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ARTICLE INFO ABSTRACT
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Complex cognitive abilities are thought to arise from the ability of the brain to adaptively reconfigure its internal
network structure as a function of task demands. Recent work has suggested that this inherent flexibility may in
part be conferred by the widespread projections of the ascending arousal systems. While the different components

Diffusion MRI of the ascending arousal system are often studied in isolation, there are anatomical connections between neuro-
Attractor landscape . . P . .
Neuromodulation modulatory hubs that we hypothesise are crucial for mediating key features of adaptive network dynamics, such

as the balance between integration and segregation. To test this hypothesis, we estimated the strength of structural
connectivity between key hubs of the noradrenergic and cholinergic arousal systems (the locus coeruleus [LC]
and nucleus basalis of Meynert [nbM], respectively). We then asked whether the strength of structural LC and
nbM inter-connectivity was related to individual differences in the emergent, dynamical signatures of functional
integration measured from resting state fMRI data, such as network and attractor topography. We observed a sig-
nificant positive relationship between the strength of white-matter connections between the LC and nbM and the
extent of network-level integration following BOLD signal peaks in LC relative to nbM activity. In addition, indi-
viduals with denser white-matter streamlines interconnecting neuromodulatory hubs also demonstrated a height-
ened ability to shift to novel brain states. These results suggest that individuals with stronger structural connec-
tivity between the noradrenergic and cholinergic systems have a greater capacity to mediate the flexible network
dynamics required to support complex, adaptive behaviour. Furthermore, our results highlight the underlying
static features of the neuromodulatory hubs can impose some constraints on the dynamic features of the brain.

whilst the structure of the brain does in some way specify underlying
functional capacities, there are critical features of neuroanatomy less

1. Introduction

The human brain contains exquisite structural complexity — billions
of neurons share trillions of connections that integrate and coordinate
their electrophysiological activity, and this has only recently become
non-invasively interrogable via advances in diffusion weighted imaging
(Catani & Thiebautdeschotten, 2008; Schilling et al., 2021). Despite
these advances, precisely how the many and varied functions of the
human brain emerge from the complex constraints of the structural
connectome remains poorly understood. For instance, while there is
substantial evidence for a relationship between structural and func-
tional connectivity (Misi¢ et al., 2016; Seguin et al., 2020; Shen et al.,
2015; Suérez et al., 2020; Zimmermann et al., 2016), axonal connec-
tions between regions cannot be solely used to render inferences of
brain function (Honey et al., 2009; Uddin, 2013). This suggests that,
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amenable to identification via traditional approaches that are required
to fully specify the rules governing complex, adaptive brain function.
Recent research has suggested that complex cognitive abilities are
conferred by the brains’ capacity to adaptively reconfigure its network
structure in response to varying stimuli and task contexts (Cohen &
D’Esposito, 2016; Shine et al., 2016). Graph theoretical analysis has
provided a means for measuring the dynamic complexity of the brain
through systems level features of network activity within a robust math-
ematical framework (Rubinov & Sporns, 2010). These shifts in network
topology fall along an axis defined by two extremes: segregated states in
which regions are strongly connected to other regions within tight-knit
‘communities’ and weakly connected outside these communities, and
integrated states that refer to strong functional connections between
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Fig. 1. The noradrenergic and cholinergic systems facilitate complex brain network topological shifts. A) The diffuse noradrenergic projections of the LC
(red). B) Graphical representation of integrated network hubs. C) Adrenergic activity ‘flattens’ the attractor landscapes of the brain (dashed line) by decreasing
the energy of all possible brain-states (red) D) The targeted projections of the cholinergic nbM (green). E) Graphical representation of segregated network hubs. F)
Cholinergic activity quenches changes to brain-state by ‘deepening-wells’ of the attractor landscape (green).

regions of different communities (Sporns, 2013). There is now ample
evidence from a range of studies that demonstrates brain network re-
configuration as a function of cognitive performance (Bassett et al.,
2011, 2015; Braun et al., 2015; Fransson et al., 2018; Hearne et al.,
2017; Ito et al., 2020; Mohr et al., 2016; Patil et al., 2021; Shine &
Poldrack, 2018). Hence, the flexibility of the brain to shift between seg-
regated and integrated states is inherently important in understanding
brain function, but the underlying neural mechanism that gives rise to
the flexibility in brain states is poorly understood.

Whilst there are numerous structures in the brain that shape in-
trinsic cortical variability, the components of the neuromodulatory sys-
tems are a primary candidate for enabling the brain to flexibly shift
network topology (Mei et al., 2022; Miiller et al., 2020; Munn et al.,
2021; Shine, Aburn, et al., 2018; Shine et al., 2016, 2019, 2021a;
Wainstein et al., 2021). The neuromodulatory systems consists of a
range of autonomous nuclei across the brainstem and forebrain that send
diverse anatomical projections throughout the brain, wherein they re-
lease neurotransmitters that engage second-messenger cascades within
target neurons that alter the receptivity and/or excitability of neu-
rons (Marder, 2012; Shine, 2019). The influence of these regions ul-
timately leads to large-scale effects on macroscopic neural dynamics
(Brown et al., 2011; Shine et al., 2021a) that are known to facilitate
novel dynamical regimes (Aston-Jones & Cohen, 2005; McGinley et al.,
2015; Wainstein et al., 2022).. In support of this mechanism, recent
modelling work established that increasing diffuse cortical coupling
across the brain — a feature that mimics aspects of the ascending arousal
system - resulted in multi-stable dynamics that maximise the temporal
flexibility of brain states (Miiller et al., 2020). Despite their substantial
impact on the brain, their small size and strong interconnections make
the hubs of the neuromodulatory system inherently challenging to study
with traditional neuroimaging approaches (Alcedo & Prahlad, 2020).
For these reasons, the neuromodulatory systems are commonly studied
in isolation, such that there is little understanding of the interactions be-
tween different neuromodulatory systems and whether different systems
will work antagonistically or synergistically to facilitate brain function.

Whilst there are multiple different neuromodulatory systems in
the brain, the noradrenergic and cholinergic systems are prime can-
didates for influencing broad-scale neural dynamics and shifting net-
work topology (Shine, 2019) (Fig. 1B, E). The primary cortically-

projecting hubs of these systems — the noradrenergic locus coeruleus
(LC) (Carter et al., 2010) and cholinergic nucleus basalis of Meyn-
ert (nbM) (Lee & Dan, 2012) - are capable of altering oscillatory
activity across the brain: typically by decreasing low-frequency syn-
chronous brain activity, whilst concurrently increasing high-frequency
brain activity (Castro-Alamancos & Gulati, 2014; Lin et al., 2015; Mena-
Segovia et al., 2008). This can ultimately change the timescale of neu-
ral influences on the brain network (Shine, 2019). Interestingly, despite
similar mechanisms of action, the noradrenergic and cholinergic systems
are associated with distinct cognitive signatures: the cholinergic system
has been implicated in attentional selection, enhanced cue detection,
memory encoding and cognitive specificity (Hasselmo & Sarter, 2011;
Noudoost & Moore, 2011), whereas the noradrenergic system is involved
in coordinating arousal (Samuels & Szabadi, 2008) optimizing the bal-
ance between task-performance (Aston-Jones & Cohen, 2005) salience
detection (Sara & Bouret, 2012) and exploratory behaviours (Sara &
Bouret, 2012).

The noradrenergic and cholinergic systems also have different pro-
jection patterns in the brain. While the noradrenergic LC sends vast
projections around the entire cortex (Kim et al., 2016; Samuels & Sz-
abadi, 2008) (Fig. 1A), the cholinergic nbM instead projects in a much
more targeted manner to disparate sites around the cerebral cortex
(Kim et al., 2016; Zaborszky et al., 2015) (Fig. 1D). Based on these
features, we recently proposed that recruitment of the noradrenergic
system would shift the networks of the brain into a state of increased
network integration (Shine, Aburn, et al., 2018; Shine, van den Brink,
et al., 2018), whereas the cholinergic system has been implicated in a
relative segregation of network topology (Zaborszky et al., 2015). In
previous work, we have observed evidence for these network effects in
7T resting state fMRI data (Munn et al., 2021). In addition, the LC is
known to send projections to the nbM that ultimately excite the cholin-
ergic nucleus, however the same is not true for the nbM, which can
only affect LC indirectly through shared targets (Schwarz & Luo, 2015;
Zaborszky et al., 1993, 2015; Zaborszky & Gombkoto, 2017). This “one-
way” connection implies a precise topological relationship between the
LC and nbM that likely provides important constraints over how these
two hubs impact evolving brain dynamics.

In addition to altering network topology, the noradrenergic and
cholinergic systems can also impact brain state dynamics over time,
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in a manner that is well-captured by the dynamical systems theory
concept of an attractor landscape (John et al., 2022). Briefly, this ap-
proach creates a low-dimensional topological representation of changes
in systems-level neural dynamics where the probability of the occur-
rence of a brain state (instantaneous neural activity) can be related to
a statistical ‘energy’ required to reach that state — for instance, a com-
mon (rare) brain state would be associated with a low (high) energy.
Just like a contour winds its way across the land, individual trajecto-
ries across the state space represent unique individual cognitive states.
Using this framework, we found that following phasic bursts of the LC,
the attractor landscape was flattened (relative to resting dynamics) —
the brain entered into a state that lowered previously high-energy tran-
sitions (Fig. 1C) (Munn et al., 2021). In contrast, phasic bursts of the
nbM deepened the local wells of the attractor landscape (Fig. 1F), sug-
gesting that the brain was confined into a particular state (Munn et al.,
2021). Despite these links, to date little research has established the
relationship between these effects and individual differences in white
matter connections strength between the noradrenergic and choliner-
gic hubs, and its role in governing dynamic brain topology. Interest-
ingly, cholinergic neurons in the basal forebrain receive extensive, exci-
tatory (i.e., Gg-mediated) synaptic projections from the LC, but do not
send projections back (Hajszan & Zaborszky, 2002; Smiley et al., 1999;
Zaborszky et al., 1993), implying a dependent topological relationship
whose functional implications remain poorly understood.

Here, we investigated the relation of structural connections between
hubs of the noradrenergic and cholinergic systems and emergent proper-
ties of dynamic functional network topology and energy/attractor land-
scape topography. Specifically, we used an advanced quantitative fi-
bre tractography analysis of high-resolution diffusion weighted imaging
from the Human Connectome Project to estimate the strength of white
matter connections between projection hubs of the cholinergic and no-
radrenergic arousal systems. We then used time-varying functional con-
nectivity, network topology, and energy/attractor landscape analyses
to characterise the relationship between flexible network architecture
and the strength of structural connectivity between the LC and nbM.
Through this approach, we highlight clear relationships between struc-
ture and function that travel through neuromodulatory intermediates to
shape and constrain flexible network-level signatures of adaptive brain
function.

2. Methods
2.1. MRI acquisition

We used the multi-modal neuroimaging data available from the Hu-
man Connectome Project (HCP) (Van Essen et al., 2013), which was
acquired using a 3T Siemens ‘Connectom’ Skyra scanner and included
anatomical T1-weighted imaging, structural diffusion MRI, and func-
tional MRI data. Due to the computational requirements involved in per-
forming rigorous advanced fibre tractography, we specifically consid-
ered 50 subjects (Age range: 22-35, 29 females) from the WU-Minn HC
(Van Essen et al., 2013) as a balance between computational demands
and a suitable number of subjects to characterise group behaviour. The
high resolution T1-weighted data were acquired with 0.7 mm isotropic
resolution, TR/TE = 2400/2.14 ms, and flip angle = 8°. The diffu-
sion MRI protocol consisted of three diffusion-weighted shells (b-values:
1000, 2000 and 3000 s/mm?, with 90 diffusion-weighting directions in
each shell) and 18 reference volumes (b = 0 s/mm?2). Each diffusion-
weighted image was acquired twice, with opposite phase-encoded di-
rection to correct for image distortion (Andersson et al., 2003). The
diffusion MRI data was acquired with 1.25 mm isotropic resolution,
TR/TE = 5520/89.5 ms, and flip angle = 78°. For more details about
the acquisition protocol, please refer to Van Essen et al., 2013. For each
subject, 14mins of resting state fMRI data were acquired using multi-
band gradient-echo imaging (TR = 720ms, echo time = 33.1ms, multi-
band factor = 8, flip angle = 52°, field of view = 208 x 180mm, ma-
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trix = 108 x 109, 2mm isotropic voxels with 72 slices, alternate phase
encoding LR/RL) (Van Essen et al., 2013).

2.2. Diffusion MRI analysis

2.2.1. Segmentation of the regions of interest

LC segmentations were obtained from Ye et al., 2021; this proba-
bilistic map was converted to a binary mask using a threshold of 10%
and the binarised LC segmentation was transformed to each partici-
pant’s subject-specific T1-weighted image using ANTS (Avants et al.,
2011; Tustison & Avants, 2013). A binary nbM mask was obtained from
(Zaborszky et al., 2008). This mask was also transformed into the par-
ticipant’s T1-weighted image using ANTS (Avants et al., 2011; Tustison
& Avants, 2013). All subsequent analyses were conducted in individual
subject-space.

2.2.2. Diffusion MRI pre-processing and tractography

The minimally processed HCP diffusion datasets (which included
correction for motion, susceptibility distortions, gradient nonlinear-
ity and eddy currents) (Andersson & Sotiropoulos, 2015, 2016;
Sotiropoulos et al., 2013) were subject to additional image processing,
which included bias-field correction (Tustison et al., 2010) as well as
multi-shell multi-tissue constrained spherical deconvolution to generate
the fibre orientation distribution (FOD) in each voxel (Jeurissen et al.,
2014; Tournier et al., 2004, 2007). These steps were implemented in
accordance with previous work (Civier et al., 2019) and were per-
formed using the MRtrix software package (http://www.mrtrix.org,
(Tournier et al., 2012, 2019)).

The T1-weighted images were used to generate a so-called ‘five-
tissue-type’ (5TT) image (R. E. Smith et al., 2012) using FSL
(Patenaude et al., 2011; S. M. Smith, 2002; S. M. Smith et al., 2004;
Zhang et al., 2001); the 5TT image classifies the voxel into one of 5
tissue types: cortical grey matter, sub-cortical grey matter, white mat-
ter, cerebrospinal fluid, and ‘5™ type’ (e.g. pathology). The FOD data
and the 5TT image were used to generate 70 million streamlines us-
ing the anatomically constrained tractography (ACT) framework (R.
E. Smith et al.,, 2012), using dynamic seeding (R. E. Smith et al,,
2015b) and the 2M.-order Integration over Fibre Orientation Distribu-
tions (iIFOD2,(Tournier et al., 2010)) probabilistic fibre-tracking algo-
rithm, using default MRtrix parameters, with the exception of FOD cut-
off 0.06, minimum streamline length 5 mm, maximum length 300 mm,
and backtrack specified. This set of streamlines is referred to as the
whole-brain-tractogram thereafter.

2.2.3. Quantitative LC-nbM pathway

The 5TT image was edited to ensure the registered nbM segmenta-
tion was classified as cortical grey matter tissue, and the LC as part of the
subcortical grey matter tissue. An additional set of 25 thousand regional
anatomically-constrained streamlines were generated, seeding from the
LC and requiring that they should traverse the nbM (i.e., specifying the
nbM as an ‘include’ region during tracking generation). Default trac-
tography parameters for the regional streamlines were selected, except
for seed number, which was set to zero — this ensured that 25 thousand
crossing streamlines were generated between the LC and nbM (see Video
1.

The regional set of 25 thousand streamlines was concatenated
with the whole-brain-tractogram, yielding a single combined set of
70,025,000 streamlines per participant of the entire brain. Spherical-
deconvolution informed filtering of tractograms 2 (SIFT2, (R. E.
Smith et al., 2015b)) was used on the combined set of streamlines,
thereby assigning a weight to each track and providing biological cre-
dence to the quantitative connectivity measurements (Calamante, 2019;
R. E. Smith et al., 2015a). Streamlines (and their associated SIFT2
weights) which traversed the LC and nbM were extracted from this com-
bined tractogram. The resulting SIFT2 weights were summed, providing
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a single connectivity measurement for the structural connectivity be-
tween the nbM and LC for each participant.

2.2.4. Average track end points between LC and nbM

Upon initial qualitative investigation of the fibre endpoints between
the LC and nbM, we observed a topographical pattern of the fibre end-
points distribution in the nbM (i.e., fibres from LC to nbM) across sub-
jects. To quantify this pattern, we employed the multivariate symmetric
group-wise normalization (SyGN) method (Avants et al., 2007, 2010) to
generate multimodal templates from a subset (n=13) of the HCP subjects
(Lv et al., 2022). Each individual was registered to the multimodal tem-
plate with the multimodal registration method (Avants et al., 2007) us-
ing their T1w, T2w, mean diffusivity and fractional anisotropy images.
The warping field was recorded for each subject, and then used to regis-
ter white matter tracks connecting LC and nbM into the template space.
Later, the track density image (TDI) (Calamante, 2017; Calamante et al.,
2010) of the track ends was generated for each registered individual and
averaged across subjects to reflect the common distribution of the track
ends (Dalton et al., 2021). The ROI mask of nbM was also registered into
the same template space for visualization. Both the template generation
and the individual warping were based on the tools implemented in the
ANTs toolbox (http://stnava.github.io/ANTs/).

2.3. Functional MRI analysis

2.3.1. fMRI pre-processing

Motion correction (12 linear degrees of freedom) and bias field cor-
rection were applied to the HCP resting-state data, part of the minimally
pre-processed pipeline (Glasser et al., 2013). Framewise displacement
(FD) and root-mean-square change in Blood Oxygen Level-Dependent
(BOLD) signal from volume to volume (DVARS) was calculated to de-
termine the frames associated with FD > 0.05 or DVARS > 5%, and any
participants with more than 20% of time points exceeding these parame-
ters were excluded from the analysis (Power et al., 2014). The fMRI data
were not ‘scrubbed’ due to the potential for alterations to the temporal
layout of the MRI scans impacting the dynamic functional connectivity
analysis (Shine et al., 2016), however we did take care to ensure that
none of our outcome measures were swayed by individual differences
in head motion across the cohort. Due to the presence of an evoked au-
ditory related signal from noise in the scanner, 200 time points were
discarded from the start and 100 time points removed from the end
of the functional session (Shine et al., 2016). The following nuisance
covariates were regressed from the time-series: twelve head movement
parameters, FD, DVARS, and anatomical CompCor covariates of CSF and
deep cortical white-matter (Behzadi et al., 2007). Lastly, we applied a
temporal band-pass filter (0.001 < f < 0.15 Hz) to the data and per-
formed normalization by z-scoring the data. One subject from the initial
50 subjects was removed from the analysis because of incomplete de-
noising measures, and as such we could not perform complete nuisance
regression on this subject’s fMRI data.

2.3.2. Region of interest selection

Following denoising, we extracted the mean time-series from 333
cortical regions of interest from the Gordon atlas (Gordon et al.,
2016), as well as brainstem nuclei regions of interest from the locus
coeruleus [LC] (Ye et al., 2021) and the Ch4 cholinergic cell group from
the SPM Anatomy toolbox (i.e., the basal nucleus of Meynert [nbM];
((Eickhoff et al., 2005; Zaborszky et al., 2008). As in previous work
(Munn et al., 2021), we regressed signals from the nearby fourth ven-
tricle from the LC time series prior to further analysis to ensure that
these time series were not unduly effected by fluctuations in non-neural
structures. We took the average time-series between the left and right
ROIs of the LC, and nbM respectively.

2.3.3. Phasic increases in LC and nbM BOLD signal
Following the methodology outlined in Munn et al. (2021), we iden-
tified phasic increases in LC (T;) and nbM (T,;,,) BOLD signal by cal-
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culating the second derivative (i.e., acceleration) of the LC relative to
the nbM increase (T;c_pm = Tic - Tnpm)> the nbM relative to the LC
(Topm - 1c = Tt - Trc)> and coherent increases of LC and nbM (Ty¢ . pmr
= Tic + Tpppy) time-series. In order to find points in time with strong
phasic activity we used the following criteria:1) a value > 2 standard
deviations above the mean acceleration; 2) value of original time-series
was > 2 standard deviations above the mean of the time-series within
the following 10TRs; and 3) the time point was not present in the first
or last 20 TRs of the entire time-series. That is to say, we analysed BOLD
signal in non-overlapping windows following large and sustained phasic
bursts of the LC relative to nbM and nbM relative to LC.

Across all subjects, we identified 264 T; . v Phasic activity events
(mean per subject was 5.38, a range of 2-10), 269 T\ .1c (mean per
subject was 5.49, a range of 3-10) and 271 T ;. , ., (mean per sub-
ject was 5.53, range of 2-10). Our results were robust after altering the
threshold between 0.5 and 2.5 standard deviations (data not shown), to
further ensure the appropriate choice of standard deviation threshold
was reflective of the underlying dynamics of the time-series.

2.3.4. Dynamic functional connectivity analysis

The denoised functional HCP data underwent time-series extraction
for the selected ROIs. We used the multiplication of temporal deriva-
tives (MTD) (Shine et al., 2015) to calculate time-varying functional
connectivity dynamics between the selected ROIs; this method is used
to estimate the functionally connectivity patterns between each region
and in each time point. For each node, n, with time points, t, a vec-
tor of t-1 temporal derivatives was calculated and normalised (temporal
derivatives divided by the standard deviation of temporal derivatives,
o). Then, we created a matrix of functional coupling between the i and
j™ nodes for each time point, by multiplying the temporal derivatives of
each pair of nodes across each time point (Shine et al., 2015). A 20 TR
smoothing parameter was used to then applied to the time-varying con-
nectivity estimates so as to diminish the impact of high frequency noise
(code is freely available at https://github.com/macshine/coupling/).

+w

1 (dt, x dt;,)

wrp,, = L3 X )

w

! (de[ X Gdrj)

Where dt is the first temporal derivative of the ith and jth time-series,

and o standard deviation of the temporal derivative, w is the window
length of the simple moving average (Shine et al., 2015).

2.3.5. Participation coefficient

We used the Louvain algorithm to estimate a set of tightly intra-
correlated modules, and then to determine the extent to which
each node was integrated (functionally connected) across these dif-
ferent modules, we calculated the participation coefficient, By, for
each time-resolved dynamic functional connectivity matrix (Guimera
& Nunes Amaral, 2005) using the Brain Connectivity Toolbox (BCT;
(Rubinov & Sporns, 2010).

np 2
K.

Br=1- Y <_T>
iT pem K]T

where KisT is strength of positive connections of region i to regions in
module s at specific time point T, KiT is sum of strengths of all posi-
tive connections of region i at time 7. If the participation coefficient is
closer to 1, connections are distributed among all modules (i.e., integra-
tion), whereas if participation coefficient is closer to 0, connections are
predominantly within the regions’ own module (i.e., segregation). Mod-
ules were clustered by the network assignment according to the Gordon
cortical parcellation.

These data afforded a means for tracking network topology over
time; however, we needed a way to link these fluctuations to changes in
the activity of the arousal system hubs. To this end, we used the BOLD
time series from the LC and nbM, we next estimated the cross-correlation
between both LC and nbM time series and the participation coefficient
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of each cortical region from the Gordon atlas (Gordon et al., 2016).
The outcome of this set of analyses allowed us to track time-varying re-
lationships between the reconfigurations in network-level whole brain
topology with respect to peaks in T; ¢ _ v Trpm — o> and Tic 4 npa Signal
(as proxy indicators of arousal system activity), we analysed the time-
to-peak of the cross-correlation between the peak signals and the 333
cortical ROIs parcels within each 10TR windows of the phasic peaks.
We mapped these cross-correlation patterns onto the cortex (Fig. 3 D-F).
To determine how these patterns related to the strength of white matter
connections between LC and nbM, we correlated the SIFT2 weighted LC-
nbM tract strength (estimated above) with the difference between the
cross-correlations at each lag (0-10 TRs) (Fig. 3). The resultant corre-
lations were tested for significance using a non-parametric permutation
test that scrambled the order of the subjects’ data (5,000 permutations;
p < 0.05; (Nichols & Holmes, 2002)).

2.3.6. Brain-state displacement and attractor landscape

In order to evaluate the changes of BOLD activity in relation to
phasic bursts in neuromodulatory activity, we utilised the approach in-
troduced in Munn et al., 2021 (code for this analysis available https:
//github.com/ShineLabUSYD/Brainstem_DTI_Attractor_Paper). Briefly,
this approach estimates the likelihood that a given brain state will
changes into another distinct brain state, within a given time window.
Specifically, this involves calculating the mean-squared displacement
(MSD; the mean squared difference between 2 periods in time) for each
combination of brain states (i.e., the configuration of BOLD patterns
across all regions at a given TR) — the higher the difference between the
two states, the higher the MSD value. We separately estimate the em-
pirical probability of the change, in which higher changes are less likely
to occur within shorter time windows. From these data, we estimate a
probability distribution, and then invert this value to estimate the en-
ergy needed to overcome an energy barrier to facilitate the brain state
change (or what energy the brain needs to move from one state to the
other).

We inferred the topography of the attractor landscape by examining
the likelihood of changes in the instantaneous BOLD signal (brain-state)
following phasic bursts of the LC and nbM. Changes in BOLD signal were
quantified using the BOLD mean-squared displacement (M.S D) across
varying time-lags . First, we calculated the mean squared displacement
(MSD), which measures the deviation of the BOLD activity for r nodes,
in relation to activity of the phasic onset, #,. For different #,, where 7, are
the onset of neuromodulatory phasic bursts, across t TRs, we calculate
the average change of each voxel, <>, is the mean across the nodes.

2
s

Then, we estimated the probability of a BOLD displacement at a
time-lag t, P(M S D,). The probability distribution was calculated from
n MSD,, samplings (n being the number of phasic onset, #, of the neu-
romodulatory systems) by a Gaussian kernel density estimation,

" MSD,, .
P(MSD,) = 4_1n Y K<—4"'°(’)>
i=1

and we calculated the probability distribution for t between 1 and 19TR
and MSD between 0 and 11. We then calculated the energy, E, of BOLD
MSD attractor state at a given time-lag t, as the natural logarithm of the
inverse probability:

This approach indicates that a highly probable relative change in
BOLD (calculated by MSD) corresponds to a low energy (i.e., small E),
and an unlikely change in BOLD requires a higher energy (i.e., large E)
(Munn et al., 2021).

We calculated the BOLD MSD following phasic bursts of T; ¢ _ ;,n (LC
relative to nbM) - Ejq Ty -1c (mbM relative to LC) - Eppy, Trc 4 nbm

MSD,,,O = <‘xt0+t - X5
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(simultaneous phasic peaks of LC and nbM) - E; ¢ , v, and BOLD MSD
outside of the phasic bursts of the three signals (i.e., outside + 20
TR from phasic bursts), defined as the baseline energy landscape E,.
The energy landscapes calculated following phasic bursts of Tjc _ jpms
Tobm-1c> OF Tic 4 npm are presented relative to the inferred baseline
MSD energetics (E,), i.e., Ex - E5. Subtracting the baseline is similar
to a residual in Energy MSD/TR space and is calculated to emphasise
the differences in the BOLD transitions following the phasic bursts. The
attractor landscapes are represented as the energy for a given MSD at a
given temporal displacement (TR) (Fig. 4).

2.3.7. Relationship between attractor landscape and LC and nbM
structural connectivity

In order to determine the relationship between the attractor land-
scape brain states and the underlying structural connectivity between
the LC and nbM, we calculated the Pearson correlation between the
weighted strength in structural connectivity between the LC and nbM,
and the energy associated with a given MSD/TR combination following
phasic activity within the LC (E;¢), nbM (E,;,,), LC and nbM combined
(Erc 4 npap) for each subject. To further extend this analysis, we calcu-
lated the gradient of the energy post-phasic LC and nbM activity, to
determine the extent of the change in the energy for a given MSD of
BOLD signal across the TRs. We calculated the gradient as the partial
derivative of the energy for a given MSD of the BOLD signal across TRs
(using MATLAB Version 2021a, function gradient).

2.3.8. Statistical analyses

For statistical analysis, we performed non-parametric permutation
testing to compare our data across 5,000 random iterations. Permutation
testing computes all possible values of the test statistic under random re-
organizations of the observed data, through randomization of the labels
For example, we randomly changed the ‘phasic burst’ timing of each
neuromodulatory system, to measure if the empirical correlation was
higher (or lower) in comparison to the null permutated distribution.
Statistical significance represents the 2.5t and 97.5% percentile of the
null distribution from the non-parametric permutation test (Nichols &
Holmes, 2002).

3. Results
3.1. Quantitative structural connectivity between the LC and nbM

We observed a topographic pattern of crossing fibre ends tracking
from the LC to terminate in the nbM. Specifically, we observed a greater
distribution of fibre ends (group averaged) along the medial border of
the axial plane of the nbM mask. We also observed bilateral differences
in the density of fibre ends, with a greater density terminating in the
right nbM (Video 2). In addition, a similar medial dominant distribution
of fibre ends in the nbM was also observed in the coronal plane (Fig. 2C).
The distribution of the fibre ends in the nbM changed across slices, as
we observed a more ‘clumped’ density of fibres ends moving dorsally
(Video 2, Fig. 2C).

3.2. Neuromodulatory burst in activity precedes network topological shifts
relating to structural connectivity between LC and nbM

In order to track time-varying relationships between bursts in neuro-
modulatory activity and reconfigurations in network-level topology, we
analysed the cross-correlation between neuromodulatory phasic bursts
and the cortical regions within 10 TR of the phasic peaks. Then, we
determined how these patterns related to the underlying white mat-
ter connections between the LC and nbM by calculating the correla-
tion between structural strength in connectivity with the difference be-
tween the cross-correlations at each time lag. In this way, we were able
to determine whether the underlying strength in white matter stream-
lines between LC and nbM relate to the time-varying reconfigurations
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Fig. 2. Diffusion tractography streamlines between the LC and nbM. A single subject’s white matter crossing streamline consolidated around the LC (A).
Representation of a single subject’s white matter streamlines between LC (red) to nbM (green) from diffusion imaging (B) (3D view of streamlines in video 1). The
fibre orientation of the streamlines in accordance with the colour is red: left — right, green: dorsal — ventral, blue: cranial — caudal. Video 1 shows the view of the
white matter streamlines from LC to nbM for a single subject. A coronial view of the average fibre ends in the nbM (fibres tracking from LC to nbM), density indicated
by the contrast in colour intensity from black ranging to yellow (C). Video 2 shows the axial plane of the average fibre ends in the nbM (fibres tracking from LC to

nbM), moving from inferior slices to superior slices.
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Fig. 3. Relationship between weighted streamlines and arousal-related network reconfiguration. Correlation (y-axis) between weighted streamlines from
LC to nbM (SL) with the difference between cross-correlations at each time lag. The cross-correlation was between LC-nbM (A: blue) (r[LC-nbM,part]), LC (B; red)
(r[LC,part]), and nbM (C; green) (r[nbM,part]) phasic activity and cortical regional participation coefficient. Thin lines represent individual regions and thick lines
represent the grand mean across all regions. The dotted lines designate the zero-lagged correlation, and the thick black lines designate the 2.5" and 97.5" percentile
of the null distribution from the non-parametric permutation test (5,000 iterations). D-F) surface plots of the peak in time-lagged correlation between each of the

three subcortical signals and regional participation.

of network-level topology following bursts in neuromodulatory activ-
ity. The weight of white matter connections between the LC and nbM
was positively correlated with the extent of network-level integration
following LC relation to nbM phasic bursts (Fig. 3; left). These results
suggest that strong connectivity between the LC and nbM allows the net-
work to shift towards a heightened level of integration following peaks
in LC relative to nbM activity. We observed increased integration fol-
lowing peaks in LC relative to nbM activity across several regions in the
cortex including fronto-parietal and visual cortex (Fig. 3D). To further
investigate this result, we interrogated the correlation between the total
weighted streamlines connectivity and the individual cross-correlations
between LC (Fig. 3; middle) or nbM phasic bursts (Fig. 3; right) and
network topology. Interestingly, we observed significant negative cor-
relations between post-nbM peaks and a strongly segregated network
state (Fig. 3C) across distributed regions in the cortex (Fig. 3F).

3.3. Neuromodulation of attractor landscapes

To further investigate the dynamic role of the noradrenergic and
cholinergic system, we investigated the role of phasic activity of the neu-
romodulators in modifying the attractor landscape of the brain. Based on
previous work (Munn et al., 2021), we hypothesised that the noradren-
ergic system would ‘flatten’ the attractor landscape (promoting higher
energy brain-state changes by increasing the likelihood for these rare
states to occur) whereas the cholinergic system would ‘deepen the wells’
of the attractor landscape (decreasing the likelihood of large brain-state
changes). To test our hypothesis, we calculated the MSD energetics fol-
lowing phasic bursts of LC relative to nbM (E;¢), nbM relative to LC
(Enpy)> and simultaneous phasic burst of LC and nbM (Ej¢ , ), all
relative to the baseline MSD energetics (E,) outside of these regimes.
The phasic bursts were defined as peaks in the second derivative of the
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post nbM

Fig. 4. Relationship between attractor landscape of the brain and underlying structural connectivity between the noradrenergic and cholinergic systems.
A) Visual representation of the three-dimensional attractor landscape plot; the y-axis describes the likelihood (energy) required to shift brain states, x-axis describes
the time-lag following phasic bursts, and the z-axis describes the brain-state transition (mean-squared displacement). (Top) The attractor landscapes demonstrate the
likelihood to observe a given brain-state transition (quantified by the mean-squared displacement [MSD]) at a given time-lag (TR) following phasic bursts of the LC
relative to nbM (B; red), nbM relative to LC (C; green), or both simultaneously LC + nbM (D; blue). (Bottom) The bottom 2D plots display the correlation (Pearson’s
correlation Rho values represented by colour bar) between the weighted strength in structural connectivity between the LC and nbM, and the energy for a given
MSD of BOLD signal post phasic activity of the LC (E;¢-E,) (B; red), nbM (E,;,-E4) (C; green), and LC + nbM combined (E;¢ | u-E4) (D; blue) relative to baseline.
The opacity represents the statistical significance; opaque colours represent correlations that fell within the 2.5% and 97.5™ percentile of the null distribution from
the non-parametric permutation test (5,000 iterations) — i.e., opaque regions (bold colours) of the matrix were considered significant at the p < 0.05 level.

respective neuromodulatory BOLD signal that resulted in a sustained
increased BOLD activity across each subject (see Methods).

To determine the relationship between the structural connectivity
between the LC and nbM and shifts in the attractor landscape, we cal-
culated the permutated (5,000 random iterations) correlation between
each subject’s attractor landscapes following phasic burst in the LC and
nbM across time, and the weighted connectivity between the LC and
nbM. We observed a significant positive correlation between the post LC
phasic activity, the energy landscape (E;) and the strength in connec-
tivity between the LC and nbM that was localised within a 2 TR window
after the phasic burst (Fig. 4B). This finding suggests that immediately
after LC phasic bursts, an individual with strong connections between LC
and nbM is unlikely to have large deviations in brain state dynamics. In
contrast, we observed a significant inverse correlation post nbM phasic
activity (post 11TR, >8s), between the strength in connectivity between
the LC and nbM, and the energy landscape (E,;,) (Fig. 4C), which in-
dicates that post nbM phasic bursts, having strong connections between
the LC and nbM enables an easier shift (i.e., there is lower energy re-
quired to shift into a previously rare brain state). The largest correla-
tions are seen between E; at the onset of the initial dip for large MSD
at early TR and for the dip of large MSD at large TR for the E,, land-
scape. Thus, the strength in structural connectivity between the LC and
nbM is associated with the greatest change in energy for a given MSD
of BOLD signal post LC or nbM phasic activity — i.e., the topography
of the attractor landscape correlates with the strength of the structural
connectivity.

4. Discussion

We showed that the strength of structural connectivity between the
cholinergic nbM and noradrenergic LC was related to fluctuations in
network topology and attractor topography estimated from resting state
fMRI data. Our findings support a previous experimental finding that the
cholinergic and noradrenergic system is related to the ability to shift net-
work topological states (Munn et al., 2021; Shine, 2019). Furthermore,
we established a topographic distribution of crossing fibre ends from the
LC to the nbM, which was consistent with previous histological studies
showing more pronounced and direct noradrenergic projections to the
nbM (Hajszan & Zaborszky, 2002; Smiley et al., 1999; Zaborszky et al.,
1993). Future work will interrogate the unilateral topographic distri-
bution of fibres ends from the LC to nbM. Whilst previously it has been
challenging to delineate the structural connectivity of these small brain-
stem nuclei, recent advancements in tractography algorithms have en-
abled several studies to reliably track LC white-matter structural con-

nectivity (Solders et al., 2022; Sun et al., 2020). These results provide
evidence for the importance of the ascending arousal system in shaping
and constraining emergent dynamics in the brain.

There is compelling evidence to suggest that the balance between
integration and segregation is already partially imbued by the structure
of the white matter connectivity backbone of the cerebral cortex (Park &
Friston, 2013; Sporns, 201 3). Specifically, local cellular connections sup-
port segregation, whereas broad-reaching axonal projections spanning
different cortical regions act to integrate neural signals by constraining
the coordinated interactions between functional networks (Bullmore &
Sporns, 2009, 2012). Our results demonstrate that these inherent fea-
tures of the structural connectome are adaptively augmented by dy-
namic constraints imbued by the ascending arousal system. Specifically,
we extended upon previous work (Munn et al., 2021) by showing that
the network shifts into an integrated state following LC relative to nbM
phasic activity (Fig. 3; left). Furthermore, these patterns were observed
to covary with the strength of structural connectivity between the LC
and nbM, in which we observed a significant negative correlation be-
tween the post-nbM peaks (Fig. 3; right), suggesting that heightened
structural connectivity between the LC and nbM allows the brain to inte-
grate, but also stabilise into a relatively segregated state following a rel-
atively large recruitment of the nbM (which may be controlled by other
factors, such as the activity of the surrounding network (Alves et al.,
2019) and resting cholinergic tone (Hasselmo, 2006; Teles-Grilo Ruivo
et al., 2017).

More broadly, our findings extend a body of work that seeks to
clarify the underlying neural mechanisms responsible for the modu-
lation of macro-scale neural dynamics of the brain (Kanamaru & Ai-
hara, 2019; Munn et al., 2021; Shine et al., 2021b; Shine & Pol-
drack, 2018; Watanabe, 2021; Watanabe et al., 2014). Specifically, we
have provided further evidence that the brain’s neural dynamics can be
explained through low-dimensional, dynamically-shifting energy land-
scapes (Munn et al., 2021). Our findings extend results from a previous
study (Munn et al., 2021), as underlying structural connectivity between
the cholinergic and noradrenergic system relates to the ability to have
a balance between the flattened and deepened-well energy landscape
of the brain. Our findings propose that the underlying strength in con-
nectivity between the neuromodulatory hubs gives rise to modulation
of dynamic network topology, in which initially post LC phasic activity
there is lower probability of large deviations (‘deepened-wells’) in the
attractor landscape of the brain relative to the interconnectivity between
the LC and nbM. On the contrary, the strength in structural connectivity
between the LC and nbM was inversely related to the post nbM phasic
activity, indicating that a stronger connection between the neuromodu-
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latory hubs facilitates a lower energy requirement (i.e., greater proba-
bility) of the attractor landscape to shift into difficult brain states post
nbM activity. As such, our study further evidences the contributions of
the underlying structural connectome in modulating the dynamic func-
tional connectivity.

This study joins a growing body of work that evidences the inter-
action between noradrenergic and cholinergic neuromodulation me-
diates the balance between segregated and integrated brain states
(Shine, 2019). The dynamic flexibility between the integrated and seg-
regated states has important implications for cognitive function. Previ-
ous research has established that the ability to shift into an integrated
state is mediated through noradrenergic administration, and confers
with cognitive performance (Shine, van den Brink, et al., 2018). More
specifically, the LC-mediated flattening of the energy landscape is sim-
ilar to the theory of alpha-1 receptor-mediated network reset (Sara &
Bouret, 2012), and builds upon previous work theorising that the no-
radrenergic system through second-messenger cascades (Shine et al.,
2021b) increases the response gain and coordinates integrated network
connectivity (Shine, Aburn, et al., 2018). This interaction has relevant
implications to cognitive neuroscience in which the capacity to flex-
ibly adapt to unexpected changes in the environment in the context
of flattening the landscape could facilitate flexible cognitive processes
(Aston-Jones & Cohen, 2005; Munn et al., 2021; Sara & Bouret, 2012),
whereas the cholinergic system mediates segregated network topology
through its localised selective projections to the cortex (Zaborszky et al.,
2015) through the selective augmentation of the excitability of target
regions within otherwise distributed networks (Shine, 2019; Thiele &
Bellgrove, 2018). This mechanism is argued to help refine the stability
of brain states, which in the context of cognitive function, could help to
explain why the cholinergic system is associated with heightened atten-
tional precision (Hasselmo & Sarter, 2011; Schmitz & Duncan, 2018).
Unravelling the complexity of the interactions between the noradrener-
gic and cholinergic system on attractor landscapes, particularly in the
context of cognitive task performance has the potential to augment our
broader understanding of how the distributed neural circuits of the brain
support cognitive function. However, there are inherent limitations with
our work as we have a limited number of subjects with a relatively new
analysis technique. Future work will expand the new analysis methods
to larger sample populations to further validate our approach.

The complexity of the interactions between the noradrenergic and
cholinergic system in modulating network topological shifts is still not
fully understood at a detailed (i.e., microcircuit) level. For instance,
there is ample evidence for heterogeneous expression of cholinergic re-
ceptors across different inhibitory interneuron populations (Que et al.,
2019), suggesting that there may be more subtle mechanisms at play in
the microcircuitry of the cerebral cortex, however many of these details
are not incorporated into standard computational models of systems-
level brain dynamics (John et al., 2022; Shine et al., 2019). The flex-
ibility of this approach offers a number of exciting opportunities for
progress on this front. For instance, a recent study included an ‘in-
hibitory gain’ term to an existing computational model to mimic the
effects of the cholinergic system — this allowed the control of both in-
hibitory and disinhibitory interneurons, which in turn controlled feed-
back excitation in a manner that provided tighter control over the
balance between segregation and integration (Coronel-Oliveros et al.,
2020). It is also highly likely that neuromodulatory transmitters other
than the cholinergic and noradrenergic systems are responsible for nu-
anced alterations in dynamic network reconfigurations. For instance,
numerous studies have demonstrated that agonists of SHT2A receptor
(typically classed as ‘psychedelics’) cause substantial alterations in brain
network dynamics (Herzog et al., 2020; Tagliazucchi et al., 2016) and
energy landscape topography (Singleton et al., 2021). Future studies
are required to compare and contrast these different signatures across
the pharmacological landscape. Finally, other complex features of neu-
roanatomy could contribute to dynamic shifts in brain states — for exam-
ple, different classes of thalamocortical projections could be critical in
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promoting dynamic evolving attractor landscapes and mediates multi-
scale network organization (Shine, 2021). We look forward to further
research that we believe will help to unravel the details governing mod-
ulation of neural dynamics at the macroscale.

5. Conclusion

In conclusion, we replicate and extend previous work that show a
strong link between the ascending arousal system and network-level
dynamic reconfiguration in the human brain. Our results highlight the
importance of underlying structural connectivity between the choliner-
gic and noradrenergic system in facilitating reconfiguration of network
topology, which could have important implications in understanding
the role of the ascending arousal system in facilitating adaptive neural
reconfiguration as a function of cognitive demands.
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