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Summary
Resting state functional MRI (rsfMRI) is a non-invasive technique used to study functional
connectivity (FC) between different brain areas, within a subject at rest, absent attentiondemanding stimuli. RsfMRI also allows investigation of time-resolved brain dynamics, such as
Quasi-Periodic Patterns (QPPs). QPPs are hypothesized to represent an important contributor to
brain FC. They describe a recurring opposition of two major networks, the Default Mode (DMN)
and Task Positive network (TPN), respectively important for internally versus outwardly oriented
cognitive processes. The major goal of thesis was to determine if QPPs exist in mice and
establish if their properties are relevant to advance preclinical rsfMRI research.
First, we validated in young healthy control animals that QPPs exist in mice and that they display
dynamic anti-correlation of two networks homologous to the DMN and TPN. We determined
that multiple subtypes exist and that they coincide with global brain dynamics. Global signal
fluctuations and DMN-TPN anti-correlations have prior been related to arousal dynamics.
Then, we determined if QPPs could provide novel insight into Alzheimer’s disease (AD). We
imaged old TG2576 mice, a mouse model of amyloidosis, and age-matched healthy controls.
While control animals displayed normal patterns, AD mice were marked by QPPs in which
components of the DMN network were anti-correlated. We then showed how QPPs reflected a
large fraction of DMN-TPN FC, and that this information could be used as a biomarker of
Alzheimer’s disease pathology.
Lastly, we investigated the role of QPPs in brain function. In control mice, we acquired rsfMRI
followed by visual stimulation fMRI. We determined that QPPs occur during the task state and
interact with visual processing. On one side, QPPs before the onset of a stimulus modulated the
evoked response magnitude. On the other side, visual stimuli triggered activation of QPPs. By
removing the contribution of QPPs from the data, we showed that QPPs contributed to the
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magnitude and variance of visual responses. The timing of QPPs at the start of the stimulus
suggested an arousal-based mechanism. Such process can be mediated by neuromodulatory
input from the brainstem, which appeared involved within QPPs. The same neuromodulatory
systems are important for global brain dynamics.
Overall, this thesis showed the existence of QPPs in mice and indicated their relevance for preclinical research. A common emerging element from our work is the close relationship between
global brain dynamics, QPPs, arousal and potentially neuromodulatory systems. Future work
may more closely investigate these ties.
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Samenvatting
Resting state functionele MRI (rsfMRI) is een methodologie voor de non-invasieve studie van
functionele hersen connectiviteit (FC) in een persoon die in rustende conditie in de scanner ligt.
RsfMRI laat ook toe om onderzoek uit te voeren naar dynamische hersen-processen, zoals
quasi-periodische patronen (QPPs). QPPs zijn gehypothetiseerd als een belangrijke bijdrager aan
resting state FC. Prominent is dat ze de dynamische interactie van twee tegengestelde
netwerken vertonen, namelijk het default mode (DMN) en Task Positive netwerk (TPN). Deze
zijn respectievelijk belangrijk voor intern gëorienteerde cognitieve processen versus aandachtvragende processen die nodig zijn om met de omgeving te interageren. Het voornaamste doel
van deze thesis was om het bestaan van QPPs in muizen te bepalen en te bepalen of hun
eigenschappen van belang zijn voor pre-clinisch rsfMRI onderzoek.
Eerst stelden we in gezonde jonge muizen vast dat QPPs bestaan en dat ze de dynamische anticorrelatie tussen homologe networken van het DMN en TPN beschrijven. We stelden vast dat
meerdere types van QPPs bestaan en dat ze overlappen met globale fluctuaties in hersenactiviteit. Zowel globale hersen fluctuaties als anti-correlatie tussen het DMN en TPN waren
reeds eerder gecorreleerd met fluctuaties in alertheid
Vervolgens gingen we na welke rol QPPs spelen in de ziekte van Alzheimer. We namen
functionele MRI beelden op in oude TG2576 muizen, een model van amyloidose, en gezonde
leeftijds-gepaarde muizen. Gezonde controle-dieren vertoonden normale QPPs, maar de
transgene muizen vertoonden QPPs waarin componenten van het DMN anti-gecorreleerd
waren met elkaar. We toonden verder aan hoe QPPs een belangrijke fractie van network FC
verklaarden en dat dit gebruikt kon worden als een biomerker voor de ziekte van Alzheimer.
Ten laatste onderzochten we de rol van QPPs in hersenfunctie. We namen functionele rsfMRI
beelden op in gezonde muizen en volgden dit op met een experiment waarin visuele stimuli
werd gepresenteeerd aan de muizen. We bepaalden dat QPPs nog steeds voorkwamen zelfs
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tijdens visuele stimulatie en dat ze een invloed vertoonden op het verwerken van de stimulus.
Aan één kant beïnvloede de staat van QPPs voorafgaand aan de stimulus de magnitude van de
visuele respons. Aan de andere kant leidde de visuele stimulus zelf tot een activatie van QPPs.
Wanneer de contributie van QPPs uit de scan verwijderd werd, konden we aantonen dat QPPs
bijdroegen aan de magnitude en variate van de visuele respons. De timing van geactiveerde
QPPs aan het begin van de stimulus suggereerde dat dit effect een attentie-gedreven
mechanisme voorstelde. Zulke processen kunnen gemedieerd worden via neuromodulatorische
regulatie van de hersenstam. Onze observaties suggereerden inderdaad dat zulke systemen
betrokken waren. Deze systemen zijn verder ook belangrijk voor globale hersen-activeit.
In conclusie bevestigde deze thesis het bestaan van QPPs in muizen en werd de relevantie voor
pre-clinisch onderzoek aangetood. Een gemeenschappelijk element doorheen de verschillende
bevindingen was de relatie tussen globale hersen activiteit, QPPs, alertheid en
neuromodulatorische systemen. Verder werk kan deze relatie in meer detail bestuderen.
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General introduction.
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Chapter 1

1.1. A contribution to translational fundamental neuroscience
The brain can be studied in many of its different aspects, ranging from the nanoscale level,
where molecules interact in order to maintain the homeostatic function of individual neurons,
to the macroscopic dynamics of brain networks, that produce behavior and cognition. While the
study of the brain is composed out of different fields of research, the ideology of the current
dissertation lies within the field of fundamental neuroscience, and in particular within the study
of brain activity at the system-scale level. This is achieved through the use of magnetic
resonance imaging (MRI), a non-invasive tool that knows routine application in human clinical
practice. Particularly, the presented work adapts this technique to gain fundamental insights
into the neural dynamics of the mouse brain, and additionally seeks to exploit gained insights to
advance pre-clinical neuroimaging research in mice. Given the established clinical relevance of
MRI and a situational focus on developing novel data analysis tools, the research presented in
this dissertation contributes to the advancement of translational fundamental neuroscience.

1.2. MRI: system-scale neuroimaging
1.2.1 Different scales of brain activity
From a historic perspective, the conventional approach to study brain activity is to perform
direct electrical recordings. Famously, Hubel and Wiesel implanted microelectrodes in the brain
of cats and showed they could measure the electrical potential across the membrane of a few
neurons (Hubel and Wiesel, 1962; Hubel, 1957). In their experiments, they determined that the
measured neuronal activity could be correlated with the mental representation of visual cues
presented to the animals. Their work has inspired many scientists in cognitive neuroscience,
sparking major technical advance, to the point where it is now possible to perform electrical
recording from hundreds of neurons simultaneously (Buzsáki, 2004; Jun et al., 2017; Seymour et
al., 2017). Another major advancement has come from the combination of genetic and optical
techniques, where two-photon calcium imaging now allows one to visualize the activity of all
neurons in an entire brain section (Grienberger and Konnerth, 2012; Wallace and Kerr, 2010).
These techniques are marked by high spatiotemporal resolution, at the order of milliseconds
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and micrometers, and have tremendously increased our understanding of neural operation.
However, they present several limitations. They are invasive, sample only a specific region of
the brain, and ultimately record just a small fraction of neurons. 85 billion neurons compose the
entirety of the human brain, while that of the mouse is composed of a factor 1000 less
(Braitenberg, 2001; Braitenberg and Schütz, 1998). Electroencephalographic (EEG) recordings
represent a routinely used technique to non-invasively investigate the average neuronal activity
below the surface of the skull (Jackson and Bolger, 2014). EEG is however limited by low spatial
resolution and a lack of capability to image deeper brain regions.
Magnetic Resonance Imaging (MRI) is a (pre-)clinical non-invasive imaging technique, which
visualizes soft tissues such as the brain (McRobbie, 2003). In contrast to the previously
described techniques, MRI images all brain regions and can be employed to obtain different
types of information not limited to neuronal activity. The nature of MRI originates from the
magnetic characteristics of hydrogen nuclei - present under the form of water and fat molecules
- in the presence of an external magnetic field, and the ability to interfere with the state of the
hydrogen nuclei using dedicated radiofrequency pulses and applying time dependent magnetic
field gradients. There exists a enormous variety in MRI sequences, creating a wealth in different
tissue-specific image contrasts. (Bernstein et al., 2004). Images are created that either optimize
the contrast of a specific characteristic between different brain regions, or that directly extract
biologically relevant information. A common example are T1, T2 and T2* contrast images, that
provide high quality visualisation of anatomical structure in which grey and white matter can
easily be distinguished. This wide range of utilities makes MRI an unmissable tool in routine
clinical practice (Westbrook and Roth, 2011). One particular application, functional MRI (fMRI),
represents the most commonly used technique to study brain function. fMRI measures regionspecific changes in the ratio of oxygenated versus deoxygenated hemoglobine as a result of
changes in oxygenated blood flow, which are coupled to changes in neural activity and that
transiently alter the region’s MRI signal intensity (Ogawa et al., 1990). By acquiring a series of
fMRI images over time, it becomes possible to record neural activity within small cubic voxels in
a three-dimensional grid positioned over the brain. While fMRI provides many advantages, it
compromises on spatiotemporal resolution. In small animal in vivo experiments, typical spatial
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resolutions will be on the order of 100-200 μm in-plane (2D) and 300-500 μm through-plane
(slice thickness), while temporal resolution is on the order of 1-2 s (Gorges et al., 2017). Because
of these properties, MRI misses out on the fine intricacies of single neurons and microcircuits,
but provides an unmatched view into system-scale brain dynamics.

1.2.2. Functional MRI
As mentioned above, fMRI is a highly popular technique that indirectly measures neural activity
(Bandettini, 2012). The basis of this technique lies with the observation that when neurons in a
specific brain region become active, a metabolic cascade causes nearby arterioles to vasodilate,
which in turn leads to a local increase in cerebral blood volume (CBV) and blood flow (CBF)
(Hillman, 2014). This response is commonly referred to as the haemodynamic response function
(HRF) and provides the necessary oxygen and glucose that neurons consume in order to
maintain their activity (Fig. 1.1A). As a result, blood within this brain region transiently displays
a shift in excess ratio of more oxygenated (oxy)haemoglobin compared to non-oxygenated
(deoxy)haemoglobin. Due to their different magnetic properties, that is, one is respectively
diamagnetic and the other paramagnetic, this ratio change decreases interference of the local
environment with the spin relaxation properties of hydrogen nuclei, causing a local increase in
MRI signal intensity, known as the blood-oxygen-level dependent (BOLD) response (Logothetis
and Pfeuffer, 2004; Logothetis and Wandell, 2004). Compared to neuronal activity, the
haemodynamic response is sluggish on the order of seconds, and is marked by a particular
reproducible shape (Fig. 1.1B). Essentially, this means that the HRF describes a transfer function
of neuronal activity to BOLD signal. It is this relationship that builds the foundation of the fMRI
technique and implies its indirect measurement of neural activity (Logothetis, 2008; Logothetis
et al., 2001). It further emphasizes that fMRI tends to capture neural dynamics within the HRF’s
natural frequency range, which explains why fMRI can perform well despite its low temporal
resolution. Essentially, one only needs to sufficiently sample the HRF in order to extract the
maximal amount of information content from the BOLD signal.
The term fMRI is used interchangeably with ‘task-based fMRI’, the application for which it is
most famously known. The haemodynamic response can be well understood in the
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experimental paradigm where a subject at rest is presented with a sensorimotor or cognitive
task. This elicits a neural response, which can be detected from the local change in BOLD signal.
Statistical comparison of the BOLD response during repetitions of the task, compared to
interleaved rest periods, pinpoints the specific brain regions that become activated (Fig. 1.1C).
The resultant information provides insight into the functional organization of the brain and
elucidates how brain regions interact with one another to process information.

Figure 1.1. The haemodynamic response and functional MRI. A) Illustration of the haemodynamic response. When
neurons fire, glutamate is released into the synaptic cleft. Astrocytes uptake outward diffusing glutamate via
2+
mGluR receptors, which in turn leads to an intracellular increase in Ca , that in turn causes the release of
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vasoactive compounds from astrocyte end feet onto nearby sheathed arterioles, capillaries and venules. The
described mechanism is the stereotypical example, but other pathways have been suggested (Hillman, 2014)). The
effect is however always the same: an increase in neuronal activity causing a signaling event that leads to
vasodilation of nearby blood vessels, effectively coupling neuronal activity to vascular flow. B) Illustration of the
haemodynamic response function (HRF). When blood vessels dilate and blood flow increases, the total volume and
fraction of oxygenated versus deoxygenated haemoglobin changes. The latter are respectively diamagnetic and
paramagnetic, which means that an increase in the ratio of oxyhaemoglobin versus deoxyhaemoglobin causes a
decrease in the regional interference with the magnetic field of the scanner, which in turn leads to a larger MRI
signal. The latter is termed the BOLD signal. By acquiring repeated samples or images over time, the neurovascular
response can be measured. Note the slow stereotypical response to a brief 0.5 s stimulus. C) Example of a visual
fMRI experiment. When stimuli are presented to a subject, relevant regions for the processing of that stimulus
become activated. Using the HRF, it can be estimated how a transient neuronal response evoked by the stimulus
translates into BOLD activation (this is done via convolution). By repeating the stimulus presentation several times,
and for several subjects, it is possible to obtain a statistical map of activated brain regions. Activated areas include
visual cortex, Superior Colliculus, thalamus, and ventral tegmental area. All are part of the mouse visual system.

1.2.3. Resting state fMRI
Task-based fMRI investigates how the brain responds to external stimuli, but it does not
investigate what the brain does when a subject is at rest, in absence of any attentiondemanding cognitive task. While brain function might arguably be studied within the paradigm
that it only serves to respond to its environment, this would ignore the extensive ongoing nonrandom neural activity and high metabolic energy consumption observed during rest (Fox and
Raichle, 2007; Raichle, 2015, 2010; Snyder and Raichle, 2012). Furthermore, many studies have
unveiled a spontaneous rhythmic organization of the brain, which appears to mediate
processing of external information and to orchestrate consolidation (Buzsáki, 2010, 2007, 2006;
Buzsaki and Draguhn, 2004; Buzsáki and Peyrache, 2013). It becomes apparent that studying
brain activity during rest may be an unavoidable necessity to uncover fundamental insights into
the brain.
In 1995, Biswal et al. made the first observation of patterned BOLD activity, confined within
neuroanatomical boundaries, in human subjects at rest. Furthermore, the observed resting
state network (RSN) appeared highly similar to a pattern of co-active brain regions during a
consecutive task-based fMRI experiment. This hallmark discovery inspired a paradigm shift
within the field towards studying the resting state (rs)fMRI signal. The observation of RSNs that
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appear similar to task-evoked co-activation patterns has been repeatedly confirmed (Crossley et
al., 2013; Smith et al., 2009). Additionally, a multitude of studies have identified a baseline
network that appears highly active during rest, the Default Mode network (DMN) (Cordes et al.,
2000; Zhang et al., 2008). Another network that is generally observed anti-correlated to this
network is the Task positive network (TPN), a set of brain regions that display high activity
during attention demanding tasks, yet still display coherent activity during rest (Fox et al., 2005;
Greicius et al., 2003). All together, these findings hail a powerful message. RsfMRI suggests that
the brain contains within itself organized structure that may reflect a baseline mechanism for
system-scale operation and may even shape responses to external stimuli (Cole et al., 2016).
At the current time, rsfMRI has become common practice when investigating the brain’s
functional architecture (Snyder and Raichle, 2012). Researchers acquire fMRI scans in subjects
at rest and then calculate the temporal correlation between low-frequency fluctuations (LFF,
0.01-0.1 Hz) of the BOLD signal in different brain regions. Fig.1.2 illustrates such analyses,
applied to rsfMRI data obtained in mice. The resultant correlation values describe a measure of
functional connectivity (FC) between the respective areas (Friston, 2011). The investigated
frequency spectrum is generally narrowed down to the LFF range, in order to avoid
contamination of physiological noise and scanner artifacts (Bianciardi et al., 2009; Keilholz et al.,
2016; Murphy et al., 2013). While other methodologies exist to determine the statistical
interdependence between distinct brain regions, the FC approach, presented in Fig. 1.2,
illustrates the basic concept of rsfMRI.
Overall, rsfMRI enables researchers to obtain a view into the brain’s system-scale network
structure, or in other words, its macroscale functional connectome (Smith et al., 2013a, 2013b).
As a result, rsfMRI studies have greatly increased our basic knowledge of brain network FC.
Additionally, rsfMRI research has not remained exclusive to healthy subjects, but has been used
to study a variety of neurological disorders (Greicius, 2008; Lee et al., 2013; Zhang and Raichle,
2010). Network FC has been linked to cognitive function and appears sensitive to some of the
pathological disruptions presented in Alzheimer’s disease, schizophrenia, epilepsy, and so on
(Cataldi et al., 2013; Fornito et al., 2015; Greicius et al., 2004; Sheline et al., 2010b; Sheline and
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Raichle, 2013; Zalesky et al., 2012). While rsfMRI is still under development for routine clinical
practice, the initial exploration of this fairly young field highlights its promising future.

Figure 1.2. Resting state fMRI. A) Illustration of brain area correlation, i.e. functional connectivity (FC). Top panel
illustrates the BOLD signal time course of Somatosensory area 2 (S2) and Caudate Putamen (Cpu). The time courses
show little overlap, suggesting a lack of FC. Bottom panel illustrates the BOLD signal time course of left and right
Cingulate cortex. A lot of overlap is apparent, suggesting the areas are functionally coupled. Anatomical locations
are indicated on a representative brain slice acquired with echo-planar imaging (EPI). The respective location of
that slice within the mouse brain is indicated on a sagittal reference stereotaxic atlas (Paxinos and Franklin, 2007).
B) Region of interest (ROI) based FC matrix. Essentially this graph is an extension of (A), representing the pair-wise
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Pearson correlation for a set of brain areas. Colormap indicates Pearson correlation. C) Seed-based FC maps. While
in (B) the average signal of specific brain areas were correlated with those of others, in this type of analyses, the
BOLD signal time course of one ROI, or ‘seed’ is voxel-wise correlated with the BOLD signal time course of all
individual voxels in the brain, providing a spatial correlation map of correlated areas. Colormaps indicate Pearson
correlation in a single brain slice, while the seed is indicated on a reference stereotaxic atlas.

1.2.4. Dynamic resting state fMRI
RsfMRI has proven to be a powerful tool to study brain functional connectivity, but it has not
reached its full potential, encountering several pitfalls and not achieving sufficient reliability for
routine clinical practice (Bright et al., 2017; Cole et al., 2010; Daliri and Behroozi, 2013; Fox and
Greicius, 2010; Lee et al., 2013). One particular limitation that has recently received a lot of
attention is the assumption of ‘static’ FC (Hutchison et al., 2013). All rsfMRI studies described
above are marked by analysis strategies that assume a stationary interdependence between
different brain areas across the duration of a functional scan. Essentially, this means that the
relationship between two given brain regions is calculated from their entire time series, leading
to a single value to describe their interaction. The brain’s functional organization is however
dynamic, with brain regions interacting across multiple time scales (Buzsáki, 2006). If this is
ignored, potentially relevant information is lost. The recent advance in the fMRI field towards
dynamic (d)rsfMRI confirmed that when the dynamics of BOLD (d)FC are taken into account,
fundamental new insights into macroscale neural processes are uncovered (Calhoun et al.,
2014; Deco et al., 2011; Keilholz, 2014). dFC hasn’t only led to advances in fundamental
research, but has also provided new insights and potential biomarkers for multiple neurological
disorders (Córdova-palomera et al., 2017; Damaraju et al., 2014; De Vos et al., 2017; Quevenco
et al., 2017; Rashid et al., 2016; Yao et al., 2016).
The simplest and most often used drsfMRI strategy is based on the sliding-window analysis
(SWA) approach. SWA investigates dFC within short time windows that are shifted along the
image series of the scan (Chang and Glover, 2010; Hutchison et al., 2013; Keilholz et al., 2013).
Fig. 1.3 provides an illustration of this approach for two individual brain regions and additionally
compares this metric with conventional ‘static’ FC. After using SWA to calculate region-to-region
FC-matrices at each window, the resultant set is commonly clustered to identify stable neural
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‘states’ (Allen et al., 2014; Damaraju et al., 2014; Gonzalez-Castillo et al., 2015, 2014).
Essentially, a multi-stable set of FC topologies is determined, which provides a more accurate
representation of brain function than would a single scan-average FC topology (Hutchison et al.,
2013). Alterations in the properties of these dFC states, such as dwell time, frequency and
topological structure may be exploited to study FC alterations in disease that cannot be
identified with conventional analyses (Damaraju et al., 2014; Rashid et al., 2016).

Figure 1.3. Dynamic Resting state fMRI: Sliding-window analysis (SWA). In Fig. 1.2, Somatosensory area 2 and
Caudate Putamen did not appear correlated. Their time series are here shown in the top panel. The grey line in the
lower panel indicates their scan-average correlation, that is, simply the Pearson correlation between their time
series. The value is close to zero, confirming the lack of functional coupling. While in this case the correlation is only
a single value, it’s depicted as a line to provide contrast compared to dynamic correlation. Gray boxes in the top
panel indicate the process of a sliding window analysis (black arrows indicate the shift of the sliding box).
Essentially the correlation is calculated each time between both brain areas, but solely based on the parts of their
time series depicted within that time window. The lower panel indicates in magenta the sliding window correlation.
The dashed arrow indicates the position of the sliding box and the corresponding Pearson correlation. Note that
the interaction of brain areas displays large fluctuations in both negative and positive correlation. This suggests
they do actually interact, but dynamically. This illustration of a SWA highlights the basic idea of dynamic FC.
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While dFC appears very promising, it suffers from several caveats (Hindriks et al., 2015;
Hutchison et al., 2013; Preti et al., 2016). A first obvious limitation of SWA is the necessity to
define the investigated window length, which needs to be short enough to capture changes in
network FC. However, short window lengths suffer from signal-to-noise ratio limitations and
noise artifacts that can spuriously induce FC changes, which may cause researchers to
misidentify these as being meaningful network dynamics (Chang and Glover, 2010). Strategies
to determine the appropriate window length have remained limited and may vary depending on
differences between regional dynamics (Leonardi and Van De Ville, 2015). It has also been
repeatedly shown that dFC can arise between randomized BOLD time series, making it difficult
to determine statistically significant FC states (Hutchison et al., 2013; Shakil et al., 2016).

Figure 1.4. Dynamic Resting state fMRI: Co-activation patterns (CAP). Fig 1.2. illustrated scan-average FC of two
brain areas, while Fig 1.3. indicated their dynamic interactions. In both cases the question can be posed what drives
those correlations? Brain events measured with rsfMRI may be short and transient, while intermittent fluctuations
contain little neuronal information or are tainted by noise. Tracking putative transient events may provide new and
sensitive insights. A-B) Left panels display an excerpt of the Somatosensory area 2 (red) and Cingulate cortex areas
(blue). ROIs are indicated on representative EPI images. Black arrow heads indicate peaks of the BOLD fluctuations
in those brain areas. Only peaks above a 95% intensity threshold of each time series are selected. Image frames at
the peaks of each time series may now be taken together and averaged, to construct co-activation patterns. Middle
panels display for each region the CAP. The maps in this case display average BOLD signals per voxel, rather than
Pearson correlations. Right panels display the seed-based FC maps for the same ROIs and are shown for
comparison to the CAPS. Note that they are highly similar. Only 5% of the signal was enough to determine
functionally coupled areas.

11

Chapter 1
The conceptual notion of dFC is that it comes a step closer to ongoing neural dynamics, and
therefore would represent a more accurate measure of the BOLD signal compared to static FC.
Inter-area correlation is however an indirect readout of the putative underlying neuronal
processes. One may consider that the non-stationarity of BOLD dFC may be a reflection of
transient brief co-activations or co-deactivations between different brain areas, rather than a
continuously changing interaction as would theoretically be implied by SWA. Recent studies
have pursued this hypothesis and revealed that instantaneous BOLD dynamics and co-activation
patterns (CAPs) capture structures similar to known RSNs, suggesting that these spontaneous
events contribute to the normally observed (d)FC (Karahanoğlu and Van De Ville, 2015; Liu et
al., 2013; Liu and Duyn, 2013; Tagliazucchi et al., 2012; Wu et al., 2013). Fig. 1.4 provides an
illustrative example of CAPs observed in in mice.
One may expand upon these findings even further to question if there is any form of temporal
sequence in instantaneous BOLD dynamics, i.e. do they describe a spatiotemporal structure
across a brief time window? Assuming a relationship between brain dynamics and BOLD activity,
this would identify a system-scale flow of neural activity. Spatiotemporal patterns in the BOLD
signal were first observed in rats and later also in monkeys and humans, using a dedicated
pattern finding algorithm (Abbas et al., 2016; Majeed et al., 2011, 2009). A detailed overview of
the algorithm’s working mechanisms is provided in Fig. 1.5. These patterns displayed repeated
rhythmic occurrences and were later found to correlate with neural activity (Thompson et al.,
2014), which makes them likely ‘components of’ or ‘contributors to’ (d)FC. Due to their
properties, they were termed Quasi-Periodic Patterns (QPPs). They provide an interesting
alternative to common dFC analysis approaches for studying brain dynamics, in that such
temporal interdependencies are not commonly investigated, nor are they easily disentangled
from the data and is their timing of occurrence identified. Further, the display of anti-correlation
between DMN and TPN areas brings forward many questions as to the functional properties of
QPPs (Majeed et al., 2011; Yousefi et al., 2018). It is these QPPs that are the center focus of the
current dissertation. In what way do QPPs exist in mice, how do they contribute to BOLD
processes and FC, and can they be used to increase our understanding of network dynamics?
These questions, and the motivation why I ask, them are discussed in chapter 1.4.
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Figure 1.5. Dynamic Resting state fMRI: Quasi-Periodic Patterns (QPP). The CAP approach presented in Fig. 1.4.
attempted to determine the occurrence of transient brain dynamics throughout time. In extension of this, the
question can be asked if there are transient events that sequentially follow one another. Essentially are there
recurring events where activity may transition or flow from a set of brain areas to another set of brain areas. Such
events are called spatiotemporal patterns and can be determined via image data mining strategies. Top row of top
panel illustrates the evolution of a single slice image series across time. Small excerpts are shown to provide a
sense of time flow. Each depicted image frame represents a time point of the same slice in the acquisition. The
maps indicate BOLD intensities (this is the raw pre-processed signal). The lower row depicts three times the same
spatiotemporal template, i.e. BOLD activity in three consecutive time points. Time in this case is not the time of the
image series depicted above, it is however the temporal unfolding of the spatiotemporal pattern. The time
between image frames is consistent with those in original image series. The lower panel indicates how the
template correlates with the image series as it slides across time (blue trace). Boxes and corresponding arrows
illustrate examples of correlations. Note that correlations in this case are established by determining the spatial
overlap between the matching sets of images (Pearson correlation is calculated between vectorized windows of the
raw image series with the vectorized form of the template). In the figure, the presented template is already the
final product of the spatiotemporal pattern finding algorithm. The algorithm however works without a prior
template. Therefore a random starting time point is first chosen in the original image series and the set of images
at that time are used as a starting template. The red line depicted in the lower panel displays an arbitrarily chosen
correlation threshold. After the sliding correlation is calculated, images at peaks above the threshold are selected
and averaged into an updated template. This process is reiterated until the updated template no longer changes. At
this point a Quasi-periodic pattern is determined. The term quasi-periodic refers to the frequency of occurrence, as
determined by the amount of peak threshold crossings of the final template’s sliding correlation.

13

Chapter 1
The above narrative might convey the message that dFC studies are of less value compared to
investigating instantaneous and spatiotemporal BOLD structure. It is however not the goal to
discredit the valuable contributions and insights that dFC research has provided. Rather, the
two types of methodologies and their related hypotheses might be united under a common
framework, that is, they both capture different contributions to the BOLD signal. Studies
combining fMRI with EEG or local field potential (LFP) recordings have hinted that dFC correlates
more with local neural processing and higher frequency activity, while QPPs correlate with
brain-wide very low frequency infraslow electrical potentials (Keilholz, 2014; Keilholz et al.,
2013). QPPs further appear to identify a specific type of brain dynamic where the DMN and TPN
are transiently anti-correlated with one another (Majeed et al., 2011; Yousefi et al., 2018). In
this sense, the take-home message would be that dFC alone is not sufficient to study the timevarying nature of the BOLD signal, but that other techniques are necessary and may provide
important new insights into the wide range of both distinct and integrated functions that the
brain performs, and that may be captured by fMRI.
Overall, the ideology of the different dynamic methodologies is a united one. Static FC does not
represent the only information in the BOLD signal. This may represent one of the reasons why
rsfMRI hasn’t been able to reach sufficient reliability for routine (pre-)clinical application.
Certainly, there are also limitations to the relevant fluctuations in neural activity that dynamic
rsfMRI may identify, given time-varying variation in signal to noise ratios, changes in
neurovascular coupling, and lack of tools for statistical evaluation of dFC (Hutchison et al., 2013;
Leonardi and Van De Ville, 2015; Preti et al., 2016; Shakil et al., 2016). Despite these limitations,
important new insights have been obtained using dynamic rsfMRI. The current state of the art
suggest that a combination of changes in cognitive state, behavioral state, systemically driven
neurovascular fluctuations, and overall noise variations, all contribute to BOLD brain dynamics
(Allen et al., 2018; Chang et al., 2016; Laumann et al., 2017; Tagliazucchi and Laufs, 2014; Wang
et al., 2016). It is therefore clear that advances in drsfMRI may not only increase our
fundamental understanding of the brain, but may also represent the necessary tools to tease
apart the different components of the BOLD signal. This in turn will improve the reliability of
obtained FC measures and thereby improve the utility of rsfMRI for clinical diagnosis.
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1.3. Resting state fMRI in mice: a platform for pre-clinical research
In its essentiality, studies of brain function aim to provide a deeper understanding of the human
brain. This is a long sought for goal, inspired by basic curiosity and, perhaps more importantly,
the necessity to obtain critical insights that will help diagnose, prevent and treat neurological
and neuropsychiatric disorders. This shared consensus among scientists and non-scientists has
recently resulted in the establishment of large research initiatives like the human brain project,
the BRAIN initiative, and the blue brain project, which aspire to close the knowledge gap on
human brain function. While human studies are essential to translate research findings to
clinical practice, they tend to be limited by the lack of variables that can be simultaneously
investigated, a lack of control over the experimental conditions, and a restriction against
invasive techniques. Mice however allow strict control over genetic and experimental
conditions. Furthermore, a wide range of different (invasive) tools may be used to extract
genetic and molecular information, which can be correlated to brain functional connectivity.
Mice therefore present an invaluable platform to gain fundamental insight into both healthy
brain function and neurological disorders. Establishing tools like (d)rsfMRI in rodent research is
highly important to aid the translatability of pre-clinical cognitive research.

1.3.1. Inter-species homology of resting state networks
Due to technical advances in MRI hardware development, it has recently become possible to
perform rsfMRI in mice. Compared to humans, who may be asked to lie still within the scanner,
mice experiments are generally performed under anesthesia. Logically, this raises concerns that
network FC observed under anesthesia may not reflect FC in the conscious state. Several rodent
rsfMRI studies indicate that when animals are deeply sedated, network FC impairments are
obvious compared to the awake state, but when a low anesthesia regimen is employed,
network FC appears consistent (Becerra et al., 2011; Jonckers et al., 2014; Liang et al., 2015,
2012a, 2012b, 2011). These findings are in line with studies comparing respectively humans and
primates under anesthetized versus awake conditions (Boveroux et al., 2010; Deshpande et al.,
2010; Greicius et al., 2008; Vincent et al., 2007). Across the different species, these effects
appear to be highly dependent on the dose of anesthesia, affecting neuronal FC in two major
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ways. Different anesthesia types and doses can cause changes in brain states, while anesthetic
compounds may also directly interfere with BOLD RSNs via neural receptor binding or altering
neurovascular coupling (Bettinardi et al., 2015; Kazuto Masamoto and Kanno, 2012; Nasrallah et
al., 2014; Schlegel et al., 2015; Schroeter et al., 2014; Williams et al., 2010). Anesthetic
compounds also contribute to the observation of non-neuronal FC, by affecting systemic
physiology and neurovascular coupling, yet these effects can be minimized by careful selection
of anesthesia type and dosage (Jonckers et al., 2014; Keilholz et al., 2016; K Masamoto and
Kanno, 2012; Schlegel et al., 2015; Schroeter et al., 2014; Williams et al., 2010). Out of the
combined efforts of these studies, a consensus has emerged suggesting that a low wellcontrolled anesthesia regimen allows one to sensitively investigate rodent network FC, but at all
times the specific effects of the employed anesthetic regimen need to be carefully taken into
account (Gozzi and Schwarz, 2015; Grandjean et al., 2014a). Strain differences and variation in
anxiety levels may also affect the FC readout, which requires further adaptation of anesthesia
for different experiments (Crawley et al., 1997; Shah et al., 2016a; Webster et al., 2014).
When studies are performed under optimized anesthesia conditions, it appears that mice allow
the detection of similar network topologies as are observed in rats, monkeys, and humans (Liska
et al., 2015; Sforazzini et al., 2014; Stafford et al., 2014; Zerbi et al., 2015). First of all, mouse
RSNs display both homotopic and bilateral properties, essentially meaning that homologous
brain regions across the hemispheres are functionally correlated within the confines of their
neuroanatomical boundaries. Additionally, these studies have identified what appears to be a
mouse DMN-like network. This is one of several functional network modules observed in the
mouse resting state BOLD signal, which are consistent with networks observed in human studies
and are composed of evolutionary conserved neuroanatomical regions (Liska et al., 2015). A
mouse TPN has not been directly confirmed, but a lateralized cortical network has been
identified, speculated to represent a mouse precursor of the human TPN. Furthermore, mouse
network FC has been directly correlated to monosynaptic structural connectivity, similar as to
what has been done in humans (Bullmore and Sporns, 2009; Grandjean et al., 2017b; Honey et
al., 2009; Section, 2013). Overall, these findings indicate a high inter-species homology of
network FC and support the translational value of mouse rsfMRI research.
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1.3.2. Applications in mouse models of neurological disease
As suggested earlier, mice present an ideal platform to elucidate the fine intricacies of
pathological aberrations in neurological and neuropsychiatric disorders. In human studies, it has
already been established that network FC is sensitive to neuropathology, which in turn can be
exploited for diagnostic purposes (Greicius, 2008; Zhang and Raichle, 2010). Given the apparent
translational reach of mouse rsfMRI, it would be highly valuable to correlate alterations in BOLD
FC to their underlying pathological mechanisms and genetic deficits. This would help advance
the clinical understanding of the respective neurological disorder under investigation and could
guide targeted development and testing of therapeutic treatments. At the current time, rsfMRI
has seen initial applications in multiple mouse models of disease, such as Alzheimer’s disease,
Huntington’s disease, stress, depression, autism spectral disorder and schizophrenia (Bero et al.,
2012; DeSimone et al., 2016; Gass et al., 2016; Grandjean et al., 2016a, 2016b; Li et al., 2017;
Liska and Gozzi, 2016; Mechling et al., 2016; Sforazzini et al., 2016; Shah et al., 2013, 2016b,
2018; Zerbi et al., 2014). Overall, these studies demonstrate the usefulness of mouse rsfMRI,
reproducing similar findings as in humans, illustrating the role that particular genes have on
shaping network FC, validating treatment therapies, and unveiling how disease mechanisms
affect brain function (Chuang and Nasrallah, 2017). While mouse rsfMRI is still a young field
compared to human rsfMRI, these initial studies are highly motivating to envision it as a routine
pre-clinical application. Similar as in humans, one particular improvement may come from
exploring mouse dFC. Only just last year the first mouse dFC study was presented, revealing
reproducible dFC states with remarkable network structure (Grandjean et al., 2017a). The
authors further showed that these dFC states were sensitive to disease alterations in a mouse
model of depression, reproducing findings in humans and even adding novel insights.
Within the context of the current dissertation, we may ask the question if Quasi-Periodic
Patterns could be observed in mice rsfMRI, and if so, would they also reveal novel insights into
neuropathology?

1.3.3. Disentangling aberrant functional connectivity in Alzheimer’s disease
While the previous sections explain how rsfMRI can be used to investigate a wide range of
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neurological disorders, we focus here on one in particular. Alzheimer’s disease (AD) is the most
common form of dementia, affecting millions of people across the world (Association, 2017).
Not only does AD detrimentally affect the patient, it also puts high emotional burden on the
patient’s family and comes with a great cost to society in order to support proper health care.
While AD has been the subject of extensive research in the last several decades, no curative
treatment has been established and many mechanisms of the disease are still to be elucidated
(Anand et al., 2014; Barage and Sonawane, 2015; Mangialasche et al., 2011). What is clear is
that AD is marked by the accumulation of extracellular amyloid-beta (Aβ) plaques and
intracellular neurofibrillary tau tangles. Eventually, AD causes a progressive loss of memory,
learning skills and cognitive function (Kumar and Ekavali, 2015). These symptoms likely reflect
the dysfunction of brain networks as a result of the disease’s molecular pathology (Palop and
Mucke, 2016, 2010). This is supported by evidence that implicates the role of Aβ in synaptic
dysfunction (Mucke and Selkoe, 2012; Shankar and Walsh, 2009).
RsfMRI is able to detect network FC changes in patients with AD, particularly so within the DMN
and with respect to one of its core areas, the cingulate cortex (Buckner et al., 2005; Calhoun et
al., 2007; Mevel et al., 2011; Sheline et al., 2010b; Sheline and Raichle, 2013). These FC changes
appear to highly coincide with the presence of amyloid plaques, a relationship that is also
observed in clinically healthy subjects with high amyloid burden (Drzezga et al., 2011; Hedden et
al., 2009; Mormino et al., 2011; Sheline et al., 2010b; Sperling et al., 2009). These finding are
particularly interesting, given that the amyloid cascade hypothesis postulates that Aβ plaques
form through the aggregation of soluble amyloid and that plaque deposition represents the
disease’s central event (Hardy and Higgins, 1992). In completeness, it should be stated that
some clinical studies also showed no correlation between amyloid plaques and compromised FC
(Adriaanse et al., 2014). Nonetheless, while this conflict in the literature requires further
investigation, many studies support the idea of a correlation between amyloid and aberrant
network FC.
Building forward on these findings, it has been shown that while the severity of AD symptoms
progresses, FC between different areas of the DMN decreases (Brier et al., 2012; Zhang et al.,
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2010). Changes in DMN FC have also been observed early-on in the symptomatic phase of the
disease, and in some cases even before the onset of plaque deposition (Allen et al., 2007; Wang
et al., 2007, 2006; Zhou et al., 2008). These early FC changes were shifted posteriorly within the
DMN, mostly affecting the hippocampus. Lastly, DMN FC was decreased in non-symptomatic
human subjects at genetic risk of developing AD (Sheline et al., 2010a; Wang et al., 2013).
Together, these findings hint at both the diagnostic and prognostic utility of rsfMRI in clinical AD
research. The sensitivity of the DMN to AD pathology has been suggested to be the
consequence of its high baseline activity earlier in life, leading to increased levels of soluble
amyloid and plaque accumulation later on (Bero et al., 2011; Buckner et al., 2009; Sperling et al.,
2010). The temporal sequence of affected DMN regions has lead to the hypothesis of a
cascading network failure (Brier et al., 2014; Jones et al., 2015).
While the combined efforts of these studies are highly promising towards developing a rsfMRIbased biomarker of AD, classification performance has not yet reached sufficient reliability
(Gomez-ramirez and Wu, 2014; Li and Wahlund, 2011). Additionally, little insight could be
gained into the actual underlying disease mechanisms and the neural dynamics that caused the
observed FC alterations. This is where mouse rsfMRI may provide the advantage, by
determining how network FC relates to the disease’s molecular pathology, and by uncovering
which aspects of the BOLD signal might allow novel insights that can improve subject
classification. The wide range of commonly available AD mouse models presents an ideal setting
to investigate specific components of the disease (Elder et al., 2010; Kitazawa et al., 2012).
RsfMRI has already been applied in several mouse models of AD, which overexpress amyloid
precursor protein (APP), essentially models of amyloidosis (Bero et al., 2012; Grandjean et al.,
2016b, 2014b, Shah et al., 2016b, 2013). While the results from these studies are not fully in line
with one another, overall they indicate a relationship between amyloid and altered FC. When
we focus on the most recent of these studies, performed at our lab (Shah et al., 2016b), some
very interesting results become apparent. Two mice models of amyloidosis were investigated,
TG2576 and PDAPP. TG2576 mice overexpress the human mutant form of APP, which carries
the Swedish mutation (KM670/671NL), controlled by the hamster prion protein promoter. Aβ
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plaque development starts at the age of 9–11 months (Hsiao et al., 1996). PDAPP mice
overexpress the Indian mutation variant of APP (V717 F), controlled by the platelet-derived
growth factor. Aβ plaques develop around the age of 8–9 months (Games et al., 1995). Animals
were scanned with rsfMRI at multiple time points across the life span and changes in brain-wide
FC were assessed. Most notably, these analyses revealed hypersynchronous activity in the DMN
hippocampus area, an effect that was apparent before the onset of plaque deposition and
correlated with increased levels of soluble Aβ. This was followed by an overall reduction of
network FC at the onset of plaque deposition. These findings are well in line with the recent
paradigm shift that Aβ plaques alone cannot explain the pathological progression of AD and that
early alterations are driven by soluble oligomer forms of Aβ (Mucke and Selkoe, 2012; Shankar
and Walsh, 2009). Similar observations were made in human studies, where the hippocampus is
affected earlier in the disease (Allen et al., 2007; Wang et al., 2007, 2006; Zhou et al., 2008), and
decreased FC appears to cascade across the DMN (Brier et al., 2014; Jones et al., 2015).
The study of Shah et al. (2016) is a particularly powerful example of the translational value of
mouse rsfMRI research. While the authors focused on the very early effect of AD, the late FC
changes appeared less clear for interpretation, except for the general decrease compared to
wild-type control animals. Given that most diagnosis and treatment is still targeted for the
elderly and often already symptomatic population of AD carriers, it would be valuable to see
what other insights can be obtained from old-age transgenic mice. In humans, dynamic rsfMRI
has seen some initial applications in AD patients and appears promising to gain new insights into
network FC disturbances and to improve biomarker significance. Maybe studying BOLD
dynamics in mice might provide a useful pre-clinical tool that can guide clinical research toward
the necessary tools to diagnose patients.

1.4. Quasi-periodic brain activity
The previous sections provided a background on the basics of resting state fMRI. They discussed
how it may be used to gain fundamental insights into brain function and how it can be
meaningful for the treatment and diagnosis of neurological disorders. Throughout the text, a
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recurring element was the idea to study the dynamic properties of the BOLD signal. Particularly,
the concept of Quasi-Periodic Patterns (QPPs) was presented, which were described as largescale slow repetitive events that are observed within the intrinsic spontaneous oscillations of
the BOLD signal. In brief, it was explained how QPPs are composed of a spatiotemporal
structure in which activity flows between different brain areas across a given time duration.
These properties, and correlative studies that matched QPPs to underlying neural activity,
suggested they might reflect a mechanism of coordinated information flow within and between
large-scale brain networks. QPPs thus represent an interesting dynamic in the BOLD signal that
warrants further investigation, and in particular, that has never been investigated in mice, a
main platform for translational research. The core idea of this thesis is thus to investigate QPPs
in the BOLD signal of mice and thereby advance the capacity for translational and fundamental
neuroscience within these experimental conditions. On one side, there is the applicationoriented mind set, where the goal is to determine if QPPs exist in mice and if they carry with
them information that can be exploited to aid disease diagnosis. In this regard, the biological
meaning of QPPs could be considered trivial, except for specifying model design, and their utility
comes from a data-mining perspective where analysis of the time-resolved properties of the
signal provides higher data dimensionality compared to static rsfMRI. On, the other side, there
is the goal to understand what QPPs might actually represent in terms of neuronal and/or nonneuronal processes. A deeper understanding of their meaning and behavior may not only
contribute to fundamental neuroscience, but puts a perspective on their (pre-)clinical utility and
the insights they might bring into neurological disorders.
Particularly, QPPs reflect like contributors to BOLD FC. This derives from the fact that they
display transient large-scale coordination of many brain areas, repeat frequently in a quasiperiodic fashion across the duration of a scan, and display an infraslow evolution of propagating
activity. Infraslow refers to processes that fluctuate at frequencies below 0.2 Hz, which places
QPPs on the same temporal scale (0.01-0.2 Hz) as the BOLD signal (Buzsáki and Peyrache, 2013;
Fox and Raichle, 2007; He and Raichle, 2009). An increasing body of literature suggests that
infraslow neural activity itself may be the fundamental basis of the BOLD signal (He and Raichle,
2009; Hiltunen et al., 2014; Horovitz et al., 2008b; Keilholz et al., 2013; Khader et al., 2008;
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Larson-prior et al., 2009; Li et al., 2015; Palva and Palva, 2012). Within this theory, infraslow
fluctuations are highly potent to coordinate activity between distant brain areas, given that they
enable phase coupling of local higher frequency neural activity (Buzsaki and Draguhn, 2004;
Canolty and Knight, 2010). In brief, slow wave activity may spread easily across distant brain
areas and modulates overall activity levels of brain regions to be simultaneously higher or
lower. When two far away brain areas are simultaneously modulated, local high frequency
information may be more easily shared. This active research field provides strong motivation to
consider QPPs as at least one potential mechanism that contributes to both the static and timevarying FC of resting state networks. One of the main goals of the current thesis is therefore to
develop strategies and analytical tools that may determine in what way QPPs reflect a specific
type of time-varying processes that compose BOLD FC.
QPPs have been observed in rats, monkeys, and humans (Abbas et al., 2016; Majeed et al.,
2011, 2009), but not yet in mice. Most prominently, the QPPs that have been observed so far
mainly capture dynamic anti-correlations of the DMN and TPN. As was pointed out earlier, the
activity and FC of the DMN seems to be sensitively disrupted in Alzheimer’s disease (Brier et al.,
2012; Buckner et al., 2005; Calhoun et al., 2007; Mevel et al., 2011; Sheline et al., 2010b; Sheline
and Raichle, 2013; Zhang et al., 2010). While this phenomenon is highly investigated, it is still
not fully understood and there have been limitations in making this readout usable as a clinical
biomarker. The current thesis seeks to address both caveats. The starting goal is to establish if
QPPs exist in mice and if they share the same DMN and TPN involvement. If this can be
established, then QPPs can also be investigated in mouse models of AD. Because the DMN
appears particularly vulnerable to amyloid plaque deposition (Gomez-ramirez and Wu, 2014; Li
and Wahlund, 2011), models of amyloidosis provide an ideal platform to determine if the
DMN’s quasi-periodic nature might be disrupted by the disease’s pathology. If QPPs would
enable new insight into disrupted brain dynamics of AD, and in extension to disrupted FC, then
they could be adapted in order to improve biomarker performance. At the same time,
developing analytical tools that enable one to answer these questions will be of high
translational value for other rsfMRI studies in multiple species and neurological disorders.
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The observation that QPPs capture dynamic anti-correlation between the DMN and TPN also
poses the hypothesis that they may play an important role in active brain function. The DMN
and TPN are respectively well known for internally oriented cognitive processes and attention
demanding outward engagement with the environment (Di and Biswal, 2014; Fox et al., 2005;
Raichle, 2010). This functional opposition is well reflected by DMN deactivation and TPN
activation during attention-demanding cognitive tasks (Greicius et al., 2003; Northoff et al.,
2010). In extension, infraslow fluctuations in these two networks have been linked to
fluctuations in attention, sensory neural responses and behavior (Boly et al., 2007; Esterman et
al., 2013; Fox et al., 2007; Fransson, 2006; Helps et al., 2009; Lakatos et al., 2016; Sadaghiani et
al., 2009; Weissman et al., 2006). Infraslow neural activity in general is associated with variance
in behavioral performance (Gilden and Wilson, 1995; Kello et al., 2010; Monto et al., 2008; Palva
et al., 2013; Palva and Palva, 2012). In light of these observations, this thesis seeks to provide
initial insights into how QPPs may modulate sensory processing. Answering this question can
provide fundamental new insights into brain function. Additionally, if QPPs can capture such
infraslow variance in evoked neural responses, then identifying this mechanism may improve
the reliability of task-evoked fMRI experiments.
Lastly, fluctuations in DMN-TPN anti-correlation have been linked to fluctuations in attention
and arousal (Fan et al., 2012; Havas et al., 2012; Lynn et al., 2015; Thompson et al., 2013; Wang
et al., 2016). In a similar way, global brain fluctuations, i.e. the average intensity of brain BOLD
signal over time, have also been correlated to arousal fluctuations (Horovitz et al., 2008a;
Larson-prior et al., 2009; Sämann et al., 2011; Wong et al., 2016, 2013, 2012; Yeo et al., 2015).
Given this apparent congruency, a major goal in this thesis is to determine if an overlap exists
between QPPs and the global signal.

1.5. References
Abbas, A., Langley, J., Howell, L., Keilholz, S., 2016. Quasiperiodic patterns vary in frequency between anesthetized and awake
monkeys, in: Resting State Brain Connectivity Biennial Conference. p. 14.
Allen, E.A., Damaraju, E., Eichele, T., Wu, L., Calhoun, V.D., 2018. EEG Signatures of Dynamic Functional Network Connectivity
States. Brain Topogr. 31, 101–116.

23

Chapter 1
Allen, E.A., Damaraju, E., Plis, S.M., Erhardt, E.B., Eichele, T., Calhoun, V.D., 2014. Tracking whole-brain connectivity dynamics in
the resting state. Cereb. Cortex 24, 663–676. doi:10.1093/cercor/bhs352
Allen, G., Barnard, H., Mccoll, R., Hester, A.L., Fields, J.A., Mcdonald, E., Rubin, C.D., Cullum, C.M., 2007. Reduced Hippocampal
Functional Connectivity in Alzheimer Disease. Arch. Neurol. 64, 1482–1487.
Anand, R., Gill, K.D., Mahdi, A.A., 2014. Therapeutics of Alzheimer’s disease: Past, present and future. Neuropharmacology 76,
27–50. doi:10.1016/j.neuropharm.2013.07.004
Association, A., 2017. Alzheimer’s Association. 2017 Alzheimer’s disease facts and figures. Alzheimer’s Dement. 13, 325–373.
Bandettini, P.A., 2012. Twenty years of functional mri: The science and the stories. Neuroimage 62, 575–588.
Barage, S.H., Sonawane, K.D., 2015. Amyloid cascade hypothesis: Pathogenesis and therapeutic strategies in Alzheimer’s
disease. Neuropeptides 52, 1–18. doi:10.1016/j.npep.2015.06.008
Becerra, L., Pendse, G., Chang, P., Bishop, J., Borsook, D., 2011. Robust Reproducible Resting State Networks in the Awake
Rodent Brain. PLoS One 6. doi:10.1371/journal.pone.0025701
Bernstein, M.A., King, K.F., Zhou, X.J., 2004. Handbook of mri pulse sequences. Burlington: Academic Press.
Bero, A.W., Bauer, A.Q., Stewart, F.R., White, B.R., Cirrito, J.R., Raichle, M.E., Culver, J.P., Holtzman, D.M., 2012. Bidirectional
Relationship between Functional Connectivity and Amyloid-beta Deposition in Mouse Brain. J. Neurosci. 32, 4334–4340.
doi:10.1523/JNEUROSCI.5845-11.2012
Bero, A.W., Yan, P., Roh, J.H., Cirrito, J.R., Stewart, F.R., Raichle, M.E., Lee, J., Holtzman, D.M., 2011. Neuronal activity regulates
the regional vulnerability to amyloid-β deposition. Nat. Neurosci. 14, 750–758. doi:10.1038/nn.2801
Bettinardi, R.G., Tort-colet, N., Ruiz-mejias, M., Sanchez-vives, M. V, Deco, G., 2015. NeuroImage Gradual emergence of
spontaneous correlated brain activity during fading of general anesthesia in rats : Evidences from fMRI and local fi eld
potentials. Neuroimage 114, 185–198. doi:10.1016/j.neuroimage.2015.03.037
Bianciardi, M., Fukunaga, M., van Gelderen, P., Horovitz, S.G., de Zwart, J.A., Shmueli, K., Duyn, J.H., 2009. Sources of functional
magnetic resonance imaging signal fluctuations in the human brain at rest: a 7 T study. Magn. Reson. Imaging 27, 1019–
1029. doi:10.1016/j.mri.2009.02.004
Boly, M., Balteau, E., Schnakers, C., Degueldre, C., Moonen, G., Luxen, A., Phillips, C., Peigneux, P., 2007. Baseline brain activity
fluctuations predict somatosensory perception in humans. Proc Natl Acad Sci U S A. 104, 12187–12192.
Boveroux, P., Vanhaudenhuyse, A., Bruno, M.-A., Noirhomme, Q., Lauwick, S., Luxen, A., Degueldre, C., Plenevaux, A., Schnaker,
C., Philips, C., Brichant, J.-F., Bonhomme, V., Maquet, P., Greicius, M.D., Laureys, S., Boly, M., 2010. Breakdown of withinand between-network Resting State during Propofol-induced Loss of Consciousness. Anesthesiology 113, 1036–1053.
Braitenberg, V., 2001. Brain Size and Number of Neurons: An Exercise in Synthetic Neuroanatomy. J. Comput. Neurosci. 10, 71–
77. doi:10.1023/A:1008920127052
Braitenberg, V., Schütz, A., 1998. Cortex: Statistics and Geometry of Neuronal Connectivity. Springer. Springer.
Brier, M.R., Thomas, J.B., Ances, B.M., 2014. Network dysfunction in Alzheimer’s disease: refining the disconnection hypothesis.
Brain Connect. 4, 299–311. doi:10.1089/brain.2014.0236
Brier, M.R., Thomas, J.B., Snyder, A.Z., Benzinger, T.L., Zhang, D., Raichle, M.E., Holtzman, D.M., Morris, J.C., Ances, B.M., 2012.
Loss of Intranetwork and Internetwork Resting State Functional Connections with Alzheimer ’ s Disease Progression.
Neurobiol. Dis. 32, 8890–8899. doi:10.1523/JNEUROSCI.5698-11.2012
Bright, M.G., Tench, C.R., Murphy, K., 2017. Potential pitfalls when denoising resting state fMRI data using nuisance regression.
Neuroimage 154, 159–168. doi:10.1016/j.neuroimage.2016.12.027

24

Chapter 1
Buckner, R.L., Sepulcre, J., Talukdar, T., Krienen, F., Liu, H., Hedden, T., Andrews-hanna, J.R., Sperling, R.A., Johnson, K.A., 2009.
Cortical Hubs Revealed by Intrinsic Functional Connectivity: Mapping, Assessment of Stability, and Relation to Alzheimer’s
Disease. J. Neurosci. 29, 1860–1873. doi:10.1523/JNEUROSCI.5062-08.2009.Cortical
Buckner, R.L., Snyder, A.Z., Shannon, B.J., Larossa, G., Sachs, R., Fotenos, A.F., Sheline, Y.I., Klunk, W.E., Mathis, C.A., Morris, J.C.,
Mintun, M.A., 2005. Molecular , Structural , and Functional Characterization of Alzheimer’s Disease: Evidence for a
Relationship between Default Activity , Amyloid , and Memory. Neurobiol. Dis. 25, 7709–7717.
doi:10.1523/JNEUROSCI.2177-05.2005
Bullmore, E.T., Sporns, O., 2009. Complex brain networks: graph theoretical analysis of structural and functional systems. Nat.
Rev. Neurosci. 10, 186–198. doi:10.1038/nrn2575
Buzsáki, G., 2010. Neural syntax: cell assemblies, synapsembles, and readers. Neuron 68, 362–85.
doi:10.1016/j.neuron.2010.09.023
Buzsáki, G., 2007. The structure of consciousness. Nature 446, 267. doi:10.1038/446267a
Buzsáki, G., 2006. Rhythms of the Brain. Oxford University Press. doi:10.1093/acprof:oso/9780195301069.001.0001
Buzsáki, G., 2004. Large-scale recording of neuronal ensembles. Nat. Neurosci. 7, 446–51. doi:10.1038/nn1233
Buzsaki, G., Draguhn, A., 2004. Neuronal Oscillations in Cortical Networks. Science (80-. ). 304, 1926–1929.
Buzsáki, G., Peyrache, A., 2013. A BOLD statement about the hippocampal-neocortical dialogue. Trends Cogn. Sci. 17, 57–9.
doi:10.1016/j.tics.2012.12.009
Calhoun, V.D., Eichele, T., La, L., Sorg, C., Riedl, V., Mu, M., Kurz, A., Zimmer, C., Wohlschla, A.M., Drzezga, A., Fo, H., 2007.
Selective changes of resting-state networks in individuals at risk for Alzheimer’s disease. Proc. Nat. Acad. Sci. 104, 18760–
18765. doi:10.1073/pnas.0708803104
Calhoun, V.D., Miller, R., Pearlson, G., Adali, T., 2014. The Chronnectome: Time-Varying Connectivity Networks as the Next
Frontier in fMRI Data Discovery. Neuron. doi:10.1016/j.neuron.2014.10.015
Canolty, R.T., Knight, R.T., 2010. The functional role of cross-frequency coupling. Trends Cogn. Sci. 14, 506–515.
doi:10.1016/j.tics.2010.09.001
Cataldi, M., Avoli, M., De Villers-Sidani, E., 2013. Resting state networks in temporal lobe epilepsy. Epilepsia 54, 2048–2059.
doi:10.1111/epi.12400
Chang, C., Glover, G.H., 2010. Time-frequency dynamics of resting-state brain connectivity measured with fMRI. Neuroimage 50,
81–98. doi:10.1016/j.neuroimage.2009.12.011
Chang, C., Leopold, D.A., Schölvinck, M.L., Mandelkow, H., Picchioni, D., Liu, X., Ye, F.Q., Turchi, J.N., Duyn, J.H., 2016. Tracking
brain arousal fluctuations with fMRI. Proc. Natl. Acad. Sci. U. S. A. 113, 4518–4523. doi:10.1073/pnas.1520613113
Chuang, K., Nasrallah, F.A., 2017. Functional networks and network perturbations in rodents. Neuroimage 163, 419–436.
doi:10.1016/j.neuroimage.2017.09.038
Cole, D.M., Smith, S.M., Beckmann, C.F., 2010. Advances and pitfalls in the analysis and interpretation of resting-state FMRI
data. Front. Syst. Neurosci. 4, 1–15. doi:10.3389/fnsys.2010.00008
Cole, M.W., Ito, T., Bassett, D.S., Schultz, D.H., 2016. Activity flow over resting-state networks shapes cognitive task activations.
Nat. Neurosci. 19, 1718–1726. doi:10.1101/055194
Cordes, D., Haughton, V.M., Arfanakis, K., Wendt, G.J., Turski, P.A., Moritz, C.H., Quigley, M.A., Meyerand, M.E., 2000. Mapping
functionally related regions of brain with functional connectivity MR imaging. Am. J. Neuroradiol. 21, 1636–1644.
Córdova-palomera, A., Kaufmann, T., Persson, K., Alnæs, D., Doan, N.T., Moberget, T., Lund, M.J., Barca, M.L., Engvig, A.,

25

Chapter 1
Brækhus, A., Engedal, K., Andreassen, O.A., Selbæk, G., Westlye, L.T., 2017. Disrupted global metastability and static and
dynamic brain connectivity across individuals in the Alzheimer ’ s disease continuum. Sci. Rep. 1–14.
doi:10.1038/srep40268
Crawley, J.N., Belknap, J.K., Collins, A., Crabbe, J.C., Frankel, W., Henderson, N., Hitzemann, R.J., Maxson, S.C., Miner, L.L., Silva,
A.J., Wehner, J.M., Wynshaw-Boris, A., Paylor, R., 1997. Behavioral phenotypes of inbred mouse strains: implications and
recommendations for molecular studies. Psychopharmacology (Berl). 132, 107–124.
Crossley, N.A., Mechelli, A., Vértes, P.E., Toby, T., Patel, A.X., Ginestet, C.E., Crossley, N.A., Mechelli, A., Vértes, P.E., Wintonbrown, T.T., Patel, A.X., Ginestet, C.E., 2013. Cognitive relevance of the community structure of the human brain
functional coactivation network. Proc. Nat. Acad. Sci. 110, 11583–11588. doi:10.1073/pnas.1314559110
Daliri, M.R., Behroozi, M., 2013. Advantages and Disadvantages of Resting State Functional Connectivity Magnetic Resonance
Imaging for Clinical Applications. Omi. J. Radiol. 3, 1–2. doi:10.4172/2167-7964.1000e123
Damaraju, E., Allen, E.A., Belger, A., Ford, J.M., McEwen, S., Mathalon, D.H., Mueller, B.A., Pearlson, G.D., Potkin, S.G., Preda, A.,
Turner, J.A., Vaidya, J.G., Van Erp, T.G., Calhoun, V.D., 2014. Dynamic functional connectivity analysis reveals transient
states of dysconnectivity in schizophrenia. NeuroImage Clin. 5, 298–308. doi:10.1016/j.nicl.2014.07.003
De Vos, F., Koini, M., Schouten, T.M., Seiler, S., Van Der Grond, J., Lechner, A., Schmidt, R., De Rooij, M., Rombouts, S.A.R.B.,
2017. A comprehensive analysis of resting state fMRI measures to classify individual patients with Alzheimer’s disease.
Neuroimage 167, 62–72. doi:10.1016/j.neuroimage.2017.11.025
Deco, G., Jirsa, V.K., McIntosh, A.R., 2011. Emerging concepts for the dynamical organization of resting-state activity in the brain.
Nat. Rev. Neurosci. 12, 43–56. doi:10.1038/nrn2961
Deshpande, G., Kerssens, C., Simon, P., Hu, X., 2010. Altered local coherence in the default mode network due to sevoflurane
anesthesia. Brain Res. 1318, 110–121. doi:10.1016/j.brainres.2009.12.075
DeSimone, J.C., Febo, M., Shukla, P., Ofori, E., Colon-Perez, L.M., Li, Y., Vaillancourt, D.E., 2016. In vivo imaging reveals impaired
connectivity across cortical and subcortical networks in a mouse model of DYT1 dystonia. Neurobiol. Dis. 95, 35–45.
doi:10.1016/j.nbd.2016.07.005
Di, X., Biswal, B.B., 2014. Modulatory interactions between the default mode network and task positive networks in restingstate. PeerJ 2, e367. doi:10.7717/peerj.367
Drzezga, A., Becker, J.A., Dijk, K.R.A. Van, Sreenivasan, A., Talukdar, T., Sullivan, C., Schultz, A.P., Sepulcre, J., Putcha, D., Greve,
D., Johnson, K.A., Sperling, R.A., 2011. Neuronal dysfunction and disconnection of cortical hubs in non-demented subjects
with elevated amyloid burden. Brain 134, 1635–1646. doi:10.1093/brain/awr066
Elder, G.A., Sosa, M.A.G., Gasperi, R. De, 2010. Transgenic Mouse Models of Alzheimer’s Disease. Mt Sinai J Med. 77, 69–81.
doi:10.1002/msj.20159.Transgenic
Esterman, M., Noonan, S.K., Rosenberg, M., Degutis, J., 2013. In the Zone or Zoning Out ? Tracking Behavioral and Neural
Fluctuations During Sustained Attention. Cereb. Cortex Novemb. 23, 2712–2723. doi:10.1093/cercor/bhs261
Fan, J., Xu, P., Van Dam, N.T., Eilam-Stock, T., Gu, X., Luo, Y., Hof, P.R., 2012. Spontaneous brain activity relates to autonomic
arousal. J. Neurosci. 32, 11176–86. doi:10.1523/JNEUROSCI.1172-12.2012
Fornito, A., Zalesky, A., Breakspear, M., 2015. The connectomics of brain disorders. Nat. Rev. Neurosci. 16, 159–172.
Fox, M.D., Greicius, M., 2010. Clinical applications of resting state functional connectivity. Front. Syst. Neurosci. 4, 19.
doi:10.3389/fnsys.2010.00019
Fox, M.D., Raichle, M.E., 2007. Spontaneous fluctuations in brain activity observed with functional magnetic resonance imaging.

26

Chapter 1
Nat Rev Neurosci. 8, 700–711.
Fox, M.D., Snyder, A.Z., Vincent, J.L., Corbetta, M., Van Essen, D.C., Raichle, M.E., 2005. The Human brain is intrinsically
organized into dynamic, anticorrelated functional networks. Proc. Natl. Acad. Sci. 102, 9673–9678.
doi:10.1073/pnas.0504136102
Fox, M.D., Snyder, A.Z., Vincent, J.L., Raichle, M.E., 2007. Intrinsic Fluctuations within Cortical Systems Account for Intertrial
Variability in Human Behavior. Neuron 56, 171–184. doi:10.1016/j.neuron.2007.08.023
Fransson, P., 2006. How default is the default mode of brain function? Further evidence from intrinsic BOLD signal fluctuations.
Neuropsychologia 44, 2836–2845. doi:10.1016/j.neuropsychologia.2006.06.017
Friston, K.J., 2011. Functional and Effective Connectivity: A Review. Brain Connect. 1. doi:10.1089/brain.2011.0008
Games, D., Adams, D., Alessandrini, R., Barbour, R., Berthelette, P., Blackwell, C., 1995. Alzheimer-type neuropathology in
transgenic mice overexpressing V717F beta-amyloid precursor protein. Nature 373, 523–527.
Gass, N., Weber-fahr, W., Sartorius, A., Becker, R., Didriksen, M., Bryan, T., Frank, J., Meyer-lindenberg, A., Schwarz, A.J., 2016.
An acetylcholine alpha7 positive allosteric modulator rescues a schizophrenia-associated brain endophenotype in the
15q13 . 3 microdeletion , encompassing CHRNA 7. Eur. Neuropsychopharmacol. 26, 1150–1160.
doi:10.1016/j.euroneuro.2016.03.013
Gilden, D.L., Wilson, S.G., 1995. On the nature of streaks in signal detection. Cogn. Psychol. 28, 17–64.
Gomez-ramirez, J., Wu, J., 2014. Network-based biomarkers in Alzheimer’s disease: review and future directions. Front. Aging
Neurosci. 6, 1–9. doi:10.3389/fnagi.2014.00012
Gonzalez-Castillo, J., Handwerker, D.A., Robinson, M.E., Hoy, C.W., Buchanan, L.C., Saad, Z.S., Bandettini, P.A., 2014. The spatial
structure of resting state connectivity stability on the scale of minutes. Front. Neurosci. 8, 1–19.
doi:10.3389/fnins.2014.00138
Gonzalez-Castillo, J., Hoy, C.W., Handwerker, D. a., Robinson, M.E., Buchanan, L.C., Saad, Z.S., Bandettini, P. a., 2015. Tracking
ongoing cognition in individuals using brief, whole-brain functional connectivity patterns. Proc. Natl. Acad. Sci. 112, 8762–
8767. doi:10.1073/pnas.1501242112
Gorges, M., Roselli, F., Müller, H.-P., Ludolph, A.C., Rasche, V., Kassubek, J., 2017. Functional Connectivity Mapping in the Animal
Model : Principles and Applications of Resting-State fMRi. Front. Neurol. 8, 1–14. doi:10.3389/fneur.2017.00200
Gozzi, A., Schwarz, A.J., 2015. Large-scale functional connectivity networks in the rodent brain. Neuroimage 127, 496–509.
doi:10.1016/j.neuroimage.2015.12.017
Grandjean, J., Azzinnari, D., Seuwen, A., Sigrist, H., Seifritz, E., Pryce, C.R., Rudin, M., 2016a. NeuroImage Chronic psychosocial
stress in mice leads to changes in brain functional connectivity and metabolite levels comparable to human depression.
Neuroimage 142, 544–552. doi:10.1016/j.neuroimage.2016.08.013
Grandjean, J., Derungs, R., Kulic, L., Welt, T., Henkelman, M., Nitsch, R.M., Rudin, M., 2016b. Complex interplay between brain
function and structure during cerebral amyloidosis in APP transgenic mouse strains revealed by multi-parametric MRI
comparison. Neuroimage 134, 1–11. doi:10.1016/j.neuroimage.2016.03.042
Grandjean, J., Preti, M.G., Bolton, T.A., Buerge, M., Seifritz, E., Pryce, C.R., Van De Ville, D., Rudin, M., 2017a. Dynamic
reorganization of intrinsic functional networks in the mouse brain. Neuroimage 152, 497–508.
doi:10.1016/j.neuroimage.2017.03.026
Grandjean, J., Schroeter, A., Batata, I., Rudin, M., 2014a. Optimization of anesthesia protocol for resting-state fMRI in mice
based on differential effects of anesthetics on functional connectivity patterns. Neuroimage 102, 838–847.

27

Chapter 1
doi:10.1016/j.neuroimage.2014.08.043
Grandjean, J., Schroeter, A., He, P., Tanadini, M., Keist, R., Krstic, D., Konietzko, U., Klohs, J., Nitsch, R.M., Rudin, M., 2014b. Early
alterations in functional connectivity and white matter structure in a transgenic mouse model of cerebral amyloidosis. J.
Neurosci. 34, 13780–9. doi:10.1523/JNEUROSCI.4762-13.2014
Grandjean, J., Zerbi, V., Balsters, J., Wenderoth, N., 2017b. The structural basis of large-scale functional connectivity in the
mouse. J. Neurosci. 37, 8092–8101. doi:10.1523/JNEUROSCI.0438-17.2017
Greicius, M.D., 2008. Resting-state functional connectivity in neuropsychiatric disorders. Curr. Opin. Neurol. 21, 424–30.
doi:10.1097/WCO.0b013e328306f2c5
Greicius, M.D., Kiviniemi, V., Tervonen, O., Vainionpa, V., Alahuhta, S., Reiss, A.L., Menon, V., 2008. Persistent Default-Mode
Network Connectivity During Light Sedation. Hum. Brain Mapp. 29, 839–847.
Greicius, M.D., Krasnow, B., Reiss, A.L., Menon, V., 2003. Functional connectivity in the resting brain: a network analysis of the
default mode hypothesis. Proc. Natl. Acad. Sci. U. S. A. 100, 253–8. doi:10.1073/pnas.0135058100
Greicius, M.D., Srivastava, G., Reiss, A.L., Menon, V., 2004. Default-mode network activity distinguishes Alzheimer’s disease from
healthy aging: Evidence from functional MRI. Proc. Nat. Acad. Sci. 101, 4637–4642. doi:10.1073/pnas.0308627101
Grienberger, C., Konnerth, A., 2012. Imaging calcium in neurons. Neuron 73, 862–85. doi:10.1016/j.neuron.2012.02.011
Hardy, J.A., Higgins, G.A., 1992. Alzheimer’s disease: the amyloid cascade hypothesis. Science (80-. ). 256, 184–185.
Havas, J.A. De, Parimal, S., Soon, C.S., Chee, M.W.L., 2012. Sleep deprivation reduces default mode network connectivity and
anti-correlation during rest and task performance. Neuroimage 59, 1745–1751. doi:10.1016/j.neuroimage.2011.08.026
He, B.J., Raichle, M.E., 2009. The fMRI signal, slow cortical potential and consciousness. Trends Cogn Sci. 13, 302–309.
doi:10.1016/j.tics.2009.04.004.The
Hedden, T., Van Dijk, K.R.A., Becker, J.A., Mehta, A., Sperling, R.A., Johnson, K.A., Buckner, R.L., 2009. Disruption of Functional
Connectivity in Clinically Normal Older Adults Harboring Amyloid Burden. J Neurosci. 29, 12686–12694.
doi:10.1523/JNEUROSCI.3189-09.2009
Helps, S.K., Broyd, S.J., James, C.J., Karl, A., S., E.J., Sonuga-Barke, 2009. The Attenuation of Very Low Frequency Brain
Oscillations in Transitions from a Rest State to Active Attention. J. Psychophysiol. 23, 191–198.
Hillman, E.M.C.C., 2014. Coupling Mechanism and Significance of the BOLD Signal: A Status Report. Annu. Rev. Neurosci. 37,
161–181. doi:10.1146/annurev-neuro-071013-014111
Hiltunen, T., Kantola, J., Abou, A., Lepola, P., Suominen, K., Starck, T., Nikkinen, J., Remes, J., Tervonen, O., Palva, S., Kiviniemi,
V., Palva, J.M., 2014. Infra-Slow EEG Fluctuations Are Correlated with Resting-State Network Dynamics in fMRI. J.
Neurosci. 34, 356–362. doi:10.1523/JNEUROSCI.0276-13.2014
Hindriks, R., Adhikari, M.H., Murayama, Y., Ganzetti, M., Mantini, D., Logothetis, N.K., Deco, G., 2015. Can sliding-window
correlations reveal dynamic functional connectivity in resting-state fMRI? Neuroimage.
doi:10.1016/j.neuroimage.2015.11.055
Honey, C.J., Sporns, O., Cammoun, L., Gigandet, X., Thiran, J.P., Meuli, R., Hagmann, P., 2009. Predicting human resting-state
functional connectivity. Proc. Nat. Acad. Sci. 106, 1–6.
Horovitz, S.G., Fukunaga, M., de Zwart, J. a, van Gelderen, P., Fulton, S.C., Balkin, T.J., Duyn, J.H., 2008a. Low frequency BOLD
fluctuations during resting wakefulness and light sleep: a simultaneous EEG-fMRI study. Hum. Brain Mapp. 29, 671–82.
doi:10.1002/hbm.20428
Horovitz, S.G., Fukunaga, M., Zwart, J.A. De, Gelderen, P. Van, Fulton, S.C., Balkin, T.J., Duyn, J.H., 2008b. Low Frequency BOLD

28

Chapter 1
Fluctuations During Resting Wakefulness and Light Sleep : A Simultaneous EEG-fMRI Study. Hum. Brain Mapp. 29, 671–
682. doi:10.1002/hbm.20428
Hsiao, K., Chapman, P., Nilsen, S., Eckman, C., Harigaya, Y., Younkin, S., Yang, F., Cole, G., 1996. Correlative memory deficits,
Abeta elevation, and amyloid plaques in transgenic mice. Science (80-. ). 274, 99–102.
Hubel, B.Y.D.H., Wiesel, A.D.T.N., 1962. Receptive fields, binocular interaction and functional architecture in the cat’s visual
system. J. physiol. 160, 106–154.
Hubel, D.H., 1957. Tungsten Microelectrode for Recording from Single Units. Science (80-. ). 125, 549–550.
Hutchison, R.M., Womelsdorf, T., Allen, E. a., Bandettini, P. a., Calhoun, V.D., Corbetta, M., Della Penna, S., Duyn, J.H., Glover,
G.H., Gonzalez-Castillo, J., Handwerker, D. a., Keilholz, S., Kiviniemi, V., Leopold, D. a., de Pasquale, F., Sporns, O., Walter,
M., Chang, C., 2013. Dynamic functional connectivity: Promise, issues, and interpretations. Neuroimage 80, 360–378.
doi:10.1016/j.neuroimage.2013.05.079
Jackson, A.F., Bolger, D.J., 2014. The neurophysiological bases of EEG and EEG measurement: a review for the rest of us.
Psychophysiology. 51, 1061–1071.
Jonckers, E., Palacios, R.D., Shah, D., Guglielmetti, C., Verhoye, M., Van Der Linden, A., 2014. Different anesthesia regimes
modulate the functional connectivity outcome in mice. Magn. Reson. Med. 72, 1103–1112. doi:10.1002/mrm.24990
Jones, D.T., Knopman, D.S., Gunter, J.L., Graff-radford, J., Vemuri, P., Boeve, B.F., Petersen, R.C., Weiner, M.W., Jack, C.R., 2015.
Cascading network failure across the Alzheimer’s disease spectrum. Brain 139, 547–562. doi:10.1093/brain/awv338
Jun, J.J., Steinmetz, N.A., Siegle, J.H., Denman, D.J., Bauza, M., Barbarits, B., Lee, A.K., Anastassiou, C.A., Andrei, A., Aydın, Ç.,
Barbic, M., Blanche, T.J., Bonin, V., Couto, J., Dutta, B., Gratiy, S.L., Gutnisky, D.A., Häusser, M., Karsh, B., Ledochowitsch,
P., Lopez, C.M., Mitelut, C., Musa, S., Okun, M., Pachitariu, M., Rich, D., Rossant, C., Sun, W., Svoboda, K., Carandini, M.,
Harris, K.D., Putzeys, J., Koch, C., Keefe, J.O., Harris, T.D., 2017. Fully integrated silicon probes for high-density recording
of neural activity. Nature 551, 232–236. doi:10.1038/nature24636
Karahanoğlu, F.I., Van De Ville, D., 2015. Transient brain activity disentangles fMRI resting-state dynamics in terms of spatially
and temporally overlapping networks. Nat. Commun. 6, 7751. doi:10.1038/ncomms8751
Keilholz, S.D., 2014. The neural basis of time-varying resting-state functional connectivity. Brain Connect. 4, 769–79.
doi:10.1089/brain.2014.0250
Keilholz, S.D., Magnuson, M.E., Pan, W.-J., Willis, M., Thompson, G.J., 2013. Dynamic Properties of Functional Connectivity in the
Rodent. Brain Connect. 3, 31–40. doi:10.1089/brain.2012.0115
Keilholz, S.D., Pan, W.-J., Billings, J., Nezafati, M., Shakil, S., 2016. Noise and non-neuronal contributions to the BOLD signal:
applications to and insights from animal studies. Neuroimage. doi:10.1016/j.neuroimage.2016.12.019
Kello, C.T., Brown, G.D.A., Ferrer-i-cancho, R., Holden, J.G., Linkenkaer-hansen, K., Rhodes, T., Van Orden, G.C., 2010. Scaling
laws in cognitive sciences. Trends Cogn. Sci. 14, 223–232. doi:10.1016/j.tics.2010.02.005
Khader, P., Schicke, T., Röder, B., Rösler, F., 2008. On the relationship between slow cortical potentials and BOLD signal changes
in humans. Int. J. Psychophysiol. 67, 252–261. doi:10.1016/j.ijpsycho.2007.05.018
Kitazawa, M., Medeiros, R., Laferla, F.M., 2012. Transgenic Mouse Models of Alzheimer Disease: Developing a Better Model as a
Tool for Therapeutic Interventions. Curr Pharm Des 18, 1131–1147.
Kumar, A., Ekavali, A.S., 2015. A review on Alzheimer’s disease pathophysiology and its management: an update. Pharmacol.
Reports 67, 195–203. doi:10.1016/j.pharep.2014.09.004
Lakatos, P., Barczak, A., Neymotin, S.A., Mcginnis, T., Ross, D., Javitt, D.C., Connell, M.N.O., 2016. Global dynamics of selective

29

Chapter 1
attention and its lapses in primary auditory cortex. Nat. Neurosci. 19. doi:10.1038/nn.4386
Larson-prior, L.J., Zempel, J.M., Nolan, T.S., Prior, F.W., Snyder, A.Z., Raichle, M.E., 2009. Cortical network functional connectivity
in the descent to sleep. Proc Natl Acad Sci U S A. 106, 4489–4494 NEUROSCIENCE.
Laumann, T., Snyder, A., Mitra, A., Gordon, E., Gratton, C., Adeyemo, B., Gilmore, A., Nelson, S., Berg, J., Greene, D., McCarthy,
J., Tagliazucchi, E., Laufs, H., Schlaggar, B., Dosenbach, N., Petersen, S., 2017. On the Stability of BOLD fMRI Correlations.
Cereb. Cortex 27, 4719–4732.
Lee, M.H., Smyser, C.D., Shimony, J.S., 2013. Resting-state fMRI: a review of methods and clinical applications. Am. J.
Neuroradiol. 34, 1866–72. doi:10.3174/ajnr.A3263
Leonardi, N., Van De Ville, D., 2015. On spurious and real fluctuations of dynamic functional connectivity during rest.
Neuroimage 104, 430–436. doi:10.1016/j.neuroimage.2014.09.007
Li, J.M., Bentley, W.J., Snyder, A.Z., Raichle, M.E., Snyder, L.H., 2015. Functional connectivity arises from a slow rhythmic
mechanism. Proc. Natl. Acad. Sci. 112, E2527–E2535. doi:10.1073/pnas.1419837112
Li, Q., Li, G., Wu, D., Lu, H., Hou, Z., Ross, C.A., 2017. Resting-state functional MRI reveals altered brain connectivity and its
correlation with motor dysfunction in a mouse model of Huntington ’ s disease. Sci. Rep. 1–9. doi:10.1038/s41598-01717026-5
Li, T., Wahlund, L., 2011. The search for neuroimaging biomarkers of Alzheimer’s disease with advanced MRI techniques. Acta
radiol. 52, 211–222. doi:10.1258/ar.2010.100053
Liang, Z., King, J., Zhang, N., 2012a. Intrinsic Organization of the Anesthetized Brain. J. Neurosci. 32, 10183–10191.
doi:10.1523/JNEUROSCI.1020-12.2012
Liang, Z., King, J., Zhang, N., 2012b. NeuroImage Anticorrelated resting-state functional connectivity in awake rat brain.
Neuroimage 59, 1190–1199. doi:10.1016/j.neuroimage.2011.08.009
Liang, Z., King, J., Zhang, N., 2011. Uncovering Intrinsic Connectional Architecture of Functional Networks in Awake Rat Brain. J.
Neurosci. 31, 3776–3783. doi:10.1523/JNEUROSCI.4557-10.2011
Liang, Z., Liu, X., Zhang, N., 2015. Dynamic resting state functional connectivity in awake and anesthetized rodents. Neuroimage
104. doi:10.1016/j.neuroimage.2014.10.013
Liska, A., Galbusera, A., Schwarz, A.J., Gozzi, A., 2015. Functional connectivity hubs of the mouse brain. Neuroimage 115, 281–
291. doi:10.1016/j.neuroimage.2015.04.033
Liska, A., Gozzi, A., 2016. Can Mouse Imaging Studies Bring Order to Autism Connectivity Chaos? Front. Neurosci. 10, 484.
doi:10.3389/fnins.2016.00484
Liu, X., Chang, C., Duyn, J.H., 2013. Decomposition of spontaneous brain activity into distinct fMRI co-activation patterns. Front.
Syst. Neurosci. 7, 101. doi:10.3389/fnsys.2013.00101
Liu, X., Duyn, J.H., 2013. Time-varying functional network information extracted from brief instances of spontaneous brain
activity. Proc. Natl. Acad. Sci. 110, 4392–4397. doi:10.1073/pnas.1216856110
Logothetis, N.K., 2008. What we can and what we cannot do with fMRI. Nature 453, 869–78. doi:10.1038/nature06976
Logothetis, N.K., Pauls, J., Augath, M., Trinath, T., Oeltermann, A., 2001. Neurophysiological investigation of the basis of the
fMRI signal. Nature.
Logothetis, N.K., Pfeuffer, J., 2004. On the nature of the BOLD fMRI contrast mechanism. Magn. Reson. Imaging 22, 1517–1531.
doi:10.1016/j.mri.2004.10.018
Logothetis, N.K., Wandell, B. a, 2004. Interpreting the BOLD signal. Annu. Rev. Physiol. 66, 735–69.

30

Chapter 1
doi:10.1146/annurev.physiol.66.082602.092845
Lynn, J., Kong, D., Chia, T.T.Y., Tandi, J., Yeo, B.T.T., Chee, M.W.L., 2015. Co-activated yet disconnected - Neural correlates of eye
closures when trying to stay awake. Neuroimage 118, 553–562. doi:10.1016/j.neuroimage.2015.03.085
Majeed, W., Magnuson, M., Hasenkamp, W., Schwarb, H., Schumacher, H.E., Barsalou, L., Keilholz, S.D., 2011. Spatiotemporal
dynamics of low frequency BOLD fluctuations in rats and humans. Neuroimage 54, 1140–1150.
doi:10.1016/j.neuroimage.2010.08.030
Majeed, W., Magnuson, M., Keilholz, S.D., 2009. Spatiotemporal Dynamics of Low Frequency Fluctuations in BOLD fMRI of the
rat. J Magn Reson Imaging 30, 384–393. doi:10.1002/jmri.21848.Spatiotemporal
Mangialasche, F., Solomon, A., Winblad, B., Mecocci, P., Kivipelto, M., 2011. Alzheimer’s disease: clinical trials and drug
development. Lancet Neurol. 9, 702–716. doi:10.1016/S1474-4422(10)70119-8
Masamoto, K., Kanno, I., 2012. Anesthesia and the quantitative evaluation of neurovascular coupling. J. Cereb. Blood Flow
Metab. 31, 1233–1247. doi:10.1038/jcbfm.2012.50
Masamoto, K., Kanno, I., 2012. Anesthesia and the quantitative evaluation of neurovascular coupling. J. Cereb. Blood Flow
Metab. 32, 1233–1247. doi:10.1038/jcbfm.2012.50
McRobbie, D. et al, 2003. MRI: From Picture to Proton, Health Physics. doi:10.1097/00004032-200310000-00020
Mechling, A.E., Arefin, T., Lee, H., Bienert, T., Reisert, M., Ben, S., Darcqe, E., Ehrlichd, A., Gaveriaux-Ruff, C., Parent, M.J., RosaNeto, P., Hennig, J., Elverfeldt, D. von, Kieffer, B.L., Harsana, L.-A., 2016. Deletion of the mu opioid receptor gene in mice
reshapes the reward–aversion connectome. Proc. Nat. Acad. Sci. 113, 11603–11608. doi:10.1073/pnas.1601640113
Mevel, K., Chetelat, G., Eustache, F., Desgranges, B., 2011. The Default Mode Network in Healthy Aging and Alzheimer’s Disease.
Int. J. Alzheimers. Dis. 2011, 535816. doi:10.4061/2011/535816
Monto, S., Palva, S., Voipio, J., Palva, J.M., 2008. Very slow EEG fluctuations predict the dynamics of stimulus detection and
oscillation amplitudes in humans. J. Neurosci. 28, 8268–8272. doi:10.1523/JNEUROSCI.1910-08.2008
Mormino, E.C., Smiljic, A., Hayenga, A.O., Onami, S.H., Greicius, M.D., Rabinovici, G.D., Janabi, M., Baker, S.L., Yen, I. V, Madison,
C.M., Miller, B.L., Jagust, W.J., 2011. Relationships between Beta-Amyloid and Functional Connectivity in Different
Components of the Default Mode Network in Aging. Cereb. cortex 21, 2399–2407. doi:10.1093/cercor/bhr025
Mucke, L., Selkoe, D.J., 2012. Neurotoxicity of Amyloid beta-Protein: Synaptic and Network Dysfunction. Cold Spring Harb
Perspect Med 2012 2, 1–18.
Murphy, K., Birn, R.M., Bandettini, P. a., 2013. Resting-state fMRI confounds and cleanup. Neuroimage 80, 349–359.
doi:10.1016/j.neuroimage.2013.04.001
Nasrallah, F.A., Lew, S.K., Low, A.S.-M., Chuang, K.-H., 2014. Neural correlate of resting-state functional connectivity under α2
adrenergic receptor agonist, medetomidine. Neuroimage 84, 27–34. doi:10.1016/j.neuroimage.2013.08.004
Northoff, G., Qin, P., Nakao, T., 2010. Rest-stimulus interaction in the brain: a review. Trends Neurosci. 33, 277–284.
doi:10.1016/j.tins.2010.02.006
Ogawa, S., Lee, T.M., Kay, A.R., 1990. Brain magnetic resonance imaging with contrast dependent on blood oxygenation. Proc.
Natl. Acad. Sci. U. S. A. 87, 9868–9872.
Palop, J.J., Mucke, L., 2016. Network abnormalities and interneuron dysfunction in Alzheimer disease. Nat. Rev. Neurosci. 17,
777–792.
Palop, J.J., Mucke, L., 2010. Amyloid-β Induced Neuronal Dysfunction in Alzheimer’s Disease: From Synapses toward Neural
Networks. Nat Neurosci. 13, 812–818. doi:10.1038/nn.2583.Amyloid-

31

Chapter 1
Palva, J.M., Palva, S., 2012. Infra-slow fluctuations in electrophysiological recordings, blood-oxygenation-level-dependent
signals, and psychophysical time series. Neuroimage 62, 2201–2211. doi:10.1016/j.neuroimage.2012.02.060
Palva, J.M., Zhigalov, A., Hirvonen, J., Korhonen, O., Linkenkaer-hansen, K., 2013. Neuronal long-range temporal correlations and
avalanche dynamics are correlated with behavioral scaling laws. Proc Natl Acad Sci U S A. 110, 3585–3590.
doi:10.1073/pnas.1216855110
Paxinos, G., Franklin, K.B.J., 2007. The Mouse Brain in Stereotaxic Coordinates Third edition. Elsevier Academic Press.
Preti, M.G., Bolton, T.A., Ville, D. Van De, 2016. The dynamic functional connectome: State-of-the-art and perspectives.
Neuroimage. doi:10.1016/j.neuroimage.2016.12.061
Quevenco, F.C., Preti, M.G., van Bergen, J.M.G., Hua, J., Wyss, M., Li, X., Schreiner, S.J., Steininger, S.C., Meyer, R., Meier, I.B.,
Brickman, A.M., Leh, S.E., Gietl, A.F., Buck, A., Nitsch, R.M., Pruessmann, K.P., van Zijl, P.C.M., Hock, C., Van De Ville, D.,
Unschuld, P.G., 2017. Memory performance-related dynamic brain connectivity indicates pathological burden and genetic
risk for Alzheimer’s disease. Alzheimers. Res. Ther. 9, 24. doi:10.1186/s13195-017-0249-7
Raichle, M.E., 2015. The restless brain: how intrinsic activity organizes brain function. Philos. Trans. R. Soc. B Biol. Sci. 370.
Raichle, M.E., 2010. Two views of brain function. Trends Cogn. Sci. 14, 180–190. doi:10.1016/j.tics.2010.01.008
Rashid, B., Arbabshirani, M.R., Damaraju, E., Cetin, M.S., Miller, R., Pearlson, G.D., Calhoun, V.D., 2016. Classification of
schizophrenia and bipolar patients using static and dynamic resting-state fMRI brain connectivity. Neuroimage 134, 645–
657. doi:10.1016/j.neuroimage.2016.04.051
Sadaghiani, S., Hesselmann, G., Kleinschmidt, A., 2009. Distributed and Antagonistic Contributions of Ongoing Activity
Fluctuations to Auditory Stimulus Detection. J. Neurosci. 29, 13410–13417. doi:10.1523/JNEUROSCI.2592-09.2009
Sämann, P.G., Wehrle, R., Hoehn, D., Spoormaker, V.I., Peters, H., Tully, C., Holsboer, F., Gzisch, M., 2011. Development of the
Brain’s Default Mode Network from Wakefulness to Slow Wave Sleep. Cereb. Cortex 21, 2082–2093.
doi:10.1093/cercor/bhq295
Schlegel, F., Schroeter, A., Rudin, M., 2015. The hemodynamic response to somatosensory stimulation in mice depends on the
anesthetic used: Implications on analysis of mouse fMRI data. Neuroimage 116, 40–49.
doi:10.1016/j.neuroimage.2015.05.013
Schroeter, A., Schlegel, F., Seuwen, A., Grandjean, J., Rudin, M., 2014. Specificity of stimulus-evoked fMRI responses in the
mouse: The influence of systemic physiological changes associated with innocuous stimulation under four different
anesthetics. Neuroimage 94, 372–384. doi:10.1016/j.neuroimage.2014.01.046
Section, S., 2013. Structural and Functional Brain Networks: From Connections to Cognition. Science (80-. ). 342.
doi:10.1126/science.1238411
Seymour, J.P., Wu, F., Wise, K.D., Yoon, E., 2017. State-of-the-art MEMS and microsystem tools for brain research. Microsystems
Nanoeng. 3, 1–16. doi:10.1038/micronano.2016.66
Sforazzini, F., Bertero, A., Dodero, L., David, G., Galbusera, A., Scattoni, M.L., Pasqualetti, M., Gozzi, A., 2016. Altered functional
connectivity networks in acallosal and socially impaired BTBR mice. Brain Struct. Funct. 221, 941–954.
doi:10.1007/s00429-014-0948-9
Sforazzini, F., Schwarz, A.J., Galbusera, A., Bifone, A., Gozzi, A., 2014. Distributed BOLD and CBV-weighted resting-state networks
in the mouse brain. Neuroimage 87, 403–415. doi:10.1016/j.neuroimage.2013.09.050
Shah, D., Deleye, S., Verhoye, M., Staelens, S., Van der Linden, A., 2016a. Resting-state functional MRI and [18F]-FDG PET
demonstrate differences in neuronal activity between commonly used mouse strains. Neuroimage 125, 571–577.

32

Chapter 1
doi:10.1016/j.neuroimage.2015.10.073
Shah, D., Jonckers, E., Praet, J., Vanhoutte, G., Delgado Y Palacios, R., Bigot, C., D’Souza, D. V., Verhoye, M., Van Der Linden, A.,
2013. Resting state fMRI reveals diminished functional connectivity in a mouse model of amyloidosis. PLoS One 8,
e84241. doi:10.1371/journal.pone.0084241
Shah, D., Praet, J., Latif Hernandez, A., Höfling, C., Anckaerts, C., Bard, F., Morawski, M., Detrez, J.R., Prinsen, E., Villa, A., De Vos,
W.H., Maggi, A., D’Hooge, R., Balschun, D., Rossner, S., Verhoye, M., Van der Linden, A., 2016b. Early pathologic amyloid
induces hypersynchrony of BOLD resting-state networks in transgenic mice and provides an early therapeutic window
before amyloid plaque deposition. Alzheimer’s Dement. 12, 964–976. doi:10.1016/j.jalz.2016.03.010
Shakil, S., Lee, C., Keilholz, S.D., 2016. Evaluation of sliding window correlation performance for characterizing dynamic
functional connectivity and brain states. Neuroimage. doi:10.1016/j.neuroimage.2016.02.074
Shankar, G.M., Walsh, D.M., 2009. Alzheimer’s disease: synaptic dysfunction and Abeta. Mol. Neurodegener. 4, 48.
doi:10.1186/1750-1326-4-48
Sheline, Y.I., Morris, J.C., Snyder, A.Z., Price, J.L., Yan, Z., D’Angelo, G., Liu, C., Dixit, S., Benzinger, T., Fagan, A., Goate, A., Mintun,
M.A., 2010a. APOE4 allele disrupts resting state fMRI connectivity in the absence of amyloid plaques or decreased CSF
Aβ42. J. Neurosci. 30, 17035–40. doi:10.1523/JNEUROSCI.3987-10.2010
Sheline, Y.I., Raichle, M.E., 2013. Resting state functional connectivity in preclinical Alzheimer’s disease. Biol. Psychiatry 74, 340–
347. doi:10.1016/j.biopsych.2012.11.028
Sheline, Y.I., Raichle, M.E., Snyder, A.Z., Morris, J.C., Wang, S., Mintun, M.A., 2010b. Amyloid Plaques Disrupt Resting State
Default Mode Network Connectivity in Cognitively Normal Elderly. Biol Psychiatry 67, 584–587.
doi:10.1016/j.biopsych.2009.08.024.Amyloid
Smith, S.M., Andersson, J., Auerbach, E.J., Beckmann, C.F., Bijsterbosch, J., Douaud, G., Duff, E., Feinberg, D.A., Harms, M.P.,
Kelly, M., Laumann, T., Miller, K.L., Petersen, S., Power, J., Salimi-khorshidi, G., Abraham, Z., Essen, V., Glasser, M.F.,
Consortium, W.H.C.P., 2013a. Resting-state fMRI in the Human Connectome Project. Neuroimage 80, 144–168.
doi:10.1016/j.neuroimage.2013.05.039.Resting-state
Smith, S.M., Fox, P.T., Miller, K.L., Glahn, D.C., Fox, P.M., Mackay, C.E., Filippini, N., Watkins, K.E., Toro, R., Laird, A.R., Beckmann,
C.F., 2009. Correspondence of the brain’s functional architecture during activation and rest. Proc. Natl. Acad. Sci. U. S. A.
106, 13040–5. doi:10.1073/pnas.0905267106
Smith, S.M., Vidaurre, D., Beckmann, C.F., Glasser, M.F., Jenkinson, M., Miller, K.L., Nichols, T.E., Robinson, E.C., Salimi-Khorshidi,
G., Woolrich, M.W., Barch, D.M., Uğurbil, K., Van Essen, D.C., 2013b. Functional connectomics from resting-state fMRI.
Trends Cogn. Sci. 17, 666–82. doi:10.1016/j.tics.2013.09.016
Snyder, A.Z., Raichle, M.E., 2012. A Brief History of the Resting State: the Washington University Perspective. Neuroimage 62,
902–910. doi:10.1016/j.neuroimage.2012.01.044.A
Sperling, R.A., Dickerson, B.C., Pihlajamaki, M., Vannini, P., LaViolette, P.S., Vitolo, O. V., Hedden, T., Becker, J.A., Rentz, D.M.,
Selkoe, D.J., Johnson, K.A., 2010. Functional alterations in memory networks in early alzheimer’s disease. NeuroMolecular
Med. 12, 27–43. doi:10.1007/s12017-009-8109-7
Sperling, R.A., Laviolette, P.S., O’Keefe, K., O’Brien, J., Rentz, D.M., Pihlajamaki, M., Marshall, G., Hyman, B.T., Selkoe, D.J.,
Hedden, T., Buckner, R.L., Becker, J.A., Johnson, K.A., 2009. Amyloid deposition is associated with impaired default
network function in older persons without dementia. Neuron 63, 178–188. doi:10.1016/j.neuron.2009.07.003.
Stafford, J.M., Jarrett, B.R., Miranda-Dominguez, O., Mills, B.D., Cain, N., Mihalas, S., Lahvis, G.P., Lattal, K.M., Mitchell, S.H.,

33

Chapter 1
David, S. V, Fryer, J.D., Nigg, J.T., Fair, D.A., 2014. Large-scale topology and the default mode network in the mouse
connectome. Proc. Natl. Acad. Sci. U. S. A. 111, 18745–50. doi:10.1073/pnas.1404346111
Tagliazucchi, E., Balenzuela, P., Fraiman, D., Chialvo, D.R., 2012. Criticality in Large-Scale Brain fMRI Dynamics Unveiled by a
Novel Point Process Analysis. Front. Physiol. 3, 1–12. doi:10.3389/fphys.2012.00015
Tagliazucchi, E., Laufs, H., 2014. Decoding Wakefulness Levels from Typical fMRI Resting-State Data Reveals Reliable Drifts
between Wakefulness and Sleep. Neuron 82, 695–708. doi:10.1016/j.neuron.2014.03.020
Thompson, G.J., Magnuson, M.E., Merritt, M.D., Schwarb, H., Pan, W.J., Mckinley, A., Tripp, L.D., Schumacher, E.H., Keilholz,
S.D., 2013. Short-time windows of correlation between large-scale functional brain networks predict vigilance
intraindividually and interindividually. Hum. Brain Mapp. 34, 3280–3298. doi:10.1002/hbm.22140
Thompson, G.J., Pan, W.-J., Billings, J.C.W., Grooms, J.K., Shakil, S., Jaeger, D., Keilholz, S.D., 2014. Phase-amplitude coupling and
infraslow (<1 Hz) frequencies in the rat brain: relationship to resting state fMRI. Front. Integr. Neurosci. 8, 41.
doi:10.3389/fnint.2014.00041
Thompson, G.J., Pan, W.-J., Magnuson, M.E., Jaeger, D., Keilholz, S.D., 2014. Quasi-periodic patterns (QPP): Large-scale dynamics
in resting state fMRI that correlate with local infraslow electrical activity. Neuroimage 84, 1018–1031.
doi:10.1016/j.neuroimage.2013.09.029
Vincent, J.L., Patel, G.H., Fox, M.D., Snyder, A.Z., Baker, J.T., Essen, D.C. Van, Zempel, J.M., Snyder, L.H., Corbetta, M., Raichle,
M.E., 2007. Intrinsic functional architecture in the anaesthetized monkey brain. Nature 447, 83–88.
doi:10.1038/nature05758
Wallace, D.J., Kerr, J.N.D., 2010. Chasing the cell assembly. Curr. Opin. Neurobiol. 20, 296–305. doi:10.1016/j.conb.2010.05.003
Wang, C., Ong, J.L., Patanaik, A., Zhou, J., Chee, M.W.L., 2016. Spontaneous eyelid closures link vigilance fluctuation with fMRI
dynamic connectivity states. Proc. Natl. Acad. Sci. U. S. A. 113, 2–7. doi:10.1073/pnas.1523980113
Wang, K., Liang, M., Wang, L., Tian, L., Zhang, X., Li, K., Jiang, T., 2007. Altered Functional Connectivity in Early Alzheimer’s
Disease: A Resting-State fMRI Study. Hum. Brain Mapp. 10, 967–978. doi:10.1002/hbm.20324
Wang, L., Roe, C.M., Snyder, A.Z., Matthew, R., Thomas, J.B., Xiong, C., Benzinger, T.L., Morris, J.C., Ances, B.M., 2013.
Alzheimer’s disease family history impacts resting state functional connectivity. Ann. Neurol. 72, 571–577.
doi:10.1002/ana.23643.Alzheimer
Wang, L., Zang, Y., He, Y., Liang, M., Zhang, X., Tian, L., Wu, T., Jiang, T., Li, K., 2006. Changes in hippocampal connectivity in the
early stages of Alzheimer ’ s disease : Evidence from resting state fMRI. Neuroimage 31, 496–504.
doi:10.1016/j.neuroimage.2005.12.033
Webster, S.J., Bachstetter, A.D., Nelson, P.T., Schmitt, F.A., Van Eldik, L.J., 2014. Using mice to model Alzheimer’s dementia: an
overview of the clinical disease and the preclinical behavioral changes in 10 mouse models. Front. Genet. 5, 1–23.
doi:10.3389/fgene.2014.00088
Weissman, D.H., Roberts, K.C., Visscher, K.M., Woldorff, M.G., 2006. The neural bases of momentary lapses in attention. Nat.
Neurosci. 9, 971–978. doi:10.1038/nn1727
Westbrook, C., Roth, C.K., 2011. MRI in Practice. John Wiley & Sons.
Williams, K.A., Magnuson, M., Majeed, W., LaConte, S.M., Peltier, S.J., Hu, X., Keilholz, S.D., 2010. Comparison of α-chloralose,
medetomidine and isoflurane anesthesia for functional connectivity mapping in the rat. Magn. Reson. Imaging 28, 995–
1003. doi:10.1016/j.mri.2010.03.007
Wong, C.W., DeYoung, P.N., Liu, T.T., 2016. Differences in the resting-state fMRI global signal amplitude between the eyes open

34

Chapter 1
and eyes closed states are related to changes in EEG vigilance. Neuroimage 124, 24–31.
doi:10.1016/j.neuroimage.2015.08.053
Wong, C.W., Olafsson, V., Tal, O., Liu, T.T., 2013. The amplitude of the resting-state fMRI global signal is related to EEG vigilance
measures. Neuroimage 83, 983–990. doi:10.1016/j.neuroimage.2013.07.057
Wong, C.W., Olafsson, V., Tal, O., Liu, T.T., 2012. Anti-correlated networks, global signal regression, and the effects of caffeine in
resting-state functional MRI. Neuroimage 63, 356–364. doi:10.1016/j.neuroimage.2012.06.035
Wu, G., Tagliazucchi, E., Chialvo, D.R., Marinazzo, D., 2013. Point-process deconvolution of fMRI reveals effective connectivity
alterations in chronic pain patients 1–8.
Yao, Z., Hu, B., Xie, Y., Zheng, F., Liu, G., Chen, X., Zheng, W., 2016. Resting-State Time-Varying Analysis Reveals Aberrant
Variations of Functional Connectivity in Autism. Front Hum Neurosci 10, 463. doi:10.3389/fnhum.2016.00463
Yeo, B.T.T., Tandi, J., Chee, M.W.L., 2015. NeuroImage Functional connectivity during rested wakefulness predicts vulnerability
to sleep deprivation. Neuroimage 111, 147–158. doi:10.1016/j.neuroimage.2015.02.018
Yousefi, B., Shin, J., Schumacher, E.H., Keilholz, S.D., 2018. Quasi-periodic patterns of intrinsic brain activity in individuals and
their relationship to global signal. Neuroimage 167, 297–308. doi:10.1016/j.neuroimage.2017.11.043
Zalesky, A., Fornito, A., Egan, G.F., Pantelis, C., Bullmore, E.T., 2012. The relationship between regional and inter-regional
functional connectivity deficits in schizophrenia. Hum. Brain Mapp. 33, 2535–2549. doi:10.1002/hbm.21379
Zerbi, V., Grandjean, J., Rudin, M., Wenderoth, N., 2015. Mapping the mouse brain with rs-fMRI: An optimized pipeline for
functional network identification. Neuroimage 123, 11–21. doi:10.1016/j.neuroimage.2015.07.090
Zerbi, V., Wiesmann, M., Emmerzaal, T.L., Jansen, D., Van Beek, M., Mutsaers, M.P.C., Beckmann, C.F., Heerschap, A., Kiliaan,
A.J., 2014. Resting-state functional connectivity changes in aging apoE4 and apoE-KO mice. J. Neurosci. 34, 13963–75.
doi:10.1523/JNEUROSCI.0684-14.2014
Zhang, D., Raichle, M.E., 2010. Disease and the brain’s dark energy. Nat. Rev. Neurol. 6, 15–28. doi:10.1038/nrneurol.2009.198
Zhang, D., Snyder, A.Z., Fox, M.D., Sansbury, M.W., Shimony, J.S., Raichle, M.E., 2008. Intrinsic functional relations between
human cerebral cortex and thalamus. J. Neurophysiol. 100, 1740–1748. doi:10.1152/jn.90463.2008
Zhang, H.-Y., Wang, S.-J., Liu, B., Ma, Z.-L., Yang, M., Zhang, Z.-J., Teng, G.-J., 2010. Resting Brain Connectivity: Changes during
the Progress of Alzheimer’s disease. Radiology 256.
Zhou, Y., Dougherty, J.H., Hubner, K.F., Bai, B., Cannon, R.L., Hutson, R.K., 2008. Abnormal connectivity in the posterior cingulate
and hippocampus in early Alzheimer ’ s disease and mild cognitive impairment. Alzheimer’s Dement. 4, 265–270.
doi:10.1016/j.jalz.2008.04.006

35

Chapter 1

36

Chapter 2
Outline and objective of the thesis

37

Chapter 2

The overall aim of this thesis is to fundamentally study system-scale brain dynamics
and use the derived insights to advance pre-clinical neuroimaging research in mice.
Resting state fMRI (rsfMRI) is a powerful non-invasive tool that is commonly used to study brain
functional connectivity (FC). Because of the high similarities of resting state networks and
functional brain organization between humans and rodents, rsfMRI represents a platform for
translational research. Conventional analytical approaches investigate the ‘static’ FC between
different brain areas. Ongoing brain dynamics that may be uncovered with rsfMRI have long
remained unexplored, yet evidence indicates that fundamental insights into brain function may
come from time-resolved analysis. While different time-resolved processes may exist in the
BOLD signal at different temporal and spatial scales, in this thesis, rsfMRI was used to
investigate very slow quasi-periodic activity at the whole brain system-scale level.

Objective 1: Determine the existence and properties of quasi-periodic patterns of
intrinsic BOLD activity in mice
The existence of quasi-periodic patterns in mice had not yet been confirmed prior to the start of
this thesis. A logical first step was thus to proof that quasi-periodic patterns actually exist in
healthy mice, and to investigate if they would appear similar to what has prior been observed in
humans and rats. This first project is presented in Chapter 3. In order to provide a reliable
evaluation of this question, important aspects of this work included: the optimization and
evaluation of proper anesthetic conditions that reproduced experimental conditions described
by state-of-the-art mouse resting state literature, the development of a set of analytical tools
that allowed us to fully explore the full range of mouse spatiotemporal dynamics, and a detailed
investigation of potential confounds in the BOLD signal from non-neuronal motion artifacts or
systemic physiological fluctuations.

Objective 2: Determine in what way quasi-periodic patterns reflect resting state
functional connectivity
QPPs identify the recurrence of spatiotemporal patterns in the low frequency filtered (LFF)
BOLD signal. QPPs have been hypothesized to reflect a specific type of time-varying process that
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likely contributes to FC between the brain areas they involve. It was further suggested they
might be separable from other types of BOLD dynamics. To address these questions, we
developed a linear regression approach that can remove the contribution of QPPs from the
image series. This analytical technique was used to model how QPPs reflect FC in a mouse
model of Alzheimer’s disease and in age-matched healthy controls. These findings are presented
in Chapter 4.

Objective 3: Determine if quasi-periodic patterns can identify disrupted brain dynamics
in Alzheimer’s disease and use this as a biomarker
The question proposed by objective 2 is highly interesting, but even more so is the idea that
QPP analysis may capture richer spatiotemporal structure in the data compared to conventional
analytical approaches. Investigating QPPs and modeling how they reflect FC could thus be very
valuable if this better determines functional disruptions in neurological disorders. In objective 1,
it was determined that mouse QPPs displayed anti-correlation between nodes of the DMN- and
TPN-like networks. The DMN-like network is commonly affected in patients with Alzheimer’s
disease that display amyloid pathology. The combination of these two observations suggested
that a mouse model of amyloidosis would be an ideal platform to evaluate if QPPs can
determine aberrant brain dynamics. QPPs were therefore investigated in old TG2576 mice, an
amyloidosis model, and age-matched controls. The goal was then to use the approach described
in objective 2 to model how QPPs reflected FC differences between groups and in turn use
those parameters in a machine learning based classification approach. This would allow us to
investigate the biomarker utility of QPPs. These findings are presented in Chapter 4.

Objective 4: Define the relationship between quasi-periodic patterns and the BOLD
global signal
After achieving objective 1, a relationship became apparent between QPPs and global BOLD
dynamics (the average intensity of all brain areas over time). This observation is a recurring
element that is investigated throughout the thesis and which marked a particularly interesting
question. Dynamic anti-correlation between the DMN and TPN and fluctuations in the global
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signal have been correlated to fluctuations in autonomous arousal. Several studies have
presented evidence and theories to suggest that the same neuromodulatory circuits that drive
autonomous arousal, also drive patterned and global input to the brain. These similarities posed
the question of how exactly QPPs and the global signal relate. In objectives 1-3, rsfMRI
acquisitions were limited in brain coverage due to technical limitations. In the third projected,
presented in Chapter 5, the scanning sequence was optimized to enable whole brain
acquisitions at high temporal resolution. To determine the relationship between the global
signal, QPPs, and a potential involvement of brain stem areas, we aimed to decompose the
functional scans into a set of spatiotemporal patterns of which the temporal overlap can be
investigated.

Objective 5: Determine the role of quasi-periodic patterns in modulating task-evoked
sensory processing
The DMN and TPN are known for their opposing functions in regulating internally versus
externally oriented cognitive processes. Anti-correlation between the DMN and TPN has also
been linked to fluctuations in arousal. This suggested that QPPs might play an important role in
affecting sensory responses to external stimuli. The advance towards whole brain acquisitions,
described for objective 4 enabled the interrogation of dynamic interaction between the DMN,
TPN and visual network. In Chapter 5, task-evoked visual stimulation experiments were
performed in order to evaluate how QPPs interact with visual sensory responses.

Chapter 6 presents the concluding remarks and future perspectives.
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Dynamic Resting State fMRI Analysis in Mice Reveals a
Set of Quasi-Periodic Patterns and Illustrates their
Relationship with the Global Signal
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Introduction
Resting state functional magnetic resonance imaging (rsfMRI) can be used to investigate functional
connectivity (FC) between different brain regions by calculating temporal coherence between their
spontaneous low frequency (LF) blood-oxygen level dependent (BOLD) fluctuations (Biswal et al. 1995;
van den Heuvel & Hulshoff 2010; Damoiseaux et al. 2006). In humans, this allows identification of several
resting state networks (RSNs) (Biswal et al., 1995; Cordes et al., 2000; Fox et al., 2006; Zhang et al.,
2008), including two wide-scale anti-correlated RSNs, termed the ‘default mode network’ (DMN),
containing regions active during rest, and the ‘task-positive network’ (TPN), containing regions that
become activated during task performance (Fox et al., 2005; Greicius et al., 2003). By investigating FC
changes in these RSNs, rsfMRI enables the clinical investigation of multiple neurological disorders
(Greicius, 2008; Lee et al., 2013; Zhang and Raichle, 2010).

Recently, rsfMRI has been performed in mice, allowing reliable detection of RSNs similar to those found
in humans and primates (Liska et al. 2015; Gozzi & Schwarz 2015; Grandjean et al. 2014; Zerbi et al.
2015; Sforazzini et al. 2014; Jonckers et al. 2011; Nasrallah et al. 2014). Initial applications in disease
models demonstrate its usefulness to track down and disentangle underlying disease mechanisms (Shah
et al. 2013; Shah et al. 2016; Liska & Gozzi 2016; Sforazzini et al. 2016; Stafford et al. 2014). With strict
control over genetic and environmental conditions available in mice, mouse rsfMRI shows great promise
as a pre-clinical tool to study FC changes in neurological disorders and enable fundamental research into
mechanisms underlying LF BOLD (Keilholz et al., 2016).

RsfMRI studies are generally performed with an experimental and methodological paradigm that either
assumes or imposes static FC, meaning that statistical interdependence of LF BOLD signals between
different brain regions stays the same over the length of the entire scan (Biswal et al., 1995). During the
last decade, studies in several species have demonstrated that this is not the case and that dynamic
analysis of rsfMRI FC provides many additional insights into the macroscale organization and dynamics of
neural activity (Calhoun et al., 2014; Deco et al., 2011; Hansen et al., 2015; Hutchison et al., 2013;
Keilholz, 2014). Only just recently, Grandjean et al. (2017) showed for the first time that dynamic FC
could be investigated in mice and allowed identification of several highly reproducible dynamic
functional states. These states display complex inter- and intra-modular organization and shed new light
on information processing in the mouse brain. Dynamic rsfMRI (drsfMRI) can also be applied to
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investigate pathology, better explaining observed FC differences in RSNs and improving distinction
between disease and control groups (Sakoglu et al. 2010; Jones et al. 2012; Damaraju et al. 2014; Rashid
et al. 2014; Grandjean et al. 2017).

Most commonly, drsfMRI is based on the sliding-window analysis (SWA) approach, where a FC metric of
interest is investigated within short time windows that are incrementally shifted along the image series
of the scan (Chang and Glover, 2010; Hutchison et al., 2013; Keilholz et al., 2013). For all windows,
region-to-region FC matrices are obtained, which can be clustered to identify stable neural ‘states’ (Allen
et al., 2014; Damaraju et al., 2014; Gonzalez-Castillo et al., 2015, 2014). SWA has shown great potential,
even just recently in mice (Grandjean et al. 2017), yet there is a lot of controversy regarding its use. The
approach further suffers from the dependence on user-defined window lengths and limitations of signalto-noise ratio that can spuriously induce FC changes (Hindriks et al., 2015; Hutchison et al., 2013; Preti et
al., 2016; Shakil et al., 2016). Given these limitations and the fact that FC is inherently an indirect readout
of spontaneous LF BOLD coherences, recent approaches attempted to track down instantaneous single
volume BOLD configurations that underlie the observed FC (Liu and Duyn, 2013; Preti et al., 2016;
Tagliazucchi et al., 2012; Wu et al., 2013). This spurred the discovery of co-activation patterns (CAPs),
which resemble known RSNs and help to better comprehend dynamic changes in SWA FC (Karahanoğlu
and Van De Ville, 2015).

An interesting alternative to the CAP approach is the detection of recurring consecutive sequences of
‘instantaneous’ BOLD volumes, or so-called spatiotemporal patterns, which can better capture the
temporal evolution of RSNs. Such patterns were first observed in the anesthetized rat by Majeed et al.
(2009), using a high temporal resting state scan, and consist of bilateral intensity waves propagating
from lateral somatosensory to medial cortical areas. Majeed et al. further developed an automated
algorithm to track down these spatiotemporal patterns, reproducing their results in rats and discovering
similar patterns in humans, where they alternatingly involve brain regions which are part of the DMN
and TPN (Majeed et al., 2011). Due to their repeated occurrence and cyclical behavior, they were termed
Quasi-Periodic Patterns (QPPs) (Garth John Thompson et al., 2014). A prominent finding is that QPPs can
be observed across species and are consistently detected at the single subject level with high
occurrences, making them promising candidates to contribute to both static and dynamic FC. Preliminary
data in humans with major depressive disorder supports this hypothesis (Wang et al., 2016). In rats,
QPPs were also detected using cerebral blood volume (CBV)-weighted resting state scans (Magnuson et
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al., 2010), confirming their contribution to LF BOLD haemodynamics. Furthermore, they seem to have a
neural precedent through correlation with infraslow local field potentials (Thompson et al. 2014;
Thompson et al. 2015; Pan et al. 2013; Thompson et al. 2014). Altogether, QPPs open up a new
perspective on studying FC and dynamics of LF BOLD.

In the current study, we thus investigated whether QPPs can be detected in mouse rsfMRI. If similar
patterns could be observed, this would further validate the relevance of QPPs as a mechanism
contributing to spontaneous BOLD coherences, and at the same time it would help to validate mouse
rsfMRI as a pre-clinical tool by confirming interspecies preservation of resting state dynamics. Single
subject detection of QPPs would constitute a step forward in more reliable mouse rsfMRI analysis,
provide new perspectives on studying mechanisms underlying FC, and mark the development of a
potential new biomarker for neurological disorders. Given the controversy on the impact of anesthesia
on FC readouts in mice, we compare a low anesthesia regime of medetomidine and isoflurane,
illustrated to allow optimal FC preservation (Grandjean et al., 2014), with an analogous higher anesthesia
regime. Finally, due to the hypothesized large-scale nature of QPPs, we investigate how their behavior
and detection is affected by global signal regression.

Materials and Methods
Animals, preparation and anesthesia
All procedures were performed in strict accordance with the European Directive 2010/63/EU on the
protection of animals used for scientific purposes. The protocols were approved by the Committee on
Animal Care and Use at the University of Antwerp, Belgium (permit number 2014-04), and all efforts
were made to minimize animal suffering.

Eleven male C57BL/6J mice (Charles River) between 22 and 24 weeks old were studied. Animals were
initially anesthetized with 3.5% isoflurane and maintained at 2% during handling. The animals’ heads
were positioned with incisors secured over a bite bar and fixed with ear bars. Ophthalmic ointment was
applied to the eyes and a rectal temperature probe was used to monitor animal temperature, which was
kept stable at 37°C via a hot air supply (MR-compatible Small Animal Heating System, SA Instruments,
Inc.). Physiological parameters were measured via a pressure sensitive pad, to assess breathing rate, and
a fiber-optic pulse oximeter placed over the tail, to assess heart rate and O2 saturation (MR-compatible
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Small Animal Monitoring and Gating system, SA Instruments, Inc.). The respective signals were sampled
at 15.895Hz for the low anesthesia animal group (Signal breakout module, SA Instruments, Inc.). Using
Short-Time Fourier Transform (window size 19.994s; intersperse 0.503s), followed by DC-component
filtering, respiration and cardiac rate were determined as the frequencies corresponding to max power
intensities for each time point.

Following preparation, animals received a bolus injection of medetomidine (Domitor, Pfizer, Karlsruhe,
Germany), after which isoflurane was gradually lowered to 0.4% over the course of 15min and
maintained at this level for the remainder of the imaging procedures. A subcutaneous catheter was
inserted to allow continuous infusion of medetomidine starting at 15min post-bolus. Animals were
scanned under a high anesthesia regime (HA; bolus 0.3mg/kg & infusion 0.6mg/kg/h; n=11) and two
weeks later under a low anesthesia regime (LA; bolus 0.05mg/kg & infusion 0.1mg/kg/h; n=11), to assess
the impact of anesthesia on spatiotemporal dynamics in LF BOLD. Two animals from the HA group were
excluded from the presented analysis, due to acquisition with offset imaging parameters (flip angle 90°
instead of 55°). High temporal resolution functional resting state scans under HA and LA were acquired
respectively 30min post-bolus, lasting 20min, and 40min post-bolus, lasting 10min. Conventional lower
temporal resolution functional resting state scans were acquired in the LA group 30min post-bolus,
lasting 5min. These scans were acquired to compare conventional ‘static’ rsfMRI analysis across both
scan types in the same session, so that QPPs could be related to whole-brain dynamics. Both
conventional and spatiotemporal analysis did not show any significant differences in the first or last
10min of the HA group (data not shown). Great care was taken to keep procedures and conditions
identical across animals, with preparatory handling never exceeding 10min.
RsfMRI acquisition
MRI procedures were performed using a Bruker Biospec 9.4T system (Bruker Biospin MRI, Ettlingen,
Germany), with a four-element receive-only phase array coil (RAPID MR international, Ohio, USA) and a
volume resonator for transmission. Anatomical images were acquired in the sagittal, coronal and axial
plane to allow exact and reproducible positioning of axial slices (0.4mm thickness, 0.1mm inter-slice).
Slices were positioned to allow optimal targeting of cingulate and somatosensory areas, centered 0.1mm
caudally of bregma according to a stereotaxic mouse brain atlas (Paxinos and Franklin, 2007). The
anatomical reference scan was acquired with a spin echo Turbo-RARE sequence: field of view (FOV)
(20x20)mm2, matrix dimensions (MD) [256x256], repetition time (TR) 3000ms, effective echo time (TE)
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33ms, and RARE factor 8. B0 field maps were acquired to allow shimming in the target area of interest.
High temporal resolution rsfMRI scans were positioned according to the anatomical reference scans and
were acquired using a gradient-echo echo-planar imaging (EPI) sequence: FOV (20x20)mm2, MD
[128x64], slices 3, flip angle 55°, bandwidth 400kHz, TR 500ms, and TE 16ms. The shorter TR enables an
imaging sampling frequency of 2Hz, necessary to investigate spatiotemporal dynamics at short time
scales. Conventional temporal resolution rsfMRI scans with matching slice positions were also acquired
for the LA group, using a gradient-echo EPI sequence: FOV (20x20)mm2, MD [128x64], slices 16, flip
angle 90°, bandwidth 400kHz, TR 2000ms, and TE 16ms.

Preprocessing
All analyses were performed using MATLAB2015a (Mathworks, Natick, MA). Motion parameters for
rsfMRI images were computed using 3 rigid body parameters for the high temporal resolution low slice
count datasets, which retains all 3 slices for single subject analysis, and 6 rigid body parameters for the
conventional high slice count dataset. RsfMRI images were then realigned, normalized to a user-defined
reference subject, smoothed (σ = 2 pixels), and motion vectors were regressed out of the image series.
These preprocessing steps were performed using Statistical Parametric Mapping (SPM12) software
(Wellcome Department of Cognitive Neurology, London, UK). Afterwards, image series were band-pass
filtered with a FIR filter between 0.01-0.2Hz, quadratic detrended and normalized to unit variance.
Before and after filtering, transient time points at the start and end of the image series were removed.
Consecutive group-level analysis of the high temporal resolution low slice count datasets was performed
solely on the center slice, given that the first and last slices were lost during the normalization process.
For detection of spatiotemporal patterns, images were investigated with and without global signal
regression, and a brain mask was employed that excludes the ventricles to avoid their contribution to
spatiotemporal pattern detection.

Conventional resting state fMRI analysis
Group independent component analysis (ICA) was performed using the GIFT toolbox (v4.0a) (Calhoun et
al., 2004) on data that was not motion regressed. For the high temporal resolution data, where only the
single center slice was investigated, we tested several different numbers of independent components
(IC). When more than six ICs were used, this caused the observation of unilateral components, while
when six ICs were used, this preserved the integrity of bilateral BOLD signals matching known

48

Chapter 3
neuroanatomical regions. Using these criteria, 6 ICs were empirically determined appropriate for singleslice analysis. For the conventional 16-slice lower temporal resolution dataset, we employed 15 ICs,
based on preceding literature (Shah et al. 2015; Shah et al. 2016; Sforazzini et al. 2014). All ICA analysis
was run on variance-normalized data, filtered between 0.01-0.2Hz, and using the Infomax algorithm with
no auto-filling of data reduction values. A brain mask was used to remove signals exterior to the brain.
Stability analysis was performed using the ICASSO algorithm, rerunning the ICA 50 times with a minimal
cluster size of 30 and maximal of 50. All other default parameters of GIFT were left unaltered.
For conventional ‘static’ functional connectivity (FC) analysis, regions of interest (ROI), measuring 6
voxels, were selected matching both a stereotaxic mouse brain atlas (Paxinos and Franklin, 2007) and
overlapping with maximal intensities in ICs determined with ICA. ROIs were subsequently used to
construct ROI-based FC matrices and seed-based FC maps. FC values were Fisher Z-transformed. For
within group statistical analysis of ICs and seed-based FC maps, one sample T-tests (two-tailed, p < 0.05)
were performed with false discovered rate (FDR) correction. For between group statistical analysis of the
ROI-based FC matric, a paired T-test (two-tailed, p < 0.05, FDR-correction) was used. All statistical
analyses were performed using SPM12 software.

Spatiotemporal pattern-finding algorithm and k-means clustering
To track down putative recurring spatiotemporal patterns, we employed the algorithm from the group of
Shella Keilholz that was previously used to identify Quasi-Periodic Patterns (QPP) in humans and rats
(Majeed et al., 2011) (The respective MATLAB code is available upon request via contact with the
corresponding author). The algorithm uses a data-driven correlation approach that identifies
spatiotemporally similar subsections in the functional (BOLD) image series. It essentially increases the
signal-to-noise ratio of repetitive spatiotemporal blocks, allowing averaging and preservation of
temporal information. In brief, the algorithm works by first isolating a random seed section, consisting of
a series of consecutive images at a random starting time point. The length of the spatiotemporal
template (i.e. the window size or number of images) is defined by the user. The template is then
incrementally shifted (a single TR) along the image series and a Pearson correlation value is calculated at
every time point (movie 1). A Sliding Template Correlation (STC) time series is derived which identifies
when the template is similar to the image series. Peak correlation values, exceeding an arbitrary
threshold, are used to select and average the associated image series at related time points into a new
updated template, which can then be used to extract correlations in the same way. This process is
iteratively repeated until the template no longer changes, i.e. the cross-correlation (cc) of templates of
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two consecutive iteration steps > 0.9999. At this point, the QPP is established and correlation peaks in
the STC exceeding the threshold reflect moments of pattern occurrences. A more detailed description
can be found in the original article (Majeed et al. 2011). In the current study, we employed the same
correlation thresholds.

Because the starting time point of the initial random seed template can affect the final outcome, the
entire process described above is repeated several times to derive a set of QPPs for a respective window
size under investigation. To identify a single representative QPP from this set, each of the obtained QPPs
is transformed into a its vector form, which measures the total amount of voxels comprised in the image
mask multiplied by the amount of image frames within the QPP (i.e. vectors from each masked image
frame are concatenated). These vectors are then clustered via k-means clustering, using correlation as a
distance metric. The optimal QPP is determined by tracking down the QPP, which presents the maximal
silhouette value within the cluster with the highest average silhouette values. A silhouette value
indicates how similar an object is to its own cluster and how much it differs from other clusters. K-means
clustering has been employed previously in rsfMRI literature to cluster functional images (Anderson et
al., 2010; Liu and Duyn, 2013). The way k-means is employed in this study, without prior phasing of QPPs,
essentially tracks down the QPP that was most robustly detected while being at a specific phase.

The procedures described above were performed for all investigated template window sizes. Data
presented in this work was either analyzed at group level, through concatenation of normalized image
series, which allowed pattern identification in a single center slice, or at individual subject level, which
allowed pattern identification in all three slices. We employed respectively 500 (group) and 200 (subject)
random starting time points.
Spatial and temporal cross-correlation
QPPs were compared with each other via two basic ways. The STCs of individual QPPs describe their
similarity and timing with respect to the image series. By performing cc between STCs, one can establish
a measure of QPP similarity, and identify their temporal offsets from one another. The latter information
is used to display QPPs at their appropriate timing (e.g. Fig.3A) and to phase-align them (e.g. Fig.2).
Another option to identify QPP similarity is via circular cc of their spatiotemporal images. Each single QPP
is transformed into its vector form, which measures the total amount of voxels comprised in the image
mask multiplied by the amount of image frames within the QPP. The resultant vector can be circularly
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shifted (using the MATLAB ‘circshift’ function), with increments measuring the length of indices in the
image mask (i.e. a single frame), to calculate the cc.

Data-driven identification of pattern optimal window size
The ideal window size of putative mouse rsfMRI QPPs is unknown. Previous strategies used visual
inspection and pattern speed as a reference (Majeed et al. 2011; Majeed et al. 2009; Thompson et al.
2014). Here, we developed an automated processing tool to determine optimal window sizes in a datadriven fashion, termed fractional average correlation (FA).

In a set of QPPs of the same pattern type, where each QPP is determined at a different window size and
at the same phase, each individual pattern is subdivided into all possible consecutive fractions of a fixed
length specified by the smallest window size investigated. To illustrate, in the presented analysis the
smallest window size is set at 6TRs (3s), meaning that a pattern of e.g. 24TRs long will be divided into 19
fractions of 6 consecutive images, each shifted by 1 TR (Fig.S1A). Each individual fraction from a QPP at a
specific window size is then treated as a reference, and the maximal cc value is calculated with respect to
the complete ‘target’ QPP at another window size (Fig.S1A-B). The average of the resultant cc values
represents a measure of how many fractions the reference and target QPP have in common, i.e. the FA.
The FA value is calculated for all possible combinations of window sizes, constructing an n x n correlation
matrix, where n represents the number of different window-sized QPPs and each column represents the
FA values for a specific reference QPP with each respective QPP in the set (Fig.S1C). By averaging the FA
matrix across its columns, the set-wise FA value for each QPP is determined.

The power of this approach lies in the notion that target QPPs at smaller window sizes than the
reference QPP under investigation have less fractions in common, given that they only represent a
subpart. Comparing larger reference QPPs with non-matching subparts in short target QPPs decreases
the FA value. Long target QPPs, however, are likely to contain the full pattern and will therefore show a
high FA. The tipping point of increasing FA, before a plateau is reached, reflects the optimal window size.

Data-driven pattern classification using hierarchical clustering
Within a set of patterns, determined at a given window size for the group wide analysis, multiple types
of spatiotemporal patterns could be visually distinguished. To validate visual classification, set-wise n x n
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cc matrices are constructed via either spatial or STC cc, where n is the number of QPPs compared (n =
500). The columns of these symmetrical matrices are used to perform hierarchical clustering, using
correlation as a distance metric. Cc scopes QPP similarity with one another and consecutive clustering of
set-wise cc values for each QPP further accentuates their overall relationship. Opposed to the employed
strategy for k-means clustering, cc inherently aligns QPP phase during the clustering process. Hierarchical
clustering is an unsupervised approach, thus removing potential bias from cluster number pre-selection.
Visual observation of sorted block designs and inspection of their content then serves to validate pattern
subtype separation.

Phase sorting of spatiotemporal patterns
After global signal regression (GSR), opposite phase detections of QPPs dominated hierarchical clustering
off cc matrices. To illustrate that only a single QPP was detected at opposite phases, QPPs can first be
sorted based on their phase, prior to performing clustering. The Cingulate (Cg) component was present
in both LA and HA groups, as determined with ICA and observed in all established QPPs. Masks were
therefore constructed from the Cg independent component thresholded T-maps, which were
subsequently used to calculate the average Cg intensity across each image frame of the QPPs. This
establishes a time series of the Cg region that can be used to phase sort QPPs based on either displaying
first high or low Cg activity.

Global co-activation patterns
To more closely investigate the shape of the global signal, an analysis methodology is employed that was
inspired by the CAP approach (Liu and Duyn, 2013). Briefly, in the latter, supra-threshold crossings of
signal in chosen neuroanatomical seed locations are used to extract fMRI frames to be averaged or
further processed by clustering. This allows the detection of instantaneous fMRI volumes that contribute
to FC and known RSNs. The same strategy is adapted for the current study, but using the global signal as
a seed region, and increasing the extent of averaged fMRI frames to a window centered on peak
intensity time points. Essentially, all peaks in the global signal of the concatenated group image series
are identified and out of these, the subset highest peaks are chosen. The latter is determined by
matching the amount of chosen peaks to the average occurrences of QPPs (at their ideal window length)
that we hypothesize to be related to the global signal (pattern 2 & 3 for LA; pattern 2 & 4 for HA; cfr.
Results). Given the resultant set of peak time points T = {T1, T2, …, TP}, with P being the number of peaks,
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a 3D matrix Y = [XTi-WL/2, XTi-WL/2+1, …, XTi+WL/2] is constructed, with XTi being the image frame at time Ti and
WL the chosen window length for frames to be averaged. The matrix Y is averaged across the third
dimension to produce the global CAP.

Results
We acquired high temporal resolution rsfMRI scans in a set of 11 C57BL/6J mice. Subjects were scanned
under a high anesthesia regime (HA, 0.3mg/kg bolus & 0.6mg/kg/h infusion of medetomidine) and were
rescanned two weeks later under a low anesthesia regime (LA, 0.05mg/kg bolus & 0.1mg/kg/h
medetomidine). Two subjects of the HA group were not included in the presented analysis due to
acquisition with offset parameters. We focus on the outcome of the LA group, while results under HA are
more briefly addressed at the end of each section and related figures are presented in the
supplementary data. A direct comparison is made in sections 3.1 and 3.7.
Spectral information and resting state network functional connectivity
Conventional rsfMRI analysis in rodents typically employs a TR between 1-2s and investigates LF BOLD
fluctuations filtered in ranges between 0.01-0.1Hz or 0.01-0.3Hz (Gozzi and Schwarz, 2015; Grandjean et
al., 2014; Jonckers et al., 2015; Liska et al., 2015). To enable detection of propagating spatiotemporal
patterns, we acquired scans with a TR of 500ms, providing a spectrum with a wider range (up to 1Hz) and
higher temporal resolution. Visual inspection of group-average power spectra revealed that under LA the
highest spectral information content was confined to the range below 0.2Hz, while power in the HA
group was in general lower (Fig.1A). The spectra of both groups displayed a high peak below ~0.015Hz,
consistent with literature suggesting band-pass filtering above 0.01Hz to remove baseline drift
(Bianciardi et al., 2009; Yan et al., 2009).

Group-level analysis was restricted to a single slice, due to image normalization. After 0.01-0.2Hz bandpass filtering, group ICA of the LA data revealed the presence of six meaningful bilateral RSNs,
overlapping with neuroanatomical locations (Fig.1B): Ventral Pallidum (VP), ventro-lateral Caudate
Putamen (Cpu vl), dorsal Caudate Putamen (Cpu d), Somatosensory area 1 (S1) forelimb and hindlimb
(HL/FL), Somatosensory area 2 (S2), and Cingulate cortex (Cg). These six RSNs appeared to match known
mouse RSNs (Zerbi et al. 2015; Grandjean et al. 2017; Liska et al. 2015; Sforazzini et al. 2014). To validate
if single-slice RSNs in short TR (0.5s) data match with those in conventional whole-brain lower TR (2s)
data, 16-slice rsfMRI scans were acquired during the same LA sessions. ICA of this data indeed revealed
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the same RSNs (Fig.1E). However, in this data we observed only a single Cpu component and two
somatosensory components, of which the S1 HL/FL component partially overlapped with S1 barrel field
(BF).

When LA RSNs of the short and long TR data were compared, it became apparent that S2 and Cg
components, determined in the short TR data, overlap respectively with the large-scale lateral cortical
network and the Default Mode like network (DMN) in the long TR data. The lateral cortical network has
been suggested to represent a potential mouse Task-Positive like network (TPN) (Gozzi and Schwarz,
2015; Liska et al., 2015). These findings suggested that short TR single-slice RSNs pertain to whole-brain
networks. This supported the conceptual paradigm that a well-positioned single-slice investigation allows
a view into whole-brain dynamics. Under HA, ICA of the short TR data revealed similar single-slice RSNs
as under LA, but with a less pronounced bilateral extent (Fig.1B), suggesting compromised FC.

Finally, we also directly investigated FC. Left and right ROIs, matching with both the RSN peak intensities
and a mouse stereotaxic brain atlas (Paxinos and Franklin, 2007), were used to construct a FC matrix in
which HA and LA groups were compared (Fig.1C). S2, Cg, and Cpu d showed significantly decreased
bilateral FC in the HA group (two-smaple T-test, two-tailed, p<0.05 FDR-corrected). Cpu d – Cg, VP – Cg,
S1FL – S2, and Cpu vl – S2 also showed significantly lowered FC under HA. Seed-based FC analysis of the
short TR LA data resulted in FC maps that were highly similar to the respective RSNs (Fig.1B&D). For the
HA short TR data, no FC was apparent after significance thresholding. Seed-based FC analysis of the long
TR data similarly reproduced whole brain RSNs and additionally allowed the detection of both Cpu d and
Cpu vl components (Fig.1F).
Lastly, it should be noted that, while all observed RSNs matched generally with known mouse RSNs,
some inconsistencies in homotopic representation and functional coupling were apparent. Therefore, to
provide full transparency into our findings, we additionally present the remaining ICA-derived RSNs that
were observed in the LA whole-brain 2s-TR data (Fig.2). These RSNs displayed bilateral coupling similar
to what has been observed in other mouse rsfMRI studies (Grandjean et al., 2014; Liska et al., 2015).
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Figure 1. Spectral range and resting state networks
All ICA and FC maps display thresholded T-values (one-sample T-test, p<0.05 FDR-corrected). A-D) Single-slice high
temporal resolution data. A) Group average multitaper power spectral density of the center brain slice for the low
(LA, blue) and high (HA, red) anesthesia groups. Patches indicate standard deviations. Note the higher power under
LA. The frequency range displays the highest spectral content, with the full range shown on top. Based on this
observation, all data were filtered between 0.01-0.2Hz. B) LA (top) and HA (bottom) RSNs determined with ICA. Top
row text indicates similarity with resting state networks, lower row indicates overlap with anatomical parcellations
(Paxinos and Franklin, 2007). C) ROI-based zFC matrix for LA (top right) and HA (bottom left). Significant differences
are indicated with ‘S’ (two-sample T-test, FDR p<0.05). ROIs are indicated on a representative EPI image. D) LA (top)
and HA (bottom) seed-based FC maps, using left ROIs (C). Note for HA, the loss of FC, and for LA, the similarity with
ICA-derived RSNs (B). E-F) Whole-brain low temporal resolution data. The matching slice, investigated in the high
temporal resolution data, is indicated in blue. E) LA whole brain RSNs matching those shown in (B). Note the
speculative mouse TPN and DMN, matching single slice lateral and cingulate ctx networks. Only two whole-brain
striatal networks were observed, and two S1 networks instead of one. F) LA Seed-based FC maps illustrate similarity
with RSNs (E). A third striatal network is now again observed. Abbreviations. LA, low anesthesia; HA, high
anesthesia; ctx, cortex; Cg, Cingulate; S1, somatosensory area 1; FL, forelimb; HL, hindlimb; BF, barrel field; S2,
somatosensory area 2; Cpu, caudate putamen; d, dorsal; vl, ventro-lateral; VP, ventral pallidum; Pir, piriform ctx; I,
insular ctx; En; enthorhinal ctx; Tea, temporal association ctx; HC, hippocampus; TH, thalamus; DMN, default mode
network; TPN, task positive network; RSN, resting state network.

Exploring group wide spatiotemporal dynamics
Without a clear a priori knowledge of the time span of putative QPPs, we investigated a series of
different window sizes. This was achieved by running the spatiotemporal pattern finding algorithm on
the center slice image series of all subjects.

We observed consistent and well-defined bilateral spatiotemporal patterns for all investigated window
sizes ranging from 3 to 18s (Fig. 3C). To interpret the findings across different window sizes, three major
factors need to be considered: (1) the algorithm is to some extent insensitive to phase, meaning that
patterns can be detected at different start times; (2) small window sizes inherently only scope part of a
larger pattern; (3) different window sizes can skew detection towards different patterns. In a first
approach, we addressed this by making use of each observed pattern’s correlation time series,
determined via sliding window correlation with the image series, which we refer to as the Sliding
Template Correlation (STC) (movie 1 & Fig.3A). By calculating the cc of different patterns’ STCs at
different window sizes, we can establish their temporal overlap and adjust their phase so that the
patterns align (Fig.3B). Using visual inspection, this initial exploration of the data revealed a nonredundant full-size QPP at 12s. Phasing to the STC of this QPP allowed a meaningful alignment of all
observed QPPs (Fig.3C), facilitating comparison and interpretation.
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Figure 2. Additional whole-brain resting state networks
This figure is complimentary to Fig.1E and displays the remaining ICA-derived RSNs, obtained from the whole-brain
low temporal resolution data. Note the observation of bilateral RSNs that display similarity with preceding mouse
rsfMRI literature. Maps display thresholded T-values (one-sample T-test, p<0.05 FDR-corrected).
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Figure 3. Spatiotemporal patterns detected at the group level
A) Illustration of the Sliding Template Correlation (STC) time series associated with QPPs observed at different
window sizes. Upper panel. Single STC excerpt at a window size of 12s. Red line indicates the threshold for pattern
detection, with QPP occurrences indicated by black triangles. Lower Panel. Close-up of several STCs at different
window sizes, illustrating phase offsets between detected patterns. Red indicates anti-phasic detections, versus
similar phase detections in blue. B) Cross-correlation (cc) matrix of STCs at different window sizes. Lower triangle
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indicates max cc values, while upper triangle shows phase offsets (seconds) between detected patterns. Note the
high cc from window size 12s upwards. C) Rows present QPPs determined for different window sizes of analysis
(vertical axis), while their temporal unfolding is shown across the columns (horizontal axis; images interspersed by
1.5s). Images display normalized BOLD signals. QPPs are phased using the time delays of their STC cc (left panel).
The resultant alignment can be visually appreciated. Note that the figure suggests that several types of QPPs could
be observed (e.g. at 7.5s, 10.5s & 12s). At 12s we observed a full non-redundant pattern, displaying bilateral S2
towards medial Cg intensity propagation, followed by a low intensity wave (green square). Red square indicates
redundancy or repeating parts of the cycle.

Starting from a window size of 12s and upward, we observed high and consistent STC cc and QPP spatial
cc, with average values of respectively (0.96±0.03) and (0.94±0.01). STC cc from shorter window sizes
with the STC at 12s were however considerably lower and less consistent (0.66±0.10), while QPP cc was
less diminished (0.81±0.04). This discrepancy in STC cc at shorter and longer window sizes suggested the
detection of different spatiotemporal patterns, which was also hinted by visual inspection of Fig.2C.

The same analysis was performed for the HA group (Fig.S2), where an optimal window size was visually
determined at 7.5s. STC cc (0.84±0.09) and QPP cc (0.89±0.05) were high across all window sizes. This
initially suggested the observation of only one single spatiotemporal pattern.

Multiple Quasi-Periodic Patterns
The group wide QPPs displayed in Fig.2C were derived from iteratively running the algorithm 500 times
per window size and selecting the optimal one via k-means clustering and silhouette classification. We
repeated this analysis at each window size with 100 iterations, but now visually inspected all individual
QPPs to determine the full repertoire. We consistently observed a set of 3 different QPPs (Fig.4A-B &
movie 2), which could be detected at almost all window sizes (Fig. 4D). Pattern identification was
supported by their high spatial similarity with known RSNs in mice (Fig.1B&D). For the purpose of
consistent classification, we employed a set of selection criteria that describes their behavior (Fig.4B).
Pattern 1 (PAT1) first displays high intensity in lateral cortices centered on S2, and subsequently also
involves S1 areas, Cpu vl, and to some extent the enthorhinal (En) and insular (I) cortices. The pattern
further spreads with lower intensity along Cpu d, towards medial cortical areas centered on Cg. Regional
contrasting high and low intensities are marked by a complementing positive and negative cycle,
followed by a prolonged more global negative intensity. PAT2 displays simultaneous high intensity in the
Cpu d and Cg. PAT3 starts similar to PAT1 with lateral high intensity, which now becomes more
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widespread involving a larger area of Cpu, S1, En and Cg. Both PAT2 and PAT3 display a negative wave to
complete the cycle.

Classification of QPPs allowed us to estimate the detection rate across window sizes (Fig.4D). PAT2 and
PAT3 displayed a bell-shaped curve, with detection rates exceeding that of PAT1 at window sizes
between 7.5-10.5s. PAT1 displayed a U-shaped curve, with higher detection rates at the smallest and
largest window sizes. Especially interesting is the take-over at 12s and upward, exceeding PAT2 and PAT3
detection rates. The observed distributions of detection rates were strongly in line with QPPs
determined in the general analysis using k-means clustering and silhouette detection (Fig.3C). To validate
if QPPs in the latter were representative, the k-means algorithm was iterated 10 times and the outcomes
were visually inspected. Below 9s, pattern detection was highly consistent, always finding the same
QPPs, at 9s a mixture of PAT2 and PAT3 was found, at 10.5s a mixture of PAT1 and PAT3, and above 12s
a mixture of PAT1 and PAT3 with PAT1 dominating (74%). These findings were in line with presented
results and illustrate how k-means clustering becomes less reliable towards longer window sizes.

To further investigate this skewed detection, we isolated QPPs and their associated STCs for each type of
pattern at every window size. STC cc was high and consistent at window sizes of 10.5-18s for PAT1
(0.93±0.02) and 6-13.5s for PAT2 (0.94±0.03), while PAT3 seemed less confined to a specific range (616.5s; 0.88±0.06) (Fig.4C). QPP cc was high across all window sizes: PAT1 (0.94±0.04), PAT2 (0.87±0.10) &
PAT3 (0.92±0.06). PAT2 QPP cc was higher at window sizes of 6-13.5s (0.94±0.02). Further, PAT2 and
PAT3 displayed higher occurrence rates (i.e. the amount of correlation peak threshold crossings in the
STC) at window sizes below 10.5s (Fig.4F), but became equal with PAT1 afterwards.
After establishing the presence and behavior of 3 individual patterns, we used visual inspection, QPP
detection rate (Fig.4D), and FA (Fig.4E) to determine optimal window sizes for each: PAT1 12s, PAT2 9s
and PAT3 9s. These optimal sizes seem in line with the skewed detection rates across window sizes. All
three patterns were observed throughout the different subjects, with PAT1 and PAT3 displaying higher
variability (Table1, upper panel). An overlay of each pattern’s STC, determined for its respective ideal
length, illustrated their overall coincident behavior (Fig.4G). Although there was variation in timings and
temporal correlation strength, patterns appeared to often be co-active, but could nonetheless be
separated by the spatiotemporal pattern-finding algorithm. Specifically, PAT2 & PAT3 appeared to lag
behind PAT1, causing their high intensity phase to fall in between PAT1’s S2 – Cg switch (Fig.4A).
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Figure 4. Detection of multiple Quasi-Periodic Patterns based on window size and visual inspection
A) Three different types of QPPs could be identified and are displayed at their respective ideal window sizes, after
phase-alignment (1s intersperse). PAT1 is marked by contributions in cortical regions with opposing intensities.
PAT2 and PAT3 display stronger involvement of Caudate Putamen, which are co-active with medial cortical regions.
PAT2 does not display lateral cortical high intensities. Both PAT2 and PAT3 high intensities coincide with PAT1’s S2–
Cg intensity switch. B) Schematic illustration of the spatiotemporal flow of the three patterns. Circles indicate key
regions that were used to visually classify patterns, while activity propagation is indicated by arrows. Red indicates
high and blue low intensities. All involved brain regions are indicated in green on the middle illustration. C) STC cc
matrices across all window sizes, for each pattern. PAT1 was more reliably detected at longer window sizes, PAT2
more at shorter ones. PAT3 appeared similarly correlated across most window sizes. D) Detection rate of each
pattern, as determined by visual classification of a 100 patterns per window size. Note the bell-shape curve of PAT2
and PAT3 at shorter window sizes, and the U-curve for PAT1, which takes over after 12s (red circle). These curves
illustrate skewed pattern detection dependent on window size. E) Fractional average correlation per window size.
Red circles indicate the start of a plateau, representing the ideal window size. F) Occurrence rate across window
sizes. Note the higher occurrence rates for PAT2 and PAT3 at shorter window sizes. G) Illustration of the overlap
between non-phase-corrected STCs, determined for each pattern’s ideal window size. Although there is variation in
peak timing and temporal correlation, individual patterns display coincident behavior with one another.
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Table 1. Pattern occurrence rate per subject

Half cycle time (max to min)

l

Propagation speed

l

Lateral left

Lateral right

Medial

Cp left

Cp right

Lateral Left
to Medial

Lateral right
to Medial

Cp left to
Medial

Cp right to
Medial

4.5 ± 0.4s

4.8 ± 0.5s

4.2 ± 0.4s

4.7 ± 0.9s

3.9 ± 0.4s

4.4 ± 0.6s

4.6 ± 0.7s

3.3 ± 1.4s

4.3 ± 0.8s

PAT2
PAT3

4.4 ± 0.6s

5.2 ± 1.0s

4.6 ± 0.3s

4.2 ± 0.3s

4.6 ± 0.6s

1.7 ± 0.4s

2.0 ± 0.7s

0.6 ± 0.2s

0.7 ± 0.3s

4.5 ± 0.4s

4.7 ± 0.5s

4.7 ± 0.6s

4.4 ± 0.5s

4.3 ± 0.4s

1.2 ± 0.7s

1.1 ± 0.6s

0.4 ± 0.3s

0.8 ± 0.4s

GSR
Cortex
Cp

4.5 ± 0.5s

4.3 ± 0.4s

4.5 ± 0.3s

8.4 ± 4.8s

4.7 ± 2.4s

4.8 ± 0.4s

4.7 ± 0.4s

5.5 ± 1.5s

1.8 ± 1.5s

4.4 ± 0.7s

4.3 ± 0.4s

4.2 ± 0.4s

5.6 ± 1.6s

4.5 ± 0.8s

3.8 ± 0.4s

3.8 ± 0.4s

3.5 ± 0.6s

2.2 ± 1.3s

5.2 ± 1.5s

4.5 ± 1.0s

4.5 ± 0.6s

3.8 ± 0.5s

3.7 ± 0.3s

1.4 ± 0.5s

1.4 ± 0.3s

0.6 ± 0.4s

0.5 ± 0.4s

PAT1

l

Table 2. Pattern half cycle time and propagation time from lateral to medial, averaged across relevant
window sizes

62

Chapter 3
Half cycle times, defined as the time to change from maximal to minimal intensity of a brain region
within the QPP, were similar across all three patterns and different window sizes, averaging to
approximately 4.6s (Table2, upper panel). Propagation time, defined as the time delay of maximal
intensity occurring in one brain region within the QPP after maximal intensity detection in another
region, from lateral (S2 or Cpu) to medial regions were different between the patterns, being shorter for
PAT2 and PAT3.
Classification analysis was also performed on the HA group, which originally displayed only one type of
pattern (Fig.S2A) that appeared highly similar to PAT2. Further inspection revealed detections of
patterns similar to PAT1 and a fourth type (Fig.S3A & movie 3). The latter appeared similar to PAT2, but
with more widespread and ventral involvement of Cpu, and less contribution of the medial cortex. QPPs
further tended to display more unilateral behavior or bilateral delays.
Under HA, PAT2 detection rate seemed to be dominant across all window sizes (Fig.S3C), in line with the
QPPs observed in the general analysis. Repeating the k-means algorithm for the HA group similarly
revealed that mostly PAT2 was detected. STC cc revealed that PAT1 (0.73±0.09) could now only be
consistently detected up to a window size of 7.5s, while PAT2 (0.84±0.09) and PAT4 (0.73±0.10) were
similar across all window sizes (Fig.S3B). Overall cc values were lower for HA than for LA, illustrating
increased difficulty of consistent observations. Occurrence rate was similar across all three patterns,
averaging ±0.8 occurrences/min (approx. half that of under LA: ±1.5 occurrences/min), and they were
detected in all subjects (TableS1, upper panel). Ideal window sizes for all types of HA patterns were
observed at 7.5s (Fig.S3D), while half cycle times averaged to ±3.7s. Consistent with the respective
spatiotemporal shape, and as was observed in the LA group, propagation time from lateral to medial was
shorter in PAT2 and PAT4 than in PAT1 (TableS2).
Data-driven validation confirms multiple Quasi-Periodic Patterns
Visual classification might suffer from user bias, leading to a potentially wrongful identification of three
separate patterns under LA. To validate our findings, we employed a novel approach to cluster
spatiotemporal patterns, utilizing hierarchical sorting of pattern cc matrices (cfr. 2.8). Individual patterns
at respective window sizes (7.5-13.5s) were clustered using either their spatial structure (Fig.5A) or their
STC (Fig.5B). In both cases clustering was most successful at shorter window sizes, clearly indicating the
presence of three separate clusters. Visual inspection of their content revealed that clusters
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predominantly contained a single type of pattern, confirming the existence of three patterns types.
Similarly, the sorted average cc of all individual patterns with every other pattern revealed step-wise
transitions, confirming clear pattern distinction.

With increasing window size clustering became more difficult and pattern separation less clear. This was
similar to the observations made for k-means clustering and was to be expected given the increasing
dimensionality of data to be clustered. Towards longer window sizes PAT1 detection rate increased,
which matched preceding results (Fig.4). PAT2 and PAT3 ideal window sizes had been determined at 9s,
thus increasing the window size under investigation forces the detection algorithm to find longer
patterns that contain more noise or overlap with other patterns, potentially contributing to less efficient
clustering at higher window sizes. The proposed clustering method at this point seemed not to be
sufficiently reliable to replace visual classification, but did serve valuable to illustrate the existence of
three different patterns.

Under HA, hierarchical clustering similarly allowed separation of PAT1, PAT2 and PAT4 at short window
sizes (Fig.S4). However PAT2 and PAT4 were less clearly separable, suggesting some potential overlap. At
longer window sizes pattern cc was very low and only minor clustering could be observed.

Global signal regression accentuates pattern 1 while removing spatiotemporal dynamics closely
related to the global signal.
After GSR, using the k-means algorithm and silhouette scoring, only a single QPP could be observed
across all window sizes (Fig.S5A). Repeating k-means clustering 10 times consistently reproduced this
finding. GSR QPPs were highly consistent across window sizes (STC cc 0.96±0.02 & QPP cc 0.96±0.04)
(Fig.S5B), with their ideal length judged at 9s by taking into account FA. GSR QPPs were highly similar to
PAT1 (QPP cc 0.88), displaying the same lateral to medial cortical propagation (Fig.6A & movie 4). The
spatiotemporal profile after GSR was marked by a sharper contrast between positive and negative
intensities and a loss of the prolonged negative intensity observed in PAT1.
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Figure 5. Hierarchical clustering confirms three Quasi-Periodic Patterns
All 500 individual QPPs, determined at each displayed window size, were hierarchically clustered using a maximal
cross-correlation (cc) matrix based on: A) QPP spatial similarity. B) QPP temporal occurrence similarity, i.e. STC cc.
Columns indicate the respective window size under investigation. Upper row panels show clustered cc matrices of
the QPPs. Clusters were visually inspected and their content marked above the panels (MIX = mixture of all pattern
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subtypes). Note the clear presence of three clusters at shorter window sizes, especially via STC cc, confirming the
prior visual classification. Lower row panels show the average sorted cc of each QPP with all other QPPs (black
trace, STD indicated by grey patch). This serves as an indicator of overall QPP (dis)similarity, supporting the notion
of different subtypes. Blue curves indicate the 10% fraction of QPPs that displayed the highest cc plateaus. Note the
sharp transitions at shorter window sizes, indicating clear distinction between different pattern subtypes.

Visual inspection off all GSR QPPs indicated that PAT2 and PAT3 detection was abolished. Hierarchical
clustering appeared to produce separate clusters, which would suggest the detection of different
patterns (Fig.6B). However, inspection of these clusters revealed they were composed of a single type of
QPP, with some patterns displaying either high (GSR P1) or low (GSR P2) intensity in the medial Cg
component (and vice versa the lateral S2 component) (Fig.6A). This indicated that the phase at which a
pattern was detected, became a dominant factor in the clustering after GSR. Phase sorting of QPPs prior
to hierarchical clustering, based on their intensity time series in the Cg, confirmed the detection of a
single GSR QPP (Fig.6B). An overlay of STCs of the QPPs after GSR further confirmed their detection at
opposite phases (Fig.6C).

An STC overlay of PAT1-3 and the GSR PAT clearly illustrated matching of PAT1 with the GSR PAT (Fig.6C).
This was further confirmed by STC cc at each window size, which showed strongly decreased cc of the
GSR PAT with PAT2-3 and high cc with PAT1 (Fig.6D, left panel). Direct cc of PAT1-3 with the global signal
further demonstrated its close relationship with PAT2-3, but less so with PAT1 (Fig.6D, right panel). Using
the CAP approach, we identified the spatiotemporal shape associated with global signal and displayed it
with its respective timing to the GSR PAT (Fig.6A, lower panel). This illustrated that the global signal falls
on the Cg-S2 intensity switch. PAT2-3 displayed a similar timing and spatiotemporal shape (Fig.4A),
suggesting at least partial overlap with the global signal.
Under HA, GSR had very similar effects (Fig.S6). PAT2 and PAT4 were no longer observable, while the
GSR pattern displayed similarity with PAT1 (STC cc 0.83 and QPP cc 0.71) (Fig.S3A & movie 3). STC cc
across window sizes was however (0.70±0.13) slightly diminished, not displaying the high consistency as
observed under LA (Fig.S3B). PAT2 and PAT4 displayed a close relationship with the global signal
(Fig.S6D, right panel). The global CAP displayed a similar timing as described under LA and its
spatiotemporal shape shows consistency with PAT2 and PAT4 (Fig.S6A).
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Figure 6. Global signal regression removes detection of PAT2 and PAT3, while preserving only PAT1.
PAT2 and PAT3 display high similarity with the global signal.
A) QPPs observed after GSR. The three displayed patterns are the same, but due to differences in phase detection,
the starts and ends display higher intensities. P1 and P2 respectively refer to high and low intensities in the Cg. GSR
P1 and P2 are shown phase-aligned to PAT GSR. A global CAP is shown below to illustrate its timing as falling
between the S2-Cg switch. B) To illustrate the detection of only one pattern after GSR, hierarchical clustering was
employed, but patterns were first sorted based on their temporal intensities in the Cg. Respective average Cg time
series are displayed in red and blue, while black lines indicate unsorted patterns (center phase). A comparison is
shown on the left under conditions of no GSR. Clusters were visually inspected and their content marked in red or
blue to indicate relationship to Cg phase. C) Upper panel. Illustration of the overlap between non-phase-corrected
STCs for PAT1-3 and PAT GSR. Note the high STC overlap and similarity between PAT1 and PAT GSR. Lower panel.
All three apparent GSR patterns are displayed at the same timing as the above panel. Note their clear anti-phasic
behavior, indicating they are the same. D) Left panel. STC cc between PAT1-3 and PAT GSR. Note the clear and low
cc of PAT GSR with PAT2-3, suggesting that GSR removes their occurrences. Right panel. STC cc with the global
signal. Note higher cc values for PAT2-3. Abbreviations. GSR, global signal regression; CAP, co-activation pattern.

Cortex and Caudate Putamen differentially contribute to Quasi-Periodic patterns. Global signal
regression diminishes subcortical dynamics.
Under LA, PAT2 and PAT3 showed a higher detection rate at window sizes of 6-10.5s. Both displayed a
spatiotemporal pattern that more strongly involves Cpu, while PAT1 was marked most by lateral to
medial cortical propagation and window sizes above 10.5s. To further investigate this ‘skewed’ detection
of patterns involving different brain regions, we performed the same general analysis as presented in
Fig.2, now with masks comprising either only cortical or Cpu regions. This allowed, for the cortical mask,
observation of a pattern highly similar to PAT1 (QPP cc 0.92), and for the Cpu mask, observation of a
pattern similar to PAT2 (QPP cc 0.70), consisting of bilateral alternating high and low intensities in the
full Cpu and Cg (Fig.7A & movie 4). Interestingly, when the Cpu mask was employed, the algorithm didn’t
use information of the cortex to select whole brain images to be averaged, yet a pattern including the Cg
was still determined, indicating partially preserved coupling with the cortex. A similar outcome was also
observed in rats (Majeed et al., 2011). Timing of the Cpu pattern indicated it as falling in between the
PAT1 S2 - Cg switch, similar to PAT2-3 (Fig.4).

STC cc with whole brain QPPs obtained via k-means clustering (Fig.3) confirmed a high overlap with Cpu
spatiotemporal dynamics at shorter window sizes (0.76±0.02), while at high window sizes QPPs were
highly consistent with cortical only dynamics (0.94±0.03) (Fig.7C). Visual inspection of the STCs displayed
how the Cpu QPP both synchronizes and falls out of phase with the cortical QPP and whole brain PAT1
(Fig.7B). This illustrated a potential common relationship between the two, which visually disappeared
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due to differential averaging (e.g. with a cortical mask in- and out-of phase Cpu occurrences could
average to zero, or vice versa).

Ideal window sizes for Cpu and cortical QPPs were determined at 9s (visual inspection + FA, Fig.7D). The
cortical-mask QPP still displayed the prolonged negative intensity, but less clearly. Therefore the ideal
window size was determined by taking into account FA. Half cycle times for Cpu QPPs appeared shorter
in the Cpu (±0.6s) compared to PAT2, while propagation time in cortical QPPs appeared faster than in
PAT1 (±0.7s) (Table2). These differences served to illustrate different temporal dynamics across brain
regions, which likely contributed to the observation of different patterns. Both Cpu and cortical QPPs
were observed across all subjects and occurrence rates were higher across all window sizes versus whole
brain QPPs (Fig.7E & Table1, lower panel).
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Figure 7. Relationship with cortex, Caudate Putamen and global signal regression
A) QPPs observed without GSR, after GSR, with a cortical mask, and a Cpu mask. Patterns are shown phase-aligned
with each other. Note the high similarity between GSR and cortical QPPs, lacking a clear Cpu contribution. With a
Cpu-mask, a bilateral alternating high and low intensity could be observed in Cpu, with preserved coupling to the
Cg area. Note the timing of the Cpu pattern between the GSR pattern’s S2-Cg switch. B) STCs of the patterns
described in (A). Note the overlap between all STCs, except for that of the Cpu pattern, which synchronized and
dephased through time. This illustrates how subcortical patterns could behave independently of cortical patterns,
but still couple at specific time points, potentially contributing to the observation of patterns like PAT2 and PAT3. C)
STC cc between patterns illustrated in (A - 3 lower panels) and whole brain patterns observed in Fig.3C. Note the
high cc with Cpu-masked QPPs at shorter window sizes and the high cc with cortical-masked QPPs at longer window
sizes. GSR strongly lowered the cc at shorter window sizes, suggesting it diminished Cpu spatiotemporal dynamics.
D) FA-values indicated the ideal window size for each QPP. Grey patch indicates the range of interest for the
different patterns. E) Occurrence rates at all window sizes.

We showed earlier that GSR abolished PAT2-3 detection, leaving only a pattern highly similar to PAT1.
Cortical QPP spatiotemporal dynamics were found to be highly similar to GSR QPPs (QPP cc 0.88)
(Fig.7A). They further produced a similar STC cc profile as described for the cortical QPPs, displaying
respectively diminished and preserved cc with whole brain QPPs at lower and higher window sizes
(Fig.7C). These results indicated that GSR diminished the detection of subcortical dynamics and the
related PAT2/PAT3.
Under HA, similar outcomes were observed. The Cpu mask led to the detection of a pattern highly similar
to PAT4 (QPP cc 0.89), while with the cortical mask a pattern similar to PAT1 was found, which displayed
diminished intensities in the lateral cortical S2 component (Fig.S7). The Cpu QPP displayed a similar
timing with respect to PAT1 and PAT GSR, as described for LA. Detection rates are shown in Table S1.
Quantitative comparison of Quasi-Periodic patterns between high and low anesthesia, before and
after global signal regression.
After patterns were determined at their ideal window length, based off the image series of a specific
group (LA – no GSR, LA – GSR, HA – no GSR, HA GSR), they could be compared to those of other groups
via sliding template correlation. This allowed patterns that were hypothesized to be the same across
groups to be compared in terms of how similar they correlate with the respective time series: e.g. PAT1
determined under LA was used to derive the STC with the HA image series (STC PAT1 LA->HA), to then be
compared with the original STC of PAT1 determined under HA. STC LA->HA cc was determined to be 0.87
for PAT1, 0.89 for PAT2, and 0.89 for PAT GSR. These high cc values suggested that visually classified

70

Chapter 3
common patterns displayed a highly similar interaction with the respective image series and thus
pertained to the same spatiotemporal dynamics across anesthesia groups.

In a similar way as described above, reference->target STCs were used to compare detection rates of
patterns before and after GSR in the respective anesthesia groups (Fig.8). This showed a clear
suppression of PAT2-4 and Cpu QPP detections after GSR in both groups, with only the Cpu QPP showing
some preservation in the LA group. On the other hand, PAT1, PAT GSR and the cortical QPP showed
consistent detection rates before and after GSR, whilst cortical QPP detections under HA increased after
GSR. PAT3 and PAT4 were not clearly visually discerned in respectively the HA and LA group, but could be
compared for their potential presence via this strategy. Both displayed the lowest occurrence rate in the
alternate anesthesia group.

Figure 8. Pattern occurrence rate before and
after global signal regression
All described QPPs were determined from the image
series of 4 groups: LA – no GSR, LA – GSR, HA – no GSR,
HA GSR. QPPs of one group were compared with the
image series of others via sliding template correlation,
to quantify occurrence rates across conditions. Panels
display the occurrence rates of patterns before and
after GSR, in their respective anesthesia groups. Both
clearly indicate that PAT2-4 were no longer detected
after GSR. Cpu QPP detections were lowered in the LA
group and no longer seen in the HA group. PAT3 and
PAT4, which were not visually identified in respectively
the HA and LA group, were compared with the other
anesthesia group in which they displayed the overall
lowest occurrence rates. Abbreviations. LA, low
anesthesia; HA, high anesthesia; GSR, global signal
regression.

Single subject Quasi-Periodic Pattern detection and consistency with group-level analysis
Once we established the repertoire and behavior of QPPs at the group level, we further investigated
whether patterns could be detected at the single subject level. The algorithm was run on each subject
for window sizes of 3 to 15s, with and without GSR. We investigated cc between the STC of the subject
individually and the STC of the same subject, derived from the group-level analysis. For single-subject
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data there was no need for image normalization, allowing all three slices to be included in the analysis.
Pattern similarity was therefore visually confirmed.

We present results from three example subjects, displaying QPPs with and without GSR (Fig.9). Subjects
were chosen to illustrate, respectively, high PAT1 contribution in subject 11 (Fig.9A), high PAT1 and PAT2
contribution in subject 8 (Fig.9B), high PAT2 contribution in subject 4 (Fig.9C). The two patterns could
clearly be visually observed throughout all three slices, with a high similarity and timing. Below each
illustration, a 200s excerpt is shown from the STCs at single subject and group level after phasing via cc.
Subject 11 and 8 presented a very high degree of overlap for their respective patterns, while subject 4
showed partial overlap and sporadic aphasic behavior. These graphs illustrate the high consistency
between group and single subject analysis.

After GSR, subject 11’s QPP stayed highly similar, while in subject 8 the Cpu contribution seemed slightly
reduced. In subject 4, where no lateral cortical contribution could be observed earlier, a lateral to medial
cortical wave similar to PAT1 could afterwards be appreciated. STCs for group and subject data with GSR
are shown below the figures on the right. In all three subjects a high overlap could be observed,
indicating that GSR allowed reproducible QPP detection.

In the lowest middle graph below each subject, an overlay is shown between single subject STC with GSR
and without GSR. Subject 11 and 8 respectively showed high overlap, while subject 4 showed very little
overlap. When however for subject 4 the group level STC of PAT1 was additionally plotted, a high
similarity could be observed. This supported the notion that GSR removed contribution of the Cpu and
PAT2, which involved more pronounced subcortical dynamics. A similar illustration for PAT3 can be
appreciated in subject 9 (movie 5&6). Speculatively, in subjects 11 and 8 the cortical contribution,
consistent with PAT1, was already high to start with so the STCs after GSR stayed similar.

We observed similar effects over all subjects, with individual subjects displaying differences in which
patterns seemed to be dominantly present (movie 5&6). To illustrate this, we present a visual overview
of STC cc of each subject, per window size, with the group-level patterns before and after GSR (Fig.S8).
Some subjects showed lower pattern detection (e.g. subject 7) and QPPs could not be detected for all
window sizes. This was especially the case after GSR.
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Figure 9. Single subject detection of Quasi-Periodic Patterns and the relationship with group analysis
Illustrations of QPPs detected for single subject three-slice images, with (left) and without (right) GSR: A) subject
11, high PAT1 contribution B) subject 8, high PAT1 & PAT2 contribution C) subject 4, high PAT2 contribution. Below
each panel an excerpt of the subject’s STC and its STC, derived from the group-level analysis, are shown. The
middle lowest panel shows the overlay of single subject STCs with and without GSR. A-B) Note the consistent high
overlap for subject 11 and 8 across all panels. These subjects displayed strong cortical contributions in their QPPs.
C) Subject 4’s QPP, without GSR, was dominated by Cpu intensities and showed less STC overlap. After GSR, a
cortical component could be observed in the QPP and the STCs nicely overlapped. The subject’s STC after GSR
overlapped with PAT1 at the group level, indicating removal of PAT2 and the Cpu contribution.

Under HA, single subject detection of QPPs was much more challenging and visual assessment of pattern
type was often not possible (Fig.S9 & movie 7). After GSR, this slightly improved, but patterns remained
challenging to discern and tended to display lateralization (movie 8). STC overlap of group and single
subject data further illustrated substantial difficulty to find reliable matching.

Discussion
Overview
Often, the assumption is made that BOLD FC is stationary, but recent studies indicate that dynamic
analysis of FC better captures the interaction between different brain regions and resting state networks
(RSNs), providing additional insights into the macroscale organization and dynamics of neural activity
(Calhoun et al., 2014; Deco et al., 2011; Hutchison et al., 2013; Keilholz, 2014). Only just recently,
Grandjean et al. (2017) applied sliding window analysis (SWA) and dictionary learning to identify for the
first time several highly reproducible dynamic functional states in mice. Other dynamic rsfMRI
techniques focus directly on the LF BOLD fluctuations, tracking down instantaneous single volume BOLD
configurations that underlie observed FC and RSNs, e.g. the CAP approach (Liu and Duyn, 2013; Preti et
al., 2016), and in and alternative extension their recurring spatiotemporal evolution (Majeed et al.,
2011). It has been speculated that SWA and spatiotemporal dynamics both scope different aspects of the
neural basis underlying dynamic rsfMRI (Keilholz, 2014). Being able to apply and compare both
techniques in mice would thus represent an important step forward.

We investigated such spatiotemporal dynamics by acquiring high temporal rsfMRI scans in mice under an
analogous HA and LA condition. Using the pattern detection algorithm developed by Majeed et al.
(2011), we report the detection of a set of group-level QPPs, which appear to capture the spatiotemporal
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occurrence of BOLD configurations resembling known RSNs. We present an initial framework for the
interpretation of observed QPPs, illustrating the influence of analysis window size on skewing detection
towards either more cortical (PAT1) or widespread and subcortical (PAT2-4) spatiotemporal dynamics.
PAT1-2 and the pattern after GSR were both visually and quantitatively determined to be the same
across both anesthesia conditions, where they display different occurrence rates and lower lateral
cortical intensities under HA. PAT3 and PAT4 were identified separately under respectively LA and HA,
and both displayed a similar spatiotemporal shape to the global CAP. We went on to illustrate the
relationship between observed patterns and the global signal, showing how GSR removed detection of
PAT2-4 and diminished the detection of subcortical spatiotemporal dynamics. This resulted in the
dominant detection of PAT1. To aid interpretation, we developed a novel data-driven approach to guide
identification of optimal window sizes, we proposed a clustering approach to confirm different pattern
subtypes, we added an extension of the CAP approach to investigate the global signal spatiotemporal
pattern, and provided a means of quantitatively comparing patterns across groups. Interestingly, our
findings suggest that QPPs and their interaction with the global signal were consistent across anesthesia
conditions, but that their detection rates were diminished under higher anesthesia levels.

PAT1 is highly similar to the QPPs detected in preceding rat studies, displaying a propagating intensity
from lateral S2 towards medial Cg cortical areas, with almost the same propagation time and half cycle
length (Magnuson et al., 2010; Majeed et al., 2011, 2009) (movie 2). This interspecies consistency
supports that QPPs are a robust phenomenon and further validates mouse rsfMRI as a pre-clinical tool.
In the current study, QPPs could only be investigated in a single slice. By utilizing conventional resting
state analysis on both low and high temporal resolution datasets, acquired in the same LA session, we
illustrate how single slice investigations allow a view into brain-wide BOLD dynamics. We suggest that
the S2 and Cg components of PAT1 pertain to anti-correlated interaction between the mouse DMN-like
and lateral cortical networks. We further speculate that the lateral cortical network might represent a
mouse TPN-like network. These networks have been conjectured to be present in mice (Liska et al.,
2015), and match a similar DMN-TPN anti-correlation (Fox et al., 2005) and quasi-periodicity in humans
(Majeed et al., 2011; Yousefi et al., 2017). Although the exact subcortical patterns shown in the current
study were not reported in rats, Majeed et al. (2011) did indicate the presence of a pattern including
Cpu. The latter similarly locked in-and-out of phase with the rat whole-brain pattern and displayed
shorter cycle lengths, consistent with our findings.
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Comparison of group-level QPPs with single subject multi-slice QPPs, by means of STC cc, allowed us to
investigate detection reliability at the subject-level. The latter seemed consistent under conditions of LA
and was improved by GSR. At group-level, subjects displayed occurrences of all patterns, but
contributions were skewed towards one or multiple subtypes. Visual inspection and STC cc of singlesubject with group-wide QPPs confirmed this observation. The variability in QPP contribution and
occurrence across subjects might be related to the commonly observed inter-subject variability in rodent
rsfMRI, which knows numerous origins (Keilholz et al., 2016). It is interesting to speculate that different
contributions of QPPs might contribute to inter-subject differences in FC readouts. In humans it was
already indicated that QPPs contribute to FC (Wang et al., 2016). Single subject investigation of QPPs
promises a step forward towards more reliable resting state fMRI.

Anesthesia and resting state network resemblance
Anesthesia type and dosage are known to alter neurovascular coupling, haemodynamics and BOLD FC
patterns (Grandjean et al., 2014; Jonckers et al., 2014; Keilholz et al., 2016; Masamoto and Kanno, 2012;
Schlegel et al., 2015; Schroeter et al., 2014; Williams et al., 2010). Several rodent rsfMRI studies point at
a combination of low dosage medetomidine and isoflurane (MedIso) as a potential optimal anesthesia
regime that preserves vascular reactivity, preserves FC within and between cortical and subcortical
structures, and allows high retention of local activity measured via regional homogeneity (Bukhari et al.,
2017; Fukuda et al., 2013; Grandjean et al., 2014; Wu et al., 2017). We therefore scanned animals with a
similar regime (LA – low anesthesia) and also under a higher dosage (HA) for comparison. Our results
confirm the importance of choosing optimal anesthesia and are in line with the outcomes of several
studies.

BOLD configurations of the observed QPPs match well with several RSNs described in (Grandjean et al.,
2014) and those in a follow-up study of the same lab (Zerbi et al., 2015). The lateral cortical components
of PAT1 and PAT3 match the bilateral sensory cortical map obtained with a seed-based analysis in
(Grandjean et al., 2014), which displays involvement of somatosensory areas (S1 & S2), a ventral part of
the Cpu, and partially extends to enthorinal and insular cortices. After GSR, this FC map displays anticorrelation between S1BF/S2 and Cg, similar to the contrast observed in PAT1. A seed in the dorsal Cpu
further indicates a bilateral striatal network that we observe throughout all patterns. Zerbi et al. (2015)
used ICA to identify bilateral RSNs, which also match with QPPs. The configuration with co-active dorsal
Cpu and Cg was not shown, yet a high correlation was determined between their time series.

76

Chapter 3
Furthermore, in a recent study employing MedIso anesthesia, this configuration could be observed and it
was even correlated to underlying monosynaptic structural connectivity (Grandjean et al. 2017). It was
also observed as a part of the DMN module and with CBV-weighted rsfMRI, when halothane was used as
an optimal anesthesia regime (Liska et al., 2015; Sforazzini et al., 2014). In these two studies, similar RSN
topologies as described above were identified.

Under HA, we observe diminished cortical contribution to the QPPs, while spatiotemporal dynamics
displaying bilateral striatal co-activation predominate. This is in line with diminished cortico-cortical and
preserved striatal connectivity observed at higher dosages of medetomidine (Grandjean et al. 2014;
Nasrallah et al. 2014). Medetomidine is a potent vasoconstrictor (Ganjoo et al., 1998), exerting its effect
via interaction with α2-adrenorecptors (Lakhlani et al., 1997; Lukasik and Gillies, 2003), which have
different expression densities throughout the brain (Nasrallah et al., 2012). Cortical expression is higher
than in striatum, leading to local diminished vascular reactivity, which supports observations in our study
and that of (Grandjean et al., 2014).

Haemodynamics
QPP half cycle times across different pattern subtypes under LA were consistent, averaging to 4.6s across
relevant window sizes. Interestingly, for QPPs derived with a cortical and subcortical mask, these values
average respectively to 4.4s and 3.8s. Although the temporal resolution in the current experimental
setup is limited to 0.5s, this difference was determined to be significant (T-test, p < 0.01) across window
sizes, supporting our hypothesis that subcortical and cortical spatiotemporal dynamics differ. The latter
might skew detection of pattern subtypes, depending on the window size under investigation. As
described above, differences in haemodynamics due to regional expression variation in anestheticbinding receptors could contribute to this phenomenon. Regional differences in haemodynamics were
indicated before in rats (Devonshire et al., 2012; Sloan et al., 2010), and more recently also in mice
(Schlegel et al., 2015; Schroeter et al., 2014). Visual inspection of the mouse S1 haemodynamic response
function (HRF), determined under medetomidine in (Schlegel et al., 2015), suggests a similar cycle time
(9-10s) as we observe for mouse QPPs. On the other hand, for a subcortical structure (thalamus) the HRF
was determined to be shorter, which is in line with our observed shorter subcortical dynamics. The
authors suggested that this could be attributed to regional differences in vessel structure and blood
supply.
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It thus becomes interesting to speculate that QPPs reflect spontaneous haemodynamic events. It has
already been suggested that haemodynamics in the mouse somatosensory cortex, due to spontaneous
neural activity, resemble stimulus-evoked haemodynamics (Bruyns-Haylett et al., 2013). Further support
comes from other multimodal imaging modalities. Particularly, two studies in mice employed wide-field
optical imaging to visualize calcium and intrinsic optical signals, to investigate and relate respectively
neuronal activity with haemodynamics (Ma et al., 2016; Matsui et al., 2016). It was shown how in the
resting state, spontaneous symmetrical events in cortical synchronized neural activity translate into
similar patterns of haemodynamics, which may reflect the basis of RSNs as detected by rsfMRI. (Matsui
et al., 2016) went on to show global waves of neural activity propagating across the cortex, with
functionally connected cortical regions co-activating at different time points along the wave. These
events could be translated into spatially similar haemodynamic co-activations. In both studies,
haemodynamics under anesthesia were on the order of ~10s and illustrated the existence of transiently
co-activating large-scale patterns. Although speculative, there seems to be a consistency with the
currently detected QPPs, which were also on the order of ~10s. Future studies applying the pattern
detection algorithm of (Majeed et al., 2011) on these types of data, or multimodal experiments
combining rsfMRI with neuronal recordings in mice, might answer this hypothesis.

Impact of physiology, motion, spectral range and processing
A critique to the above statement is that QPPs might be confounded by contributions of physiological
noise or could arise from imaging/processing artifacts. However, phase randomization of the respective
BOLD data and analysis of data acquired in a dead rat does not allow detection of QPPs, addressing the
latter concern (Majeed et al., 2011) (Fig.S10). In the original study in rats (Majeed et al., 2009), in which a
highly similar QPP was detected to the one we observe in mice (PAT1 & GSR), rsfMRI was acquired with a
TR of 100ms to prevent aliasing of cardiac and respiratory noise into the lower frequencies under
investigation. With short TRs, the BOLD signal becomes more weighted to cerebral blood flow (CBF),
which then might predominantly underlie QPPs, but a subsequent study with CBV-weighted BOLD
imaging also allowed detection of similar QPPs (Magnuson et al., 2010). The consistent regional FC and
observation of QPPs between ‘CBF-‘ and CBV-weighted rsfMRI in this study further confirms a
relationship with neurovascular coupling and suggests that both readouts are primarily reflective of
vascular fluctuations.
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Spurious repeating patterns, captured by the spatiotemporal pattern detection algorithm, might reflect
sporadic or respiratory/cardiac-induced motion. To ensure that motion was not causative to QPP events,
we calculated frame-wise displacement (FD), based on the backwards looking temporal derivations of
the motion time series (Power et al., 2012), and cross-correlated the resultant FD time series with the
STCs of the 3 main patterns found under LA. This was done for both raw motion time series and motion
time series pre-processed in the same way as the functional data (filtering, detrending and normalization
to unit variance). In both cases cross-correlation was minimal across all subjects, never exceeding 0.11
(Fig.S11), suggesting there is no influence of motion on detected QPPs. Mean FD across subjects was low
(0.0066 ± 0.0005 mm). Illustrative motion time series, FD time series and lack of overlap with STCs can be
appreciated in Fig.S12A-C for individual subjects, matching those described in Fig.9.

Several studies investigating QPPs in rats employed medetomidine as an anesthetic, which revealed
power spectra peaking close towards 0.2Hz and containing most of the spectral information below this
point (Magnuson et al. 2010; Majeed et al. 2011; Magnuson et al. 2014). Similar power spectra under
medetomidine have been observed in mice (Grandjean et al., 2014), and also in the current study. In
rats, QPPs were variably investigated in frequency ranges higher than those in conventional rsfMRI
(0.05> f <0.3Hz; cfr. respective articles), while for the currently presented mice data we chose 0.010.2Hz. Majeed et al. (2009, 2011) split these spectral confines into a lower and higher frequency range,
concluding that the range of 0.08-0.2Hz was most appropriate to investigate rat spatiotemporal
dynamics. Although we also observed some differences between lower and higher frequencies, they
were not sufficiently compelling for us to do the same. The spectral information content in Fig.1A clearly
indicated the relevance of the investigated frequency range.
Although these frequency ranges isolate the hypothesized relevant spectral information of the BOLD
signal and were shown to cohere significantly with infraslow LFPs under medetomidine anesthesia (Pan
et al., 2013), inclusion of temporal content above 0.1Hz risks contribution from slow frequency vascular
phenomena such as vasomotion and Mayer waves (Baudrie et al., 2007; Bumstead et al., 2017; Drew et
al., 2011; Julien, 2006; Tsai et al., 2015). Vasomotion is the intrinsic spontaneous oscillation of blood
vessel tone leading to flow motion, while Mayer waves represent slow frequency changes in arterial
blood pressure.
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Given potential confounds from physiological noise and the fact that Mayer waves relate to hearth rate
variability (HRV) (Elghozi and Julien, 2007), we used multiple linear regression analysis to investigate in
LA subjects the relationship between two parameters of the observed QPPs, namely occurrence rate and
power (i.e. the average correlation value for above-threshold peak detections), with four physiological
parameters, namely cardiac rate, cardiac rate STD (i.e. HRV), respiration rate, respiration rate STD (Table
S3). No significant interactions could be observed, only after GSR there was a trend (p<0.10) towards
correlation between breathing rate and QPP occurrence rate, and between cardiac rate STD and QPP
power. GSR is generally considered to remove contributions from physiological noise (Chang and Glover,
2009; Murphy et al., 2013), making these results seem somewhat surprising. It would however be
expected that with stronger CBF-weighing at shorter TRs, systemic parameters that affect CBF would
correlate more to the BOLD signal and derived readouts. The latter might be accentuated by GSR.

As an additional control, we performed the QPP analysis at a lower frequency range (0.01-0.1Hz) that
should theoretically exclude contributions from vasomotion and Mayer waves. The same QPPs could be
detected, with or without GSR, although be it with altered detection rates and slower temporal
dynamics, which is to be expected due to temporal filtering (Fig.S13). The current experimental setup
does not allow to fully exclude contributions from physiological signals, which should be investigated
more in depth in future experiments together with the role of spectral range. Nonetheless, there seems
to be substantial support for a neuronal component in the QPPs and their high similarity with known
RSNs implicates their contribution to BOLD LF FC, regardless of their origin.

Global signal regression impact on spatiotemporal dynamics
GSR remains a controversial tool for rsfMRI processing, with the current consensus being that data
should be compared with and without GSR (Murphy and Fox, 2016). In the investigation of the
spatiotemporal dynamics in mouse BOLD, we observed that GSR removes PAT2-4 detection and
decreases detection of subcortical patterns, leading to the sole detection of the lateral to medial cortical
QPP (PAT1), which was also observed in rats (Majeed et al., 2011). The removal of PAT2-4 through GSR
was further supported by their similar timing and spatiotemporal shape with the global signal CAP. In
QPPs after GSR, subcortical dynamics are still present, indicating that their removal is targeted to the
specific coincident timing with the global signal and potentially to periods between respective PAT1
occurrences. The removal of QPPs matches with a recently suggested mechanism for GSR, where it acts
as a temporal down-weighting process, attenuating data from time points with a large global signal
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contribution and leaving data from low global signal time points largely unaffected (Nalci et al., 2017).
With regard to the current study, PAT1 would represent the low global signal time points and PAT2-4 the
high global signal time points, which appeared to fall between the first and second part of PAT1.

The ‘anti-correlated’ structure of PAT1 and the QPPs after GSR have also been shown for measures of
RSN FC in several rodent studies and in humans, between analogues DMN (medial Cg, i.e. mouse DMNlike network) and TPN (lateral S2, i.e. mouse lateral cortical network) (Fox et al., 2005; Gozzi and
Schwarz, 2015; Grandjean et al., 2014). It is very relevant to note here that the anti-correlated nature of
these two networks has been debated to be a potential artifact of GSR (Fox et al., 2009; Murphy and Fox,
2016), but in the current study PAT1 was both detected before and after GSR. Similarly, Nalci et al.
(2017) suggested that censoring of high global signal time points in the time series, rather than GSR, still
allowed detection of anti-correlated interactions between DMN and TPN.

Although the suggested DMN-TPN interaction might thus be comparable with or without GSR (PAT1 is
present in both cases), it does not address the question if GSR has a positive or negative role. We
however show that without GSR, three separate QPPs could be observed, which resemble known RSNs
and therefore suggest their neuronal relevance. A neural basis for QPPs was already directly indicated in
rats, where a correlation is observed with infraslow LFPs (Thompson et al. 2014; Thompson et al. 2015;
Pan et al. 2013). All QPPs observed in the current study displayed a high coincidence with each other and
the global signal. It was shown that the global signal itself, as measured with rsfMRI, might also be
related to a global neural signal (Schölvinck et al., 2010). In the latter study, global signal coupling with
the neuronal signal was increased during the eyes-closed condition, which has been correlated to
changes in vigilance and attention (Wong et al., 2016). Similarly the presence and magnitude of the
global signal has been related to the level of arousal (Liu et al., 2017; Wong et al., 2013, 2012) and global
neuronal events were found to match with micro-arousal fluctuations (Liu et al., 2015). The relationship
between arousal and the global signal provides a potential interpretation for the results of the current
study, given that QPPs and spontaneous large-scale BOLD fluctuations have been linked with attention
and behavior performance in humans (Abbas et al., 2016; Fox et al., 2007; Monto et al., 2008) & cfr.
(Keilholz, 2014; Keilholz et al., 2016).

Based on our results, we suggested that GSR might be removing relevant information from neuronal
origins related to arousal. Investigating and isolating QPPs that are related to the global signal thus
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provides a potentially more physiologically relevant alternative to standard GSR. For this interpretation,
it should be stressed that global signal in this study is calculated from either one or three slices, and
might thus not fully match the global signal as described in other studies. On the other hand, the
observed impact of GSR on proposed DMN-like and TPN-like networks matches with preceding
literature.

Study limitations
In section 4.2, we described the similarity of QPPs with RSNs in preceding literature. In the current study,
QPPs also matched with RSNs determined in the presented data itself. However, while the overall
configuration of RSNs appeared to match existing literature and monosynaptic connectivity between
different brain areas (Grandjean et al., 2017), it is important to state that these RSNs also displayed some
variability in their homotopic representation across the hemispheres. Furthermore, some RSNs displayed
functional coupling that was not as strong and pronounced as in other studies. These observations were
most noticeable for S1HL/FL/BF components. We also determined differences between short and long
TR data, where in long TR data only a single Cpu component was observed when ICA was used to
determine RSNs. These RSN topology differences and lower functional coupling, compared to preceding
mouse rsfMRI literature, might be attributed to differences in sample size and pre-processing data
cleanup strategies. When interpreting the presented results, these differences should be kept in mind.

Another potential limitation of the current study is the timing of HA followed by LA, which might bias LA
results through habituation and interference with neural activity. A prior study however, which
performed rsfMRI scans in young C57BL/6J mice two weeks apart, showed no significant differences
between both time points, addressing concerns about habituation. To address potential remaining
concerns, we performed novel experiments in C57BL/6J mice (n=4) at the age of 3.5 months, which were
prior not exposed to anesthesia. High temporal rsfMRI data was acquired under the same experimental
conditions and same LA regime. Analysis of this data revealed reproducible QPPs, showing the same
timing with respect to each other, similar clustering and interaction with the global signal (Fig.S14). This
high reproducibility supports the validity of the presented findings.

A last limitation is reflected by this study’s restriction to single slice investigation, so that QPPs could only
be investigated in a sub-sample of the brain. This was an active choice, to enable high spatial resolution
EPI-acquisition with a short TR, so that earlier rat work could be reproduced. However, while normal low
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temporal rsfMRI could be used to relate QPPs to large-scale brain networks, QPP propagation across the
rostro-caudal axis could not be investigated. In humans, QPPs propagate across the entire brain,
involving mainly DMN and TPN areas (Majeed et al., 2011; Yousefi et al., 2017). Similarly, different
whole-brain CAPs appeared to display some form of temporal sequence, suggestive of QPP-like behavior
(Chen et al., 2015; Liu and Duyn, 2013). Finally, within the current study, it should be stated that the
detection of multiple pattern types, which highly coincide with each other, might be a consequence of
limited slice count and QPP variability across subjects. It is therefore not un-plausible that all observed
patterns relate to a single QPP that shows a close interaction with the global signal. Future studies with
larger brain coverage will be needed to investigate rostro-caudal and whole-brain properties of mouse
QPPs, and to further elucidate their relationship with the global signal.

Conclusion & Perspectives
Dynamic rsfMRI has been shown to reveal new insights into the macro-scale organization of functional
networks, stepping closer to the underlying neural activity (Calhoun et al., 2014; Keilholz, 2014). In this
study, we tease at the repertoire of dynamic processes, focusing in particular on the large-scale and
repetitive background BOLD fluctuations that in recent years have become apparent as propagating
spatiotemporal activity waves. We report the detection of a set of recurring QPPs in mice, which show
similarity with known RSNs and represent promising contributors to BOLD FC. Their shape and properties
confirm interspecies consistency and the importance of anesthesia in rodent rsfMRI research. High
consistency of QPP detection, even at the single subject level, and a suggestive mechanistic role for GSR,
marks advance towards more reliable and comprehensive rsfMRI research. These findings open up a new
approach to study mouse LF BOLD spatiotemporal dynamics and mechanisms underlying FC, as was
shown recently in humans (Wang et al., 2016).

It has been suggested that within the spectrum of neural activity, QPPs represent the infraslow LFP
contribution, playing a role in attention and task performance, while SWA captures BOLD dynamics
related with higher frequency LFPs, scoping state changes in cognitive processing (Abbas et al., 2016;
Keilholz, 2014; Keilholz et al., 2016, 2013; Thompson et al., 2015). Together with the recent application
of SWA in mice by Grandjean et al. (2017), the findings in this study suggest that we can now tackle this
dual dynamic repertoire in mice rsfMRI. This promises a considerable step forward in the field,
encompassing a wide range of new research strategies and potential applications for pre-clinical disease
models.
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Supplementary

Figure S1. Fractional average correlation
A) Illustration of the comparison between a reference (R) and target (T) QPP. The R QPP is split into all possible
fractions {Rf1, Rf2,… , RfL}, where L = RWL – FWL + 1, with RWL the window length of the R QPP and FWL the chosen
window length for fractions (e.g. 6TRs). B) A cross-correlation (cc) is calculated for each Rf with regard to the T QPP.
The average of these cc values provides the fractional average correlation (FA). C) All QPPs in the set under
investigation are compared. Each QPP, with increasing window size, is treated as an R QPP to be compared with all
others. The determined FA values of these comparisons are filled in as a column vector in the displayed n x n
matrix, where n is the number of QPPs in the current set. Illustrative FA values are indicated in the matrix, to
indicate that comparisons of longer R QPPs comparisons with shorter T QPPs results in low FA values. By averaging
across columns, the set-wise FA value at each window size can be determined.
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Figure S2. Spatiotemporal patterns under high anesthesia
A) QPPs observed for different window sizes of analysis. Images display a normalized BOLD signal. QPPs are phased
using the calculated time delays of their STC cc. Note that only a single type of QPP can be observed. At 7.5s we
observe a full non-redundant pattern, displaying bilateral high intensity propagation from Caudate Putamen to
medial cingulate cortex, followed by a low intensity wave (green square). B) cc matrix of STCs at different window
sizes. Lower triangle indicates max cc values, while upper triangle shows phase offsets (seconds) between detected
patterns. Note the overall high cc indicating 1 pattern type.
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Figure S3. Multiple Quasi-Periodic Patterns under high anesthesia, determined with and without global
signal regression
A) Three different types of QPPs that could be observed, at their respective ideal window sizes. PAT1 and PAT2
were similar under low anesthesia, but PAT1 is now less spatially defined. A fourth pattern is also observed,
displaying more wide-spread and ventral involvement of the Cpu and less contribution of the Cg. After GSR, a
pattern similar to PAT1 was observed. B) STC cc matrices across all window sizes, for each type of pattern. PAT1
was now only reliably detected up to 7.5s, while PAT2 and PAT4 showed high cc across window sizes. GSR allowed
relatively high cc across window sizes, but appeared less reliable than PAT2 and PAT4. C) Detection rate of each
pattern, as determined by visual classification of a 100 patterns per window size. Note the overall dominant
detection of PAT2 across window sizes. Red rectangle indicates the ideal window size for each pattern and the
highly dominant detection of PAT2 and PAT4. Detection rates are not indicated after window sizes of 12s, due to
the high difficulty of visual classification. D) FA per window size. Red square indicates the ideal window size for
each type of QPP. E) Occurrence rate of the patterns across window sizes.
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Figure S4. Hierarchical clustering
under high anesthesia
All 500 individual QPPs, determined at
each displayed window size, were
hierarchically clustered using a cc matrix
based on: A) QPP spatial similarity. B) QPP
temporal occurrence similarity, i.e. STC cc.
Columns indicate the respective window
size under investigation. Upper row
panels show clustered cc matrices of the
individual QPPs. Clusters were visually
inspected and their content marked
above the panels. Note the presence of
three clusters at the shorter window size,
using STC cc, and the partial clustering
using spatial cc. PAT2 and PAT4 appeared
less clearly separable. At high window
sizes, little cc intensity was left and QPPs
clustered very limitedly. Lower row panels
show the average sorted cc of each QPP
with all other QPPs (black trace, STD grey
patch). This serves as an indicator of
overall QPP (dis)similarity, supporting the
notion of different subtypes. Blue curves
indicate the 10% fraction of QPPs that
displayed the highest cc plateaus. Note
the sharp transition at the shorter
window size for STC cc, indicating
distinction between at least 2 pattern
subtypes.
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Figure S5. Quasi-Periodic Patterns under low anesthesia, determined with k-means clustering after
global signal regression
A) QPPs observed for different window sizes of analysis after performing GSR and using k-means clustering. Images
display a normalized BOLD signal. QPPs are phased using the calculated time delays of their STC cc. Note that only a
single type of QPPs could be observed, which was highly consistent with PAT1. B) cc matrix of STCs at different
window sizes. Lower triangle indicates max cc values, while upper triangle shows phase offsets (seconds) between
detected patterns. Note the overall very high cc.
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Figure S6. Global signal regression under high anesthesia removes detection of PAT2 and PAT4,
preserving only PAT1. PAT2 and PAT4 display similarity with the global signal.
A) QPPs observed after GSR. Displayed patterns are the same, but were detected at different phases, with phase
defined by the average intensity time series in the Cg component. The latter is indicated at the left side of the panel
with respective color code and sinusoid. Patterns are shown phased to each other. A global CAP is shown below to
illustrate its timing as falling between the S2 - Cg switch. B) To illustrate the detection of only one pattern after
GSR, hierarchical clustering was employed after phase sorting QPPs based on their temporal intensities in the Cg.
QPP sorted Cg time series are displayed in red and blue, while black lines indicate unsorted QPPs (center phase). A
comparison is shown on the left under conditions of no GSR. Clusters were visually inspected and their content
marked above the panels in colors matching Cg phase. Little cc intensity remained after GSR, but 2 clusters
appeared visually with STC cc. These showed to be a single cluster after phase sorting. C) Upper panel. Illustration
of the overlap between the non-phased STCs, of PAT1,2-4, and PAT GSR. Note the overlap and consistency of PAT1
and PAT GSR. Lower panel. Both GSR patterns are displayed at the same timing as the above panel. Note their antiphasic behavior, indicating they are the same. D) Left panel. STC cc between the three different types of patterns
and the pattern after GSR. Note the very clear and low cc with PAT2&4, indicating that GSR is removing their
contribution and causing the sole detection of PAT1. Right panel. STC cc with the global signal. Note higher cc
values for PAT2&4.

Figure S7. Relationship with cortex, Caudate Putamen and global signal regression under high
anesthesia
A) Displayed are PAT2, the pattern achieved with a cortical mask, with a Cpu mask, and the pattern after GSR.
Patterns are shown phased with each other. With a Cpu-mask, a bilateral alternating high and low intensity could
be observed in Cpu, which preserved some coupling to the Cg. Note the timing of the Cpu pattern as falling
between the S2 - Cg switch. This was also partially the case for PAT2. The GSR and cortical patterns show similarity,
but the lateral cortical intensity was much less pronounced with the cortical mask, opposed to what is found under
LA (Fig.7A).
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Figure S8. Visual overview of single subject STC cross-correlation under low anesthesia
Each panel shows the cc, per window size, of individual subject STCs with their STCs derived at the group level for
PAT1 (left upper panel), PAT2 (right upper panel) and PAT3 (left lower panel). In the lower right panel, STC cc is
shown after GSR on the single subject and group level. Note the overall higher cc after GSR.
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Figure S9. Single subject Quasi-Periodic Pattern detection under high anesthesia
Illustrations of QPPs detected for single subject three-slice brain volumes, with (left) and without (right) GSR. Below
each panel an excerpt of the subject’s STC and its STC derived from the group-level analysis are shown. The middle
lowest panel shows the overlay of single subject STCs with and without GSR. All subjects proved difficult to visually
attribute a pattern type. Subject 11 shows nice overlap with group-level STCs, and displayed a bilateral cortical
pattern after GSR (A). Subject 8 and 4 however showed very poor overlap in STCs and GSR led to detection of
lateralized patterns. This illustrates the overall increased difficulty of consistently detecting single subject QPPs
under HA.

Figure S10. Patterns and Sliding Template Correlation after phase-randomization
To investigate the likelihood that QPPs would occur by chance or emerge as an intrinsic property of the
preprocessed signal, the full group dataset under LA was subjected to the detection algorithm after performing
phase randomization, while retaining the magnitude spectra. For methodology please refer to Majeed et al. (2011).
A) Normal analysis. Example of a QPP detected at group level and the related Sliding Template Correlation (STC),
marking the QPP’s occurrence over time and across subjects (black triangles). B) Same analysis after phase
randomization. Note the loss of observable spatiotemporal dynamics and peak detections.
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Figure S11. Cross-correlation of frame-wise displacement with sliding Template Correlation
Frame-wise displacement (FD), for all subject in the LA short TR data set, was calculated at each point by taking the
sum of absolute backwards looking temporal derivatives for all three motion time series (Power et al., 2012). To
compute rotational displacement and convert degrees to millimeters, an assumption was made where the mouse
brain is considered as a sphere with a diameter of 10mm. A) Resultant FD time series were cross-correlated with
the STCs of PAT1-3. B) FD time series were also constructed after applying filtering, detrending and variance
normalization (as was done for the functional data) to the motion time series, and were then cross-correlated with
the STCs of PAT1-3. Both conditions showed minimal cross-correlation.
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Figure S12. Subject-specific motion metrics and overlap with sliding Template Correlation
Single subject motion metrics, determined via 3 rigid body parameters, for the LA short TR data are presented,
together with FD, FD based on pre-processed motion time series, and PAT1-3 STCs. Results are shown for 3
illustrative subjects: A) Subject 11, B) Subject 8, and C) Subject 4. Upper 5 panels represent non-pre-processed
motion time series and lower 5 panels the pre-processed motion time series.

Figure S13. Quasi-Periodic Patterns after filtering between 0.01-0.1 Hz under low anesthesia
Rows present QPPs observed for different window sizes of analysis (vertical axis). Images display a normalized
BOLD signal filtered between 0.01-0.1Hz. QPPs are phased using the calculated time delays of their STC cc. Green
boxes indicate ideal window sizes as determined via visual observation and fractional average correlation. A) QPPs
determined without GSR. Most prominently PAT3 was detected at most window sizes, while PAT2 is observed at 67.5s. B) QPPs after GSR indicated consistent detection of the same lateral-medial cortical pattern (PAT1) that was
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observed in the 0.01-0.2Hz frequency range. The temporal dynamics of patterns detected at the lower frequency
range were slower, which is expected due to temporal smoothing. The ‘lower’ frequency range 0.01-0.1Hz is more
often applied in conventional rsfMRI and excludes the frequency range in which vasomotion and Mayer waves
contribute to the signal. Similar detection of patterns in the lower range thus supports the notion that QPPs reflect
a neuronal origin.
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Figure S14. Quasi-Periodic Patterns reproducibility under LA conditions
Novel experiments were performed in 4 C57BL/6J mice at the age of 3.5 months, which were prior not exposed to
anesthesia. High temporal rsfMRI data was acquired with the same LA conditions and in the same way as the
primary LA group, starting at 40min post-bolus and lasting for 10min. An illustrative analysis at a window size of 12s
is shown, after running the detection algorithm 250 times. A) Examples of PAT1-3, without GSR, and the global CAP.
Patterns are phased to display them at their proper timing with respect to each other. B) Examples of the same 3
apparent types of patterns after GSR (phased to each other), as were shown in Fig.6A. C) Spatial cc clustering with
or without GSR. Pattern clustering appeared similar as for the main LA group.

Pattern occurrence rate (counts/min)
Sub1

Sub2

Sub3

Sub4

Sub5

Sub6

Sub7

Sub8

Sub9

Sub10

Sub11

Mean ± STD

PAT1 - 7.5s
PAT2 - 7.5s
PAT4 - 7.5s

1.1

0.8

0.6

0.4

0.3

-

0.4

1.1

-

0.4

0.5

1.2

1.3

0.7

0.8

1.0

-

0.8

1.3

-

0.8

0.9

1.2

0.6

0.7

0.8

0.6

-

1.0

1.0

-

0.7

0.7

0.6 ± 0.3
1.0 ± 0.2
0.8 ± 0.2

GSR - 7.5s
Cortex - 7.5s
Cp - 7.5s

1.0

0.9

0.8

0.4

0.5

-

0.8

1.3

-

0.8

1.0

0.8

0.6

0.5

0.3

0.8

-

0.4

0.7

-

0.3

0.7

2.0

0.9

1.2

1.2

1.6

-

1.4

1.8

-

1.4

1.4

0.8 ± 0.2
0.6 ± 0.2
1.4 ± 0.3

Table S1. Pattern occurrence rate per subject under high anesthesia

Half cycle time (max to min)

l

Propagation speed

l

Lateral left

Lateral right

Medial

Cp left

Cp right

Lateral Left
to Medial

Lateral right
to Medial

Cp left to
Medial

Cp right to
Medial

PAT1
PAT2
PAT4

3.8 ± 0.3s

3.7 ± 0.8s

3.7 ± 0.3s

3.7 ± 0.8s

3.7 ± 0.3s

2.5 ± 0.9s

2.7 ± 0.3s

1.8 ± 0.3s

1.3 ± 1.2s

3.6 ± 0.4s

3.6 ± 0.2s

3.4 ± 0.5s

3.4 ± 0.4s

3.8 ± 0.3s

1.4 ± 0.7s

1.5 ± 1.7s

0.7 ± 0.2s

0.6 ± 0.3s

3.7 ± 0.3s

3.7 ± 0.8s

3.7 ± 0.3s

3.8 ± 0.3s

3.6 ± 0.2s

1.9 ± 0.8s

2.0 ± 1.1s

0.3 ± 0.3s

0.4 ± 0.4s

GSR

3.5 ± 0.0s

3.6 ± 0.2s

3.7 ± 0.3s

3.7 ± 0.4s

3.2 ± 0.3s

3.5 ± 0.6s

3.6 ± 0.2s

2.0 ± 1.5s

1.8 ± 0.3s

Table S2. Pattern half cycle time and propagation time from lateral to medial, averaged across relevant
window sizes, under high anesthesia
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Physiological recordings

Sub1

Sub2

Mean cardiac rate
STD cardiac rate
Mean respiration rate
STD respiration rate

267.026

-

1.594

-

155.938

-

2.044

-

2.362

2.328

0.959

3.281

1.306

1.619

PAT1
OCC

PAT1
power

PAT2
OCC

PAT2
power

PAT3
OCC

PAT3
power

PAT
GSR
OCC

PAT
GSR
power

R2

0.56

0.45

0.42

0.68

0.38

0.58

0.79

0.83

p

0.31

0.71

0.23

0.94

0.58

0.98

0.22

0.70

0.52

0.20

0.68

0.49

0.80

0.72

0.47

0.08

0.47

0.67

0.12

0.26

0.53

0.82

0.06

0.69

0.89

0.94

0.22

0.64

0.60

0.53

0.82

0.29

0.47

0.20

0.05

-0.07

0.13

0.32

0.34

0.18

Mutiple linear reg.

Mean cardiac rate
STD cardiac rate
Mean respiration rate
STD respiration rate
Mean cardiac rate
STD cardiac rate
Mean respiration rate
STD respiration rate

ρ

Sub3

Sub4

Sub5

Sub6

Sub7

Sub8

Sub9

Sub10

Sub11

283.904 272.170 243.409 258.842 271.133 287.148 293.636 231.801 293.199
1.113

1.160

4.094

4.988

1.820

1.917

6.531

1.979

4.216

165.545 155.809 148.491 104.094 158.033 158.450 181.397 154.460 128.585

0.41

0.62

0.09

-0.01

-0.03

0.27

0.60

0.42

-0.44

-0.34

-0.41

-0.77

-0.47

-0.57

-0.58

-0.80

0.62

0.31

0.13

0.68

0.59

0.72

0.73

0.71

1.590

1.400

3.334

Table S3. Physiological parameters under low anesthesia and interaction with patterns determined via
multiple linear regression analysis
Upper panel. Physiological parameters acquired during rsfMRI acquisitions in animals under LA. Note the low STDs,
indicating stable physiology during the experiments. No parameters could be stored for subject 2, but visual
observation during the experiment confirmed stable respiration and cardiac rate. Lower Panel. Multiple linear
regression analysis of all four physiological parameters with each pattern’s occurrence rate and power (i.e. the
average correlation value with the image series at peak crossings). No significant interactions could be determined.
2
Only after GSR a trend (p<0.05) could be observed (orange boxes) and the model fit (R ) was improved. Related
Pearson correlation values (ρ) are indicated below.
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Introduction
Alzheimer’s disease is a neurodegenerative disorder, marked by the accumulation of
extracellular amyloid-beta (Aβ) plaques and intracellular neurofibrillary tangles (Barage and
Sonawane, 2015). According to the amyloid cascade hypothesis, Aβ plaques form through
aggregation of soluble amyloid and plaque deposition represents the disease’s central event
(Hardy and Higgins, 1992). Alzheimer’s pathology causes the progressive loss of memory and
cognitive function (Kumar and Ekavali, 2015). These could be the reflection of brain network
dysfunctions (Palop and Mucke, 2010).
Resting state functional MRI (rsfMRI) allows the non-invasive imaging of brain networks in
subjects at rest, by measurement of the blood oxygenation-level-dependent (BOLD) signal
(Biswal et al., 1995). Temporal correlation of the BOLD signal across spatially distinct brain areas
reveals their functional connectivity (FC). In humans, rsfMRI identifies several resting state
networks (RSNs) (Biswal et al., 1995; Cordes et al., 2000). The ‘default mode network’ (DMN)
stands out for its high activity in subjects at rest and its deactivation during cognitive tasks.
Another common network, which is anti-correlated to the DMN and active during cognitive
tasks, is the Task positive network (TPN) (Fox et al., 2005; Greicius et al., 2003). The opposing
interaction between DMN and TPN reflects their roles in balancing inwardly versus outwardly
oriented cognitive processes (Fransson, 2006; Greicius et al., 2003; Northoff et al., 2010). Failure
to suppress the DMN or increase TPN activation, during cognitive tasks, has been observed in
patients with Alzheimer’s disease and was interpreted as disrupted brain function, reflected by
increased difficulty to switch from rest to task conditions (Mevel et al., 2011).
Investigation of RSNs provides opportunity to study neurodegenerative diseases and develop
biomarkers (Greicius, 2008; Zhang and Raichle, 2010). RsfMRI has been readily applied in human
Alzheimer’s disease research, consistently revealing decreased FC in DMN areas (Mevel et al.,
2011; Sheline and Raichle, 2013). Changes in DMN FC have been correlated with increased Aβ
and were promising as a biomarker for Alzheimer’s disease (Greicius et al., 2004; Li and
Wahlund, 2011). It was also shown that DMN with TPN anti-correlation was disturbed in
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Alzheimer’s disease subjects, a finding that has been suggested amenable to improve biomarker
sensitivity (Calhoun et al., 2007; Wang et al., 2007).
In the preceding studies, FC was assumed to remain static across the scan duration. The brain’s
functional organization is however naturally dynamic and by ignoring this, valuable information
was potentially lost. Studies of dynamic FC have indeed allowed new insights into neural
dynamics (Calhoun et al., 2014; Keilholz, 2014), and provided potential new biomarkers for
multiple neurological disorders( Damaraju et al., 2014; Rashid et al., 2016), including
Alzheimer’s disease (De Vos et al., 2017; Quevenco et al., 2017). With the advance of dynamic
(d)rsfMRI, a particularly interesting discovery was that of quasi-periodic patterns (QPPs)
(Majeed et al., 2011). The most prominently observed QPPs represent recurring periods of
large-scale anti-correlation between the DMN and TPN (Belloy et al., 2018; Yousefi et al., 2018).
QPPs in the BOLD signal have been directly correlated to infraslow neural activity (Grooms et al.,
2017; Magnuson et al., 2014; Pan et al., 2013; Thompson et al., 2014a, 2014b), which is
supported to be a key source of brain FC (Drew et al., 2008; He and Raichle, 2009; Hiltunen et
al., 2014; Horovitz et al., 2008; Keilholz et al., 2013; Khader et al., 2008; Larson-prior et al., 2009;
J. M. Li et al., 2015; Mateo et al., 2017; Palva and Palva, 2012; Vanhatalo et al., 2004). In,
combination with previous work on QPPs, and the infraslow quasi-periodic nature of RSNs
(Chang and Glover, 2010; Chow et al., 2013; Ko et al., 2011; Zuo et al., 2010), the hypothesis was
presented that QPPs reflect a specific type of BOLD dynamics that together with other timevarying processes contributes to FC (Keilholz, 2014; Keilholz et al., 2016, 2013; Thompson et al.,
2015). A potential origin of QPPs has been speculated under the form of neuromodulatory
subcortical drive that can provide patterned input to specific brain areas (Drew et al., 2008;
Keilholz, 2014; Majeed et al., 2011).
While human studies are essential to translate research findings to clinical practice, studies in
mice help gain fundamental insight into neurological disorders and establish new biomarkers.
RsfMRI applications in healthy mice revealed similar RSNs as in humans (Gozzi and Schwarz,
2015; Liska et al., 2015), and in models of Alzheimer’s disease pathology showed aberrant
network FC consistent with clinical studies (Shah et al., 2016, 2013). Finally, drsfMRI has
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recently provided the first insights into mouse dynamic FC and revealed the existence of QPPs in
mice (Belloy et al., 2018; Grandjean et al., 2017a).
In this paper, we postulated the hypothesis that QPPs would provide insight into the aberrant
DMN and TPN FC observed in Alzheimer’s disease, and might thus serve as a more sensitive
biomarker than conventional rsfMRI measures. To answer this question, we investigated QPPs
in a single brain slice in old-age TG2576 mice, an amyloidosis model, and in age-matched
controls. We determined how QPPs differed across groups and moddeled how they reflected
DMN and DMN-TPN FC, and how they improved classification. Our findings provide new insights
into the neural dynamics that may reflect aberrant network connectivity in a mouse model of
Alzheimer’s disease, and promise that QPPs may serve amenable as a new translational
biomarker.

Material and Methods
Ethical statement
All procedures were performed in strict accordance with the European Directive 2010/63/EU on
the protection of animals used for scientific purposes. The protocols were approved by the
Committee on Animal Care and Use at the University of Antwerp, Belgium (permit number
2014-04), and all efforts were made to minimize animal suffering.

Animals
The TG2576 mouse model of amyloidosis overexpresses the human mutant form of amyloid
precursor protein (APP), which carries the Swedish mutation (KM670/671NL), controlled by the
hamster prion protein promoter (Hsiao et al., 1996). Aβ plaque development starts at the age of
9–11 months (Hsiao et al., 1996), while plaque burden increases markedly with age (Kuo et al.,
2000). In the current study, rsfMRI was acquired in female TG2576 mice at the age of 18 months
(TG, N=10) and in age-matched wild-type littermates (WT, N=8). For rsfMRI recordings, animals
were sedated using 0.4 % isoflurane, a bolus injection of medetomidine (0.3 mg/kg), and a
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subcutaneous infusion of medetomidine (0.6 mg/kg/h). Additional details on animal handling
are provided in Supplementary Methods.

MRI procedures and functional scan pre-processing
MRI scans were acquired on a 9.4 T Biospec system, with a four-element receive-only phase
array coil and a volume resonator for transmission. Structural images were acquired in three
orthogonal directions, using Turbo Rapid Imaging with Refocused echoes (RARE), for
reproducible slice positioning (repetition time 3000 ms, effective echo time 33 ms, 16 slices of
0.4 mm). B0 field maps were acquired, followed by local shimming. RsfMRI scans were acquired
with a gradient-echo echo-planar imaging (EPI) sequence (field of view (20x20) mm2, matrix
dimensions [128x64], three slices of 0.4 mm, flip angle 55°, bandwidth 400 kHz, repetition time
500 ms, echo time 16 ms, 2400 repetitions). High temporal resolution was required to
investigate QPPs. Due to resultant technical limitations, slice number was restricted to three.
Slices were positioned 0.1 mm caudally of bregma, according to the Paxinos and Franklink
stereotaxic mouse brain atlas (Paxinos and Franklin, 2007).
Motion parameters for each functional scan were obtained using 6 rigid body parameters.
Images were realigned and normalized to a user-defined reference subject, followed by
smoothing (σ = 2 pixels). During image normalization, intensities of outer slices are lost.
Analyses were thus restricted to the single center slice (MATLAB2017b). Motion vectors were
then regressed out of the image series. These procedures were performed using Statistical
Parametric Mapping (SPM12) software (Wellcome Department of Cognitive Neurology, London,
UK). Images were then filtered using a 0.01-0.2Hz FIR band-pass filter, quadratic detrended and
normalized to unit variance. Transient time points at the start and end of the image series were
removed before and after filtering. For the detection of spatiotemporal patterns, a brain mask
was employed to exclude contribution of the ventricles. QPPs were obtained without
performing global signal regression, unless otherwise stated.
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Detection of quasi-periodic patterns
We identified QPPs in both WT and TG animals, using a spatiotemporal pattern finding
algorithm(Majeed et al., 2011). QPPs were determined by applying the algorithm to a group
image series, composed of the center-slice concatenated scans of individual subjects. In brief,
the algorithm identifies sets of consecutive images, i.e. spatiotemporal patterns, which recur
within a functional scan. First, a template, i.e. a set of images acquired at directly consecutive
time points, is selected at a random time point in the image series. The user defines the number
of images within the template, i.e. the window length. The template is compared to the group
image series via sliding correlation, at each time point, i.e. the template is incrementally shifted
one image frame at a time. The resultant correlation time series is termed the Sliding Template
Correlation (STC). Peak threshold crossings, above an arbitrary correlation value (0.2), are used
to identify sets of consecutive images that will be averaged into a new updated template. The
0.2 threshold is a heuristic value, consistent with prior work on QPPs (Belloy et al., 2018;
Majeed et al., 2011; Yousefi et al., 2018). This sliding correlation process is repeated until
convergence, i.e. the STC no longer changes (correlation between the most recent and
preceding STC vector > 0.9999). This identifies a single QPP, at a user-defined window length
and for a single random starting time point. The random starting time point affects the final
outcome, so the process is repeated multiple times (N=500). The entire process is repeated for
multiple window lengths.

Quasi-periodic pattern spatial configurations and temporal lengths
Visual inspection suggested that short QPPs displayed opposing intensities between
neuroanatomical regions, while longer QPPs involved multiple brain regions simultaneously. To
quantify this observation, we calculated the mean coefficient of variation (CV) of QPP image
intensities across time. Specifically, QPPs describe a single brain slice, measuring m by n voxels,
across multiple time points (T), and are therefore represented by a 3D-matrix. This slice can also
be described under a vector form, so that QPPs can be formulated as the L by T matrix QPP2D,
where L = m x n. Mean CV was determined as QPPcv =

!
!!! |𝐶𝑣!

| / T, where T is the number of

image volumes in the QPP, and 𝐶𝑣! = σ (QPP2DT) / μ (QPP2DT), where μ is the mean and σ the
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standard deviation. A high QPP𝐶𝑣 indicates that slices within the QPP displayed opposing
intensities, and therefore high contrast.
Measures of QPP contrast were used to guide identification of interesting window sizes. When a
similar QPP type was observed across different window sizes of analysis, a previously
established analysis strategy was employed to determine its true window length(Belloy et al.,
2018) (cfr. Supplementary Methods).

Selection of quasi-periodic patterns
At each investigated window size, in each group, a single QPP was selected that displayed the
highest sum of peak correlation values, exceeding the 0.2 correlation threshold, in its STC. This
procedure matches a recently established criterion for QPP selection(Yousefi et al., 2018).

Comparing quasi-periodic patterns across groups
Each individual QPP is accompanied by a STC with the image series from which it was derived.
This STC describes the similarity of the QPP with the image series and identifies its occurrences,
defined as the amount of STC peaks exceeding a 0.2 correlation threshold. After QPPs are
extracted from a particular dataset, STCs to another image series can also be constructed (Fig.
1), a measure that we termed ‘projection STC’ (pSTC). This allowed occurrences of a QPP to be
directly compared across groups. Additionally, QPPs that were independently identified in a
respective group could be matched with those of the other group.

Removing quasi-periodic patterns
Individual QPPs were convolved with their respective STC, to construct QPP image series. The
obtained QPP image series were linearly regressed voxel-wise out of the original scans,
removing their contribution to the BOLD signal. The residual image series after regression were
used to assess the impact of QPPs on FC.
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Functional connectivity analysis
ROIs were selected matching a stereotaxic mouse brain atlas(Paxinos and Franklin, 2007) and
used to construct voxel-wise seed-based FC-maps and ROI-based FC-matrices for each subject.
FC-values were Fisher Z-transformed (zFC) to allow group comparisons. To investigate DMNand DMN-TPN-like FC, zFC-values between ROI pairs within the portion of these networks,
present in the investigated slice, were averaged per subject. TPN-like ROIs included Insular
cortex (Ins), ventro-lateral Caudate Putamen (Cpu vl), somatosensory area 1 (S1) and area 2
(S2). DMN-like ROIs included Cingulate cortex (Cg) and dorsal Cpu (d).

Figure 1. Group comparisons of Quasi-Periodic patterns via ‘projection’. QPPs were independently derived
from the WT (left, blue) and TG (right, red) group, using a spatiotemporal pattern finding algorithm(Majeed et al.,
2011). In each group, the algorithm was used to obtain a set of n QPPs at each investigated window length
(illustrative QPPs are displayed on the three lower rows). Each of these QPPs is accompanied by a Sliding Template
Correlation (STC) series, i.e. the sliding correlation of the QPP with the functional image series from which it was
derived (color-coded traces next to respective QPPs). Peak correlations above an arbitrary threshold indicate QPP
occurrences. This is illustrated for top row QPPs (arrows), indicating corresponding images in the functional scans.
QPPs derived from one group’s image series (reference), can be compared with the other group’s image series
(target) via projection (p)STC (e.g. blue arrow from WT QPP1 onto TG image series). Occurrences of one group’s
QPPs can thus be determined in the opposing group. Additionally, pSTCs from a reference QPP can be compared
with STCs from QPPs in the target group (blue and red traces in right panels). The goal of this comparison is to
determine the closest matching QPP, which correlates to the image series in the same way. pSTCs and STCs with
the strongest similarity, determined via cross-correlation, identify corresponding QPPs across groups (*). Schematic
brain images indicate the brain slice investigated in the current study. Abbreviations. QPP, Quasi-Periodic Pattern;
pSTC, projection sliding-template correlation.
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Quasi-periodic pattern inter-area correlation
QPPs’ inter-area relationship was determined by averaging ROI-pair Pearson correlations (ρ).

Classification analysis
A total of 17 rsfMRI measures were independently used as predictors in elastic net logistic
regression models, to classify mice as either WT or TG. Additionally, all 17 measures were used
simultaneously in a combined model. Elastic net regression is a regularisation technique for
general linear models and is particularly useful in that predictor coefficients may be reduced to
zero in case of poor fitting. It has been commonly used for classification purposes in
neuroimaging studies and classification of Alzheimer’s disease (De Vos et al., 2017, 2016,
Schouten et al., 2017, 2016, Teipel et al., 2017, 2015; Trzepacz et al., 2014). To evaluate
classification performance, we constructed receiver operating characteristic (ROC) curves and
calculated the area under the curve (AUC). Cross-validation of each model was repeated 10
times to obtain reliable cross-validation errors and determine mean AUC-values. Additional
details are provided in Supplementary Methods.

Statistical analyses
Significant voxels within a QPP were determined from the voxel-wise intensity distribution of
unique image frames averaged to establish QPPs (one-sample T-test, two-tailed, FDR p<0.001).
QPP occurrence rates were determined per subject in the respective group, and using pSTC (Fig.
1), in the other group. Each QPP’s occurrence rates were compared across animals between WT
and TG (two-sample T-test, two-tailed, p<0.05).
For within-group statistical analysis of seed-based FC maps, one sample T-tests (two-tailed,
uncorrected p<0.05) were performed. For between-group statistical analysis of seed-based FC
maps, before and after QPP regression, paired T-tests (uncorrected p<0.05) were performed.
For within group statistical analysis of DMN-like and DMN-TPN-like FC, before and after QPP
regression, paired T-tests (uncorrected) were performed. For between group statistical analysis
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of DMN-like and DMN-TPN-like FC, comparing WT with TG, two-sample T-tests (two-tailed,
uncorrected) were performed.
To statistically compare between AUC-values of the investigated classification models, AUCvalues were bootstrapped 2000 times, with stratification, for each pair (Hanley and Mcneil,
1983; Robin et al., 2011). Models were compared with two-sided tests. P-values are shown
uncorrected and after Bonferroni correction.

Results
General findings and quasi-periodic pattern selection criteria
In both groups, 3 s QPPs displayed high spatial contrast, i.e. regional anti-correlation, and similar
occurrence rates across groups, while longer QPPs displayed low spatial contrast, i.e. global
signal-like structure involving many brain areas, and higher occurrence rates in WT compared to
TG (Supplementary Fig. S1A-D). At each window size, the QPPs that most strongly correlated
with the image series (Yousefi et al., 2018), confirmed this observation (Supplementary Fig. S1IJ). Global signal-like QPPs displayed consistent spatiotemporal profiles across window sizes, and
shared similarity between WT and TG. For each group, these QPPs were considered as a single
type, and their true window lengths were determined to be 6 s (Supplementary Fig. S2).
3 s QPPs were visually inspected to scope the richness of spatiotemporal patterns, and were
compared with RSNs, determined with independent component analysis (ICA) (Supplementary
Fig. S3 & Supplementary Methods). ICA is a commonly used analysis technique in rsfMRI to
obtain maximally independent components that are present within the data. The outcome is a
set of ‘static’ spatial maps, i.e. RSNs, and related time vectors that indicate their similarity to the
image series over time. The latter is similar to the outcome of QPP analysis, but the difference is
that QPPs capture the spatiotemporal evolution of network activity over time. Supplementary
Fig. S3 indicates that ICA-derived RSNs appeared similar to some QPPs, but that a wider range of
spatiotemporal patterns could be observed in QPPs, indicating that this analytical approach can
provide additional insight into the data.
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Supplementary Fig. S3 also illustrates that 3 s QPPs could be observed in opposite phases
(inverted activity profiles). By averaging additional image frames outside of the 3 s window size,
it was confirmed that 3 s QPPs are part of larger bi-phasic QPPs, consistent with prior
work(Belloy et al., 2018), but that these are less reliably detected in the current study
(Supplementary Fig. S4). If global signal regression was performed, all QPPs displayed high
spatial contrast, but occurrence rates dropped at window sizes longer than 3 s (Supplementary
Fig. S1E-H). Bi-phasic high contrast QPPs were thus less reliably observed (cfr. discussion).

Differences in Quasi-Periodic brain activity between wild-type and TG2576 mice
The QPPs that most strongly correlated to each group’s image series indicated functional
differences between WT and TG. The 3 s QPP from the WT group (QPP WT) displayed co-activity
between Cpu d and Cg areas (ρ = 0.95) (Fig. 2A). These are established components of the
mouse DMN-like network(Grandjean et al., 2017b). Within QPP WT, the DMN-like areas were
anti-correlated with S2, S1, Ins and Cpu vl (respectively ρ = -0.73, -0.36, -0.64, -0.69). These are
part of the lateral cortical network, speculated to represent a mouse TPN-like network(Liska et
al., 2015) (Fig. 2D). Using pSTC (Fig. 1), it was determined that QPP WT occurred significantly
less in TG mice (Fig. 2E), and that the closest matching QPP in TG mice displayed diminished
anti-correlation between the DMN-like network and S2, S1, Ins and Cpu vl (respectively ρ = 0.52, 0.21, 0.07, -0.17). The 3 s QPP from the TG group (QPP TG) displayed co-activity between
Cpu d areas (ρ = 0.98), which were anti-correlated with Cg (ρ = -0.97) (Fig. 2B). There appeared
little anti-correlation of Cg with S2, S1, Ins and Cpu vl (respectively ρ = 0.06, 0.32, -0.04, -0.91).
Via pSTC, it was determined that QPP TG occurred significantly more in TG versus WT (Fig. 2E).
The closest matching QPP in the WT group displayed less anti-correlation between Cg and Cpu d
(ρ = -0.52), and more anti-correlation between Cg, and S2, S1, Ins and Cpu vl (respectively ρ = 0.69, -0.12, -0.63, -0.82). Lastly, a 6 s biphasic global signal-like QPP was derived from both
groups. In the WT group, S2, S1, Ins and Cpu vl were correlated with DMN-like areas
(respectively ρ = 0.92, 0.97, 0.76, 0.78) (Fig. 2C). In the TG group, S2, S1, Ins and Cpu were less
strongly correlated with DMN-like areas (respectively ρ = 0.58, 0.48, 0.54, 0.61).
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Figure 2. Three Quasi-Periodic patterns indicate the largest group differences in spatiotemporal brain dynamics.
A-C) The QPPs that most strongly correlated with the image series in WT and TG, at 3 and 6 s window sizes, are
shown. Because 3 s QPPs displayed strongly opposing patterns across groups, pSTC was used to determine the
closest matching QPP in the opposing group. QPPs are displayed as thresholded T-maps, overlain on the respective
brain image across time (one-sample T-test, FDR p<0.001). D) Location of the investigated brain slice and
anatomical regions that correspond to hypothesized regions of the mouse DMN- and TPN-like networks. A) The 3 s
QPP derived from the WT group (QPP WT). Note in red, co-activity of Cg and Cpu d areas (DMN). In blue, deactivated areas are S1, S2, Ins and Cpu vl (TPN). The matching QPP in TG displayed a similar pattern, with less
‘intact’ DMN- and TPN-like networks. B) The 3 s QPP derived from the TG group (QPP TG). Note, as opposed to QPP
WT, that QPP TG displayed anti-correlation between Cg and Cpu d regions. The matching QPP in WT displayed a
similar pattern, which included co-activation of some TPN-like components. C) The 6 s global signal-like QPP
derived from the WT group. This QPP was also observed in the TG group and displayed a similar spatiotemporal
shape (spatial correlation = 0.75). This QPP is commonly referred to as QPP GS. Note the involvement of many brain
regions. In TG, lateral cortical areas (TPN-like) appeared less clearly co-active. E) Subject mean occurrence rates for
all QPPs, based on STC and pSTC (two-sample T-test, **p<0.01, ***p<0.001, error flags show standard error). F)
Illustration of temporal coincidence between the three described QPPs in their respective groups. The STC of QPP
TG was inverted to account for its opposite phase. Abbreviations. FDR, False-Discovery Rate; GS; global signal; STC,
sliding-template correlation series; cc, cross-correlation; Cg, Cingulate area; Cpu d, Caudate Putamen dorsal; S1,
somatosensory area 1; S2, somatosensory area 2, Cpu vl, Caudate Putamen ventro-lateral; Ins, Insular cortex; Pir,
piriform cortex; DMN, Default Mode network; TPN, Task-Positive network.

The global signal-like QPPs in WT and TG displayed strong overlap with the brain global signal
(respectively STC cross-correlation: 0.70 and 0.71). While both QPPs displayed some differences
in their spatiotemporal profiles, they did share an overall similarity (spatial correlation: 0.74).
We refer to this QPP commonly as ‘QPP GS’, reasoning it reflects the same QPP, with lowered
spatial integrity and occurrence in TG (Fig. 2E). Noticeably, QPP WT and QPP TG displayed
temporal overlap with one another (STC cross-correlation: in WT 0.74 and TG 0.63, temporal
lags = 0 s) (Fig. 2F). To calculate this cross-correlation, the STC of QPP TG was inverted to
account for the opposite phase of DMN-like activity compared to QPP WT. This procedure is
sensible given the biphasic nature of QPPs (Supplementary Fig. S3-4). Both QPPs also displayed
temporal overlap with QPP GS (STC cross-correlation: QPP WT - in WT 0.27 and in TG 0.34; QPP
TG - in WT 0.24 and in TG 0.43; all temporal lags < 1.5 s).

Quasi-Periodic patterns reflect functional connectivity group differences
Prior work on QPPs suggests they represent a time-varying process that reflects or contributes
to large-scale FC (Keilholz, 2014; Keilholz et al., 2016, 2013; Thompson et al., 2015). Particularly,
it was proposed that QPPs are dissociable from other types of time-varying BOLD activity. In line
with this hypothesis, we linearly regressed QPPs out of the functional image series of their
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respective groups, removing their contribution (Supplementary Fig. S5A). While there are
limitations to using a linear model approach (cfr. discussion), we employed this framework to
evaluate FC differences before and after QPP regression, in order to model how QPPs may
reflect FC. Seed-based FC maps are presented in Supplementary Fig. S5B-D, confirming bilateral
network FC before QPP regression. Seed-based FC T-contrast maps indicate voxel-wise FCchanges with known neuroanatomical locations (Fig. 3). Overall, QPP regression confirmed
decreased FC between regions that were co-active within the QPPs, and increased FC between
regions that were anti-correlated. Per illustration, after QPP WT regression, Cg and S2 no longer
displayed bi-lateral FC, but FC between them was increased. These are respectively DMN- and
TPN-like areas.

124

Chapter 4
Figure 3. Regression of Quasi-Periodic patterns reveals how they relate to functional connectivity. QPPs are hypothesized to
reflect a time-varying process that is a component of BOLD FC. To model in what extent they reflect FC, we investigated the
change in seed-based FC after linear regression of each QPP out of the image series. A) Left seed regions, and their contralateral
counterpart, are indicated in respectively blue and grey on representative schematic brain images. B-D) FC difference maps for
left seed regions, specified at the bottom of the panel, after regression of QPP WT in WT group (B), QPP TG in TG group (C), and
QPP GS in WT group (D). Seed locations and contralateral counterparts are indicated by black contours. Maps show T-values,
based on voxel-wise zFC distributions of all animals in the respective group, and are liberally thresholded to show the full extent
of FC change (two-sample T-test, p<0.05). Positive and negative T-values display voxels that, after QPP regression, respectively
demonstrated increased or decreased FC with respect to the seed. Note for all three QPPs the loss of FC between brain regions
that were co-active within the QPP, and the increase in FC between areas that were anti-correlated. Abbreviations. Cg,
Cingulate area; Cpu d, Caudate Putamen dorsal; S2, somatosensory area 2, Cpu vl, Caudate Putamen ventro-lateral.

QPPs displayed interesting opposing brain dynamics between WT and TG (Fig. 2). After
indicating that QPPs relate to FC (Fig. 3), we wanted to assess if they reflect FC differences
between WT and TG. First, a ROI-based FC matrix was constructed to compare WT with TG (Fig.
4A). In TG animals, mostly the DMN-like areas Cg and Cpu d displayed decreased FC. The same
FC matrices were then constructed after one-by-one regression of each of the investigated QPPs
in their respective groups (cfr. Fig. 2) to assess resultant FC changes (Fig. 4B-D). Regression of
QPP GS caused an overall FC decrease in both WT and TG (Fig. 4B), while FC differences
appeared largely unaltered. Regression of QPP WT caused a FC increase between DMN- and
TPN-like areas (Fig. 4C). This effect appeared stronger in WT versus TG. DMN-like FC was
lowered and no longer appeared different between both groups, suggesting that QPP WT
reflected DMN-like FC group differences. Regression of QPP TG caused a less pronounced FC
increase between DMN- and TPN-like areas in WT, and even less so in TG (Fig. 4D). In
contradiction to QPP WT regression, DMN-like FC was increased, while its differences across
groups appeared diminished.

Quasi-periodic patterns reflect decreased Default mode like network functional
connectivity in transgenic mice
Results indicated that QPP regression altered FC between DMN-like areas (Fig. 4). QPPs may
therefore reflect lowered DMN-like FC in TG mice and may serve to improve sensitivity to this
readout. To address this hypothesis, FC between all Cg and Cpu d ROI-pairs were averaged for
each subject and compared across groups (Fig. 5A). Under normal conditions, DMN-like FC was
significantly lowered by 47% in TG versus WT (two-sample T-test, p<1x10-3). After regression of
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QPP GS, DMN-like FC was significantly lowered by 96% for WT and shifted below zero for TG
(paired T-test, WT p<1x10-6, TG p<1x10-11). The significance of the DMN-like FC group difference
was increased (two-sample T-test, p<1x10-4), as a consequence of DMN-like FC standard error
decrease in WT mice (55%). After QPP WT regression, DMN-like FC was significantly decreased
by 70% in WT and by 26% in TG (paired T-test, WT p<1x10-5, TG p<1x10-4). After QPP TG
regression, DMN-like FC significantly increased by 18% in WT and by 101% in TG (paired T-test,
WT p<1x10-3, TG p<1x10-7). After regression of QPP WT and QPP TG, significant differences in
DMN-like FC were no longer present (T-test, WT p=0.66, TG p=0.57).

Figure 4. Regression of Quasi-Periodic patterns reveals how they reflect functional connectivity differences
between wild type and transgenic mice. A) ROI-based zFC matrix showing in the top triangle, subject-average
values for the WT group and in the lower triangle values for the TG group. ROI-locations are indicated on the right.
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Note the lower FC in DMN-like (Cg and Cpu d) areas of TG animals. B-D) Same as in (A), but now after first
regressing in both groups: (B) QPP GS, (C) QPP WT, and (D) QPP TG. ROI FC matrices indicate that QPP regression
affected DMN-like FC differences by either (B) further emphasizing the difference and diminishing FC, (C) removing
the difference and diminishing FC, or (D) removing the difference and increasing FC. Another major effect of QPP
regression was the increased correlation between DMN-TPN-like brain areas, hinting new group differences.

Quasi-Periodic patterns reveal decreased dynamic anti-correlation between the
Default mode and Task positive like network in transgenic mice
FC between DMN- and TPN-like areas appeared increased by regression of QPP WT and QPP TG
(Fig. 4). Given their spatiotemporal shape and modelled contribution to BOLD FC, this might
reflect a removal of dynamic DMN-TPN anti-correlations, which could not be evaluated without
QPP regression. To further investigate this, FC between DMN- and TPN-like areas were averaged
for each subject and compared across groups (Fig. 5B). Under normal conditions, DMN-TPN-like
FC was low (± 0.05) in both WT and TG, with no significant group difference (two-sample T-test,
p=0.39). After regression of QPP GS, DMN-TPN-like FC values were significantly lowered below
zero (paired T-test, WT p<1x10-6, TG p<1x10-6). No significant group difference was revealed
(two-sample T-test, p=0.29). After regression of QPP WT, DMN-TPN-like FC was significantly
increased by 193% in WT and 131% in TG (paired T-test, WT p<1x10-7, TG p<1x10-7). The DMNTPN-like FC increase was significantly higher in WT versus TG (two-sample T-test, p=1x10-3).
After regression of QPP TG, DMN-TPN-like FC was significantly increased by 32% for WT (paired
T-test, WT p<1x10-4) and non-significantly by 8% for TG. The DMN-TPN-like FC increase was
significantly higher in WT versus TG (two-sample T-test, p=0.02).

127

Chapter 4
Figure 5. Quasi-Periodic patterns reflect default mode network functional connectivity group differences, and
reveal decreased default mode with task positive network dynamic anti-correlation in transgenic mice. Subject
average zFC values between (A) all DMN-like area pairs and (B) all DMN-TPN-like area pairs. Bar graphs display
group average FC under conditions of no QPP regression (left) and after regression of indicated QPPs (two-sample
T-test, *p<0.05, ***p<0.001, ****p<0.0001, error flags indicate standard error). A) Note how QPP GS regression
increased the significance of the DMN-like FC group difference. Regression of QPP WT, which showed clear
involvement of DMN-like areas, lowered overall DMN-like FC and removed significant WT-TG differences.
Regression of QPP TG, which showed anti-correlation between DMN-like areas, increased overall DMN-like FC and
removed WT-TG differences. Thus, QPPs in WT and TG displayed opposing brain dynamics, which appeared to
reflect DMN-like FC differences between groups. B) Regression of QPP TG, and especially QPP WT, which showed
anti-correlation between DMN-TPN-like regions, revealed DMN-TPN-like FC increases that were significantly higher
for WT compared to TG animals. Thus, QPPs appeared to be responsible for anti-correlated DMN-TPN-like
dynamics, which could not be identified with conventional rsfMRI.

Quasi-periodic pattern derived measures improve classification
After determining that QPPs may provide new insight into aberrant network FC in TG mice, we
wondered whether they might also improve subject classification. To answer this question, we
used elastic net regression to investigate the classification performance of individual network FC
measures compared to individual QPP-related rsfMRI measures. All measures were also
simultaneously investigated in a combined model. The AUC-values of ROC-curves (classification
performance index) for all measures are presented in Fig. 6A, while statistical comparisons are
presented in Supplementary Fig. S6. DMN-like FC displayed high performance (AUC: 0.89) and
TPN FC low performance (AUC: 0.68). QPP occurrence rates did not display higher performance
compared to DMN-like FC (AUC: QPP GS 0.79, QPP WT 0.85, QPP TG 0.86). When QPP GS was
regressed, DMN-like FC allowed full classification. Similarly, DMN-like FC differences (ΔFC)
between individual subjects, before and after QPP WT and QPP TG regression, allowed full
classification. DMN-TPN-like ΔFC also displayed high classification performance (AUC: QPP WT
0.98, QPP TG 0.99). The combined model allowed full classification. Fig. 6B displays the absolute
beta weights for each measure in the combined model. High betas indicate the importance of
each respective measure. DMN- and DMN-TPN-like ΔFC after QPP TG regression appeared as
the strongest contributors, followed by DMN-TPN-like ΔFC after QPP WT regression. Beta
weights were mostly in line with the respective AUCs for individual parameters, but stressed the
importance of QPP TG regression and DMN-TPN-like ΔFC for classification.
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Figure 6. Classification performance is improved through Quasi-Periodic Patterns. A) AUC-values of ROC-curves
constructed for classifications based on each individual resting state measure and for the combined model, which
evaluated all measures simultaneously (right, grey). AUC-values are shown as mean and standard error of the
mean. Note 100 % classification for some QPP-derived measures. B) All 100 absolute beta values for each individual
measure in the combined model, obtained through repeated model cross-validation. High beta-values imply the
importance of the respective measure. DMN- and DMN-TPN-like ΔFC after QPP TG regression, together with DMNTPN-like ΔFC after QPP WT regression, showed the highest contributions. Overall, findings indicate that subjectwise contribution of QPPs to FC provides the most sensitive measure for classification. Abbreviations. AUC, Area
Under the Curve; ROC, Receiver Operating Characteristic; ΔFC, Functional connectivity change.
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4. Discussion
In the current work, we investigated quasi-periodic patterns of BOLD activity in a transgenic
mouse model of Alzheimer’s disease compared to age-matched controls. QPPs have been
observed in multiple species in which they display anti-correlation between the DMN and TPN
(Belloy et al., 2018; Majeed et al., 2011; Yousefi et al., 2018). These resting state networks are
affected in patients with Alzheimer’s disease, an observation that has been amended towards
biomarker development. The neural dynamics that underlie their aberrant FC have however
remained elusive and classification requires further improvement in order to support clinical
utility (Badhwar et al., 2017; Greicius, 2008; Li and Wahlund, 2011). We illustrate how in an
aged mouse model of Alzheimer’s disease, QPPs provide novel insights into aberrant DMN and
TPN FC and improve classification. Our work brings forward three prominent findings: 1) WT
and TG mice were marked by different QPPs, that is, WT displayed significantly higher
occurrences of a QPP in which DMN areas were co-active and anti-correlated with the TPN,
while TG displayed significantly higher occurrences of a QPP in which DMN areas were anticorrelated. 2) We then linearly regressed QPPs from the functional scans to model how they
reflect FC differences between groups. Using this analytical framework, it could be shown how
QPPs reflected significantly lowered DMN FC in TG mice and additionally how they revealed a
significant decrease in dynamic DMN-TPN anti-correlations, an observation that could not be
made without QPPs. 3) Lastly, we show that FC-measures derived through QPP regression
improved classification compared to conventional FC-measures. Altogether, our findings provide
new insights into the neural dynamics that reflect aberrant network FC in a mouse model of
Alzheimer’s disease and indicate that QPPs can serve as a translational tool to improve disease
classification.
Resting state networks, within the single slice investigated in the current study, match those in
preceding mouse literature. Our FC maps and matrices with seeds in Cpu d and Cg confirmed
the interdependence of these areas, a finding consistent with observations of the DMN and its
underlying monosynaptic connectivity (Grandjean et al., 2017b; Liska et al., 2015; Zerbi et al.,
2015). QPP WT similarly displayed co-activation of these DMN areas. So far, the existence of a
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mouse TPN has only been speculated, in that a mouse lateral cortical network (LCN) comprises
homologous brain areas to those in humans and displays similar anti-correlation with the DMN
(Gozzi and Schwarz, 2015; Liska et al., 2015). The main nodes of the mouse LCN, which we used
to define the TPN, have been consistently reported in mouse rsfMRI literature (Belloy et al.,
2018; Grandjean et al., 2017b, 2014; J. Li et al., 2015; Sforazzini et al., 2014). Our FC maps with
seeds in somatosensory areas revealed the LCN (Supplementary Fig. S5). QPP WT also displayed
anti-correlation between this network and the DMN, an observation consistent with human
QPPs and supporting the existence of a mouse TPN (Majeed et al., 2011; Yousefi et al., 2018).
Lastly, FC maps revealed overall bilateral connectivity, which was less pronounced for Piriform
cortex and ventral Pallidum, potentially due to lower signal-to-noise ratios at deep brain
regions. Bilateral connectivity appeared less strong in TG compared to WT, a finding consistent
with earlier studies in mouse models of amyloidosis (Bero et al., 2012; Shah et al., 2013). Seedbased FC maps were not restricted only to bilateral neuroanatomical regions or networks, but
transgressed regional boundaries and displayed connectivity with other brain regions. This
finding is consistent with the apparent decreased segregation of brain systems at old ages (Chan
et al., 2014). Decreased network segregation helps explain the apparent involvement of the
motor cortex in the DMN.
The two short QPPs that marked group differences (QPP WT and QPP TG) displayed temporal
coincidence with each other when the matching counterparts were identified across groups
(Fig. 2). Combined with the observation that these short high contrast QPPs displayed a reduced
bi-phasic nature, in contrast to prior work in young mice (Belloy et al., 2018), this may indicate
that QPP WT and QPP TG actually pertain to one longer QPP. The latter is common across
groups, but its spatiotemporal structure is altered in TG, leading to altered occurrences rates
and shapes of short QPPs, i.e. sub-QPPs, in TG. Decreased bi-phasic structure, altered
occurrence rates and spatiotemporal shape can explain the unique effects of QPP regression.
Further, in both WT and TG, we observed a similar QPP that displayed overlap with the global
signal (QPP GS), and occurred significantly less in TG compared to WT. A similar QPP was
previously observed in mice and humans, where it also displayed a temporal coincidence with
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DMN-TPN anti-correlation QPPs (Belloy et al., 2018; Yousefi et al., 2018). Decreased network
segregation, together with decreased network FC and spatial integrity of resting state networks
at older ages (Ferreira and Bernardino, 2015; Vidal-piñeiro et al., 2014), may explain the sole
detection of global signal-like QPPs at longer window sizes, whereas prior work in healthy young
mice also determined that longer QPPs, similar to QPP WT, could still be observed when no
global signal regression was performed (Belloy et al., 2018). In supplementary analysis, we
obtained QPPs after performing global signal regression (Supplementary Fig. S1 & S7). Global
signal-like QPPs could no longer be detected, but instead only high contrast QPPs were
observed, which occurred considerably less at window sizes longer than 3 s. These observations
support that at older ages, long QPPs with DMN-TPN anti-correlation are less reliably detected.
Additional analysis confirmed that short QPPs were consistent with one another regardless of
performing global signal regression or not (Supplementary Fig. S7). Altogether, these findings
support our choice for analysing the presented data without global signal regression.
Notably, the global signal, i.e. the average intensity across all brain voxels, has often been
regarded as a nuisance variable that is removed from the data through linear regression. There
is however high controversy to its meaning and to the question if global signal regression should
be performed(Murphy and Fox, 2016). Recent literature indicated that the global signal contains
relevant neuronal information (Schölvinck et al., 2010). We therefore performed a
supplementary analysis in which we determined the effect of global signal regression on DMN
and DMN-TPN FC and used these measures to perform classification (Supplementary Fig. S7 &
S8). Global signal regression significantly reduced the classification performance of DMN and
DMN-TPN (Δ)FC compared to normal DMN FC. Additionally, after global signal regression, QPP
GS detection was abolished, while QPP WT and QPP TG were unaffected (Supplementary Fig.
S7). This confirmed that the global signal carried important information to dissociate between
groups and that QPP GS captured a specific global-signal like dynamic with potential neuronal
relevance.
Interestingly, the global signal been linked to changes in arousal, suggested to be modulated
through neuromodulation pathways (Liu et al., 2017; Schölvinck et al., 2010; Wen and Liu, 2016;
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Wong et al., 2016). The cholinergic system has been shown to be compromised in both the
somatosensory and cingulate cortices of 17 months old TG2576 mice, suggesting a source of
altered DMN-TPN dynamics and an interpretation for the lower occurrence rate of QPP GS in TG
animals(Klingner et al., 2003). The global signal has further been indicated to reflect a measure
of brain metabolism (Thompson et al., 2016). A study in 18 months old TG2576 mice showed
reduced glucose uptake across the brain, providing another explanation for lowered QPP GS
occurrence in TG. Lastly, global signal regression has been shown to reduce FC variability
(Murphy and Fox, 2016). This helps explain reduced variance of DMN FC in WT animals after
QPP GS regression. Larger variability in WT animals might represent a broader range of basal
brain metabolism.
In TG animals DMN FC was significantly lower compared to WT. Studies in human patients with
Alzheimer’s disease have consistently revealed perturbed DMN FC, and in particular decreased
FC with regard to the posterior cingulate cortex (Badhwar et al., 2017; Mevel et al., 2011). The
latter is a core DMN area, homologous to the mouse cingulate cortex (Liska et al., 2015).
Supporting the observations of aberrant network FC, DMN areas display high overlap with the
spatial distribution of amyloid plaques in Alzheimer’s disease patients (Grimmer et al., 2014;
Koch et al., 2015). Amyloid itself has been correlated to decreased network FC in clinically
healthy subjects with high amyloid burden (Hedden et al., 2009; Sheline et al., 2010; Sperling et
al., 2009). In the current study, we investigated TG2576 mice, an amyloidosis model in which
plaque development starts at the age of 9-11 months and progressively increases across aging
(Hsiao et al., 1996; Kuo et al., 2000). At 18 months of age, the cingulate cortex and other DMN
areas display high plaque loads (Bero et al., 2011). The vulnerability of DMN areas in Alzheimer’s
disease has been suggested to be the consequence of high baseline activity earlier in life,
leading to increased levels of soluble amyloid and plaque accumulation later on (Bero et al.,
2011; Buckner et al., 2009; Jones et al., 2015; Sperling et al., 2010). A previous rsfMRI study in
TG2576 mice performed at our lab revealed that soluble Aβ, before the onset of plaque
deposition, caused hypersynchronous activity in the DMN hippocampus area, while after the
onset of plaques, an overall decrease in network FC was observed (Shah et al., 2016). Overall,
our current findings of aberrant DMN activity, together with the pathological hallmarks of
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network FC and amyloid in TG2576 mice, match the findings and theoretical frameworks for
human Alzheimer’s disease.
Furthermore, two human studies revealed that Alzheimer’s disease caused a disruption of
DMN-TPN anti-correlation (Calhoun et al., 2007; Wang et al., 2007). While in our study we did
not observe this change with conventional FC analysis, QPPs did reveal that DMN-TPN dynamic
anti-correlation was compromised in TG. The lack of this observation with conventional FC
measures in our study might be a consequence of the limited single-slice network investigation
or anesthesia. Medetomidine is a vascular constrictor and interacts with α2-adrenorecptors that
show their highest expression in cortical areas (Ganjoo et al., 1998; Lakhlani et al., 1997;
Nasrallah et al., 2012). Resultantly, changes in DMN-TPN FC might be masked. On the other
hand, as far as we know, only two studies clearly identified disturbed DMN-TPN FC in humans.
The fact that QPPs were still detected, despite sedation, suggests they might represent a more
sensitive tool to investigate aberrant DMN-TPN interaction.
A study in APPswe mice used whisker stimulation and voltage sensitive dye imaging to correlate
Aβ plaques with abnormal neural population responses in the somatosensory cortex and with
reduced cortical synchronization during spontaneous activity (Maatuf et al., 2016). This matches
our observation of a dysfunctional TPN. On the other hand, functional MRI studies in 19 months
old TG2576 mice and 25 months old APP23 mice revealed a disrupted cerebrovasculature in the
somatosensory cortex (Mueggler et al., 2003; Shin et al., 2007). In line with these studies, it has
been shown in TG2576 mice that dense-core amlyloid plaques are mainly centered on vessel
walls, contributing to cerebral amyloid angiopathy and microvascular abnormalities (Kumarsingh et al., 2005). A compromised cerebrovasculature might contribute to altered DMN and
TPN BOLD dynamics. However, a recent study in humans showed that only Alzheimer’s patients
without cerebrovascular disease showed diminished DMN FC (Chong et al., 2017), suggesting a
neuronal origin for our findings.
QPPs have been proposed as a time-varying process that contributes to FC in the brain areas it
involves (Keilholz, 2014; Keilholz et al., 2016, 2013; Thompson et al., 2015). We presented an
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analytical framework in which QPPs were linearly regressed out of the BOLD image series in
order to evaluate how QPPs may reflect FC. Our results indeed indicate a relationship. We
however cannot claim directionality, that is, QPPs might contribute to FC or FC might shape
QPPs. QPPs have previously been directly correlated with infraslow neural activity via
simultaneous electrophysiology and MRI recordings (Grooms et al., 2017; Magnuson et al.,
2014; Pan et al., 2013; Thompson et al., 2014a, 2014b). Combined with our current findings, this
suggests QPPs may play an active role in contributing to FC. There are however additional
limitations for interpreting our findings, given that the BOLD signal displays non-linear
properties, which give rise to a combination of linear and non-linear dynamics (Abrol et al.,
2017; Preti et al., 2016). Linear regression models are commonly used in rsfMRI, but they
cannot fully account for non-linear effects. While a linear regression may still separate QPPs
from the BOLD signal, future studies need to establish algorithms and ground truths that can
more delicately tease out non-linear contributions of QPPs. Our results may further be unified
with other drsfMRI research like co-activation patterns, which represent brief instances of
spontaneous activity, suggested to contribute to network FC (Liu and Duyn, 2013).
DMN FC displayed high classification performance. This is consistent with clinical classification
of Alzheimer’s disease based on DMN FC (Dai et al., 2012; De Vos et al., 2017; Greicius et al.,
2004; Koch et al., 2012) and meta-analysis reviews that implicate DMN FC as the most relevant
rsfMRI biomarker for Alzheimer’s disease (Badhwar et al., 2017; Jacobs et al., 2013; Li and
Wahlund, 2011). DMN-TPN FC displayed low classification performance, which is in congruence
with a lack of group differences based on this measure. QPP occurrence rates did not
outperform DMN FC classification performance, but some FC-measures obtained after QPP
regression significantly increased performance. After regression of QPP GS, DMN FC allowed
100 % classification, indicating that this QPP contributed to DMN FC variability across subjects.
This was particularly the result of decreased DMN FC standard error in WT mice. Regression of
QPP WT and QPP TG did not significantly increase DMN or DMN-TPN FC classification
performance, but the consequent subject-wise DMN and DMN-TPN ΔFC allowed 98-100 %
classification. This indicates that QPP WT and QPP TG played an important role in shaping DMN
and DMN-TPN FC group differences. The combined model also allowed 100 % classification and
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indicated that DMN and DMN-TPN ΔFC after QPP TG regression were most important for
classification. This finding is important when considering potential translation to clinical
practice, suggesting that patient-specific QPPs should be evaluated with regard to a healthy
population, rather than vice versa. The combined model further indicated that DMN-TPN ΔFC
after QPP WT and QPP TG regression were also highly important for classification. It has been
suggested that DMN-TPN FC might help improve Alzheimer’s disease classification(Greicius,
2008). Our results contribute to this notion and highlight the importance of QPPs in enabling
this improvement. While QPP-derived FC measures significantly increased performance
compared to normal FC measures, the resultant 100 % classification may in part be explained by
the pathological severity of the TG2576 model at old age.
To validate that QPPs could truly provide novel insights and optimize classification, we
performed two supplementary analyses. We used an additional selection criterion to isolate
different QPPs between WT and TG, identifying those QPPs that showed the highest ratio of
occurrence between their STC and pSTC with the target group. This strategy provided nearly
identical QPPs as described in the manuscript, which had the same effect on FC (Supplementary
Fig. S9). We also determined resting state networks across groups, using ICA, and regressed
components with similar features as QPP WT. DMN FC was non-significantly diminshed, DMNTPN FC was not altered and classification was not improved (Supplementary Fig. S10). QPPs
thus provided superior classification compared to conventional rsfMRI approaches.
In the current study, all analyses were restricted to a single brain slice. While the DMN and TPN
are represented in the respective slice, they do describe larger networks that could not fully be
investigated. For instance, the connection between cingulate cortex and hippocampus,
commonly affected in Alzheimer’s disease patients (Mevel et al., 2011), could not be observed.
Future rodent studies with larger brain coverage, but lower spatial resolution, might explore the
full extent of compromised DMN FC and altered QPP dynamics. In human studies, these
restrictions do not apply, given that QPP temporal lengths are approximately 20 s and can be
sufficiently sampled with conventional acquisition schemes (Yousefi et al., 2018). This simplifies
the translation of QPP research to clinical studies. QPP occurrence rates and sliding correlation
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values appeared higher in humans than in mice (Belloy et al., 2018; Majeed et al., 2011; Yousefi
et al., 2018), which is promising for robust detection in commonly short clinical rsfMRI
acquisitions. In the current study, 500 QPPs were determined at each window size, based on
voxel-wise parcellated data. It is currently unclear what number of QPPs would have to be
investigated in humans to enable detection of relevant group differences. If all possible QPPs
(all random starting time points) are determined on voxel-wise data, this approach is highly
demanding on computational power. Recent work on human connectome data however
suggests that using ROI-based parcellations also allows robust detection of QPPs(Yousefi et al.,
2018), which may provide a valuable adaptation for translation to clinical research. Further, in
the current study we focussed on a mouse model of amyloidosis and obtained findings well in
line with clinical rsfMRI research of amyloid pathology. While Aβ is one central hallmark of
Alzheimer’s disease, so are tau tangles and neurodegeneration (Barage and Sonawane, 2015).
Future studies in rodent models that co-develop these pathologies will shed further light on the
translational value of QPPs. Additionally, we only investigated female mice, which limits the
interpretation of our findings with regard to patient studies. Finally, while our results provide
novel insights into the neural dynamics that may affect network FC, multi-modal imaging
studies, combining haemodynamic and neural readouts, will be required to shed light on how
exactly the neural and/or vascular functionality of the DMN and TPN are compromised in
Alzheimer’s disease.

Conclusion
In this study, we applied drsfMRI for the first time to an aged mouse model of Alzheimer’s
disease and revealed that quasi-periodic patterns of BOLD activity reflect aberrant network
connectivity of two major resting state networks, the DMN and TPN. Additionally, FC measures
obtained through quasi-periodic patterns allowed full subject classification, outperforming
conventional FC-measures. These findings are of high translational value and provide a novel
analysis strategy to advance rsfMRI research of neurological disorders.
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Supplementary Methods
Animals – MRI handling procedures
During MRI handling procedures, animals were anesthetized with 2 % isoflurane. Animals were
positioned in the magnet by securing their heads with ear bars and fixing incisors over a bite bar.
Ophthalmic ointment was applied to the eyes and a rectal temperature probe was used to monitor
animal body core temperature. Body temperature was kept stable at 37 °C via a hot air supply
(MR-compatible Small Animal Heating System, SA Instruments, Inc.). A pressure sensitive pad
was used to monitor breathing rate and a fiber-optic pulse oximeter, positioned over the tail, to
asses heart rate and O2 saturation (MR-compatible Small Animal Monitoring and Gating system,
SA Instruments, Inc.).
Animals then received a 0.3 mg/kg bolus injection of medetomidine (Domitor, Pfizer, Karlsruhe,
Germany), after which isoflurane was lowered to 0.4 %. Starting at 15 min post-bolus, a
subcutaneous catheter allowed continuous infusion of 0.6 mg/kg/h medetomidine. Functional
resting state scans were acquired 30 min post-bolus, lasting 20 min. Great care was taken to keep
procedures and conditions identical across animals, with preparatory handling never exceeding
10 min. The choice for a relatively higher anesthesia regimen was based on prior knowledge at
our lab, and observations made during pilot tests, that animals would not remain sedated with low
anesthesia levels. These observations can be explained given the known differences in neuronal
activity and behavior across different mouse strains, and given the increased anxiety levels in
multiple mouse models of Alzheimer’s disease1–3.

Identifying quasi-periodic pattern temporal lengths – low contrast QPPs
We used a data-driven processing tool that allows one to determine the most representative
window length for a specific type of spatiotemporal pattern. We term this strategy fractional
average correlation (FA) and used it to identify the window length of the global-signal like lowcontrast QPPs. This was done independently in both WT and TG animals, indicating for each
group an ideal window length at 6 s (Supplementary Fig. S2).
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A set of global-signal like low-contrast QPPs was chosen so that each QPP in the set was of a
different window length, ranging from 4.5 s to 15 s (at 3 s no global-signal like QPPs were
clearly observed). A total of eight QPPs was thus chosen. Each individual QPP in this set was
then subdivided into all possible consecutive fractions of a fixed length, specified by the smallest
window size investigated. In our analysis the smallest window size was 6 TRs (3 s), meaning that
a QPP of e.g. 18 TRs was divided into 13 fractions of 6 consecutive images, each of them shifted
by 1 TR (0.5 s). Each of the individual fractions from a QPP at a respective window size were
then treated as a reference, and the maximal cross-correlation was calculated with respect to a
non-fractioned ‘target’ QPP at another window size. The average of resultant cross-correlation
values from this comparison indicates how many fractions the reference and target QPP had in
common, i.e. the FA. FA thus allows one to determine a measure of QPP similarity, which is
independent of their spatiotemporal length. The FA-value was then calculated for all
combinations of window sizes. All FA-values were represented in an n x n matrix, where n
indicates the number of QPPs and each column indicates the FA-values for a respective reference
QPP with each respective (target) QPP in the set. The FA-matrix was finally averaged across its
columns to obtain the overall FA for each QPP in the set.
This approach is particularly useful because target QPPs at smaller window sizes than the
reference QPP under investigation intrinsically have less fractions in common, given that they
only represent a subpart of the larger QPP. Comparing larger reference QPPs with non-matching
subparts in short target QPPs forces a decrease in the FA-value. In contrast, long target QPPs
likely contain the full spatiotemporal pattern present in the reference QPP and will therefore
cause a high FA. When FA-values are averaged across columns (i.e. all reference QPP FA-values
with a respective target QPP), this will lead to low average FA-values for QPPs shorter than then
ideal window length and to high average FA-values for QPPs longer than the ideal window
length. The tipping point of increasing FA, before a plateau is reached, reflects the optimal
window size (Supplementary Fig. S2). A gradual decrease in the plateau is the result of lower
QPP integrity at longer window sizes, given that these QPPs displayed lower occurrence rates
and therefore less image frames were averaged in order to establish the QPP.
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Classification analysis – Additional details
A total of 17 rsfMRI measures were independently used as predictors in elastic net logistic
regression models, to classify mice as either WT or TG. Additionally, all 17 measures were used
simultaneously in a combined classification model. We employed the machine learning toolbox
available in MATLAB (2017b), making use of the functions ‘lassoglm’, ‘glmval’, and
‘perfcurve’, in order to construct and evaluate the models. The analysis methodology is strongly
in line with the one presented in de Vos et al. (2017)4.
Elastic net regression is a regularization technique for the estimation of generalized linear
models. It operates by combining LASSO regularisation (L1) and ridge regression (L2) penalty
terms. These penalty terms constrain the size of estimated predictor coefficients, which can be
reduced to zero 5. This effectively allows only the most relevant predictors to be part of the
regression model. Thus, for each model, two hyper parameters need to be set: λ, which
determines the two penalty sizes, and α, which provides the relative weight of both penalty terms
and therefore determines the balance towards either LASSO or ridge optimization.
In elastic net regression, two risks are represented by: 1) over-fitting models with too many
predictors, and 2) overestimating classification accuracy by selecting only those hyper parameters
that produce the best results. To avoid these biases, we employed a nested 10-fold crossvalidation approach 6. The inner loop was used to determine the hyper parameters with a grid
search approach, while the outer loop was used to evaluate the resultant regression models. More
specifically, this means that in the outer loop, 90% of the data was used as a training set and 10%
as a validation set, which was repeated 10 times to ensure that each subject was part of the
validation set once. Each training set of the outer loop was then respectively used to perform a
grid search on a set of α values and λ values. For each combination of hyper parameters tested on
the inner loop, a 10-fold cross-validation was performed to determine the optimal values, which
were used to construct the regression model that was evaluated in the outer loop.
To evaluate classification performance of the resultant models, we constructed receiver operating
characteristic (ROC) curves and calculated the area under the curve (AUC). The entire crossvalidation procedure described above was repeated 10 times for each model, in order to increase
the reliability of the cross-validation error and to determine the mean AUC values6. To
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statistically compare between AUC-values of the investigated models, AUC-values were
bootstrapped 2000 times, with stratification, for each pair7. Models were compared with twosided tests. P-values are shown both uncorrected and after Bonferroni correction.
Finally, to investigate the role of global signal regression on classification performance, 4
additional rsfMRI measures, derived after global signal regression, were independently used to
construct net logistic regression models. An additional combined model was constructed, where
all 21 rsfMRI measures were used simultaneously. Post-hoc Bonferroni correction was adapted to
include the additional AUC comparisons.

Independent component analysis (ICA) and regression
Group ICA was performed on WT and TG groups separately (Supplementary Fig. S3), and on
both groups simultaneously (Supplementary Fig. S10), using the GIFT toolbox (v4.0b)8. This
allowed us to determine RSNs for the respective analyses. For the separate WT and TG analyses,
the number of independent components was set to five for both groups. If a higher number was
used this led to splitting of bilateral components in the WT group. The presented RSNs of the TG
group (Supplementary Fig. S3) also appeared split when three or four components were used,
indicating that the observation of unilateral components in TG was not solely the result of
running the analysis with five components. For the combined group analysis, the number of
components was set to 4, based on the same heuristics as described above. The ICA was run on
variance-normalized data, filtered between 0.01-0.2Hz, using the Infomax algorithm with no
auto-filling of data reduction values. Stability analysis was performed using the ICASSO
algorithm, rerunning the ICA 15 times with a minimal cluster size of 5 and maximal of 10. Using
the built-in GIFT functionality, SPM12 (Statistical parametric mapping) was used to obtain
contrast images per subject for all components. The latter were used in one sample T-tests for all
components to obtain significant group level RSNs (p < 0.05, FDR corrected, threshold 4 voxels).
To evaluate the contribution of RSNs to FC in both groups (Supplementary Fig. S10), the GIFT
toolbox was used to regress group-level spatial maps (RSNs) into individual subject level data.
This establishes RSN time courses at the subject level and can be used to obtain subject specific
spatial maps that represent the group-level RSNs. The final time courses of the RSNs were used
for further regression analysis. For all components, we determined the percentage of variance
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explained by regressing that component out of the data, i.e. percentage of variance = 100 x (1!"#$%&'( !"#$"%&'
!"#$% !"#$"%&'

). The two components that indicated the highest percentage of variance

explained were then regressed in order to evaluate their effect on DMN- and DMN-TPN-like FC,
and classification.
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Supplementary Figure 1. QPP occurrence rates and contrast
A-D) Analysis without GSR, and E-H) with GSR, split into A,C,E,G) WT group, and B,D,F,H) TG group. A,B,E,F)
For each investigated window length, all 500 WT QPPs were displayed by their mean coefficient of variation (CV) of
image intensities across time: QPP𝐶𝑣 (cfr. material & methods). At 3 s window lengths without GSR, QPPs
displayed clear image contrast, causing high QPP𝐶𝑣 values. At longer window lengths without GSR, QPPs globally
involved several brain areas simultaneously, leading to a loss of contrast and low QPP𝐶𝑣 values. After GSR, all
QPPs displayed clear image contrast, causing high QPP𝐶𝑣 values. C,D,G,H) Subject mean occurrence rates across
the respective groups for all 500 QPPs at each window size. Note that global signal-like QPPs occurred more
frequently in WT compared to TG (C-D). Note that after GSR, occurrence rates of QPPs longer than 3 s dropped
steeply. A-H) To aid visual clarity, panels display QPPs sorted according to the described parameter. I-J) Example
of QPPs obtained at each window size without GSR, for WT (I) and TG (J). The presented QPPs were determined
based on the selection criterion of Yousefi et al. (2018). QPPs are displayed as thresholded T-maps, overlain on
respective brain images (one-sample T-test, FDR p<0.05) Abbreviations. GSR, global signal regression; DMN,
Default Mode network; TPN, Task-Positive network.

Supplementary Figure 2. The window length of the global-signal like Quasi-Periodic
pattern
Visual inspection, and findings presented in Supplementary Fig. 1, indicated that longer global-signal like QPPs
were consistent between WT and TG. Essentially, at all window lengths longer than 3 s, mostly the same globalsignal like QPP was observed, regardless of the investigated temporal length. Therefore, using a data-driven analysis
method, fractional average correlation (cfr. Supplementary Methods), we determined the true window length of the
global-signal like QPP to be 6 s in both A) WT and B) TG groups. In brief, fractional average correlation measures
the amount of overlap between spatiotemporal patterns of different lengths. Short patterns, which are below the true
length of the spatiotemporal dynamic under investigation, only display partial overlap with longer ones. Once pattern
lengths exceed the true length, their overlap peaks and eventually declines because of lower QPP spatial integrity at
longer window sizes. The tipping point of the curve that describes this value determines the true QPP length.
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Supplementary Figure 3. Illustration of short quasi-periodic patterns and their spatial
correspondence to ICA-derived resting state networks.
A-B) ICA-derived RSNs for WT (A) and TG groups (B). RSNs are displayed as thresholded T-maps, overlain on
respective brain images (one-sample T-test, FDR p<0.05). C) Illustration of 10 visually identified 3 s long QPPs in
the WT group. Criteria for selection were that QPPs should display different spatial configurations. QPPs are
displayed as thresholded T-maps, overlain on respective brain images (one-sample T-test, FDR p<0.001). Note the
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richness of different spatiotemporal patterns with bilateral structure that match with neuroanatomical areas. Further,
note the observation of QPPs in different phases (inverted activity profiles): e.g. Q2-Q3 versus Q8-Q9. D) Same
QPPs as shown in (C), determined in the TG group via pSTC matching procedure. QPPs are displayed as thresholded
T-maps, overlain on respective brain images (one-sample T-test, FDR p<0.001).

Supplementary Figure 4. Illustration of short quasi-periodic patterns and their bi-phasic
nature
C) Illustration of 10 visually identified 3 s long QPPs in the WT group. These QPPs are the same as presented in
Supplementary Fig. S3. Additionally, image frames 3 s before and 3 s after the window length of the QPP were
averaged. The relevant time points for image selection are still based on the BOLD data within the 3 s window length
used for the spatiotemporal pattern finding algorithm. This figure therefore provides a temporal extension of the
short QPPs. QPPs are displayed as thresholded T-maps, overlain on respective brain images (one-sample T-test, FDR
p<0.05). Note that biphasic structure may be observed for several QPPs, but less reliably compared to the center 3 s
sections. This figure supports the observation that short high contrast QPPs are part of longer QPPs that are less
reliably observed in the current study.
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Supplementary Figure 5. Linear regression of Quasi-periodic patterns: evaluation of
regression performance and functional connectivity before and after regression
This figure complements Fig. 2 & Fig. 3 in the main manuscript, where QPPs and the FC differences due to QPP
regression are described. A) In black is displayed a 500 s excerpt of an STC in one subject of the WT group. This
STC was obtained by sliding window correlation of QPP WT with the respective image series. In red the same QPP
WT is compared with the respective image series after it has been linearly regressed out of the image series. Note the
overall clear decrease in magnitude of correlations. B-D) Panels illustrate FC before and after regression of: B) QPP
WT in WT image series, C) QPP TG in TG image series, and D) QPP GS in WT image series. Each panel displays
seed-based FC maps for left seed regions, which are specified at the bottom of the panel. Seed regions, and their
contralateral counterpart, are indicated with yellow contours. Top row indicates FC before QPP regression, and
bottom row after. Maps show T-values, based on voxel-wise zFC distributions of all animals in the group from
which the respective QPPs were derived. Maps are liberally thresholded to show the full extent of FC (one-sample Ttest, p<0.05). (A) Top row. Note the overall bilateral FC and also the FC between DMN-like brain areas (Cpu d and
Cg). (A) Bottom row. Note the loss of bilateral FC in brain regions that were co-active within the QPP, and the
increase in FC between areas that were anti-correlated within the QPP (cfr. Fig. 2). (B-C). Note the similar results as
in (A). (B) Top row. Bilateral FC was also observed in TG animals, appearing less prominent compared to WT.
Abbreviations. DMN, Default Mode like network; TPN, Task-Positive like network; Cg, Cingulate area; Cpu d,
Caudate Putamen dorsal; MC, motor cortex; S1, somatosensory area 1; S2, somatosensory area 2, Ins, Insular; Cpu
vl, Caudate Putamen ventro-lateral; Pir, piriform cortex; VP, ventral pallidum.

Supplementary

Figure

6.

Statistical

comparison of classification results
Upper panel displays the same mean AUC-values for all
rsfMRI measures, as were shown in Fig. 6. Statistical
comparisons between the AUC-values are indicated in
the matrix below. Red colour indicates p<0.05. The
upper right side indicates uncorrected p-values, while
the lower left bottom indicates p-values after Bonferroni
post-hoc correction.
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Supplementary Figure 7. The effect of global signal regression on network functional
connectivity and quasi-periodic pattern occurrences
A) Subject average zFC-values between (left) all DMN-like area pairs and (right) all DMN-TPN-like area pairs,
determined after GSR. Bar graphs display group average FC (two-sample T-test, *p<0.05, **p<0.01, error flags
indicate standard error). B) Subject occurrence rates for all three investigated QPPs, presented in the main
manuscript. Bar graphs display group mean occurrence rates (error flags show standard error). Blue indicates the
QPP occurrence rates in the group from which they were originally derived. Using pSTC, the QPPs were compared
with the same group’s respective image series, after GSR. The resultant occurrence rates are indicated in grey. Note
the total loss of occurrences for QPP GS, and the non-significant change for QPP WT and QPP TG (two-sample Ttest, p<0.05, error flags indicate standard error). In a separate analysis, QPPs were also directly obtained after
performing GSR. Using pSTC, QPP WT and QPP TG could determine matching QPPs after GSR with respectively
0.97 and 0.95 spatial cross-correlation values. This validates that 3 s QPPs were the same regardless of performing
GSR and supports the presented analysis in the main body of the manuscript. Abbreviations. GSR, Global Signal
Regression; pSTC, project Sliding Template Correlation.
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Supplementary Figure 8. Network functional connectivity after global signal regression
lowers classification performance
A) Upper panel displays the same mean AUC-values for all rsfMRI measures, as was shown in Fig. 6. Additionally,
the four right bars display the AUC-values for DMN- and DMN-TPN-like FC measures after GSR. Statistical
comparisons between the AUC-values are indicated in the matrix below. Red colour indicates p<0.05. The upper
right side indicates uncorrected p-values, while the lower left bottom indicates p-values after Bonferroni post-hoc
correction. Note that GSR-derived FC measures performed significantly less well than DMN-like FC prior to GSR.
B) All absolute beta values for each individual measure in the combined model, which now also included rsfMRI
measures after GSR. High beta-values imply the importance of the respective measure. DMN- and DMN-TPN-like
ΔFC after QPP TG regression, together with DMN-TPN-like ΔFC after QPP WT regression, still showed the highest
contributions. RsfMRI measures after GSR showed almost no contribution.
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Supplementary Figure 9. Quasi-Periodic pattern identification based on maximal ratios of
STC versus pSTC occurrence rates
WT and TG QPPs were compared across groups, using pSTC (cfr. Fig. 1). Panels display the group mean ratio of
each QPP’s subject-average occurrences in the reference group over its subject-average occurrences in the target
group. QPPs were hereby split into two significance groups and in each they were sorted by increasing ratios: nonsignificant group differences (two-sample T-test, p>0.05) are indicated in grey, while significant ones are colorcoded in correspondence with the reference group. The ideology of this procedure is to determine QPPs that are the
most dissimilar between groups. A) At 3 s window lengths, WT QPPs displayed higher occurrence ratios versus TG,
and vice versa. WT QPP ratios versus TG were more often significant compared to TG QPP ratios versus WT. B) At
6 s window lengths, WT QPPs displayed many significant and higher occurrence ratios versus TG. TG QPPs
displayed mostly lower and non-significant ratios versus WT. A small set of high-contrast QPPs, similar to those
observed in (A), were removed from the 6 s QPPs, based on a 95 % confidence interval of QPP𝐶𝑣 (cfr.
Supplementary Fig. 1). C-E) For further investigation, one QPP was selected from each group comparison, from the
significant highest occurrence rate ratios (A-B, black arrows). A total of three QPPs were thus selected. Note their
nearly identical spatiotemporal similarity to the QPPs presented in Fig. 2. F) Subject mean occurrence rates for all
QPPs, based on STC and pSTC (two-sample T-test, **p<0.01, ***p<0.001, error flags show standard error). G-H).
Similar as in Fig. 5, the effect of QPP regression was evaluated for DMN- and DMN-TPN-like FC. Note that the
results are nearly identical. Overall this figure confirms that both selection criteria presented in the current study
determine consistent results.
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Supplementary Figure 10. Classification based on resting state networks regression
A) ICA-derived RSNs for a combined analysis of WT and TG groups. The two left RSNs, which match DMN- and
TPN-like networks, explained the highest percentage of variance compared to the other two RSN, after regressing
them out of all subject’s image series. RSNs are displayed as thresholded T-maps, overlain on respective brain
images (one-sample T-test, FDR p<0.05). B) ROI-based zFC matrix after combined regression of DMN- and TPNlike RSNs. The reasoning for regressing these two QPPs was to mimic spatiotemporal structure present in QPP WT.
In the top triangle are shown the subject-average values for the WT group and in the lower triangle values for the TG
group. Note there is little difference compared to the zFC matrix presented in Fig. 4A. C-D) DMN- and DMN-TPNlike FC under normal conditions (left), after regression of QPP WT (middle), and after regression of the DMN- and
TPN-like RSNs. RSN regression reproduced a similar less significant effect on DMN FC compared to QPP WT
regression. No similar effect was observed for DMN-TPN-like FC. E) Classification analysis. Panel displays the
same mean AUC-values for DMN- and DMN-TPN-like FC (left), as was shown in Fig. 6. Additionally, the four
middle bars display the AUC-values for DMN- and DMN-TPN-like FC measures after RSN regression. The utter
right bar display the AUC values for a combined model based on the 6 displayed parameters. Note that classification
was not improved based on these parameters, contrasted by the increased classification based on QPP-derived FC
measures (Fig. 6).
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Quasi-periodic brain activity modulates visual stimulus
processing in mice
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Introduction
Resting state fMRI (rsfMRI) and task-evoked fMRI are powerful complementary techniques to study brain
function (Bandettini, 2012; Fox and Raichle, 2007). The first investigates the intrinsically highly active
nature of the brain, while the second looks at the brain’s reflexive properties and less so considers the
‘background’ intrinsic fluctuations (Raichle, 2010). Recent studies however support the view that
intrinsic BOLD fluctuations affect sensory responses and behavioral performance (Boly et al., 2007; Fox
et al., 2007, 2006; He, 2013; Sadaghiani et al., 2009). While these studies provided important insights,
many questions remain on the functional role of resting state brain dynamics in task conditions.

Answers may come from emerging tools in the field of time-resolved rsfMRI, which attempts to identify
the dynamic interaction of brain networks during the resting state (Allen et al., 2014; Deco et al., 2011;
Keilholz, 2014). Brain ‘states’ or cognitive fluctuations may be identified and their role in task
performance evaluated (Gonzalez-Castillo et al., 2015; Keilholz et al., 2017; Kucyi et al., 2018). Changes in
vigilance or attention may also be identified and appear difficult to dissociate from cognitive brain states
(Allen et al., 2018; Chang et al., 2016; Laumann et al., 2017; Shine et al., 2016; Tagliazucchi and Laufs,
2014; Wang et al., 2016). While both processes may affect behavior and evoked sensory responses,
there is currently a clear lack of well-defined brain dynamics and associated properties.

New insights may come from studying quasi-periodic patterns (QPPs) in the BOLD signal (Majeed et al.,
2011). QPPs are spatiotemporal patterns that occur quasi-periodically throughout the duration of a
resting state scan, and prominently display anti-correlation between the Default Mode network (DMN)
and Task Positive network (TPN) (Abbas et al., 2016; Belloy et al., 2018; Majeed et al., 2011; Yousefi et
al., 2018). The DMN and TPN regulate opposing behavioral functions, balancing inward and outward
cognitive processes (Fransson, 2006; Greicius et al., 2003; Northoff et al., 2010). Fluctuations in their
activity modulates attention, sensory responses and behavioral variance (Esterman et al., 2013; Helps et
al., 2009; Lakatos et al., 2016; Sadaghiani et al., 2009; Weissman et al., 2006). DMN-TPN anti-correlations
are also directly correlated with arousal fluctuations and lapses in behavioral performance (Lynn et al.,
2015; Thompson et al., 2013; Wang et al., 2016). Substantial evidence thus suggests that QPPs may play
a role in modulating task-evoked sensory responses, yet this question has not been investigated.
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The relationship between fluctuations in attention and intrinsic brain dynamics are similarly observed
with whole-brain global BOLD signal dynamics (Horovitz et al., 2008; Larson-prior et al., 2009; Sämann et
al., 2011; Wong et al., 2016, 2013, 2012; Yeo et al., 2015). A significant fraction of the global BOLD signal
appears correlated with a global neuronal signal (Schölvinck et al., 2010; Wen and Liu, 2016). These
observations suggest an overlap between global neural brain dynamics and QPPs, a link that has recently
been supported (Belloy et al., 2018; Nalci et al., 2017; Yousefi et al., 2018), yet at the same time appears
not to be of a simple relationship (Billings and Keilholz, 2018).

The main goal of this study was two-fold: 1) Study the properties of whole-brain quasi-periodic patterns
(QPPs) of intrinsic BOLD activity in mice, while establishing in what way they coincide with the BOLD
global signal, and 2) Use QPPs to model how dynamic DMN and TPN anti-correlation interacts with visual
sensory processing and determine if this approach can help explain sensory response variance. We thus
investigated QPPs, measured at the whole brain level with rsfMRI, in 24 healthy young C57BL6/J mice.
We used a spatiotemporal pattern finding algorithm (Majeed et al., 2011), to determine QPPs at
different window lengths, with and without global signal regression (GSR). The analysis was focussed to
short and long QPPs that provided the most insight into the data. In the first half of the results, the close
interdependence of short and long QPPs with one another, and with the BOLD global signal, is
presented. The interaction between visual responses and QPPs is presented in the second half.

Material and Methods
Ethical statement
All procedures were performed in strict accordance with the European Directive 2010/63/EU on the
protection of animals used for scientific purposes. The protocols were approved by the Committee on
Animal Care and Use at the University of Antwerp, Belgium (permit number 2017-38), and all efforts
were made to minimize animal suffering.

Animals
MRI procedures were performed on 24 male C57BL/6J mice (Charles River) between 18 and 22 weeks
old. Animals were anesthetized with 3.5 % isoflurane and maintained at 2 % during handling. Heads were
fixed with bite and ear bars. Moldable earplugs were positioned on top of the ear bars in order to
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provide hearing protection. Ophthalmic ointment was applied to the eyes. Animal core body
temperature was measured with a rectal temperature probe and kept stable at 37 °C via hot air supply
(MR-compatible Small Animal Heating System, SA Instruments, Inc.). A pressure sensitive pad was used
to assess breathing rate, and a fiber-optic pulse oximeter placed over the tail, to assess heart rate and O2
saturation (MR-compatible Small Animal Monitoring and Gating system, SA Instruments, Inc.). Animals
were anesthetized with a 0.075 mg/kg bolus injection of medetomidine (Domitor, Pfizer, Karlsruhe,
Germany), after which isoflurane was gradually lowered to 0.5 %. A subcutaneous catheter allowed
continuous infusion of 0.15 mg/kg/h medetomidine starting 15 min post-bolus. This anesthesia regime is
similar to an established optimal light anesthesia protocol for mice rsfMRI (Belloy et al., 2018; Grandjean
et al., 2014). Acquisition of functional scans started 30 min post-bolus. Animals were scanned twice, two
weeks apart (Table 1).

Table 1. Experimental overview of animal groups and scan acquisitions. Baseline scans refer to rsfMRI scans
acquired at the start of the scan session. These were followed by either a visual fMRI scan, or another ‘control’
rsfMRI scan. These control scans served to evaluate if the occurrence of QPPs would be altered by prolonged
exposure to anaesthesia, which serves as a reference for QPP occurrence during visual fMRI scans.

MRI procedures and registration
MRI scans were acquired on a 9.4 T Biospec system, with a four-element receive-only phase array coil
and volume resonator for transmission. Rapid Acquisition with Refocused echoes (RARE) images were
acquired in three orthogonal directions (repetition time (TR) 2500 ms, effective echo time (TE) 33 ms, 16
slices of 0.4 mm), to enable reproducible slice positioning. B0 field maps were acquired, followed by local
shimming. Functional MRI scans were acquired with a gradient-echo echo-planar imaging (EPI) sequence
(field of view (27x21x6) mm3, matrix dimensions [90x70x12], slices thickness 0.4 mm, slice intersperse
0.1 mm, flip angle 55°, bandwidth 250 kHz, TR 500 ms, TE 14 ms). Baseline rsfMRI scans lasted 10 min,
control rsfMRI scans 15 min, and visual task-evoked fMRI scans 15 min. Scans were acquired in
immediate consecution (Table 1). In each scan session, a T2-weighted 3D anatomical scan was acquired
(RARE, TR 1800 ms, TE 6 ms, RARE factor 16, spatial resolution (0.078 x 0.078 x 0.31) mm3). The open
source registration toolkit ANTs was used to construct a study-based 3D T2 template. An EPI-based study
template was then registered to the Allan brain atlas with ANTs, in a two-stage combined registration,
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that is, registration of the masked and debiased 3D study template to the atlas, and registration of the
masked and debiased study EPI template to the 3D T2 template. Using the 2-stage registration
parameters, anatomical labels from the atlas were back-transformed to the EPI template space. Further
presented analysis of functional EPI data was thereby kept within the EPI template space.

Visual stimulation design
Bi-ocular visual stimulation with flickering light (4 Hz, 20% duty cycle) was presented to the animals
through means of a fiber-optic coupled to a white LED, controlled by a digital voltage-gated device (MaxPlanck Institute for Biological Cybernetics, Tuebingen, Germany) and a RZ2 bioamp processor (Tuckerdavis technologies). Stimulation paradigms were triggered by a TTL pulse output from the scanner at the
beginning of the EPI sequence. Visual stimulation scans lasted 15 min and visual stimuli were presented
in a block design: 30 s ON, 30 s OFF, 30 s ON.

Functional scan pre-processing
Motion parameters were obtained for each scan (six rigid body parameters), images were realigned and
normalized to a study mean EPI template and smoothed (σ = 2 pixels) [Statistical Parametric Mapping
(SPM12) software (Wellcome Department of Cognitive Neurology, London, UK)]. Because intensities of
outer slices are compromised during normalization, analyses were restricted to the center 10 slices
(MATLAB2017b). Motion parameters were regressed out of the resting state scans and images were
filtered using a 0.008-0.2 Hz FIR filter, detrended and normalized to unit variance. Time points at starts
and ends of image series were removed to account for filtering effects. Depending on the desired
analysis, global signal regression (GSR) was performed. To determine spatiotemporal patterns, a brain
mask was used to exclude ventricles. Visual task-evoked fMRI scans were filtered using a 0.008-0.2 Hz
butterworth IIR filter.

Resting state independent component analysis
To obtain intrinsic connectivity networks (ICN), group ICA was performed on all baseline rsfMRI scans (n
= 48; Table 1) using the GIFT toolbox (v4.0b) (Calhoun et al., 2004). The number of independent
components was set to five in order to maximize the large-scale nature and inter-network anticorrelation of derived ICNs. If the number of components was increased beyond five, anti-correlation
diminished and the DMN became split into an anterior and posterior component. The ICA was run on
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variance-normalized data, filtered between 0.008-0.2Hz, using the Infomax algorithm with no auto-filling
of data reduction values. Stability analysis was performed using the ICASSO algorithm, rerunning the ICA
20 times with a minimal cluster size of 10 and maximal of 20. Using the built-in GIFT functionality, SPM12
was used to obtain T-contrast images per subject for all components. Second level one sample T-tests
were performed for all components to obtain significant group level ICNs [p < 0.001, family-wise error
(FWE) corrected, threshold 5 voxels). Both baseline groups were pooled, given the lack of observable
differences in T-contrast maps for different ICNs (paired T-test, p < 0.05, family-wise error (FWE)
corrected, threshold 5 voxels).

Visual activation map and time series
Visual activation maps in response to the visual block design were determined with SPM12. A first level
general linear model (GLM) was generated for each subject in either of two visual stimulation groups
(Table 1), using the block design convolved with the canonical HRF and its temporal derivative as
regressors, and motion vectors as nuisance regressors. A second level one sample T-test was performed
on the subject’s T-contrast images to obtain a group level activation map (p < 0.001, FWE-corrected,
threshold 10 voxels). This map was used as a mask to obtain the visual network time series. Both visual
fMRI groups were pooled, given the lack of observable differences in visual activation contrasts maps
(two sample T-test, FWE-correction, p < 0.05, cluster size cut-off = 10).

Detection of quasi-periodic patterns
QPPs were determined for resting state scans in the first baseline condition (Table 1), using a
spatiotemporal pattern finding algorithm (Majeed et al., 2011). QPPs were obtained by applying the
algorithm to the concatenated scans of individual subjects, i.e. the group level image series. A
spatiotemporal pattern describes the distribution and propagation of BOLD activity across different brain
areas over the duration of a specific time frame, defined by the window length of the pattern. The
algorithm identifies such BOLD spatiotemporal patterns that recur frequently over the duration of the
functional scans. The process is unsupervised. The starting template is therefore determined by taking a
series of images frames at a random starting time point in the scans. This template is compared with the
image series via sliding template correlation (STC). A heuristic correlation threshold (0.2) is used to
identify sets of images at peak threshold crossings that are averaged into a new template. This process is
repeated until convergence. Because of this procedure, the random starting time point affects the final
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outcome, so the process is repeated multiple times (n = 250). The process is also repeated for multiple
window lengths, which are a required input to the algorithm.

Quasi-periodic pattern selection
Once the spatiotemporal pattern finding algorithm has been run several times, a large set of QPPs is
obtained, each with their own STC that indicates their occurrences and similarity to the functional scans.
When no GSR was performed, visual inspection suggested that short 3 s QPPs displayed DMN-TPN anticorrelation, while longer QPPs were highly consistent with one another and involved all brain regions
simultaneously. These global signal-like QPPs were observed in either of two phases: activation at the
start or end of the cycle. To group them, we used a mask of the DMN (Fig. 1) to average the intensity of
all DMN voxels at each time frame within the QPPs, constructing a DMN time series for each QPP. These
were cross-correlated with an artificial sinusoid to sort QPPs by phase [cfr. (Belloy et al., 2018)]. From the
sorted groups at each window size, a single QPP was obtained by selecting the one that displayed the
highest value of summed STC peaks, i.e. the sum of correlation magnitudes at QPP occurrences [cfr.
(Yousefi et al., 2018)]. The full cycle window sizes for both phases of the global signal-like QPP were then
determined using a previously described algorithm (Belloy et al., 2018) (Fig. S1A-B). This algorithm
identifies the amount of overlap between QPPs of different lengths, termed the fractional average
correlation (FA), and identifies the window length after which longer variants of the same QPP no longer
substantially increase this value. This determines the most representative window length and allows
selection of QPPs for further investigation. After GSR, visual inspection confirmed QPPs only displayed
DMN-TPN anti-correlation and were observed in either a first DMN- or TPN-active phase. The same
approach as described above was used to determine their full cycle lengths and select representative
QPPs. Because 3 s QPPs obtained without GSR displayed similar features to the ones after GSR, we also
investigated these in both conditions. Representative 3 s QPPs for each phase were determined by the
highest value of summed STC peaks.

Quasi-periodic pattern activation maps
Within each QPP, significant voxels were determined from each voxel’s intensity distribution of unique
image frames averaged to establish QPPs [one-sample T-test, two-tailed, false discovery rate (FDR)
p<0.05].
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Comparison of quasi-periodic patterns across groups and occurrence rates
QPPs are accompanied by a sliding template correlation (STC) time series with the image series from
which they are derived. This describes the similarity of the QPP with the image series and identifies its
occurrences, defined as the amount of STC peaks exceeding the prior implemented correlation
threshold. QPPs can also be compared with another image series by means of STC. When this
comparison is made, we used the term ‘projection STC’ (pSTC). QPP occurrence rates were determined
per subject in each respective group, and using pSTC, in a respective different group (same scan
differently processed, other baseline scan, visual fMRI data, control scan). Occurrence rates between
different conditions were compared via Two-sampled T-tests or paired T-tests (cfr. results). pSTC was
also used to evaluate the timing of QPP occurrences in different conditions, particularly with regard to
visual stimulation timing.

Global signal co-activation pattern
To visualize the global signal, image frames (9 s window shifted by cross-correlation lag) surrounding
global signal peaks were averaged into a representative spatiotemporal template, i.e. a global signal coactivation pattern (CAP). A detailed description of this method is described elsewhere (Belloy et al.,
2018). The threshold for peak selection was chosen so that the amount of peaks averaged matched the
amount of long global signal-like QPP occurrences. A statistical map of the global CAP was obtained in
the same way as described for QPPs (cfr. above).

Interdependence of spatiotemporal patterns
Different QPPs and the global signal were compared with each other in two ways. Maximal temporal
cross-correlation was determined by comparing STCs with one another or with the global signal time
series. This identified coherence of different QPPs with one another and the global signal. The
significance of these cross-correlations was determined by comparison with a null distribution of crosscorrelation values per subject. Phase-randomized image series were constructed, as described before
(Majeed et al., 2011), and STCs for each QPPs were determined with this image series. Cross-correlation
of phase-randomized STCs and global signal time series, for each subject, constructed the null
distribution. The real distribution of cross-correlation values was compared with the null distribution by
means of a Kolmogorov-Smirnov test. A bonferroni post-hoc analysis was used to account for multiple
comparisons. Additionally, maximal spatial cross-correlation was determined by evaluating overlap
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between any two spatiotemporal templates for all possible circular shifts of the templates. This
identified how similar, or opposing, different spatiotemporal patterns were.

Removing the contribution of quasi-periodic patterns to visual fMRI scans
To assess in what way QPPs contributed to the image series of visual fMRI scans, the investigated
baseline QPP was convolved with its respective pSTC in the visual fMRI images series, to construct QPP
image series. The resultant QPP image series were linearly regressed voxel-wise out of the original scans,
to remove their contribution to the BOLD signal. The residual image series after regression was used to
determine how QPPs modulate both the visual and brain-wide BOLD responses.

Quasi-periodic pattern contribution to visual responses
When resting state QPPs were compared to the visual fMRI scans via pSTC, a test was needed to
evaluate if they actually occurred with the same spatiotemporal shape as was observed during resting
state scans. A distribution of BOLD intensities was derived for each brain voxel from a QPP, respectively
at each of its internal time points. The voxel-wise distributions were composed solely of the image
frames identified by pSTC in the first 7 s after the onset of visual stimulation. Another set of BOLD
intensity distributions was also derived for each brain voxel, from all image frames in the first 10 s after
the onset of visual stimulation. The 3 s differences was chosen given that the investigated QPPs for this
test measured 3 s, which causes their images frames to overlap with the 10 s window after the onset of
visual stimulation, i.e. a QPP that starts at 7 s post-stimulus onset overlaps with its images to 10 s poststimulus onset. Per voxel, the two types of distributions were compared with a two-sample T-test and
FDR-correction was used to account for multiple comparisons. The result is a test that may evaluate if
image frames marked by pSTC truly identified the occurrence of QPPs, with regard to the overall
distribution of visual responses.

Results
Resting state networks
An ICA was performed on all combined baseline rsfMRI scans (Table 1), in order to validate the presence
of intrinsic connectivity networks (ICNs). The ICA was performed without GSR, and the number of
components was set to five to maximize the large-scale nature of derived ICNs (Fig. 1). The five derived
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ICNs displayed homotopic networks and large-scale anti-correlation. ICN 1 displayed similarity to the
DMN-like network, and ICN 2 to the lateral cortical network, hypothesized to be a mouse homologue of
the TPN-like network (Gozzi and Schwarz, 2015; Liska et al., 2015). All ICNs captured plausible
physiological brain networks (cfr. discussion) and served as a reference to describe network involvement
in QPPs.

Quasi-Periodic Patterns, the global signal, and reticular activity temporally coincide
In rsfMRI scans processed without GSR, at window sizes longer than 3 s, only one type of QPP could be
determined, which displayed widespread global involvement that cycled between high and low activity
(Fig. 2B). This QPP was observed in either of two phases, first active or de-active, and was estimated to
measure 9 and 10.5 s depending on the phase of detection (Fig. S1A-B). An illustration of the opposite
phase variant is provided in supplementary Fig. S2A. Regardless of phase, this QPP displayed a close
temporal coincidence and spatial similarity with the global signal (Table 2). Both the global signal coactivation pattern (CAP) and the long QPP obtained without GSR strongly involved key areas of the DMN
and (somato-)sensory networks, while TPN areas displayed limited involvement (Fig. 2A-B). Both
patterns displayed a significantly de-activated focal spot in the pons during their first few seconds. The
same region was also anti-correlated with activity in the DMN (Fig. 1). Co-registration of the Allen mouse
brain atlas to the EPI images indicated that this focal spot overlaps with brain areas of the reticular
formation: pons, medial lemniscus, tegmental reticular nucleus, and pontine reticular nucleus (dorsal).
At short 3 s window sizes, two opposite QPPs were detected: one with a DMN-active and TPN-de-active
structure, and vice versa (Fig. 2C). Temporal cross-correlation of short QPPs with the long QPP (Fig. 2B),
suggested their timing coincides with respectively its start and end (Table 2). The short DMN-active QPP
displayed high spatial similarity to the long QPP and global signal CAP. The short TPN-active QPP on the
other hand displayed lower spatial similarity and low temporal cross-correlation values (Table 2). Activity
of the focal area within the reticular formation appeared cyclical and consistent across the different
temporally aligned spatiotemporal patterns (Fig. 2D).
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Figure 1. Resting state networks. ICA was performed on 48 rsfMRI baseline scans from 24 subjects, scanned at two
repeated time points (week 0 and 2). The number of components was set to five in order to maximize detection of
large-scale resting state networks and their anti-correlated areas. Correlated areas are indicated with warm
colours, anti-correlated areas with cool colours. Respective networks and their included brain areas are described
on right hand side. Maps display T-values (p < 0.001, FWE-correction, cluster cut-off = 5). Both baseline sets were
pooled given a lack of difference for the different ICNs (Paired T-test, p < 0.05, FWE-correction, cluster cut-off = 5).
Note the involvement of the brainstem in ICN 1, 2 and 4, particularly the focal deactivation in the pontine reticular
formation of the DMN component. Abbreviations: d, dorsal; v, ventral; p, posterior; a, anterior; s, superior; m,
medial; cortex, ctx; PFC, Prefrontal ctx; Cg, cingulate ctx; Rs, Retrosplineal ctx; Ent, Entorhinal ctx; Aud, Auditory ctx;
Tea, Temporal association ctx; Cpu, Caudate Putamen; Th, Thalamus; HC, Hippocampus; Ins, Insular ctx; Pal,
Pallidum; Hp, Hypothalamus; OF, orbitofrontal ctx; Cb, Cerebellum; S1, Somatosensory area 1; S1 BF, S1 barrel field;
S1 HL/FL, S1 hind limb / forelimb; S2, Somatosensory area 2; Vis, MC, Motor ctx; Visual ctx; Col, Colliculus; PrL,
Prelimbic area; STR, Striatum;
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Figure 2. Quasi-periodic patterns obtained without global signal regression. A-C) Maps display spatiotemporal
templates as thresholded T-maps, overlain on respective brain images (one-sample T-test, FDR p<0.05). Temporal
interdependencies, determined by cross-correlation of each pattern’s sliding template correlation (STC) series are
indicated and were used for temporal alignment. A) The global signal co-activation pattern is shown, already
accounted for temporal offset with regard to (B). Note strong involvement of DMN, somatomotor and sensory
areas. B) The long QPP with DMN-activation first. Note the high spatial similarity with (A). C) 3 s QPPs. On left the
DMN-active QPP, on right the TPN-active QPP. Note clear anti-correlation between DMN and TPN areas. Note the
temporal alignment at respectively start and end of the long QPP. K-means clustering (two clusters) indicated that
temporal alignment of the TPN-active QPP tended to either fall before or after the long QPP. Values marked in blue
were used for visualisation. A-C) White stars mark significant involvement of activity in a focal area within the
reticular formation in the pons. Note consistent de-activation during the early phase of the DMN-active
component. A less clear activation was observed at the center of the long QPP (B). A deactivation was apparent in
the TPN-active QPP, but was less focal (C). Anatomical labelling of this area was performed through co-registration
with the Allen mouse brain atlas. D) Mean BOLD activity within the focal reticular area, as marked by stars (a core
region of 6 voxels was used), for the different spatiotemporal patterns. For short QPPs, image frames were extend
beyond the 3 s window size to determine prior/future trajectories. Note a consistent cycling activity for all QPPs.

After GSR, only QPPs that display DMN-TPN anti-correlation were observed, in either of two phases (Fig.
3B; Fig. S 2B), estimated to measure 9 and 10.5 s (Fig. S1C-D). The occurrence rate of long QPPs obtained
after GSR were considerably lower compared to the long QPPs obtained without GSR (Table 3). Temporal
cross-correlation indicated that long QPPs obtained without and after GSR coincided with a 1 s temporal
offset, but the cross-correlation values themselves were low, suggesting that this overlap was not clear
(Table 2). To clarify this ambiguity, we investigated whether QPPs obtained without GSR masked
underlying DMN-TPN anti-correlation. The occurrence time points of the long QPP, obtained without
GSR, were used to average image frames in the image series processed with GSR. The resultant
spatiotemporal pattern displayed a cycling alternation of DMN-TPN anti-correlation with lowered
significance (Fig. 3A). It also displayed a significant cycling pattern of activity in the same focal area
within the reticular formation, as was described before (Fig. 2). Within the QPP obtained after GSR, this
area only displayed a significant temporally aligned activation. Lastly, short 3 s QPPs obtained after GSR
were nearly identical to those obtained without GSR and displayed the same timing with respect to
longer QPPs (Fig. 3 C; Table 3). All presented QPPs obtained after GSR displayed a coinciding cyclical
activity of the focal area within the reticular formation (Fig. 3D).

Overall, short 3 s QPPs obtained without GSR captured the highest similarity across all identified QPPs
and the global signal (Table 3). By temporally averaging images around the occurrences of short QPPs
(Fig. S3-4), it could be shown they were also part of longer QPPs that show DMN-TPN anti-correlation,
but which were less consistently observed at longer window sizes. Given these observations, we chose to
focus further analysis on 3 s QPPs obtained without GSR.
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Figure 3. Quasi-periodic patterns obtained after global signal regression. A-C) Maps display spatiotemporal
templates as thresholded T-maps, overlain on respective brain images (one-sample T-test, FDR p<0.05). Temporal
interdependencies, determined by cross-correlation of each pattern’s STC are indicated and were used for
temporal alignment. A) Time points were the long QPP (cfr. Fig.2 A) occurred within the image series processed
without GSR were used to average image frames in the same image series after being processed with GSR. This
uncovers potential underlying masked activity. Note anti-correlation between the DMN and TPN, but lower
reliability in detection (decreased T-value) B) The long QPP obtained after GSR. Note anti-correlation between the
DMN and TPN, and lower reliability of detection. C) The 3 s QPPs obtained after GSR. On left the DMN-active QPP,
on right the TPN-active QPP. Note clear anti-correlation between DMN and TPN areas. Note the temporal
alignment at respectively start and end of the long QPP. A-C) A focal de-activation and activation was observed in
the reticular formation of (A), indicating similar timing as observed in Fig. 2. A similar observation was made for (B).
The short DMN-active QPP displayed activation in the reticular formation at the end of its phase. The short TPNactive QPP displayed de-activation.
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Table 2. Temporal and spatial similarity across all investigated quasi-periodic patterns. Right top half indicates
temporal cross-correlation of all STCs of each QPP and the global signal time course. Significances are indicates in
lower right corners (determined by comparison of cross-correlation in null distribution data, KS-test, Bonferroni
correction). Lower left half indicates spatial cross-correlation of all QPPs. Right lower corners indicate the timing
with respect to end or start of long QPPs, i.e. same or opposite phase (referenced to QPPs indicated across
columns). Green shaded areas indicate that short QPPs obtained without GSR provided the highest similarity across
all identified spatiotemporal dynamics.
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Reproducibility of quasi-periodic pattern observations
QPPs described in the above section were derived from baseline 1 scans (Table 1). By performing
projection STC (pSTC) with these QPPs onto baseline 2 scans, we could compare occurrence rates across
both conditions (Table 3). No significant differences were determined for the short 3 s QPPs obtained
without GSR (paired T-test: DMN-active, p = 0.31, TPN-active, p = 0.25). Given that the visual fMRI
stimulus followed baseline scans, we acquired an additional control resting state scan for half of the
subjects at the two different time points, to determine if there was an effect of prolonged anesthesia
exposure. No significant differences were determined for each control group in correspondence to its
prior baseline scans (paired T-test: control 1 DMN-active, p = 0.51; control 1 TPN-active, p = 0.39; control
2 DMN-active, p = 0.47; control 2 TPN-active, p = 0.35).
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QPP 3 s

QPP 9 s
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0.4 ± 0.4
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Control 2

1.2 ± 0.5

1.3 ± 0.5

1.5 ± 0.4

1.4 ± 0.7

0.4 ± 0.3

0.3 ± 0.4

1.2 ± 0.6

1.3 ± 0.6

Visual fMRI 1

1.3 ± 0.6

1.4 ± 0.6

1.7 ± 0.5

1.8 ± 0.5

0.2 ± 0.4

0.2 ± 0.2

1.5 ± 0.5

1.6 ± 0.6

Visual fMRI 2

1.2 ± 0.5

1.3 ± 0.5

1.5 ± 0.5

1.7 ± 0.6

0.2 ± 0.3

0.3 ± 0.4

1.4 ± 0.6

1.5 ± 0.5

Table 3. Occurrence rates (mean ± STD) of QPPs across different conditions. Green shaded areas indicate highest
occurrence rates for short QPPs obtained without GSR.
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Visual fMRI
Visual block design experiments were performed on two groups of animals (Table 1). The groups were
pooled and visual activation maps were obtained, indicating clear responses in visual areas (Fig. 4).

Figure 4. Visual activation maps. Visual activation maps across 24 animals, pooled from both visual stimulation
fMRI groups (Table 1). The block design convolved with the canonical HRF and its temporal derivative were used to
determine both the slow and long versus short and transient responses. Maps display significant activations as
thresholded T-maps, overlain on respective brain images (One sample T-test, FWE corrected, p < 0.001). Activated
areas involved the visual cortical areas, superior colliculus, lateral geniculate nucleus and thalamic areas.

Visual stimulation triggers quasi-periodic pattern activations
Short 3 s QPPs obtained without GSR from the resting state baseline scans were correlated with the
visual fMRI image series via pSTC and respective occurrence rates were determined (Table 3). For both
groups in which visual fMRI scans were acquired, QPP occurrence rates displayed no significant
differences compared to controls (two sample T-test: DMN-active week 0, p = 0.58; TPN-active week 0, p
= 0.26; DMN-active week 2, p = 0.63; TPN-active week 2, p = 0.31). Given the lack of differences in visual
activation and QPP occurrence rates, investigations on the visual fMRI data were pooled.

Peri-event time histograms (PETH) were constructed to indicate the timing of QPP occurrences with
respect to the visual stimulus (Fig. 5). The 3 s DMN-active and TPN-active QPPs respectively displayed a
strong increase or decrease in occurrences at the start of the stimulus. Given that QPP occurrences are
determined by pSTC with all brain voxels, these results might be biased by brain areas directly activated
by stimulation. The same analysis was therefore performed by masking out activated areas and
determining the pSTC with all other brain voxels (Fig. 5C-H). Respective increases and decreases in
occurrence rates were still observed, albeit less pronounced as when the visual system was included.
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Figure 5. Quasi-periodic pattern occurrences during visual stimulation blocks. Peri-event time histograms (PETH)
of QPP occurrences are indicated at the top of each panel to illustrate the timing of QPPs across all visual
stimulation blocks and animals. Below is shown the average projection (p)STC (blue; Pearson correlation) and visual
response (red, a.u.) for indicated visual areas. Panels indicate results from projection (p)STC while using A-B) a
whole brain mask, or C-H) a whole brain mask without visually activated areas (cfr. Fig. 4). Results for the 3 s DMNactive and TPN-active QPPs, obtained without GSR, are shown on respectively left and right. DMN-active QPPs
appeared triggered by visual stimulation onset. Occurrences of TPN-active QPPs appeared diminished. After
removing visual areas from the masks used for pSTC, similar less pronounced effects were observed. Activity in
visual areas alone did therefore not cause the observed response dynamics of QPPs.

Short DMN-active and TPN-active QPPs were spatially strongly anti-correlated, so the presented results
in Fig. 5 cannot dissociate if an activation or deactivation of these networks occurred. Additionally, it is
uncertain how well QPPs occurring during the visual stimulus would actually match QPPs observed
during the resting state. Particular brain areas could drive the pSTC more than others in the visual fMRI
scans. To answer both questions, we constructed a statistical test that evaluated at each brain voxel into
what extent QPP occurrences observed during the visual stimulus were different from the overall
distribution of responses (cfr. Material & Methods; Fig. 6A). Because TPN-active QPPs displayed
decreases in occurrences, pSTC valleys below a -0.2 correlation value were used instead of peaks to
determine relevant time points. Tests for both QPPs indicated a clear DMN-active spatiotemporal
pattern (Fig. 6B & S5), indicating that the true observation was the activation of a DMN-active QPP.
Notably, the start of these QPPs indicated a deactivation in the reticular formation. Lastly, by temporally
averaging image frames extending further after the QPP window lengths, it became apparent that full
length QPPs were triggered, but with less high reliability.

Triggered quasi-periodic patterns modulate visual responses
The observation that QPPs are triggered by the stimulus suggested they might affect the visual response
on top of direct visual processing. To answer this question, contribution of the DMN-active 3 s QPP to
the visual fMRI scans was removed by means of voxel-wise linear regression (cfr. Material & Methods).
The average visual response after QPP regression indicated a clear decrease of visual activation,
particularly in the first 10 s of the stimulus design, which nearly fully removed the transient activation
peak (Fig. 7A-B). Furthermore, QPP regression decreased the overall standard deviation of the visual
signal, particularly so in transiently activated areas during the first 10 s of the stimulus, reaching approx.
40 % decreases (Fig. 7C-D).
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Figure 6. Quasi-Periodic patterns significantly contribute to the whole brain visual response. A) The effects
observed in Fig. 5 could be driven by activity in all brain areas, or only in a limited few. The latter scenario would
falsely identify the occurrence of QPPs. To investigate this, a statistical test was designed to compare the voxelwise distribution of image frames marked by pSTC, compared to all image frames in the visual stimulation block
(Comparison was restricted to the first 10 s of visual stimulation). B) Maps display the significant contribution of the
3 s DMN-active QPP to the visual response. Left indicates the QPP as determined by a window size of 3 s (twosample T-test, FDR p<0.05). Right indicates further image frames that were averaged outside of the 3 s window
(two-sample T-test, uncorrected p<0.05). The triggered activation of QPPs appeared to display a full cycle, which
was less reliably evoked than the early DMN-active component. An early de-activation in the reticular formation
was apparent (white star).
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Figure 7. Quasi-Periodic Patterns modulate the visual response. The 3 s DMN-active QPP obtained after GSR was
regressed voxel-wise out of the visual stimulation fMRI scans. A-B) Visual response before and after QPP
regression, averaged across all block designs and animals. The response for transiently activated areas is shown in
(A), and for slower long-lastingly activated areas in (B). Note the clear drop in magnitude, particularly in the first 10
s, largely removing the transient response peak. C-D) Ratio in STD of the visual response after versus before QPP
regression (A). Note the ± 40 % decrease in STD for transiently activated visual areas in the fist 10 s of stimulation.

The average brain-wide BOLD response during the first 10 s of visual stimulation indicated a brain-wide
activation (Fig. 8A). Notably, the TPN did not appear active. The reticular formation was de-active in the
first 4 s, and again at 7 s. When comparing the contribution of the QPP to the whole-brain response (Fig.
8B), with the response after QPP regression (Fig. 8C), it stands out that the deactivation in the reticular
formation was not removed. Interestingly, when the QPP was removed, components of the
somatomotor network and DMN appeared deactivated, while areas of the TPN appeared activated.
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Figure 8. Visual stimulation triggers Quasi-Periodic Patterns that superimpose on underlying network dynamics
and deactivation in the reticular formation. A) Average whole brain response to visual stimulation across all
animals and stimulation blocks, depicted per second after onset of visual stimulation. Note deactivation in the
reticular formation (white star) and a lack of TPN activation (one-sample T-test, FDR p<0.05). B) The difference map
(two-sample T-test, FDR p<0.05) of the visual response as depicted in (A) versus C) the response after QPP
regression (one-sample T-test, FDR p<0.05). Note in (B) the lack of contrast difference in the reticular formation,
but in (C) deactivation was still observed. This suggests the deactivation in the reticular formation was an integral
part of the response to visual stimulation. Note in (C) activation of the TPN, and de-activation in areas of the DMN
and somatomotor network.

Quasi-periodic patterns predict variation in visual responses
Besides activation of QPPs by the visual stimulus, QPPs also occurred during OFF periods between
stimuli. This posed the question if their persistent fluctuating activity prior to the stimulus may also
affect the triggered occurrence of QPPs or the visual response itself. By correlating the pSTC at each time
point within individual block designs, to either the pSTC or the visual response peaks 4 s after the
stimulus onset, a significant pre-stimulus correlation could be established with both QPP occurrences
(Fig. 9A) and the visual responses (Fig. 9B-C). In all cases a significant approx. 0.2 correlation was
determined for the DMN-active QPP 5 s prior to the stimulus. There were also significant positive
correlations between the magnitude of pSTCs or visual responses at the 4 s peak with on-going stimulus
dynamics. Lastly, there was a significant negative correlation with observations after visual stimulation.
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Figure 9. Quasi-Periodic Pattern history predicts the magnitude of QPP occurrence and visual response. The pSTC
value at each time point in the block design (across animals) was correlated with A) the pSTC at the timing of the
visual peak response (4 s after onset of visual stimulation), and B-C) the visual signal at the timing of the visual peak
response. Grey circles indicate non-significant values, while blue circles indicate significance (Normalized
distribution, p < 0.05). Note that 5 s prior to the stimulus, all conditions provided a significant approx. 0.2
correlation. Also during and after the stimulus, significant effects could be observed. For this figure, the pSTC and
visual signal were determined from raw unfiltered data, in order to avoid any effects that filtering may cause on the
data.

4. Discussion
QPPs are observed in multiple species and capture infraslow (0.01-0.2 Hz) dynamic anti-correlation
between the DMN and TPN (Abbas et al., 2016; Belloy et al., 2018; Majeed et al., 2011; Yousefi et al.,
2018). Infraslow neural activity, and quasi-periodic fluctuations in the DMN and TPN, have been linked to
fluctuations in arousal and attention (Lynn et al., 2015; Monto et al., 2008; Palva and Palva, 2012;
Thompson et al., 2013; Wang et al., 2016). Whole brain global BOLD dynamics have similarly been linked
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to arousal (Horovitz et al., 2008; Larson-prior et al., 2009; Sämann et al., 2011; Wong et al., 2016, 2013,
2012; Yeo et al., 2015) and displayed a relationship with QPPs (Belloy et al., 2018; Nalci et al., 2017;
Yousefi et al., 2018). We investigated whole-brain quasi-periodic patterns of BOLD activity in young mice
and provide evidence that a large fraction of the global signal temporally coincides with transient anticorrelation of the DMN and TPN. We also observed an apparent rhythmic activity in the reticular
formation over the duration of this QPP event and the global signal. This is in line with evidence and
theories suggesting a neurmodulatory regulation of global brain dynamics and resting state networks
(Drew et al., 2008; Liu et al., 2018; Mateo et al., 2017; Nair et al., 2017; Schölvinck et al., 2010; Wen and
Liu, 2016).
The properties of QPPs suggested they would play a role in modulating task-evoked sensory responses.
We therefore determined the occurrence of QPPs during a visual stimulation fMRI paradigm and
revealed that QPPs, which start with high activity in the DMN, are triggered at the onset of visual
stimulation. By removing the contribution of QPPs from the scans, we determined they account for a
large fraction of the early visual response magnitude and variance, and concealed hidden network
dynamics. Visual stimulation was marked by a deactivation of the reticular formation, which may be
interpreted as an attention- or salience-driven adaptation to the task state, triggering activation of QPPs.
Lastly, activity of QPPs prior to the stimulus also affected the magnitude of the ensuing visual response.
Together, our findings provide new fundamental insights into a brain-wide resting state event that may
affect visual sensory processing and whole brain activation. The presented strategy of determining and
regressing QPPs may provide a strategy to model and account for variation from spatiotemporal BOLD
patterns linked with arousal.

Neuromodulation and the reticular activating system
Activity in the reticular formation and neuromodulatory brain regions was observed in several of the
presented findings. The reticular formation, and its regulation of the ascending reticular activating
system (ARAS), is responsible for promoting wakefulness and attention, mediated via either a thalamic
projection pathway that further projects to cortical areas, direct projections to the cortex, or a
hypothalamic / basal cholinergic forebrain pathway that projects to cortical areas. The ARAS is marked
by its inclusion of a range of neuromodulatory nuclei such as raphe nucleus (serotonergic), locus
coeruleus (adrenergic), nucleus basalis (cholinergic), the pendunculopontine nucleus (cholinergic), and
ventral tegmental area (dopaminergic). The latter are reciprocally interconnected and may affect each
other via different pathways, yet may serve separate functions and innervate specific brain areas. It is
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not our goal to elaborate on the intricacies of their dynamics, but rather to point out the widespread
involvement of different modulatory systems in the ARAS [for reviews on the subject matter, please
refer to (Al-shaarawy et al., 2011; Avery et al., 2017; Lee and Dan, 2012; Mcginley et al., 2015; Schwarz
and Luo, 2015)]. It has been suggested that these structures are natural rhythm generators that may
provide infraslow patterned input to the brain (Drew et al., 2008). At the same time, they allow selective
adaptation to modulate brain state and direct attention to sensory stimuli (Gilzenrat et al., 2010; Munk
et al., 1996; Safaai et al., 2015; Sara, 2009; Steriade, 2006). The observation of rhythmic activations and
deactivations in the reticular formation might be understood from this structure’s role in regulating (de)synchronized and REM sleep. Different regions of the reticular formation may display fluctuations in
tonic inhibition and activation that in concert can be transformed into rhythmic activity. Cholinergic
reticular neurons, vestibular nucleus neurons and vestibulo-oculomotor neurons may for instance
generate bursts of REM, which project activity to ascending and descending motoric systems
(Pompeiano, 1975). Similarly, pontogeniculooccipital (PGO) waves may originate in a burst from the
pons, travelling to geniculate and occipital visual cortical areas, and play an important role in the
regulation of eye saccades (Peigneux et al., 2001). Interestingly, it has been suggested that PGO waves
may also affect other brain areas, particularly hippocampus, entorhinal cortex and Piriform cortex (Gott
et al., 2017). In this review, Gott et all. (2017) point out that PGO waves may display even more
widespread cortical involvement and hint that its functional role may relate to the DMN and the internal
simulation of external sensory information. The DMN, and its anti-correlated network, observed in this
study are particularly reflecting these descriptions (Fig. 1). It further stands out that visual input may
directly affect activity in the reticular formation and promote arousal (Montero, 2000). Of particular
relevance, it has been suggested that PGO waves reflect the startle network of the brain (Tranquillo,
2014). The reticular formation also converts external stimuli into input to the locus coeruleus, which in
turn may facilitate sensory processing, by resetting cortical activity and adapting the brain state for a
behavioural response (Jones, 2008; Sara and Bouret, 2012).
We propose that the described modulatory systems provide a framework for interpreting our findings,
suggesting that the observed resting state QPPs may be driven by rhythmic neuromodulation, and that
this same system (or part of it) could dynamically trigger their activation in response to visual stimuli, via
a yet to be determined startle or attention-driven pathway. Given that our study is observational in
nature and because EPI quality is low at the deep brain areas where neurmodulatory systems can be
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observed, we present our interpretation with care and without the goal of making direct claims. Future
studies will need to more closely investigate the presented findings.

Resting state networks
Resting state networks displayed close similarity to preceding mouse literature (Grandjean et al., 2017;
Liska et al., 2015; Zerbi et al., 2015), revealing the DMN, lateral cortical network, (hypothesized to reflect
the TPN), somatomotor network, sensory networks, forebrain, and cerebellum. Interesting additional
features were observed, which may derive from the unique nature of the large-sample whole brain
rsfMRI acquisitions at a temporal resolution of 0.5 s. Overall, networks displayed a high degree of largescale anti-correlation, even though no global signal regression was performed. The DMN-like network
displayed anti-correlation with bulbus, ventral striatum and ventral hippocampus. These areas are part
of an anatomical striatal-limbic network in rodents (Aqrabawi and Kim, 2018; Hunnicutt et al., 2016;
Mohedano-moriano et al., 2012). Functional coupling between hippocampus and the bulbus has also
been linked to respiration-driven rhythmicity in awake rats (Chi et al., 2016). The DMN further appeared
anti-correlated with a focal region in the reticular formation, while other parts of the reticular formation
were correlated. A study in humans indicated that a seed-based FC map indicating the DMN was
obtained when a seed was placed in the reticular formation, which further appeared to be a causal driver
of DMN activation (Raniga et al., 2016). Interpretations for the deactivation the in the reticular formation
were presented above. The TPN-like network displayed anti-correlation with brain areas that comprise
an anterior dorsal part of the DMN. Similar observations have been made in mice under similar
anesthesia (Grandjean et al., 2014). Also in humans, it has been indicated that the DMN is comprised of
several sub-networks (Damoiseaux et al., 2008; Leech et al., 2011; Shirer et al., 2012), and that the dorsal
section of the DMN naturally displays more anti-correlation with the TPN when no global signal
regression is performed (Chen et al., 2015). Other anti-correlated areas with the TPN were the medial
bulubus, Pallidum, septal nuclei, and reticular formation. Deactivation of the cholinergic basal forebrain
(pallidum) may be understood in light of a recent study which showed that a specific pathway of this
brain area couples local gamma band activity to gamma band activation in the DMN during resting
conditions (Nair et al., 2017). Deactivation in the reticular formation, similar as was observed for the
DMN, might be understood as combination of different pathways (e.g. added inclusion of cholinergic
basal forebrain) that can differentially modulate variable networks. Septal nuclei are important for
regulating hippocampal activity, a function that may be mediated through serotonergic inputs to the
septal nuclei and in turn cholinergic modulation of the hippocampus (Olvera-Cortés et al., 2013). Given
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that the hippocampus is part of the DMN, this observation might indicate a deactivation of posterior
DMN components. ICN 3 displayed a somatomotor network, which was anti-correlated with visual
cortex, motor cortex, Entorhinal/Parahippocampal cortex, medial Pallidum and Septal nuclei. The listed
cortical areas are anatomically connected and form a functional network that serves visuo-spatial
processing and episodic memory encoding (Wang et al., 2011). A role for pallium and septal nuclei was
provided above. ICN 4 displayed a sensory network composed of olfactory systems, auditory cortex and
visual cortex, correlated with the hippocampus and entorhinal cortex, and anti-correlated with the
brainstem and midbrain. Low frequency optogenetic stimulation of the ventral posteriomedial midbrain
has been shown to cause widespread BOLD activation in sensory brain areas in rats (Leong et al., 2016).
Low frequency optogenetic stimulation of the hippocampus in turn has been shown to cause widespread
BOLD activations in cortical areas, particularly so visual cortices (Chan et al., 2017). ICN 5 displayed a
clear cerebellar component (Zerbi et al., 2015), which was anti-correlated with a large-scale forebrain
system, mainly comprising striatal areas, prelimbic areas and prefrontal cortex. Overall the observed
ICNs appear to capture sensible functional BOLD networks that provide new insights on top of existing
mouse literature.

Quasi-periodic patterns
When no GSR was performed, both the global signal CAP and QPPs displayed the involvement of many
brain areas that mainly comprised the DMN, somatomotor and sensory networks. Areas of the TPN did
not appear strongly involved, or anti-correlated. These observations are similar to QPPs observed in prior
human and mouse rsfMRI acquisitions (Belloy et al., 2018; Yousefi et al., 2018). There are two
discrepancies with the prior study in mice (Belloy et al., 2018). In the latter, two global signal-like QPPs
were observed, one that highly coincided with the DMN and one that appeared to also involve the TPN.
Additionally both global signal-like and DMN-TPN anti-correlation QPPs could be observed without
performing GSR. These differences can be understood from bias in the spatiotemporal pattern finding
algorithm and the fact that in this prior study, sliding template correlations were made with a single
slice, rather than the whole brain. The whole brain involvement of long global signal-like QPPs in this
study skewed the positive part of the STC distribution (0.103) compared to long DMN-TPN anticorrelated QPPs (0.068), which can affect the algorithms initialisation step and therefore bias detection
to global-signal like QPPs (Majeed et al., 2011). The lack of observation of a second global-signal like QPP
might derive from the same bias. When GSR was performed, QPPs in this study appeared highly similar
to those observed in the prior mouse study and indicated the same temporal duration. The occurrence
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rate of long QPPs obtained after GSR was however much lower in the current study. We illustrated this
may be caused by the temporal overlap between QPPs and the global signal, that is, after GSR global
signal fluctuations that were temporally coinciding with QPs were diminished but at the same time
lowered detectability of underlying DMN-TPN dynamics. Overall results indicate that future work will
need to explore optimization of the spatiotemporal pattern finding algorithm or choose to focus on the
behaviour of short QPPs.

Quasi-Periodic Patterns, the global signal, and reticular activity temporally coincide
One major outcome of this study is the observation, which indicates that a large fraction of the global
signal coincides with QPPs, and that there appears to be a temporal alignment of rhythmic de-activation
and activation in a center region of the reticular formation. Visualising time series of the reticular
formation within QPPs suggested an overlay of its timing between DMN- and TPN-active components of
the QPP. Fig. 10 provides a summary of the different inferred timings of global signal dynamics, QPPs,
and activity in the reticular formation. Clearly future work, using for instance optogentic stimulation of
focal brain stem nuclei (Carter et al., 2010; Miesenböck, 2011), will be needed to establish more causal
relationships for the suggestive interactions presented in this scheme.

Figure 10. Overview of coinciding quasi-periodic brain dynamics. This scheme illustrates the different timings
derived from the presented results, indicating global-signal like QPPs (top row), compared to QPPs obtained after
GSR (lower row). The involvement of the reticular formation is also indicated, which appeared to cycle rhythmically
in such a way that both its activation and deactivation overlapped with ends and starts of the DMN- and TPN-active
phases.
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Deactivation in the reticular formation observed in the global signal CAP is in line with recent evidence
and theories that implicate neuromodulation in global brain dynamics (Liu et al., 2018; Wen and Liu,
2016). Liu et al. (2018) showed in data from the human connectome that global signal co-activation
patterns indicate strong activation in sensory brain areas, but deactivation in the nucleus basalis of
Meynert (cholinergic forebrain) and a symmetric midbrain region just above the pons. Clearly, the
implicated regions are different to the ones we observed, particularly in that the DMN composed a large
fraction of the global signal in our study, but it marks a consistency of studies that indicate elements of
the ARAS as important mediators of global signal dynamics. These differences may also come from
differences in species, anesthesia and global peak selection strategies. The multiple observations that
indicate an arousal based neural fraction of the global signal strengthen both our findings and
developments in this line of research (Falahpour et al., 2016; Liu et al., 2017, 2015; Schölvinck et al.,
2010; Wen and Liu, 2016). The overlap between QPPs and the global signal further supports the
neuronal component of the global signal, given that QPPs have been directly correlated to infraslow EEG
and LFP fluctuations in both rats and humans (Grooms et al., 2017; Thompson et al., 2014). This
temporal alignment is further supported by the associations of fluctuations in arousal, with changes in
DMN-TPN anti-correlation (Chang et al., 2013; Fan et al., 2012; Havas et al., 2012; Lynn et al., 2015), and
global signal fluctuations (Horovitz et al., 2008; Larson-prior et al., 2009; Sämann et al., 2011; Wong et
al., 2016, 2013, 2012; Yeo et al., 2015). A powerful illustration of how neuromodulation may affect
DMN/TPN activations comes from a set of studies that tracked pupil dilation, a measure of arousal and
brain state mediated via cholinergic and noradrenergic neuromodulation (Reimer et al., 2016, 2014;
Schwalm, 2017), and showed that transient increases in pupil dilation are correlated to activation of
areas in the DMN and deactivation of areas in the TPN, while decreases in pupil dilation were correlated
to activation of somatomotor and visual areas (Joshi et al., 2016; Schneider et al., 2016; Yellin et al.,
2015). Altogether, these different studies provide strong support that dynamic events of DMN-TPN anticorrelation and the global signal may be driven by common neuromodulatory mechanisms, which
contributes to their temporal overlap. Our findings also bring additional insights for studies that tracked
dynamics in brain segregation-integration and temporally coinciding resting state network activity
(Karahanoğlu and Van De Ville, 2015).
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Visual and brain response modulation by Quasi-periodic brain dynamics
QPPs have been directly linked to infraslow neural activity via LFP and EEG recordings. Ongoing
spontaneous infraslow activity in local brain areas or in large-scale networks has been shown to
modulate sensory responses and behavioral variance (Monto et al., 2008; Palva and Palva, 2012).
Particularly, spontaneous fluctuations in DMN and TPN areas may relate to lapses in attention and trialto-trial differences in evoked BOLD responses (Boly et al., 2007; Esterman et al., 2013; Fox et al., 2007,
2006; Fransson, 2006; Helps et al., 2009; Lakatos et al., 2016; Sadaghiani et al., 2009; Weissman et al.,
2006). The influence of infraslow QPP fluctuations on the evoked visual responses presented in this study
can therefore be understood under light of these observations, where QPPs superimpose on the visual
signal. The predictive capability of QPPs on the visual evoked signal further contributes to this notion.
Task-evoked triggering of a DMN-active event is however contra-intuitive with regard to conventional
observations that stimuli cause a DMN activity decrease and TPN activity increase, which scales with the
extent of cognitive load that the task entails (Fransson, 2006; Northoff et al., 2010). Notably, a simple
visual task in humans, similar to the one we performed here, did not cause a change in DMN FC during
the task state (Greicius et al., 2003), suggesting that DMN activity in our task paradigm would not be
expected to decrease strongly, yet an increase would not be expected either. A more common finding is
that DMN activity relates to decreases in sensory responses and increases in behavioral variance (Helps
et al., 2009; Lakatos et al., 2016; Weissman et al., 2006). The brain dynamic captured by QPPs is
therefore likely of a different nature. Some studies have reported a less conventional role of the DMN in
that its activity may be more reflective of an attentive or arousal state, and in antagonism TPN activity
caused increased behavioral variance and suppressed attention (Esterman et al., 2013; Kucyi et al., 2017,
2016; Sadaghiani et al., 2009). DMN and TPN activity just prior to auditory stimuli respectively caused a
significant increase and decrease in stimulus perception hit rate (Sadaghiani et al., 2009). This prestimulus role of the DMN and TPN may correspond to our finding of increased success in eliciting an
ensuing QPP and strong visual response. This correlation was strongest 5s prior to the stimulus,
suggesting that a full DMN-active cycle just prior to stimulation favored strong responses. As we
described in detail above, the apparent involvement of the reticular formation and neuromodulatory
circuitries suggests an arousal driven mechanism, which may superimpose on other brain dynamics. Such
circuits allow selective adaptation to sensory stimuli and may even reset cortical activity to favor an
improved behavioral response (Gilzenrat et al., 2010; Jones, 2008; Munk et al., 1996; Safaai et al., 2015;
Sara, 2009; Sara and Bouret, 2012; Steriade, 2006). The 5 s prior window may suggest that the timing of
baseline activity in QPPs influences an efficient ‘resetting’. Further, changes in global brain state, which
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may reflect coincidental global signal dynamics, can also modulate sensory responses and behavior (Lee
and Dan, 2012; Mcginley et al., 2015; Pisauro et al., 2016; Schölvinck et al., 2015; Schroeder and Lakatos,
2010). In mice, global haemodynamic fluctuations were correlated to fluctuations in pupil diameter,
varied between trials, and were superimposed on local neuronal processing of visual input (Pisauro et al.,
2016). In cats, a large fraction of variance in single neurons was shared across the population of neurons,
an effect that depended on the brain state (Schölvinck et al., 2015). Together, these observations
strongly suggest that large-scale arousal-driven neural activity may superimpose on ongoing brain
dynamics. It is important to remember that our experiments were performed under anesthesia. Activity
of the DMN and TPN might thus likely not fully reflect the cognitive functions that would be expected
during awake conditions. The light nature of the employed anesthesia regime might therefore benefit
conditions to investigate arousal related brain dynamics. Nonetheless, after removing the contribution of
QPPs to the functional scans, whole brain responses revealed activation of the TPN and deactivation of
components of the DMN and somatomotor network. This is in line with the framework that the DMN
deactivates and TPN activates during task performance (Northoff et al., 2010; Raichle, 2010). Overall, we
suggest these findings support an arousal-based origin of QPPs that may indicate its functional role in
cognitive state adaptation that could be of relevance for sensory stimulus processing. Further work in
awake animals or in humans subjects will be required to determine the validity of this statement.

Autonomous regulation of systemic physiological fluctuations
The same neuromodulatory systems that we hypothesize might regulate QPPs, and that affect arousal
and brain state, are closely intertwined with regulation of autonomous systemic functions such as
cardiac rate, blood pressure and breathing rate (Evans, 2010; Guyenet, 2014). Salient sensory stimuli
may therefore cause transient changes in cardiovascular fluctuations. Further more, the activity of
neuromodulatory systems is driven by changes in arterial 02 and C02 concentrations, which are
bidirectionally coupled to slow changes in breathing rate and blood pressure (Coates et al., 1985;
Guyenet and Bayliss, 2015; Julien, 2006). Observations made in rsfMRI in general are marked by systemic
vascular confound (Birn, 2012; Keilholz et al., 2016; Murphy et al., 2013). Prior work could not establish a
relationship between physiological parameters and the observations of QPPs (Belloy et al., 2018; Majeed
et al., 2011; Yousefi et al., 2018). Only, Yousefi et al. (2018) showed in humans that the detection of
global signal like QPPs was significantly diminished after accounting for systemic variables. Because there
is a lot of temporal coincidence between the cardiovascular and arousal related components of the
global signal (Liu et al., 2017) – GSR is indeed commonly used as a tool to perform regression of nuisance
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and cardiovascular variables (Murphy and Fox, 2016) – this is a sensible observation. Yet in light of the
ongoing literature that reports the significant neuronal fraction of the global signal, and the current
observation that GSR removed detections of DMN-TPN anti-correlated events, it is worry-some to use
these tools that can remove valuable data. Nonetheless, salient stimuli may cause transient global
changes in cerebral perfusion (Schroeter et al., 2016, 2014), which can superimpose on global neural
dynamics and represent a confound for the presented results. In a supplementary analysis, we
determined that QPPs still displayed triggered activation in response to visual stimuli, even if GSR was
performed (Fig. S6A-B). Additionally, while GSR caused an even stronger decrease in visual response
magnitude and variance than QPP regression (Fig. S6C-D), the whole brain response now displayed
strong TPN deactivation, rather than activation (Fig. S6E). This suggests that QPPs captured specific brain
dynamics that not solely depended on global vascular dynamics. Furthermore, strong deactivation of the
TPN in response to the stimulus would not be expected, suggesting that GSR introduced false
observations. It is important to note that the correlation of QPP history, prior to the stimulus, with
evoked QPPs and visual responses is not likely to be an affect from systemic vascular fluctuations (Fig. 9).
Further studies and novel analytical tools that may disentangle non-linear superimposing spatiotemporal
structures will be required to investigate global vascular and neuronal dynamics. At the current time, we
propose that GSR should be used with caution and is best complemented by also investigating brain
dynamics without GSR.

Conclusion
We identified a quasi-periodic BOLD pattern (QPP), which captures the temporal alignment of dynamic
anti-correlation between the DMN and TPN, global signal dynamics, and rhythmic reticular activity.
Visual stimulation caused a triggered activation of QPPs, which in turn influenced the magnitude and
variance of the visual response, and further concealed underlying DMN de-activation and TPN activation.
We suggest that this QPP is tightly linked to an arousal-driven brain dynamic, which may be organized by
rhythmic neuromodulatory dynamics during the resting state, and by the same system may be adaptively
engaged in response to sensory inputs from visual stimuli. Investigating QPPs may thus be an important
strategy to determine arousal-based variance in stimulus-evoked responses.
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Supplementary Figures

Supplementary Figure 1. Long QPP window length. Panels display fractional average (FA) correlation for QPPs
investigated at a window range from 3 to 12 s (1.5 s intersperse). For A-B no global-signal like QPPs were observed,
only QPPS with DMN-TPN anti-correlation, so no QPP was investigated. Arrows indicate the window length for
which FA reaches a plateau, therefore determining the appropriate window size of the respective QPP. A-B) QPPs
obtained without GSR. C-D) QPPs obtained after GSR. A-C) DMN-active first QPPs. B-D) TPN-active first QPPs. Note
that TPN-active first QPPs appear slightly longer than DMN-active QPPs.
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Supplementary Figure 2. Opposite phase QPPs. Maps display spatiotemporal templates as thresholded T-maps,
overlain on respective brain images (one-sample T-test, FDR p<0.05). A) Opposite phase detection of the QPP
depicted in Fig. 2B. B) Opposite phase detection of the QPP depicted in Fig. 3B.
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Supplementary Figure 3. Extended averaging of short QPPs, focusing on DMN-active first component. Maps
display spatiotemporal templates as thresholded T-maps, overlain on respective brain images (one-sample T-test,
FDR p<0.05). Image frames surrounding QPP occurrences were averaged after obtaining the QPPs with the
spatiotemporal pattern finding algorithm. This revealed that short QPPs capture longer dynamics outside of the
imposed window size. A) Extending the 3 s DMN-active QPP obtained without GSR forward. Note that reticular deactivation is only clear at in the fist second, but no longer afterwards. B) Extending the 3 s TPN-active QPP obtained
without GSR backward. Note the timing of reticular activation during the end of DMN-active phase, transitioning
into the TPN-active phase. Note de-activation at the end of the TPN-active phase.
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Supplementary Figure 4. Extended averaging of short QPPs, focusing on TPN-active first component. Maps
display spatiotemporal templates as thresholded T-maps, overlain on respective brain images (one-sample T-test,
FDR p<0.05). Image frames surrounding QPP occurrences were averaged after obtaining the QPPs with the
spatiotemporal pattern finding algorithm. This revealed that short QPPs capture longer dynamics outside of the
imposed window size. A) Extending the 3 s DMN-active QPP obtained without GSR backward. Note reticular
deactivation prior to the DMN-active phase. B) Extending the 3 s TPN-active QPP obtained without GSR forward.
Note the timing of reticular de-activation during the end of the TPN-active phase, transitioning into the DMN-active
phase (A).
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Supplementary Figure 5. The DMN-active QPP, not the TPN-active QPP, contributes significantly to the visual
response. Maps display the significant contribution of the 3 s TPN-active QPP to the visual response. Left indicates
the QPP as determined by a window size of 3 s (two-sample T-test, FDR p<0.05). Right indicates further image
frames that were averaged outside of the occurrences of the 3 s QPP (two-sample T-test, uncorrected p<0.05). The
apparent triggered de-activation of TPN-active QPPs produced a difference map that indicates a significant DMNactive contribution to the visual response. Therefore, only the DMN-active QPP was triggered.
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Supplementary Figure 6. The effect of global signal regression on visual response dynamics and QPP occurrences.
A-B) As in Fig. 5. Peri-event time histograms (PETH) of QPP occurrences are indicated at the top of each panel to
illustrate the timing of QPPs across all visual stimulation blocks and animals, after the data was treated with global
signal regression. Below is shown the average projection (p)STC (blue; Pearson correlation) A) Panel indicate results
from projection (p)STC with a whole brain mask. DMN-active 3 s QPP obtained without GSR (top) appears triggered
by visual stimulus. B) Panels indicate results from pSTC after removing the visual network from the whole brain
mask. Results are similar to very similar to (A). Visual stimulation and the global signal therefore did not solely
cause the observed response dynamics of QPPs. C-D) As in Fig. 7. C) Visual response before and after global signal
regression, averaged across all block designs and animals. Note the clear drop in magnitude, which is no longer
specific to the first 10 s. B) Ratio in STD of the visual response before and after global signal regression (C). Note the
± 70 % decrease in STD in the fist 5 s of stimulation, and overall ± 40 % decrease in STD. These effects are different
than were observed for QPP regression (Fig. 7). E) As in Fig. 8. Average whole brain response to visual stimulation
across all animals and stimulation blocks, after data was treated with global signal regression. Images are depicted
per second after onset of visual stimulation. Note the strong deactivation in the TPN (one-sample T-test, FDR
p<0.05), in contrast to what was observed after QPP regression.

213

Chapter 5

214

Chapter 6
Concluding remarks

215

Chapter 6

Overview
Project 1
In the first project, wild-type control mice were used to determine for the first time the
existence of QPPs in mice. Analytical tools were developed that allowed us to scope the full
range of potential spatiotemporal dynamics in conditions with and without global signal
regression (GSR). No such approach had been published previously. By doing so, we confirmed
the existence of a 12 s QPP that displays anti-correlation between networks homologous to the
DMN and TPN, consistent with QPPs in other species (Abbas et al., 2016; Majeed et al., 2011).
Additionally, we revealed the existence of 9 s QPPs that display high similarity with the global
signal. By using another time-resolved rsfMRI analysis technique, the co-activation pattern
approach (Liu and Duyn, 2013), we further confirmed the similarity of these QPPs to the global
signal. By investigating the interdependence of all obtained QPPs, their temporal coincidence
was illustrated, suggesting that the global signal may partially overlap with QPPs.
Because anesthesia is often a confounding factor in mouse rsfMRI research (Grandjean et al.,
2014; Jonckers et al., 2014), we compared an optimal low anesthesia regime, indicated by state
of the art literature (Bukhari et al., 2017; Grandjean et al., 2014; Zerbi et al., 2015), to a higher
analogous regime. We confirmed that QPPs are optimally detected with higher spatial integrity
in the low anesthesia condition. Interestingly, the same QPPs and global signal interaction was
still found even under high anesthesia conditions, but occurrence rates were lower. Lastly, we
showed that no clear relationship could be determined between QPPs and either motion
confounds or fluctuations in physiological parameters such as respiratory and cardiac rate. This
supported a neuronal origin of QPPs. One particular limitation of this study was the limited
brain coverage as a consequence of restrictions on scanner duty cycle. By performing
complementary conventional resting state fMRI acquisitions in the same scan session, we could
however illustrate that the investigated brain area was ideally suited to sample the large-scale
interaction of mouse DMN- and TPN-like networks (Gozzi and Schwarz, 2015; Grandjean et al.,
2017; Liska et al., 2015). While the existence of a mouse TPN network is yet to be proven, the
observation of anti-correlation between its putative homologue and the DMN-like network in
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mouse QPPs can itself be considered as supporting evidence. While in this study we observed
some discrepancies in functional brain area coupling compared to other literature, results were
overall in strong accordance. Altogether, the presened findings provided novel insights into
mouse brain dynamics and contributed analytical tools to help advance the field of dynamic
rsfMRI. With this study, the first objective of thesis – QPPs exist in mice – was addressed and
the fourth objective – QPPs interact with the global signal – in part supported.
Project 2
In the second project, QPPs were investigated in old TG2576 Alzheimer’s disease mice, a model
of amyloidosis (Hsiao et al., 1996), and age-matched control animals. Different features of this
model reproduce human amyloid pathology, such as for instance the selective vulnerability of
the DMN to amyloid plaque deposition (Adriaanse et al., 2014; Mevel et al., 2011; Sheline and
Raichle, 2013; Zhong et al., 2014), making it an attractive target for translational research. At 18
months of age, TG2576 animals display high brain-wide amyloid burden that especially affects
the DMN (Bero et al., 2011; Kuo et al., 2000). Given that in the previous project, an
experimental and analytical platform to investigate QPPs was established, the same approach
was used for this study. For this experiment, the higher anesthesia regimen was necessary
because of the high anxiety levels of the transgenic mice. This is expected given the different
levels of anxiety in models of Alzheimer’s disease (Crawley et al., 1997; Webster et al., 2014).
Because we established previously that QPPs are preserved even under high anesthesia, it was
reasoned that this experimental setup would produce relevant results. Additionally, because we
determined that global signal QPPs overlap with known resting state networks and may contain
relevant neuronal information, supported by other studies (Liu et al., 2018; Schölvinck et al.,
2010; Wen and Liu, 2016), the main analysis was presented for conditions without GSR.
QPPs could be observed with highly similar features to those described in the first project,
revealing both DMN-TPN anti-correlation and global-signal like patterns. Notably, in both wildtype and transgenic animals, when no GSR was performed, only global-signal like QPPs were
observed when the window length was longer than 3 s, while 3 s QPPs displayed clear regional
contrast in their spatiotemporal templates. In supplementary analysis, it was confirmed that
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short QPPs with high spatial contrast were consistently detected after GSR, but longer global
signal-like QPPs were no longer observed. This is consistent with findings of the first study. This
analysis further showed that long QPPs with anti-correlated dynamics were not reliably
observed. This was different compared to the previous study, but may be attributed to an
increased difficulty of their detection, given that resting state network integrity and FC is known
to decrease with aging (Chan et al., 2014; Ferreria and Busatto, 2013; Vidal-piñeiro et al., 2014).
By temporally extending short QPPs, this decreased reliability of long QPPs was further
confirmed. Overall, our findings suggested that long bi-phasic QPPs appeared ‘shattered’, which
focused the analysis to short 3 s QPPs. Additionally, using an algorithm established in the
previous project, 6 s global signal-like QPPs were identified as relevant targets for further
investigation. A novel QPP selection criterion was meanwhile published by Yousefi et al. (2018),
which was used in this study to determine, for 3 and 6 s window sizes, the QPPs that most
strongly correlated to the image series of the respective groups.
Using this approach, we determined a 3 s QPP from the WT group that displayed DMN-TPN anticorrelation and a significantly higher occurrence rate compared to AD animals. We further
determined a 3 s QPP from the AD group that displayed less clear DMN-TPN anti-correlation and
notably displayed a segregation of DMN nodes. This QPP occurred significantly more in AD
compared to WT. Both QPPs appeared to be part of a similar longer QPP across groups, but
which displayed altered spatiotemporal structure and occurrence rates of its subcomponents.
Lastly, a 6 s global signal-like QPP was determined to be similar in spatiotemporal shape across
groups, but in transgenic mice displayed decreased spatial integrity in TPN areas and occurred
significantly less compared to wild-type animals.
By using a linear regression approach, we then removed the contribution of QPPs from the
functional scans and evaluated in what way they reflected FC. In summary, if brain areas were
co-active within a QPP, than this contributed to the areas being functionally connected. After
QPP regression, their FC lowered. If brain areas were anti-correlated within a QPP, QPP
regression caused an increase of FC between them. These findings addressed objective 2 of the
thesis: QPPs reflect an important fraction of DMN and TPN FC.
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When comparing FC across groups, it also became evident that QPPs played an important role in
explaining group differences. DMN FC decreased and became equal across groups after
removing the wild-type QPP that displayed DMN-TPN anti-correlation. When the TG QPP, which
displayed segregation of the DMN, was removed, DMN FC increased and also became equal
across groups. Therefore, by investigating QPPs, it was possible to determine aberrant brain
dynamics that negatively contributed to DMN FC in Alzheimer’s disease. Additionally, when
these QPPs were removed from the functional scans, they also revealed an increase in DMNTPN FC that was significantly different across groups. Interestingly, anti-correlation was not
directly observed in the normal FC readout, indicating that this approach provided novel
information that could be used to differentiate between groups. Given these findings, we used a
machine learning approach that used QPP-derived parameters in order to evaluate if QPPs could
improve classification. Indeed, the extent into which QPPs reflected DMN and DMN-TPN FC
allowed us to fully categorize animals as either being healthy controls or displaying Alzheimer’s
disease pathology. The global signal-like QPP also played an important role, given that it’s
removal decreased variation of wild-type DMN FC, making this parameter more successful for
dissociating between groups. Importantly, changes in DMN and DMN-TPN FC after global signal
regression were also evaluated and actually caused a significant decrease in classification
performance. This provides evidence that the global signal and related QPPs contain important
information that should not just be excluded from the data. It is interesting to point out that the
cholinergic system is commonly affected in AD (Baker-Nigh et al., 2015; Grinberg et al., 2011;
Schliebs and Arendt, 2011), and also in this mouse model (Klingner et al., 2003), which may
provide a plausible mechanism for disrupted QPP dynamics. A loss of rhythmic input from
neuromodulatory systems to specific brain areas may lie at the basis of disrupted FC and
spatiotemporal structure. This is supported by literature that suggests global brain dynamics are
modulated by the cholinergic system (Liu et al., 2018; Schölvinck et al., 2010; Wen and Liu,
2016; Wong et al., 2016), and by our own results that hint at an overlap between the global
signal and QPPs. Overall these findings addressed objective 3 of the thesis – QPPs can provide
insight into the aberrant brain dynamics of Alzheimer’s disease and improve biomarker
performance – and further supported objective 4 – QPPs interact with the global signal.
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Project 3
In the third project, We investigated if QPPs modulate visual sensory processing in young
healthy control mice. Interest in this question arose from the fact that QPPs display anticorrelation between the DMN and TPN, two major networks that have strong behavioral
implications, balancing inward versus outward oriented cognitive processes (Di and Biswal,
2014; Fox et al., 2005; Raichle, 2010). Spontaneous fluctuations of these networks and infraslow
brain dynamics have extensively been associated with lapses in attention and fluctuations in
sensory neural responses (Boly et al., 2007; Esterman et al., 2013; Fox et al., 2007; Fransson,
2006; Helps et al., 2009; Lakatos et al., 2016; Palva and Palva, 2012; Sadaghiani et al., 2009;
Weissman et al., 2006). Dynamic DMN-TPN anti-correlations have also directly been correlated
to fluctuations in attention (Fan et al., 2012; Havas et al., 2012; Lynn et al., 2015; Thompson et
al., 2013; Wang et al., 2016). In the current thesis, all experiments are performed on
anesthetized mice, which logically puts limitations on questions regarding behavioral
performance. The observation that QPPs still occur under anesthesia however provides an
interesting platform to evaluate in what way they affect sensory processing, without bias from
cognitive fluctuations.
RsfMRI was acquired in 24 young control mice, followed directly by a visual stimulation fMRI
block design. While in previous projects, brain coverage was restricted, here we optimized the
scanning sequence and traded off spatial resolution to gain brain coverage. This allowed us to
acquire whole brain scans, including the brain stem, with a temporal resolution of 0.5 s. The
data set is therefore unique in its kind. This is reflected in the observation of large-scale resting
state networks that reproduced preceding literature, but added more in depth insights.
Particularly, even without performing global signal regression, these networks captured clear
large-scale anti-correlations. Also, several networks such as the DMN, TPN and sensory network
showed involvement of the brain stem. The quality of the presented data thus seemed excellent
to investigate whole brain QPPs.
We used the same approach as in the preceding projects, determining multiple QPPs at multiple
window sizes, both with and without GSR. The results were highly consistent, but now provided
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an even more nuanced and integrated view. First, we confirmed again that certain QPPs display
a close interaction with the global signal. Without GSR, and at window sizes longer than 3 s, only
this type of QPP was observed. 3 s QPPs displayed clear DMN-TPN anti-correlation and were
spatially similar to the global signal-like QPP. After GSR, only QPPs that display DMN-TPN anticorrelation were observed. Phase alignment indicated their temporal coincidence with QPPs
obtained without GSR. Short QPPs without and after GSR displayed a very high spatiotemporal
similarity and temporal cross-correlation, while longer QPPs displayed less similarity for both
metrics. Interestingly, all observed QPPs and the global signal spatiotemporal pattern shared a
common rhythmic activation and de-activation in a focal spot in the brain stem, namely the
reticular formation, which suggested a temporal coincidence of neuromodulatory drive.
Overall, we provided evidence that the observed QPPs and the global signal showed a temporal
coincidence with one another. The apparent variability in this observation may be interpreted
that QPPs obtained under different conditions were skewed towards different aspects (DMNactive, TPN-active, global signal superposition) of one type of brain dynamic. This was supported
by the observation that the occurrence time points of the long global signal-like QPP, averaged
in the GSR image series, produced a spatiotemporal template that displayed DMN-TPN anticorrelation, but with reduced magnitude. Therefore the time-varying magnitude of the global
signal and its coincidence with DMN-TPN anti-correlation events may have caused some of
those events to no longer be detected by the spatiotemporal pattern finding algorithm after
GSR. The observation that without GSR, only global-signal like QPPs were detected at long
window sizes, while this was not the case for project 1, could in part be explained a masking of
underlying DMN-TPN anti-correlation. The magnitude of sliding correlation for global signal-like
QPPs was also higher compared to DMN-TPN anti-correlated QPPs, which may have biased the
spatiotemporal pattern finding algorithm. The presented findings in this project unified the
observations of the prior studies and provided a clear answer to objective 4: QPPs are an
infraslow brain dynamic in which the DMN and TPN are anti-correlated, and with which a
substantial fraction of the global signal temporally coincides. Additionally, QPPs coincide with
a rhythmic activity in the reticular formation, suggesting that neuromodulation from arousaldriven neural circuitries might be an important regulator of QPPs. These findings were in line
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with evidence and theories that suggest a neurmodulatory regulation of both global neural
brain dynamics and resting state networks (Drew et al., 2008; Liu et al., 2018; Mateo et al.,
2017; Nair et al., 2017; Schölvinck et al., 2010; Wen and Liu, 2016).
Given the heterogeneity in overlap between different QPPs, we determined that short QPPs
obtained without GSR captured the highest similarity across the full range of spatiotemporal
dynamics. They therefore represented ideal candidates to further investigate the interaction
with visual stimulation processing. By correlating the short DMN-active and TPN-active QPPs
with the visual fMRI image series, we determined their timing with respect to the stimulus block
design. Interestingly, the short DMN-active QPP appeared to be triggered at the start of the
stimulus, which suggested it may be a separate mechanism that could have a direct impact on
the visual response. As a control, we determined that this timing was not solely the
consequence of correlation of the QPP with activity in the visual system. We further developed
a statistical test that allowed us to validate that the DMN-active QPP truly occurred at the
identified time points. By then removing the contribution of this QPP from the functional scans,
we determined it contributed to a fraction of the visual sensory response, mainly at the start of
the stimulus. These findings may be interpreted as a superposition of QPPs direct visual
processing. It further stood out that the reticular formation was de-active during these DMNactive events. The de-activation in the reticular formation further appeared to be an intrinsic
component of the visual response. These findings hinted once more at the involvement of
neuromodulatory systems.
How could the findings of QPPs during the resting state be reconciled with their triggered
activation during the task condition? Activation of the DMN in response to a sensory task is
contra-intuitive given the general observation that the DMN’s and TPN’s activity respectively
decrease and increase during task performance (Fransson, 2006; Greicius et al., 2003; Northoff
et al., 2010). Some recent studies bring an important perspective, indicating that activity of the
DMN may be more reflective of an attentive or arousal state, and in opposition, TPN activity
might be related to behavioral variance and suppressed attention (Esterman et al., 2013; Kucyi
et al., 2017, 2016; Sadaghiani et al., 2009). The apparent involvement of brain areas in the
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reticular formation indeed suggested an arousal driven mechanism. Neuromodulatory circuits
can allow selective adaptation to sensory stimuli and may even reset cortical activity to guide
sensory processing (Gilzenrat et al., 2010; Jones, 2008; Munk et al., 1996; Safaai et al., 2015;
Sara, 2009; Sara and Bouret, 2012; Steriade, 2006).
Overall, the presented findings addressed objective 5 - QPPs modulate the magnitude and
variance of evoked visual responses - but extended on this that the sensory stimuli
themselves trigger activation of QPPs. A theoretical framework to interpret these findings,
which bonds the different observations of the thesis, suggests that QPPs are driven by an
arousal-based mechanism, which during the resting state leads to their quasi-periodic
rhythmic occurrence, but during sensory stimuli, allows transient adaptation of brain state.

Discussion
In line with the increasing body of literature that explores time-resolved rsfMRI, this thesis
presents a clear illustration of the insights that can be gained by time-resolved analysis (Calhoun
et al., 2014). Particularly, in recent evolvement, this field more and more points out the
significant fraction of arousal-driven changes in dynamic FC, which appear difficult to dissociate
from cognitive brain states (Allen et al., 2018; Chang et al., 2016; Laumann et al., 2017;
Tagliazucchi and Laufs, 2014; Wang et al., 2016). Increasing observations that the global brain
signal reflects a neuromodulatory component support those observations and hint at
mechanisms of adaptive neuronal gain that perhaps may serve cognitive and sensory processing
(Chang et al., 2016; Gilzenrat et al., 2010; Lee and Dan, 2012; Liu et al., 2018, 2015; Mcginley et
al., 2015; Pisauro et al., 2016; Schölvinck et al., 2015, 2010; Schroeder and Lakatos, 2010; Shine
et al., 2018; Wen and Liu, 2016). These observations also align with the theory that resting state
FC across distant brain areas may be organized by rhythmic infraslow input from
neuromodulatory nuclei to cortical areas, which locally induces infraslow neural activity that in
turn entrains nearby blood vasculature to oscillate at infraslow speeds, thereby contributing to
the BOLD signal and inter-area FC (Drew et al., 2008; He et al., 2018; Mateo et al., 2017).
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These insights may also help integrate research views from both rsfMRI and task-evoked fMRI.
RsfMRI focuses on the intrinsically highly active nature of the brain, while the task-evoked fMRI
looks at the brain’s reflexive properties and less considers the relevance of those intrinsic
fluctuations (Fox and Raichle, 2007; He and Raichle, 2009; Raichle, 2010). Large-scale brain
areas may be functionally coupled during rest via infraslow activity, yet in turn infraslow
potentials can transiently couple brain areas to direct attention and sensory selection to
external stimuli (Raichle, 2010; Schroeder and Lakatos, 2010). A mechanism superimposing on
this could be neuromodulation, which can guide the change in brain state in order to facilitate
sensory processing and behavior (Gilzenrat et al., 2010; Jones, 2008; Munk et al., 1996; Safaai et
al., 2015; Sara, 2009; Sara and Bouret, 2012; Steriade, 2006).
The observations in this thesis, regarding a potential neuromodulatory drive and arousal-based
role for QPPs, are therefore well in line with the current state of the art, and indicates that QPPs
likely isolate one particular brain dynamic reflective of these mechanisms. This supports that
QPPs can serve a function for both resting state brain functional connectivity and sensory
processing. Given this potential overlap with neuromodulation, it is also further stressed that
systemic physiological parameters and neuronal activity measured with the BOLD signal may
share a close relationship, given that neuromodulatory systems regulate the autonomous
function of both the brain and body (Coates et al., 1985; Evans, 2010; Guyenet, 2014; Guyenet
and Bayliss, 2015; Julien, 2006). Clearly, this is part of a long ongoing debate in the rsfMRI field
(Birn, 2012; Keilholz et al., 2016; Murphy et al., 2013), and several studies indicate an alignment
between neuronal function and systemic physiological processes (Evans, 2010; Gray et al., 2009;
Iacovella and Hasson, 2011; Kahneman et al., 1969; Lecci et al., 2017; Olbrich et al., 2009; Tong
and Frederick, 2010). In this thesis and previous work, no clear interaction could be observed
between QPPs and fluctuations in systemic physiological parameters, yet this question will have
to be further explored in the future. On the other hand, the indicated literature above strongly
supports that a large fraction of QPPs is likely to represent a dynamic BOLD event that closely
reflects a brain dynamic of neuronal origin.
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Perspectives
Important future advances will need to disentangle the different contributors to the BOLD
signal, both in resting state and task conditions. By developing analytical strategies that may
capture individual elements related to different neural dynamics, cognitive processes, and nonneuronal processes, we may greatly advance our understanding of the BOLD signal, which in
turn will allow new insights into brain function. Investigating QPPs is only one example of the
many processes that may be isolated (Keilholz, 2014). Logically, these advances cannot be made
without the aid of invasive experimental platforms that allow simultaneous measurement of
neural activity and haemodynamic signals. Experiments that use invasive techniques such as
optogenetics may also provide more direct answers for the involvement of neuromodulatory
circuits, by causally dissecting which of the different component may contribute to different
types of brain dynamics. Improvement in tracking animal physiology and simultaneously
performing arousal measurements, with for instance pupil tracking, may further help isolate and
separate changes in brain state from physiological fluctuations. While the latter is of high
importance to advance the rsfMRI field, it is apparent from the findings in this thesis that
separating neural and non-neural dynamics will likely be highly complex. The interaction of
physiological parameters with the BOLD signal was only limitedly explored, yet it became
obvious that different BOLD dynamics are tightly linked. If neurmodulatory dynamics would also
cause temporal alignment of systemic physiological fluctuations, then regression strategies may
adversely affect BOLD dynamics from neuronal origins. Particularly in head-fixed animals, this
hails an important warning for the ‘blind’ use of motion regression strategies. A safer approach
would consist of combining multimodal readouts of arousal, physiology and neuronal activity
that together will allow careful modeling of the linear and non-linear interactions of these
different signals. Resultant models will allow development of safe and empirically informed
strategies for non-neuronal nuisance regression and separation of arousal-based dynamics.
It stands out that tracking the different types of dynamic processes in the BOLD signal will also
be of high importance for advancing the (pre-)clinical translation of rsfMRI. Taking the findings
of the current thesis as a case example, I illustrated that QPPs provided important new insights
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into aberrant brain dynamics in a mouse model of Alzheimer’s disease. One of the findings
clearly indicated that the dynamics of the global signal may contain a lot of relevant
information, whereas in many studies it is often removed from the data as a cleanup strategy.
These observations could not have been made without time-resolved analytical approaches that
allowed me to disentangle in what way the global signal was relevant for the data. Even if it is
considered that global signal fluctuations or QPPs carry the connotation of an arousal-based
mechanism, which could be considered a confound, the clear overlap with DMN-TPN anticorrelations and a neuronal component of the global signal suggest an important aspect of brain
function that is not to be disregarded. Furthermore an involvement of neuromodulatory
systems could be very relevant when studying neurological disorders. The early disruption of
the brainstem in many neurological disorders, among which the cholinergic system in
Alzheimer’s disease, indicates that QPPs may enable an early view into disruptions of the
disease (Baker-Nigh et al., 2015; Grinberg et al., 2011; Schliebs and Arendt, 2011). Future work
may more closely investigate the interdependence between the global signal, QPPs and
disrupted function of brainstem nuclei in mouse models of neurological disease. The tools
presented in this thesis also allow for application in human studies. The availability of large
sample size rsfMRI acquisitions in patients, such as those offered by the Alzheimer’s disease
neuroimaging initiative (ADNI), provides a valuable platform to determine in what way QPPs
may be adapted as a clinical biomarker.
In the pursuit of making rsfMRI a successful clinically relevant technique, it will be of outmost
importance to disentangle the BOLD signal into dynamic and stationary processes. If the timevarying attention-driven processes are isolated, this in itself will provide a new tool to study the
dysfunction of such processes in neurological disorders. The remaining ‘static’ functional
architecture would likely be more reflective of the underlying anatomical backbone. The
functional connectome, ‘cleaned’ from cognitive and attentional variation, would provide a
higher reliability for common static FC-based strategies. Hopefully, strategies such as studying
quasi-periodic spatiotemporal patterns may play a contributing role in this process.
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Conclusion
In my thesis, I investigated quasi-periodic brain dynamics in mice by means of resting state
fMRI. My work is marked by a strong focus on developing analytical tools that were needed to
answer the proposed scientific questions. The presented findings provided the first proof of
quasi-periodic patterns in mice and unveiled some of their properties, relevant to translational
neuroscience and functional brain imaging. I showed that quasi-periodic patterns isolate
dynamic events in which the Default mode and Task positive network are anti-correlated with
one another. On top of this event, the global brain signal coincides, together with a rhythmic
alternation of activity in the reticular system. I also determined the relevance of studying quasiperiodic patterns in a mouse model of Alzheimer’s disease, where this allowed me to identify
disrupted brain dynamics, which could be used to improve biomarker performance. Given the
similarities with human amyloid pathology, these results are highly promising for translational
applications. Lastly, I determined that quasi-periodic patterns play a direct functional role in
that they modulated visual sensory response in a visual task-evoked fMRI experiment. A novel
finding of this experiment was that quasi-periodic patterns appeared to be activated by the
stimulus, which coincided with deactivation in a center location of the reticular formation. To
understand these findings, I brought forward the hypothesis that quasi-periodic patterns may
be regulated by neuromodulatory processes, which may explain their behavior under both
resting state and task-evoked conditions. A recent line of studies strongly supports this idea,
indicating that my findings are in line with state-of-the-art literature. The tools I have developed
may be used by other researchers in the field of human and mouse functional brain imaging,
which will help advance novel insights into quasi-periodic brain dynamics.
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I am happy I have the opportunity to acknowledge here all the help I received and all the
very friendly and good-hearted people I was surrounded by over the duration of my thesis.
First, let me start with the people of the Bio-Imaging Lab.
Some of the first colleagues I befriended were Rukun, Maarten and Disha, followed later by
Sayuan, Changhong, Stuart and Ines. I thank you all for your friendship, long after-hour
conversations, lunches, and on occasion, enjoying some drinks and nice bars. Finding
people around me that can share any type of humour and who have a desire to laugh has
always been important for me, and I could find that with all of you. Rukun, we had many
nice conversations on shared interests. I have also often finds ways of teasing you, but
know that I only did that because I considered you a good friend. Maarten, we had many
long discussions on very varying topics. In the first two years at BIL, I remembered you
helped me with many problems related to programming, mathematics and physics. It is
with your help that I was able to figure out many of the components that were part of my
first publication. We also repeatedly went out together, with colleagues from the lab or
jointly with my personal friends. Disha, for the fist two years of my PhD, you were my desk
neighbour. Not only did you often give me good advice on science, we also shared many
stories, intermittently some gossiping, and a lot of laughs. Sayuan, you brought many
honest view points that always interested me. We also shared a common love for spiciness
and good Chinese food. You even taught me how to make one dish! Changhong, I am sure
that every time we talked we were laughing! Stuart, I will never forget the batman who was
so fascinated by asymmetric neural processing and who could describe movies in such high
detail and with such appreciation. Ines, and also Maarten, towards the later stage of my
PhD we were in the same office room often working until late in the evening. I am happy
that I got to have your company at those times, and further, to have had conversations
regularly filled with hints of sarcastic humour, and at times feeble personal attempts at
speaking French.
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There are many more people at BIL that I want to mention. Johan, I very much consider you
a friend, and I have many fond memories of you at the Bio-Imaging Lab. You are almost
always smiling or looking for a reason to, and if I needed you at any points, it was always
easy to find you, because you are generally quite audible from a distance... You thought me
many important concepts of MRI and steps in operating the magnet. We even optimized
MRS and rsfMRI together! Lastly, just like with Rukun, I have very much enjoyed finding
ways to tease you. Firat, you were always very friendly to me and made many suggestions
on how to think of projects, whilst providing relevant literature. Jelle, I remember we had
fun conversations. You also gave me important advice for my PhD and you even taught me
the basics of Photoshop, which I am very grateful for, given I use it all the time now.
Cynthia, Stephan, Lore, Aneta, Verdi, Somaie, you were always very friendly to me and
contributed to make the lab feel as a welcome environment. Also the girls from the bird
team, Elisabeth, Julie, Lisbeth, Jasmien, we had few conversations, but whenever I had a
question, you were always very happy and fast to provide me with help. An, Pieter-Jan, and
Jorn, whenever I had questions about the administrative aspects of my PhD, you provided
me with prompt and clear advice. I am thankful of your help and the nice conversations we
shared on occasion.
I kept, as it is also the case with author listings, the lab heads for last. To both Annemie and
Marleen, you always gave me all the freedom I could ever want. Although I was originally
hired on a very different project than the one presented here, when I expressed my interest
in a different topic, you fully supported me in pursuing this. Additionally, you gave me
advice wherever you could and you even let me organise a research stay for myself in
Emory University in Atlanta, so that I could further build the necessary skills to pursue my
interests. If I came to you with any question, I could always expect you to be available.
Being part of meetings and listening to your discussions on technique limitations or study
designs, I feel I learned a great deal on how to perform science and design projects. This
will be very useful when pursuing an academic career. Lastly, I am very grateful for the
freedom you gave me to regularly travel. For a large part while I was at BIL, I was in a longdistance relationship, and being able to do this made a big difference for me. While I always
tried to return my appreciation by working with high dedication in the times around and
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during travels, I realise that not every supervisor would have necessarily been so
supporting. Certainly, I am grateful for this. Then, Georgios, who joined the lab around the
same time I did. The more my thesis advanced, the more we have engaged in discussion
and grown towards similar mind-sets. You have always given me highly constructive
feedback on my work, and whilst I have certainly replied stubbornly to several discussions,
it is really to be recognized that you were always very on point with your understanding
and the suggestions that you made. I strongly believe that your input has greatly advanced
the quality of my published, submitted and to be submitted work. I thank you for all the
nice discussions and important necessary feedback.
Further, I also want to thank the people from the Keilholz MIND lab, in Atlanta, and the
international society for magnetic resonance in medicine (ISMRM), who provided me with
the necessary funding to make this six-month lasting research stay possible.
Anzar, you are such a highly energetic person with very diverse interests. You created a
very welcoming environment for me when I joined the lab. You put a lot of effort to get me
settled, to make sure I had opportunity to meet new people, and you often invited me to
join for drinks or any form of activity. It was further always very nice to talk with you on
varying subjects and to discuss about science. Behnaz, we had many highly relevant, critical
and interesting discussions on QPPs. In the short time I was in Atlanta, I am sure we
inspired each other greatly and really built forward on making sense of QPPs. I am happy I
got to speed up my own work just by discussing with you. Further, you were always very
friendly to me and also very welcoming. I remember the first week I was in Atlanta, you
insisted on giving me a ride to the grocery store and afterwards to where I was staying at
that time. Jacob and Amrit, I combine the both of you because I feel there is a strong
common ground. I really loved all the discussions we had on science, which often truly
were mind-blowing and made me have to focus intensely in order to keep up with both of
you. I am sure I learned a great deal from both of you. Further, I think you are amazing
people, with strong personalities and a very good heart, always seeking the best in others.
It truly was a pleasure to hang out with you, even if it was limited. Lastly, Shella, I am very
grateful for your hospitality, helpfulness and friendliness. When I first contacted you, three
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years back to inquire on the algorithm I used throughout my thesis, you were very fast and
willing to share with me the code and also provide me with related instructions. Even
before I came to Atlanta, you regularly gave me advice and made time available from your
schedule to have discussions via Skype. You helped me write the project that got awarded
by the ISMRM, and while I was in Atlanta, you were an incredible mentor to have. You
always gave highly useful comments, brought positive energy to every meeting, and were
highly motivated to advance the science we are doing. I thank you, and all the members of
your lab, for being so welcoming, and sharing with me your dedication to advance the study
of brain dynamics. I am very happy I got the chance to be part of your lab.
Now, my friends and family.
I think it is obvious that friends and family play an important role in one’s life, and in
finding support in daily challenges. I got to meet my close friends, Sven, Joery, Philip,
Matthias, Magicarp, Anatol, and Toon, either in high school or the first years of college. We
have been a tight group for a long time, and we have maintained a close relationship
throughout, regularly meeting up with each other on weekends and during holidays. I
would say we very much grew together, and always shared with each other both one’s
frustrations and joys. Throughout my academic studies and PhD, my friends have always
been there to listen to me and to provide me with advice where they could. Certainly their
support help me grew to the point where I am today. The extreme amount of laughter and
valuable time spent together have also been of utmost importance to provide me with
positive energy that helped me during my PhD.
My grandparents have also played an important role during my studies and PhD. I spent
many periods of several weeks studying in their spare guest room, while they took care of
everything I needed. Continuously, throughout my PhD, they were always there to provide
me with help wherever they could. My grandfather even thought me how to drive during
my PhD. I am very grateful for the support they gave me.
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Then, there are my parents. Obviously, I would not even have been able to start my PhD
without them. Since I was young, they have motivated me to work hard and they have given
me the freedom to study that what I felt passionate about. Already my desire to perform a
PhD came forward early and was largely inspired by the way they raised me. They have
always made my life very easy, so that I would have all the opportunity I needed to focus on
my studies and advance my PhD. There is nothing I could say they didn’t give me or help
me with. Also throughout my PhD, they have always been concerned about me successfully
moving forward, and they always asked how my work was evolving. They expressed a deep
care for me achieving my doctoral graduation, and I can say I have always felt and
appreciated this support along the way. I am very grateful to my parents for being there for
me and helping make my PhD reality. Further, I am also grateful just for them being my
parents and for being part of my life; I am happy to have them.
Last, Caroline, my fiancée.
I was lucky to meet Caroline at the Bio-Imaging Lab, when she came back from San
Francisco to finish her PhD thesis. I had myself started my PhD just after she left Belgium,
so we hadn’t met beforehand. When she arrived, it took me little time to fall in love with
her. The time I got to spend with her at the lab, and outside of it, are some of the best
memories I have of my thesis. One of the things that struck me about Caroline was how she
is always so very happy to do her research, and how much she truly enjoys it. She is very
dedicated, self-driven, and generates herself a lot of value in life and work without needing
others for this. I took this as an inspiration, given that she showed many qualities I pursued
myself. When I just look only at my PhD alone, I have a great deal to thank to her. While on
one side, she gave me a tremendous amount of advice, she also gave me a lot of freedom to
figure out what I want to pursue in my work and life, and how I wanted to approach the
challenges I faced. She has been very patient and supporting of all that I have done, and I
could not have been luckier to find someone to be there for me as much as she was, even
while we lived apart for two years. I would not stand where I am today, if it were not for
her support and the love that I feel in this relationship. I am truly grateful I got to meet her
and have her in my life. I look forward to keep having her in my life, where I am sure she
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will continue to inspire me, and where we can tease each other as much as possible and
make each other laugh.
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