musical training as a proxy for the effects of prolonged

behavioral training on QPPs

To explore the hypothesis that prolonged behavioral training, especially that which may heavily
engage attentional networks over time, might change internetwork QPP dynamics, we applied QPP

analysis to a dataset of musicians.

Comparing internetwork dynamics in classical, improv, and non-musicians, we initially hypothesized
that classical musicians, given years of disciplined practice and focus on musical training, might
exhibit greater anticorrelation between the DMN and DAN, a characteristic ofimproved performance
(31, 63). Instead, in the group level QPP results, we observed greater DMN-DAN anticorrelation in
improv musicians compared to both classical and non-musician groups. We also explored the
feasibility of breaking down networks into sub-ROls to make comparisons between ROls that seem
to most explain observed network level effects. Specifically, we compared amygdala to DAN

connectivity, as we found this to be significantly greater in improv musicians than the other groups.

As we applied two methods of QPP detection to the musician data, sliding window and cPCA,
comparison of the results between these two approaches was one of the most valuable findings.
Specifically, sliding window and cPCA methods showed convergent results at the group level,
indicating the same group level changes to networks. The use of cPCA is validating as it is not
constrained by a user defined window length and is thus less influenced by user-controlled

parameters.

The musician study also generated cautionary information regarding sample size and the

comparison of group level to individual QPP results. When repeating our inter-network analysis on



correlational values from individual QPPs, all the group level findings from this study washed out,
and no significant differences were observed between the groups. These results indicate that caution

should be taken when drawing conclusions from group level QPP analysis alone.

At the group level, the findings from this study suggest that behavioral training may alter infraslow
network dynamics, but the effects could be very subtle. To make strong interpretations of such subtle
effects, we expect a much greater sample size would be necessary. This would likely require
documentation of musical training on subjects from a much larger database, with sample sizes more

than 100 (180, 185).

4.2 Discussion and Future Directions

The results reported here reflect a considerable advance in understanding how inter-network
dynamics in QPPs change in response to a spectrum of external vs internal attention, exogenous
neuromodulators, and prolonged behavioral training. As alluded to in previous sections, we propose
that this initial survey of QPP results across datasets leads logically to the comparison of these

results with datasets representing neural disorders and pathologies for biomarker discovery.

Specifically, as the results from the present study provide more evidence that strong anticorrelation
between the DMN and DAN is a feature of healthy cognition and attentional performance,
neurodegenerative diseases marked by a loss of cognitive function should hypothetically exhibit a
loss of typical anticorrelation between the DMN and other networks. Consistent with this hypothesis,
this is exactly what we found when analyzing inter-network QPP dynamics on subjects from the

Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (Figures 4.1-5.3).
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Figure 4.1. QPP waveforms showing the normalized BOLD captured by sliding window QPP

algorithm in age matched healthy controls (n=20 per group, 10/10 male/female, mean age 72).

Inspecting the QPP waveform of 7 Yeo’s networks through one cycle of the QPP (Figure 4.1), it
becomes apparent that all networks except the visual and subcortical networks show a loss of
anticorrelation with the DMN. This difference becomes especially clear when focusing on the
attention networks specifically (Figure 4.2), those that are sometimes grouped as the TPN. This

includes DAN, FPN, and VAN.

While the data shown in Figure 4.2 are merely qualitative and represent preliminary results, they
show more of an obvious change in anticorrelation than any other dataset or condition we have
observed so far. Importantly, the loss of anticorrelation seen in the ADNI group is consistent with a
large body of evidence from existing fMRI literature based on traditional seed-based and time-

averaged methods pointing to a loss of DMN-DAN anticorrelation in aging and AD (28, 68, 74-77).
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Figure 4.2. A) Waveforms of sliding-window QPP focused on attentional networks and DMN only,

note the near complete loss of anticorrelation that normally occurs between the DMN and DAN in

the AD group. B) Plot of the squared difference between networks over the same QPP cycles shown

in A. Completely anticorrelated networks would show a squared difference of 1, while completely

correlated networks would show a squared difference of 0. In the bottom right, the squared

difference in AD subjects is near zero and quite clear (n = 20 controls, 20 AD, 50/50 male/female,

mean age ~ 72 years).

Further analysis of the ADNI dataset is an active area of exploration, including validation of the

ADNI results with an AD dataset obtained from collaborating professors at imaging centers from

Emory University and the Georgia Institute of Technology.
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Figure 4.3. Spatial-temporal visualization of QPPs detected with cPCA on AD vs control subjects
from the ADNI database. Shown are 15 time points (half of total timepoints generated) at close
approximations of their phase around 1 full QPP cycle (from zero to 2m). Note (qualitatively) the

substantially longer dwell times with loss of anticorrelation in the AD group.



In addition to validating our results in AD subjects from another dataset, active studies related to
this project seek to apply additional methods of dynamic analysis that provide complimentary
results including cPCA (Figure 4.3) (49) and Hopfield network analysis. Recent work by Englert and
colleagues (186) has demonstrated that macro-scale brain dynamics, such as cortical network
dynamics, can be faithfully modeled as Hopfield Neural Networks (HNN). In this model, cortical
dynamics can be explained as part of an energetic landscape, where networks represent attractor
states of low energy configuration (186). For example, the “internal” attractor state observed in
their study shows considerable spatial overlap with the canonical default mode network described
in the present study, while the “external” attractor state is analogous to task positive regions

discussed here.

In the introductory chapter of this dissertation, a hypothesis was presented to explain DMN-TPN
anticorrelation based on cortical resource allocation, as several studies suggest that anticorrelated
networks governing internal vs external models were forced to evolve due to limited cortical
resources (10, 15, 35). The conception of cortical network dynamics as attractor states offers a
complimentary explanation for the phenomenon of anticorrelated networks as well as providing
insight into the loss of QPP anticorrelation seen in AD patients. If default mode and task related
regions act as basins of attraction, then it makes good sense why they exhibit anticorrelated
dynamics in cognitively neurotypical subjects. The internal and external attractor states serve
mutually exclusive functions, and if their basins of attraction were to begin overlapping, it stands to

reason the computational resolution between the respective networks would be lost.

Explaining anticorrelated networks as attractor states is consistent with changes seen in brain
states where anticorrelation as well as normal cognitive capacity is eroded, such as sleep

deprivation (33). Consumption of strong psychedelics like LSD and psilocybin has also been shown



to decrease anticorrelation between DMN and task networks as well as flatten the energetic

landscape of the brain, increasing spontaneous state transitions (38, 41, 187-191).

Based on the results of lost DMN-DAN anticorrelation in AD patients from the present study and the
established literature, it is likely that modeling dynamic cortical networks as Hopfield attractor
networks will show a decrease in the energetic barrier between typically separate basins of
attraction. If this hypothesis should bear out, it offers significant mechanistic insight into the
ultimate adaptive function of anticorrelated networks. Additionally, it offers a unifying hypothesis
that helps to link activity across scales, providing a consistent model of dynamics from single

neurons to whole-brain activity.




Appendix A: CPAC processing pipeline

All functional and anatomical MRI scans were formatted according to BIDS standards and
processed using the configurable pipeline for the analysis of connectomes (CPAC) (192-
194). The use of a high efficiency processing pipeline helps to minimize noise introduced
from processing variation between toolsets and groups. CPAC is run via Docker container
and contains many formerly separate fMRI tools and processing packages housed within a
single software, allowing for streamlined processing. These include but are not limited to
steps for skull stripping, functional to anatomical registration, and motion correction. As
the name implies, the pipeline has a default version, but has a wide range of parameters
which are configurable to meet the needs and experimental interests of the researcher. For
this study, an identical version of the configurable pipeline was used for all datasets, which
included motion correction, slice-timing correction, global signal regression, and
registration to an anatomical template. The complete version of the pipeline used can be

made available upon request.



Appendix B: Supplementary Tables

Supplementary Table 1. Scan sources and parameters.

Dataset Source: T1 Anatomical Functional Scan

Video Dr. Mukeshwar Dhamala (Georgia | 3T SMagnetom Prisma [ 3T S Magnetom

Gamer State University) and Timothy | MRI scanner; | Prisma MRI scanner;

Task (VG) | Jordan (UCLA). Georgia | TR=2530ms; TE1-4: | TR=535ms; TE=30ms;

N=47, 4 | State/Georgia Tech Center for| 1.69-7.27ms; flip | flip angle:46°;

task Advanced Brain Imaging (CABI). angle:7°;Voxel FOV:240mm;  Voxel

scans per Size:1mm?3 Size:  3.8x3.8x4mm;

subject slices:32

Visual OpenNeuro Siemens 3T MRI | Siemens 3T MRI

Working | (Hampshire, Adam and Soreq, Eyal | Triolim scanner; | Triolim scanner;

(VWM) (2019) TR=2500ms; TR=2000ms;

Memory TE=2.9ms; flip angle: | TE=30ms; flip

Task 9°; Voxel Size:1Tmm? angle:45°;

N=19 FOV:240mm; Voxel

(13M 6F) Size: 3mm?3; slices:36

Mean

Age: 22.4,

3 task

scans per

subject

Simon OpenNeuro Siemens Allegra 3T | Siemens Allegra 3T

Task (Kelly AMC and Milham MP (2018). | scanner; TR=2500ms; | scanner; TR=2000ms;

N=21, 2 | Simon task. OpenNeuro). TE=3.93ms; flip | TE=30ms; flip

task angle:8°; FOV:256mm; | angle:80°;

scans per Voxel Size:1Tmm? FOV:192mm; Voxel

subject Slze: 3x3x4mm;
slices:40

Stroop OpenNeuro Siemens Verio 3T | Siemens Verio 3T

Task (Timothy D. Verstynen (2018). | scanner scanner; TR=1500ms;

N=28 Stroop Task. OpenNeuro). TE=20ms; flip

(20M 10F) angle:90°;

Mean FOV:240mm;  Voxel

Age: 31yr, Slze: 3.5mmisotropic;

1 task slices:30




scan per

subject

Flanker OpenNeuro Siemens Allegra 3T | Siemens Allegra 3T

Task (Kelly AMC and Uddin LQ and | scanner; TR=2500ms; | scanner; TR=2000ms;

N=26, 2| Biswal BB and Castellanos FX and | TE=3.93ms; flip | TE=30ms; flip

task Milham MP (2018). Flanker task | angle:8°; FOV:256mm; | angle:80°;

scans per | (event-related). OpenNeuro. Voxel Size:1mm? FOV:192mm;  Voxel

subject Size: 3x3x4mm;
slices:40

CABI Dr. Eric Schumacher, Georgia | Siemens 3T Trio MRI [ Siemens 3T Trio MRI

Rest Institute of Technology. Georgia | scanner; TR=2250ms; | scanner; TR=2000ms;

N=99 State/Georgia Tech Center for [ TE=3.98ms; flip | TE=30ms;

Mean Advanced Brain Imaging (CABI). angle:9°; FOV:256mm; | flip angle:90°;

Age: 26yr, Voxel Size:1Tmm? FOV:240mm;  Voxel

1 rest Size: 3x3x3mm;

scan per slices:37

subject, 2

rest scans

for most

subjects

HCP Human  Connectome  Project. | Siemens Skyra 3T; 3D | Siemens Skyra 3T;

Rest/Tas | Washington University. (Van Essen | MPRAGE sequence; | Gradient-echo Echo

k etal., 2012). TR =2400 ms, Planar Imaging;

N =50 TE=2.14 ms, TR=720ms,

Ages 26- TI=1000ms, FA=8° | TE=33.1ms,

36, 2 rest FOV =224 mm x 224 FA =52°,

and 2 task mm, voxel size | FOV =208 mm x 180

scans per 0.7 mm?® mm (RO x PE),

subject matrix=104 x 90 (RO
X PE), slice
thickness =2.0 mm;
72 slices; 2.0mm
isotropic voxels,
multi-band factor =8,
echo spacing 0.58 ms

Meditato | Dr. Wendy Hasenkamp and Dr. | Siemens 3T Trio MRI | Siemens 3T Trio MRI

rs Larry Barsalou, Dr. Christine | scanner; TR=2600ms; | scanner; TR=1500ms;

N=14 (3M | Wilson-Mendenhall, Emory | TE=3.9ms; TE=30ms;

11F) University. (Hasenkamp et al.,, | FOV:240mm flip angle:90°;

2012). FOV:192mm;  Voxel




Ages 28- Size: 4x3x3mm;

66, 1 rest slices:18

and 1

meditatio

n task

scan per

subject

Twilight OpenNeuro. (J. Chen and C. J.|Siemens 3T Skyra | Siemens 3T Skyra

Zone Honey and E. Simony and M. J. | scanner; Voxel | scanner; TR=1500ms;

N=24, 1 |Arcaro and K. A. Norman and | Size:0.89mm? TE=28ms;

task Hasson, U. (2019). Twilight Zone flip angle:64°;

(watching | Movie Watching Dataset. FOV:192mm;  Voxel

Twilight OpenNeuro. doi: Size: 4x3x3mm;

Zone) per | 10.18112/openneuro.ds001145.v1. slices:27

subject 0.0).

THC Dr. Linda Klumpers, University of | 3T Achieva scanner | 3T Achieva scanner.

data, Vermont. Data Originally obtained | (Philips Medical | T2*-weighted, 220

N=12 in the Netherlands at the Center for | System, Best, The | gradient echo ‘echo

Human Drug Research. Netherlands) planar imaging’ (EPI)

volumes (repetition
time
interval = 2180 ms;
echo time
interval=30ms; flip
angle =80°; 38 axial
slices; 64 x 64 x 38
isotropic  resolution
3.44 mm; scan
time = 8.1 min)

LSD Data | Robin Carhart-Harris et al. (2020). | 3T GE HDx system. 3D | 3T GE HDx system.

Neural correlates of the LSD
experience revealed by multimodal
neuroimaging. OpenNeuro.
[Dataset] doi:

10.18112/openneuro.ds003059.v1.
0.0

fast spoiled gradient
echo scans in an axial
orientation, with field
of view = 256 x 256 x
192 and matrix = 256 x
256 x 20 192 to yield
Tmm isotropic voxel
resolution. TR/TE =
7.9/3.0ms; inversion
time = 450ms; flip
angle = 20°.

TR/TE = 2000/35ms,
field-of-view =
220mm, 64 x 64
acquisition matrix,
90° flip angle. 35
oblique axial slices,
3.4mm thick (3.4mm
isotropic voxels).
BOLD scan duration
7:20 minutes.




Musician
Data

Alex Belden and Pysche Loui from
Northeastern University. 1. A.

Belden et al., Improvising at rest:
Differentiating jazz and classical
music training with resting state
functional connectivity.
Neuroimage 207, 116384 (2020).

T1-weighted
sequences:
magnetization
prepared rapid-
acquisition gradient-
echo (MPRAGE) with a
voxel size of 0.8 x 0.8 x
0.8 mm3*(TR=2.4s,TE
= 2.09 ms, flip angle =
8°, FOV =256 mm).

3D

Duration of 7.5
minutes. Echo-planar
imaging (EPI)
sequence.947
volumes (TR=475ms;
TE = 30 ms; flip angle
=90, 48 slices; FOV =
240 mm; acquisition
voxel size =3 x 3 x 3
mm?3).

Supplementary Table 2. Brainnetome coordinates of ROls assigned to each network.

DMN DAN FPN VAN VIS SOM

3
5

11
13
14
23
33
34
35
41
42
43
44
51
52
79
80
81

7

8
25
26
30
55
56
63
64
85
86
91
92
97
98
107
125
126
127

1 2 105 9

4 15 106 10
12 37 108 53
16 38 11254
17 39 11357
18 40 114 58
19 61 11959
20 62 12060
21 65 13566
22 123 136 67
24 124 151 68
28 167 152 71
29 168 182 72
31 169 189 73
32 170 190 74
36 173 191 75
46 174 192 76
82 180 193 131

99 183 194 132




83

84

87

88

95

121
122
141
144
153
154
175
176
179
181
187
188

128
129
130
133
134
139
140
143
150
159
201

100 184 195 145

137 185 196 146

138 186 197 149

142
147
148
166

198 155
199 156
200 157
202 158
203 160
204 161
205 162
206 163
207 164
208 171
209 172
210



Appendix C: Supplemental Figures
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Supplemental figure 1. Global signal regressed (GSR) vs non-GSR data for Music data. QPP
waveforms with GSR (A) and without GSR (B) for the 3 musical training groups. FC matrices showing

correlations between 8x8 Yeo’s networks during the QPP for GSR (C), and non-GSR (D) scans. Note



the near complete loss of anticorrelation in non-GSR data. These results are typical for non-GSR

data.
DMN seed:
Brainetome
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176
Classical
VIS seed:
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ROIs 3, 4
{ MMT
| Classical
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Supplemental figure 2. Seed voxel locations within major ROls analyzed with cPCA for Musician

Data. A) DMN, B), VIS, and C) Amygdala. Color bar indicates correlation to seed region of normalized



BOLD signal during 1 cycle of cPCA based QPP between -1 and +1. Note the very high correlation
(bright yellow) of all voxels within each ROI to the seed voxels.
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