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1 | INTRODUCTION

The quest to understand the neural mechanisms of consciousness is a
fundamental challenge of contemporary neuroscience. A powerful
approach to this question is the combination of non-invasive brain

imaging with the temporary suppression of consciousness induced by
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Abstract

The dynamic interplay of integration and segregation in the brain is at the core of
leading theoretical accounts of consciousness. The human brain dynamically alter-
nates between a sub-state where integration predominates, and a predominantly
segregated sub-state, with different roles in supporting cognition and behaviour.
Here, we combine graph theory and dynamic functional connectivity to compare
resting-state functional MRI data from healthy volunteers before, during, and after
loss of responsiveness induced with different concentrations of the inhalational
anaesthetic, sevoflurane. We show that dynamic states characterised by high brain
integration are especially vulnerable to general anaesthesia, exhibiting attenuated
complexity and diminished small-world character. Crucially, these effects are
reversed upon recovery, demonstrating their association with consciousness. Higher
doses of sevoflurane (3% vol and burst-suppression) also compromise the temporal
balance of integration and segregation in the human brain. Additionally, we demon-
strate that reduced anticorrelations between the brain's default mode and executive
control networks dynamically reconfigure depending on the brain's state of integra-
tion or segregation. Taken together, our results demonstrate that the integrated sub-
state of brain connectivity is especially vulnerable to anaesthesia, in terms of both its
complexity and information capacity, whose breakdown represents a generalisable

biomarker of loss of consciousness and its recovery.

KEYWORDS
anaesthesia, complexity, consciousness, dynamic functional connectivity, integration-
segregation, sevoflurane, small-world network

general anaesthesia. In particular, recent work has demonstrated that
the dynamics of brain network integration and segregation are of con-
siderable relevance for our understanding of human consciousness
and its loss (Northoff, Wainio-Theberge, & Evers, 2020). On one hand,
studies using dynamic functional connectivity (dFC) have increasingly

demonstrated that patterns of brain connectivity are not stationary,
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but rather vary over time, switching between dynamic sub-states with
different relevance for cognition and even consciousness (Allen
et al., 2014; Barttfeld et al., 2015; Demertzi et al., 2019; Huang,
Zhang, Wu, Mashour, & Hudetz, 2020; Luppi et al., 2019, 2021; Lurie
et al.,, 2020; Uhrig et al., 2018).

On the other hand, integration and segregation are essential
properties of both the mind and the brain. Subjectively, humans expe-
rience the world as a whole (integration) composed of distinct sensory
streams (segregation) (Tononi, 2004). Neurobiologically, information
processed in parallel by domain-specific systems must eventually
be brought together and integrated, in order to guide adaptive
behaviour (Dehaene & Changeux, 2011; Dehaene, Changeux, &
Naccache, 2011; Luppi, Mediano, Rosas, Holland, et al., 2020;
Mashour, Roelfsema, Changeux, & Dehaene, 2020). Therefore, the
interplay of brain integration and segregation is at the core of leading
theoretical accounts of consciousness (Balduzzi & Tononi, 2008;
Deco, Tononi, Boly, & Kringelbach, 2015; Tononi & Edelman, 1998;
Tononi, Sporns, & Edelman, 1994).

By representing the brain as a network of nodes (brain regions)
and their connections, graph theory provides a formal way to quan-
tify and investigate integration, segregation and their dynamic
instantiation in the brain. Through this approach, Shine and col-
leagues (Shine et al., 2016) demonstrated that the human brain can
be robustly characterised as alternating between an integrated sub-
state, and a segregated one. These sub-states play different roles in
supporting cognitive and motor functions (Shine et al., 2016),
exhibit different relationships with the underlying anatomical con-
nectivity (Fukushima et al., 2018), and they are also differentially
modulated by the effects of the potent psychedelic, LSD (Luppi
et al., 2021). Leveraging the same framework of dynamic integration
and segregation, Luppi et al. (2019) recently showed that dynamic
sub-states dominated by integration or segregation have different
relevance for consciousness: specifically, the dynamic sub-state
where integration predominates was found to exhibit concomitant
reductions in network complexity and information capacity when
consciousness is lost, whether due to propofol anaesthesia or
severe brain injury (Luppi et al., 2019). The two dynamic sub-states
were also found to exhibit different patterns of reorganisation of
functional connectivity during loss of consciousness, regardless of
its cause: in particular, the anticorrelations between the brain's
default mode and executive control networks, which robustly char-
acterise the conscious brain at rest (Buckner & DiNicola, 2019; Fox
et al., 2005; Raichle et al., 2001) were abolished specifically during
the integrated sub-state (Luppi et al., 2019).

Crucially, in addition to being compromised when consciousness
is lost, any aspects of brain function that actively support conscious-
ness should also be restored when consciousness returns. Here, we
combined graph theory with dynamic connectivity in previously publi-
shed functional MRI data (N = 16 healthy volunteers) (Golkowski
et al.,, 2019; Ranft et al., 2016) to explore the time-resolved effects of
loss of consciousness and its recovery (indicated by loss and recovery
of responsiveness) resulting from general anaesthesia with the inhala-

tional anaesthetic, sevoflurane. Sevoflurane reversibly induces loss of

consciousness in humans, and is widely used in clinical practice. In the
past decade, there have been growing efforts to understand its effects
on the human brain (Blain-Moraes et al., 2017; Deshpande, Kerssens,
Sebel, & Hu, 2010; Huang et al, 2016; Kafashan, Ching, &
Palanca, 2016; Martuzzi, Ramani, Qiu, Rajeevan, & Constable, 2010;
Martuzzi et al., 2011; Nir et al, 2020; Palanca, Avidan, &
Mashour, 2017; Palanca et al., 2015; Riehl, Palanca, & Ching, 2017;
J. Zhang et al., 2018). However, the specific dynamics of brain net-
work integration and segregation under sevoflurane anaesthesia
remain unexplored. Specifically, here we hypothesised that if the
effects on brain integration and segregation observed with propofol
anaesthesia and patients with disorders of consciousness (DOC)
(Luppi et al., 2019) are involved in supporting the presence of con-
sciousness in the human brain, then (a) they should generalise to
sevoflurane-induced anaesthesia; and (b) these effects should be
reversed upon recovery, since any aspects of brain function that
actively support consciousness should be restored when conscious-

ness returns.

2 | MATERIALS AND METHODS

The present study was a re-analysis of a previously acquired dataset,
which is described in detail in the original publication (Ranft
et al., 2016). Although the original study acquired both functional MRI
(fMRI) and electroencephalographic (EEG) data, in the present work
we only considered the fMRI data.

21 | Study participants

The ethics committee of the medical school of the Technische
Universitdt Miinchen (Minchen, Germany) approved the current
study, which was conducted in accordance with the Declaration of
Helsinki. Written informed consent was obtained from volunteers at
least 48 hr before the study session. Twenty healthy adult men (20-
36 years of age; mean, 26 years) were recruited through campus
notices and personal contact, and compensated for their participation
in the study.

Before inclusion in the study, detailed information was provided
about the protocol and risks, and medical history was reviewed to
assess any previous neurologic or psychiatric disorder. A focused
physical examination was performed, and a resting electrocardiogram
was recorded. Further exclusion criteria were the following: physical
status other than American Society of Anesthesiologists physical
status |, chronic intake of medication or drugs, hardness of hearing or
deafness, absence of fluency in German, known or suspected disposi-
tion to malignant hyperthermia, acute hepatic porphyria, history of
halothane hepatitis, obesity with a body mass index more than 30 kg/
m?, gastrointestinal disorders with a disposition for gastroesophageal
regurgitation, known or suspected difficult airway, and presence of
metal implants. Data acquisition took place between June and
December 2013.



2% | WILEY

LUPPI ET AL

2.2 | Study protocol

Sevoflurane concentrations were chosen so that subjects tolerated artifi-
cial ventilation (reached at 2.0 vol%) and that burst-suppression (BS) was
reached in all participants (around 4.4 vol%). To make group comparisons
feasible, an intermediate concentration of 3.0 vol% was also used. In the
MRI scanner, volunteers were in a resting state with eyes closed for
700 s. Since EEG data were simultaneously acquired during MRI scan-
ning (Ranft et al., 2016) (though they are not analysed in the present
study), visual online inspection of the EEG was used to verify that partici-
pants did not fall asleep during the pre-anaesthesia baseline scan.
Sevoflurane mixed with oxygen was administered via a tight-fitting
facemask using an fMRI-compatible anaesthesia machine (Fabius Tiro,
Drager, Germany). Standard American Society of Anesthesiologists moni-
toring was performed: concentrations of sevoflurane, oxygen and carbon
dioxide, were monitored using a cardiorespiratory monitor (DatexaS/3,
General electric). After administering an end-tidal sevoflurane concentra-
tion (etSev) of 0.4 vol% for 5 min, sevoflurane concentration was
increased in a stepwise fashion by 0.2 vol% every 3 min until the partici-
pant became unconscious, as judged by the loss of responsiveness (LOR)
to the repeatedly spoken command “squeeze my hand” two consecutive
times. Sevoflurane concentration was then increased to reach an end-
tidal concentration of approximately 3 vol%. When clinically indicated,
ventilation was managed by the physician and a laryngeal mask suitable
for fMRI (I-gel, Intersurgical, United Kingdom) was inserted. The fraction
of inspired oxygen was then set at 0.8, and mechanical ventilation was
adjusted to maintain end-tidal carbon dioxide at steady concentrations
of 33 £ 1.71 mmHg during BS, 34 + 1.12 mmHg during 3 vol%, and 33
+ 1.49 mmHg during 2 vol% (throughout this article, mean + SD). Norepi-
nephrine was given by continuous infusion (0.1 + 0.01 pg kg™ min™?)
through an intravenous catheter in a vein on the dorsum of the hand, to
maintain the mean arterial blood pressure close to baseline values (base-
line, 96 + 9.36 mmHg; BS, 88 + 7.55 mmHg; 3 vol%, 88 + 8.4 mmHg;
2 vol%, 89 + 9.37 mmHg; follow-up, 98 + 9.41 mmHg). After insertion
of the laryngeal mask airway, sevoflurane concentration was gradually
increased until the EEG showed BS with suppression periods of at least
1,000 ms and about 50% suppression of electrical activity (reached at
4.34 + 0.22 vol%), which is characteristic of deep anaesthesia. At that
point, another 700 s of electroencephalogram and fMRI was recorded.
Further 700 s of data were acquired at steady end-tidal sevoflurane con-
centrations of 3 and 2 vol%, respectively, each after an equilibration time
of 15 min. In a final step, etSev was reduced to two times the concentra-
tion at LOR. However, most of the subjects moved or did not tolerate
the laryngeal mask any more under this condition: therefore, this stage
was not included in the analysis (Ranft et al., 2016).

Sevoflurane administration was then terminated, and the scanner
table was slid out of the MRI scanner to monitor post-anaesthetic
recovery. The volunteer was manually ventilated until spontaneous ven-
tilation returned. The laryngeal mask was removed as soon as the
patient opened his mouth on command. The physician regularly asked
the volunteer to squeeze their hand: recovery of responsiveness was
noted to occur as soon as the command was followed. Fifteen minutes

after the time of recovery of responsiveness, the Brice interview was

administered to assess for awareness during sevoflurane exposure; the
interview was repeated on the phone the next day.

After a total of 45 min of recovery time, another resting-state
combined fMRI-EEG scan was acquired (with eyes closed, as for the
baseline scan). When participants were alert, oriented, cooperative,
and physiologically stable, they were taken home by a family member
or a friend appointed in advance. A total of N = 16 volunteers com-
pleted all five stages (awake, BS, 3% vol, 2% vol, and recovery) and

were included in our analyses.

2.3 | FMRI acquisition

Data acquisition was carried out on a 3-Tesla magnetic resonance
imaging scanner (Achieva Quasar Dual 3.0 T 16CH, The Netherlands)
with an eight-channel, phased-array head coil. The data were col-
lected using a gradient echo planar imaging sequence (echo
time = 30 ms, repetition time [TR] = 1.838 s, flip angle = 75°, field of
view = 220x220 mm? matrix = 72x72, 32 slices, slice
thickness = 3 mm, and 1 mm interslice gap; 700-s acquisition time,
resulting in 350 functional volumes). The anatomical scan was
acquired before the functional scan using a T1-weighted MPRAGE
sequence with 240 x 240 x 170 voxels (1 x 1 x 1 mm voxel size)
covering the whole brain.

24 | Preprocessing

The preprocessing and image analysis were performed using the CONN
toolbox, version 17f (CONN; http://www.nitrc.org/projects/conn)
(Whitfield-Gabrieli & Nieto-Castanon, 2012) based on Statistical Para-
metric Mapping 12 (http://www.filion.ucl.ac.uk/spm), implemented in
MATLAB 2016a. For each condition (awake, BS, 3% vol, 2% vol
sevoflurane, and recovery), we applied a standard preprocessing pipe-
line, the same as we employed in our previous studies (Luppi
et al., 2019, 2021). The pipeline involved the following steps: removal of
the first three volumes, to achieve steady-state magnetisation; motion
correction; slice- timing correction; identification of outlier volumes for
subsequent scrubbing by means of the quality assurance/artifact rejec-
tion software ART (http://www.nitrc.org/projects/artifact_detect);
normalisation to Montreal Neurological Institute (MNI-152) standard
space (2 mm isotropic resampling resolution), using the segmented grey
matter image from each volunteer's T1-weighted anatomical image,
together with an a priori grey matter template; finally, the functional
data were spatially smoothed with a Gaussian kernel of 6 mm full width
at half-maximum. For outlier detection, we adopted the default CONN

settings of 5 global signal Z-values and 0.9 mm.

2.5 | Denoising

Denoising was also performed using the CONN toolbox. To reduce

noise due to cardiac and motion artifacts, which are known to impact
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functional connectivity and network analyses (Power, Barnes, Snyder,
Schlaggar, & Petersen, 2012; van Dijk, Sabuncu, & Buckner, 2012), we
applied the anatomical CompCor method of denoising the functional
data (Behzadi, Restom, Liau, & Liu, 2007), as implemented within the
CONN toolbox. The aCompCor method involves regressing out of the
functional data the first five principal components attributable to
white matter and cerebrospinal fluid (CSF) signal; six subject-specific
realignment parameters (three translations and three rotations) as well
as their first-order temporal derivatives; followed by scrubbing our
outliers identified by ART, using ordinary least squares regression
(Whitfield-Gabrieli & Nieto-Castanon, 2012). Finally, the denoised
BOLD signal timeseries were linearly detrended and band-pass fil-
tered to eliminate both low-frequency drift effects and high-
frequency noise, thus retaining frequencies between 0.008 and
0.09 Hz.

The step of global signal regression (GSR) has received substantial
attention in the literature as a denoising method (Andellini, Cannata,
Gazzellini, Bernardi, & Napolitano, 2015; Lydon-Staley, Ciric,
Satterthwaite, & Bassett, 2019; Power et al., 2014). GSR mathemati-
cally mandates that approximately 50% of correlations between
regions will be negative (Braun et al., 2012); however, the proportion
of anticorrelations between brain regions has been shown to vary
across states of consciousness, including DOC as well as anaesthesia
with both propofol and sevoflurane (Golkowski et al., 2019; Luppi
et al,, 2019; Ranft et al., 2016). Indeed, recent work has demonstrated
that the global signal contains information about states of conscious-
ness, including anaesthesia and DOC (Tanabe et al., 2020). Therefore,
in line with previous studies, including investigations of general anaes-
thesia (Carhart-Harris et al., 2016; Luppi et al., 2019) here we decided
to avoid GSR in favour of the aCompCor denoising procedure, which
is among those recommended for investigations of dynamic connec-
tivity (Lydon-Staley et al., 2019). The cartographic profile method
employed here to identify integrated and segregated sub-states of
dFC (see below) has also been shown to be robust to the use of GSR

during preprocessing (Shine et al., 2016).

2.6 | Definition on regions of interest
To construct matrices of functional connectivity, spatially normalised
brains were parcellated into 200 cortical regions of interest (ROls),
obtained from the scale-200 version of the recent multi-scale local-
global functional parcellation of Schaefer et al. (2018). Since this
parcellation only includes cortical regions, it was augmented with
32 subcortical ROIs from the highest resolution of the recent
Melbourne subcortical functional parcellation (Tian, Margulies,
Breakspear, & Zalesky, 2020), following recent work (Luppi &
Stamatakis, 2020). We refer to this composite 232-ROI parcellation as
the “augmented Schaefer-232.”

We chose this atlas because recent work has demonstrated that
it produces networks whose topology is highly representative across
alternative node definition schemes (Luppi & Stamatakis, 2020). Nev-

ertheless, to ensure the robustness of our analyses to the choice of

parcellation, we replicated them using the Brainnetome atlas (Fan
et al., 2016), which comprises 246 cortical and subcortical ROls,
derived from multimodal (anatomical and functional) connectivity.
Parcellations in the order of 200 nodes were found to produce the
most topologically representative networks, with the Brainnetome
atlas being the second most representative after Schaefer-232
(Luppi & Stamatakis, 2020). Results presented in the main text pertain
to the Schaefer-232 atlas, with corresponding results for the alterna-
tive parcellation presented in the Supporting Information. For each
ROI, the time-courses of denoised BOLD signals were averaged

between all voxels belonging to it, and extracted for further analysis.

2.7 | Dynamic functional connectivity

Dynamic connectivity matrices were derived using an overlapping
sliding-window approach (Allen et al., 2014; Barttfeld et al., 2015). For
each subject and each condition (awake, BS, 3% vol, 2% vol, and
recovery), tapered sliding windows were obtained by convolving a
rectangle of 22 TRs (40s) with a Gaussian kernel of 3 TRs, sliding with
1 TR step size (Allen et al., 2014), in line with previous work (Luppi
et al.,, 2019, 2021). The chosen length is in the range of 30-60 s rec-
ommended to capture spontaneous fluctuations while ensuring a suf-
ficient number of timepoints per window to enable stable network
identification; likewise, tapered windows are chosen to minimise the
potential effects of outliers (Preti, Bolton, & Van De Ville, 2017). To
ensure the robustness of our analyses to window length, we also rep-
licated them with a shorter length (~33s — 18 TRs) and a longer
length (~50s — 27 TRs). Within each of the resulting overlapping
temporal windows of 22 (resp. 18, 27) TRs, a 232-by-232 matrix of
functional connectivity between ROIs was estimated (or 246-by-246
for the Brainnetome atlas). Hence, for each condition of each subject
we obtained a 3D tensor, consisting of one functional connectivity

matrix for each timepoint.

2.8 | Derivation of integrated and segregated
sub-states

Previous work on both healthy and unconscious individuals has
established the “cartographic profile” as a robust method to investi-
gate the dynamics of network integration and segregation in the
human brain (Fukushima et al., 2018; Luppi et al., 2019, 2021; Shine
et al., 2016). This methods identifies dynamic sub-states of higher
integration or segregation, with different roles in human behaviour
and consciousness (Fukushima et al., 2018; Luppi et al., 2019, 2021;
Shine et al., 2016). Since the cartographic profile relies on the graph-
theoretical module assignments of each ROl (node), here, nodes were
given by the ROls of a given parcellation scheme, with network edges
given by their functional connectivity. Under these conditions, mod-
ules are defined as groups of nodes that are positively correlated with
each other, but negatively correlated with nodes belonging to differ-
ent modules (Sporns & Betzel, 2016).
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We then followed the well-established procedure for determining
the cartographic profile, developed in Shine et al. (2016) and also
adopted in our previous studies (Luppi et al., 2019, 2021) (Figure 1).
Detailed descriptions are provided in those previous publications and in
the Materials and Methods section of Supporting Information. Briefly,
for each time-point of each subject and condition, the Louvain greedy
(Blondel, & Lefebvre, 2008)
implemented in the Brain Connectivity Toolbox (BCT; http://www.
brain-connectivity-toolbox.net) (Rubinov & Sporns, 2010, 2011) was
used to identify network modules. Due to its stochastic nature, the algo-

algorithm Guillaume, Lambiotte,

rithm was repeated for 100 iterations for each time- resolved network,

and the module size resolution parameter y was set to one, the default

(Fukushima et al., 2018; Luppi et al., 2019, 2021; Shine et al., 2016).
Based on the modularity assignments, we then used the BCT to

derive the participation coefficient and within-degree Z-score for each

(a) (b)

Dynamic Functional Connectivity

Within-Module
Degree Z-score

node (Materials and Methods in Supporting Information): together,
these two measures quantify both a node's inter-modular and intra-
modular connectivity. Based on their joint histogram, the “carto-
graphic profile” was determined following previously established pro-
cedures (using MATLAB code made freely available by Shine
et al., 2016 at https://github.com/macshine/integration/) (Fukushima
et al.,, 2018; Luppi et al., 2019, 2021; Shine et al., 2016). For each sub-
ject and condition, an unsupervised machine learning algorithm known
as k-means clustering was used to assign matrices of dFC into k = 2
clusters based on the joint histogram of participation coefficient and
within-module degree Z-score (Shine et al., 2016). To avoid the possi-
bility of the algorithm becoming stuck in local minima, it was repeated
500 times with random re-initialisation of the two clusters' initial
points. Following previous work (Luppi et al, 2019, 2021, Shine

et al., 2016) Pearson correlation was chosen as distance metric for the
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algorithm. Although based on previous work our interest was a priori
on clustering with k = 2, the clustering process was also repeated with
values of k ranging between 2 and 7, using MATLAB's evalclusters
function to determine the goodness of different clustering solutions
using the Silhouette criterion (Figure S1).

Thus, for each subject the k-means clustering algorithm assigned
each matrix of dFC to one of k clusters. Finally, for our clustering of
interest (with k = 2) we obtained the mean participation coefficient of
the matrices belonging to each of the two clusters. Following the
well-established procedure defined in previous work with both
healthy and unconscious individuals (Fukushima et al., 2018; Luppi
et al, 2019; Shine et al., 2016), the cluster whose matrices had a
higher mean participation coefficient was labelled as the “predomi-
nantly integrated” state, whereas the cluster with lower mean partici-
pation coefficient was considered to be the ‘“predominantly
segregated” state. For each subject, a centroid matrix of functional
connectivity was computed for each state (predominantly integrated
and segregated), as the element-wise median of the timepoint-specific
FC matrices assigned to the cluster corresponding to that state. This
procedure has been successfully applied in previous studies to obtain
robust characterisation of predominantly integrated and segregated
sub-states of dFC, which have been well characterised in the literature
in terms of their role in supporting cognitive and motor functions
(Shine et al., 2016), relationship with the underlying anatomical con-
nectivity (Fukushima et al., 2018), and relevance for supporting human
consciousness (Luppi et al., 2019) and the time-varying effects of the
psychedelic LSD (Luppi et al., 2021). The proportion of time spent in
each sub-state was also quantified, as the number of timepoints

assigned to that cluster, over the total number of timepoints.

2.9 | Validation of dynamics against stationary
null model

Using the cartographic profile method employed here (Shine
et al., 2016), previously demonstrated that the resting brain fluctuates
more frequently than a stationary null model, indicating the presence
of genuine dynamics in the data. Nevertheless, here we also validated
this observation in our own data, using a vector autoregressive (VAR)
model to generate surrogate timeseries which are stationary by con-
struction. Since fitting a single multi-dimensional VAR that simulta-
neously considered the covariance between all pairs of regional
timeseries was computationally infeasible, we followed previous work
(Zalesky, Fornito, Cocchi, Gollo, & Breakspear, 2014), fitting two-
dimensional VAR models separately for each pair of ROls of each par-
ticipant in each condition. The VAR model order was set to 5, which
was chosen to correspond to a temporal lag of ~9 s (given our TR of
1.83 s), similar to the 8 s lag used by Shine et al. (2016) and Zalesky
et al. (2014). Sliding-windows dFC followed by the cartographic pro-
file was then applied to the surrogate data of each participant and
condition, and the proportion of time spent in the predominantly inte-
grated sub-state was compared between the empirical data and the

stationary surrogates.

210 | Small-world propensity

When investigating information-processing networks, such as the
human brain, it is advantageous to consider what kind of network
structure would facilitate the exchange of information. A key property
of many natural and artificial networks, including the human brain, is
the so-called “small-world” organisation (Bassett & Bullmore, 2017)
(but see Papo, Zanin, Martinez, & Buldd, 2016). A small-world
network combines the presence of tightly interconnected clusters
(characterising lattice networks, and theorised to support specialised
processing) with a short characteristic path length (a key feature of
random network, facilitating integration between different clusters).
Thus, small-worldness represents a mark of optimal balance between
global and local processing. Small-worldness of dynamic sub-states
has been shown to decrease during anaesthesia and in patients with
DOC, specifically during the integrated sub-state (Luppi et al., 2019).
Therefore, we hypothesised that the same should be observed with
sevoflurane.

We adopted the measure of small-world propensity recently
developed by Muldoon, Bridgeford, and Bassett (2016), which pro-
vides a theoretically principled way to quantify and compare the
extent that different networks exhibit small-world structure, while
accounting for network density. The small-world propensity, ¢, is
designed to quantify the extent that a network displays small-world
organisation by taking into account the deviation of the network's
empirically observed clustering coefficient, C.,s, and characteristic
path length, Lgys, from equivalent lattice (Ciast, Liatt) and random (Crang,

L;ang) Nnetworks (Materials and Methods in Supporting Information).

AZ+A?
p=1-y=5—+ (1)

where

CIatt - Cobs
Ac= ——— 2
¢ Clatt - Crand ( )
Lobs - Lrand
AL=——— 3
t Llatt - Lrand ( )

Thus, Ac and A; quantify the fractional deviation of the empirically
observed clustering coefficient and characteristic path length, from
the corresponding null models according to the definition of a small-
world network: namely, a lattice network for the clustering coeffi-
cient, and a random network for the characteristic path length
(Muldoon et al., 2016).

Following Muldoon et al. (2016), we further bound both measures
of fractional deviation Ac or A; between 0 and 1 (to account for the
possibility of empirical networks exceeding the corresponding null
models), by setting negative values of Ac or A; to 0, and values that
exceed unity to be exactly 1. In turn, this ensures that the resulting
values of small-world propensity will also be bounded between
0 and 1 (Luppi et al., 2021).
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Small-world propensity is then interpreted as follows: both a large
Ac or A, would indicate large deviation of the network's properties
from the corresponding properties that define small-world organisa-
tion. Thus, large Ac or A; would lead to the measure of small-world
propensity becoming closer to zero. Conversely, if a network exhibits
both the high clustering coefficient of a lattice, and the low path
length of a random network (thereby satisfying both requirements of
the small-world network definition), then it will have low A¢ and low
A;, and the small-world propensity as a whole will be closer to
1. Hence, higher small-world propensity intuitively indicates better
adherence to the requirements of a small-world network.

Unlike the small-world index of Humphries and Gurney (2008),
small-world propensity is not intended as a way to determine, in abso-
lute terms, whether or not a network exhibits small-world structure.
Rather, this metric is better suited to compare on a continuous scale
the degree of small-world organisation exhibited by different net-
works (Muldoon et al., 2016); thus, it is ideally suited for the purposes
of the present study. Since the measure of small-world propensity
adopted here can be applied on weighted networks, we also repeated
our analysis including all non-negative edges (negative edges were set
to zero because this measure depends on calculations of shortest
paths between nodes, and therefore requires graphs with strictly posi-
tive edges [Rubinov & Sporns, 2010, 2011]).

211 | Connectivity entropy

We also quantified the complexity of the pattern of connectivity of
each sub-state of functional connectivity, in terms of the mean
normalised Shannon entropy of the connections of each ROI (“con-
nectivity entropy”) (Saenger et al., 2018). Entropy is a measure of
non-uniformity of a distribution, with higher entropy reflecting a pat-
tern that is less predictable and more diverse.

Here, we assigned the connectivity values in each column of the
matrix into n bins to construct a distribution; we then computed
the Shannon entropy of this distribution for each node, following the
method of Saenger et al. (2018):

H=- Zn:p,-log(p;)/ log(n) @)

i=1

This measure of entropy was normalised to lie between O and 1 by
dividing it by the Shannon entropy of a uniform distribution, which
corresponds to log(n). Here, we followed previous work (Luppi

et al., 2019; Saenger et al., 2018), always using n = 10 bins.

212 | Statistical analysis

Since an analysis of variance revealed a significant effect
of sevoflurane level on the percentage of scrubbed volumes
(F[4,75] = 2.53, p = .047), the percentage of scrubbed volumes was
included as a covariate of no interest, to statistically control for

potential confounding effects. Moreover, one subject had over 20%
of ART-rejected volumes during the awake scan; therefore, we
excluded this subject from analysis, leaving N = 15 subjects. The mean
percentage (+SD) of scrubbed scans was 1.75 + 1.96 (awake); 2.25 +
3.17 (BS); 1.43 £ 2.37 (3% vol); 0.19 + 0.75 (2% vol); 2.94 + 2.70
(recovery).

The statistical significance of the effect of anaesthetic level was
assessed with analysis of covariance; significant effects were further
explored with Bonferroni-corrected within-subjects comparisons
between each pair of anaesthetic doses.

To ensure the robustness of our results, we also repeated all ana-
lyses without including the covariates and without excluding the high-
artifact subject (Ranft et al., 2016): in this case, non-parametric, per-
mutation based testing (two-sided within-subjects t tests with 10,000
permutations) was used to ensure robustness to outliers; effect size
was estimated using Cohen's d.

The network-based statistic (NBS) approach (Zalesky, Fornito, &
Bullmore, 2010) was used to investigate the statistical significance of
sevoflurane-induced alterations on the functional brain networks, for
the predominantly integrated and segregated sub-states. This non-
parametric statistical method is designed to control the family-wise
error due to multiple comparisons, for application to graph data. Con-
nected components of the graph are identified from edges that sur-
vive an a priori statistical threshold (F test; here we set the threshold
to an intensity value of 10). In turn, the statistical significance of such
connected components is estimated by comparing their topological
extension against a null distribution of the size of connected compo-
nents obtained from non-parametric permutation testing. This
approach rejects the null hypothesis on a component-basis, and there-
fore achieves superior power compared to mass-univariate
approaches (Zalesky et al., 2010). Once again, the percentage of
scrubbed volumes was included as a covariate of no interest to
account for potential confounding effects. To ensure the robustness
of our results, we also replicated them with an extent-based
threshold.

3 | RESULTS
3.1 | Reduced prevalence of integrated state under
deep sevoflurane anaesthesia

Studying alterations in brain function induced by sevoflurane offers a
way to relate its potent anaesthetic effects to their underlying neuro-
biological correlates. In particular, the focus of this study was on the
effects of general anaesthesia on the dynamics of two fundamental
properties of the brain: integration and segregation. Thus, we
employed an a priori clustering of dFC into two sub-states: we
followed a previously established methodology known as “carto-
graphic profile,” which has been validated across several studies, to
derive predominantly integrated and segregated sub-states with well-
characterised roles in cognition and consciousness (Fukushima
et al., 2018; Luppi et al., 2019, 2021; Shine et al., 2016) (Figure 2).
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FIGURE 2 Group-average centroids
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Confirming the algorithm's capacity to robustly identify distinct clus- Reassuringly, in line with previous studies the silhouette criterion
ters in the data, remarkable similarity can be seen between the clus- for quality of clustering (measured using MATLAB's evalclusters com-
ters identified in this study (Figure 1d), and those shown in Figure 1 mand) selected k = 2 as the most appropriate clustering of dFC across

from Shine et al. (2016).

values of k ranging between 2 and 7 (Figure S1), for virtually every
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combination of subject and condition (including all subjects during the
awake scan), thus providing data-driven support for our hypothesis-
driven clustering of dFC into two sub-states (predominantly
integrated and segregated). Additionally, as expected within each con-
dition the predominantly integrated sub-state has significantly higher
mean participation coefficient Bt than the predominantly segregated
sub-state (Figure S2).

The proportion of time spent in the predominantly integrated
sub-state during the awake condition (M = 0.66, SD = 0.16) was also
consistent with previous results obtained by Shine et al. (2016) and by
Luppi et al. (2019, 2021) using the same cartographic profile method,
providing an additional sanity check on the key method underlying
the present results (Figure 2 and Table S1). Note that the proportion
of time spent in the primarily segregated sub-state is just the comple-
ment of the proportion of time spent in the integrated sub-state, since
each timepoint belongs to either one or the other sub-state.

However, an analysis of variance indicated a significant effect of
anaesthetic dosage on the proportion of time spent in the
predominantly integrated sub-state (F[4,69] = 21.38, p <.001).
Bonferroni-corrected follow-up paired tests revealed that time spent
in the integrated state dropped significantly at the highest concentra-
tions of sevoflurane (BS and 3% vol), returning to awake levels when
sevoflurane concentration was reduced to 2% volume (Figure 3 and
Table S1). We elaborate on these results in the Discussion.

Reassuringly, our validation analysis indicated that for both the
awake condition and 2% vol sevoflurane, the proportion of time spent
in the integrated sub-state was significantly greater for empirical
data than stationary data generated by a VAR model for each partici-
pant (Table S2). This was not the case for BS and 3% vol sevoflurane,
consistently with substantial sevoflurane-induced reorganisation of
brain dynamics (we note that recovery, though not significantly
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FIGURE 3 Reduced time is spent in the integrated sub-state at

deep levels of sevoflurane anaesthesia. Violin plots indicate the
distribution of participants in each condition (coloured circles). White
circle, median; horizontal centre line, mean; box limits, upper and
lower quartiles; whiskers, 1.5x interquartile range. **p < .01;

***p < ,001, Bonferroni-corrected

different from wakefulness or 2% vol sevoflurane, included a number
of outliers with unusually low time spent in the integrated sub-state,
which explains the lack of significant difference from the VAR model).
We also note that during each condition, the proportion of time spent
in the predominantly integrated sub-state was significantly different
from 50%, which is what we should have observed if sub-states had
been assigned randomly (Table S3).

3.2 | Time-specific effects of sevoflurane on brain
connectivity

Prior research suggests that altered states of consciousness have dif-
ferential neuronal underpinnings as observed at the macroscale with
functional brain networks during the integrated and segregated sub-
states (Luppi et al., 2019, 2021). Thus, we sought to determine
whether different effects of sevoflurane on brain function are
manifested during dynamic sub-states of high or low integration or
segregation. We therefore investigated how each of these two sub-
states was affected by sevoflurane, in terms of its functional connec-
tivity, as well as its network properties, given their proposed relevance
for consciousness (Dehaene et al., 2011).

In particular, to identify network alterations that covaried with
the presence versus absence of consciousness (as indicated by behav-
ioural responsiveness), here we focused on connections between
brain regions (edges) that satisfied both of the following conditions:
(a) significant and consistent alteration in the absence of responsive-
ness: compared with wakefulness, a given connection should be sig-
nificantly reduced during all three levels of sevoflurane (BS, 3% vol
and 2% vol), or significantly increased during all three levels of
sevoflurane; (b) any significant changes observed during LOR should
be significantly and consistently reversed upon recovery.

We further refined our results to determine whether any of these
specific connectivity alterations were sensitive to brain network
dynamics, defined as connectivity changes that were only observed in
one or the other dynamic sub-state, but not both, as reported by
Luppi et al. (2019) pertaining to both propofol anaesthesia and DOC.

Thus, separately for the predominantly integrated and segregated
sub-states, we used the NBS (Zalesky et al., 2010) to compare each
level of anaesthesia (BS, 3% vol and 2% vol) with the awake condition,
and also with post-anaesthetic recovery. The NBS revealed that for
both integrated and segregated sub-states, wakefulness and recovery
were both significantly different from BS, 3% volume and 2% volume
of sevoflurane in terms of network-level connectivity (Figures 4 and
5). Moreover, in addition to alterations observed in both dynamic sub-
states (Figure 6a), a number of specific connectivity alterations were
identified, which were exclusively observed during either the predom-
inantly integrated or the predominantly segregated sub-states of
dFC—demonstrating the importance of taking brain network dynamics
into account (Figure 6b,c).

Following Luppi et al. (2019), the predominantly integrated sub-
state displayed comparatively more extensive reorganisation of

brain connectivity, than the segregated sub-state. Connectivity
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FIGURE 4 Connectivity changes during integrated sub-state induced by sevoflurane. For the predominantly integrated sub-state, functional
connectivity between pairs of 232 brain regions from each conscious condition (awake and recovery) are compared with every unconscious
condition (burst-suppression, 3% sevoflurane and 2% sevoflurane), using the network-based statistic (NBS) (Zalesky et al., 2010), to identify
network alterations that reliably distinguish between the presence and absence of consciousness. Statistical significance between each pair of
conditions was determined by the NBS with an intensity-based F-threshold of 10

changes in the integrated sub-state mostly consisted of reductions, portions of the left thalamus; however, a small number of increases
especially between visual regions (dark blue) but also extensively in connectivity were also observed, primarily involving anterior
involving regions of the default mode network (DMN; black nodes, regions of the fronto-parietal control network (FPN; yellow nodes)

Figure 6b), and a disconnection between anterior and posterior (Figure 6b).
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FIGURE 5 Connectivity changes during segregated sub-state induced by sevoflurane. For the predominantly segregated sub-state, functional
connectivity between pairs of 232 brain regions from each conscious condition (awake and recovery) are compared with every unconscious
condition (burst-suppression, 3% sevoflurane and 2% sevoflurane), using the network-based statistic (NBS) (Zalesky et al., 2010), to identify
network alterations that reliably distinguish between the presence and absence of consciousness. Statistical significance between each pair of
conditions was determined by the NBS with an intensity-based F-threshold of 10

In contrast, the majority of alterations that were exclusively
observed during the predominantly segregated sub-state consisted of
interhemispheric increased connectivity (reduced anticorrelations)
between the default mode and FPN or dorsal attention networks

(DAN; dark green nodes) (Figure 6c). The DMN is prominently

involved in supporting human consciousness (Bodien, Threlkeld, &
Edlow, 2019; Campbell et al., 2020; Di Perri et al., 2016; Luppi
et al., 2019; Luppi, Mediano, Rosas, Allanson, et al., 2020; Threlkeld
et al., 2018), and a perturbation of its characteristic alternation with

the FPN/DAN has been repeatedly observed during unconsciousness
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FIGURE 6 Consciousness-specific dynamic reorganisation of functional connectivity induced by sevoflurane. Separately for the
predominantly integrated and segregated sub-states, the common changes identified by the network-based statistic (NBS) between all conscious
and all unconscious conditions (Figures 4 and 5) are identified. The results are then compared between the two dynamic sub-states, to identify
alterations that are insensitive to brain network dynamics, being shared by both sub-states (a), versus alterations that are consistently observed
only in the integrated sub-state (b) or only in the segregated sub-state (c). Yellow edges: conscious > unconscious. Green edges: unconscious >
conscious. Black nodes: default mode network. Light blue: visual network. Dark blue: sensorimotor network. Dark green: salience/ventral
attention network. Light green: dorsal attention network. Yellow: fronto-parietal network. Regions of interest (ROls) were assigned to resting-
state network by Schaefer et al. (2018) based on the definitions of Yeo et al. (2011). Statistical significance between each pair of conditions was
determined by the network-based statistic (NBS) with an intensity-based F-threshold of 10. The same results were obtained using an extent-

based threshold instead (Figure S3)

due to DOC, propofol, as well as sevoflurane (Bonhomme et al., 2016;
Boveroux, Vanhaudenhuyse, & Phillips, 2010; Demertzi et al., 2015;
Deshpande et al., 2010; Di Perri et al., 2018; Huang et al., 2020;
Kafashan et al., 2016; Luppi et al., 2019; Palanca et al., 2015, 2017).

3.3 | Diminished functional network
small-worldness under sevoflurane

In addition to reorganisation of individual connections between brain
regions, previous evidence indicates that loss of consciousness also
induces changes in the global topology of functional brain networks.
Specifically, a measure of optimal information transfer known as the
network's small-world character is compromised in a dynamic fashion
during loss of consciousness induced by propofol anaesthesia
(Barttfeld et al., 2015) or severe brain injury (Luppi et al., 2019). More-
over, such impairment was not uniform over time, but rather informed
by brain dynamics of integration and segregation (Luppi et al., 2019).
Therefore, here we analysed the small-world propensity of brain net-
works across levels of sevoflurane anaesthesia, separately for the pre-
dominantly integrated and segregated dynamic sub-states.

Analysis of variance indicated a significant effect of sevoflurane

concentration on small-world propensity of brain networks, both for

the predominantly integrated (F[4,69] = 7.81, p <.001) and predomi-
nantly segregated sub-states (F[4,69] = 11.02, p <.001). Post-hoc
Bonferroni-corrected pairwise tests revealed that indeed, small-world
propensity of brain networks was decreased during sevoflurane-
induced LOR, reaching its lowest level at 3% sevoflurane concentra-
tion, and it returned to baseline levels after awakening (Figure 7 and
Tables S4 and S5). However, small-world propensity appeared to fol-
low different recovery trajectories when the dynamics of brain inte-
gration and segregation were taken into account. For the
predominantly integrated sub-state, small-world propensity decreased
sharply at BS, but then returned gradually to baseline levels upon
awakening; conversely, for the predominantly segregated sub-state
the return to baseline levels occurred earlier, when sevoflurane con-
centration was reduced from 3 to 2% volume, even though at 2% vol-
ume the participants were still deeply unresponsive.

For both dynamic sub-states, the overall reduction in small-world
propensity under sevoflurane resulted from the balance of two oppos-
ing trends (Figure S4): the deviation of characteristic path length from
a corresponding random network (A;) decreased during anaesthesia,
which would lead to increased small-world propensity; however, this
effect was more than compensated by an increase in the deviation of
the network's clustering coefficient from that of a regular network

(Ac) — resulting in overall increased small-world propensity of brain
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FIGURE 7 Reduced small-world propensity of dynamic brain networks under sevoflurane. Violin plots represent the distribution of small-
world propensity for the predominantly integrated sub-state, and the predominantly segregated dynamic sub-state, across levels of sevoflurane.
White circle, median; horizontal centre line, mean; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range. *p < .05; **p < .01,

***p < .001, after Bonferroni correction

networks, due to substantially compromised capacity for local
processing (Tables S6-59).

3.4 | Diminished complexity of functional
connections during sevoflurane anaesthesia

Finally, recent research has converged in indicating that spatial and
temporal complexity of the brain are reduced during propofol-
induced general anaesthesia (Varley et al., 2020), and also in
patients with DOC (Luppi et al., 2019). Complexity is increasingly
recognised as a fundamental property for the brain's ability to sup-
port a wide repertoire of conscious states (Carhart-Harris, 2018;
Carhart-Harris et al., 2014; Tononi et al., 1994; Wenzel et al., 2019).
In particular, it was shown that a measure of brain complexity, the
diversity (entropy) of connectivity between brain regions, is not uni-
form in time, but rather it is particularly disrupted by loss of con-
sciousness during predominantly integrated states of brain
dynamics (Luppi et al., 2019). Therefore, we sought to determine
whether the complexity of functional connectivity patterns was
reduced during sevoflurane anaesthesia, and whether this disrup-
tion exhibited differences between the predominantly integrated

and segregated sub-states of brain dynamics, as previously

observed with loss of consciousness induced by propofol or severe
brain injury. Therefore, we examined the Shannon entropy of brain
connectivity patterns (Saenger et al., 2018) across levels of
sevoflurane, separately for the predominantly integrated and segre-
gated dynamic sub-states.

Analysis of variance indicated a significant effect of anaesthetic
depth on the entropy of connection patterns between regions, for
both the predominantly integrated (F[4,69] = 9.60, p < .001) and pre-
dominantly segregated sub-states (F[4,69] = 30.19, p < .001). Subse-
quent Bonferroni-corrected pairwise tests revealed that, as expected,
the entropy of whole-brain connectivity patterns was significantly
reduced at high concentrations of sevoflurane, and returned to base-
line upon awakening (Tables S10 and S11). Similarly to small-world
propensity, the lowest values of connectivity entropy were observed
at 3% volume of sevoflurane (Figure 8). However, the patterns of
changes appeared to differ between predominantly integrated and
segregated dynamic sub-states. For the integrated sub-state, decrease
in connectivity entropy was not immediate: no significant difference
was observed between wakefulness and BS; likewise, recovery was
also gradual (Figure 8). In contrast, the segregated sub-state exhibited
a sharp drop in connectivity entropy between wakefulness and BS, as
well as a subsequent sharp increase back to baseline levels when

sevoflurane concentration was reduced from 3 to 2% volume, despite
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the fact that participants were still anaesthetised—analogously to
small-world propensity (Figure 8).

3.5 | Validation of results

The present results were obtained with nodes defined by the aug-
mented Schaefer-232 atlas, which was recently found to produce the
most topologically representative brain networks among a set of
9 anatomical and functional parcellations of different granularity
(Luppi & Stamatakis, 2020). Nevertheless, since our results are
strongly dependent on network characterisation, we further demon-
strated their robustness by replicating them using an alternative way
of defining brain network nodes. Specifically, we employed the
Brainnetome atlas (Fan et al., 2016), which comprises 246 cortical and
subcortical ROIs obtained from combined anatomical and functional
connectivity (Figures S5-S9). Of note, the disconnection between
anterior and posterior portions of the left thalamus (rostral and caudal
left temporal thalamus) was shared by the integrated and segregated
sub-states, instead of being specific to the predominantly integrated
sub-state. Several regions of the limbic subnetwork of Yeo
et al. (2011) also showed reduced connectivity, especially in the inte-
grated sub-state.

For the Schaefer-232 atlas, we also replicated our results without
excluding the subject with high number of scrubbed volumes, and
without including the number of scrubbed volumes as a covariate in
our statistical analyses, relying instead on non-parametric tests (per-
mutation-based) to account for any outliers (Figures S10-514). The

main difference was that a substantially larger number of connectivity

changes were evident across both sub-states of dFC, at least some of
which may be related to the effects of scrubbing. Finally, we also
show that our results are replicated using shorter (18 TRs ~33 s) and
longer (27 TRs ~50s) window lengths (Figures $15-517).

4 | DISCUSSION

Here we combined fMRI dFC and graph theory to investigate two
fundamental properties of both the human mind and brain—
integration and segregation—and how they are affected by general
anaesthesia induced by the inhalational anaesthetic, sevoflurane, in a
re-analysis of previously published data (Ranft et al., 2016). Specifi-
cally, we hypothesised that if the effects on brain integration and seg-
regation observed in propofol anaesthesia and DOC patients are
involved in supporting consciousness, then (a) they should also be
observed with sevoflurane; and (b) they should be reversed upon
recovery.

To this end, we leveraged a well-established method known as
“cartographic profile” to obtain dynamic sub-states of brain integra-
tion and segregation, known to play different roles in human cognition
and consciousness (Fukushima et al., 2018; Luppi et al., 2019, 2021,
Shine et al.,, 2016). A summary of our key findings is presented in
Figure 9.

Remarkably, our first observation was that at the deepest levels
of sevoflurane (BS and 3% volume), the brain switched from spending
most of the time in the predominantly integrated sub-state of dFC, to
spending most time in the segregated sub-state instead. We note that

in earlier work (Luppi et al., 2019), we did not observe differences in
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FIGURE 9 Summary of dynamic network changes across levels of sevoflurane anaesthesia observed in the present study. (i) From
responsiveness (awake or recovery) to surgical levels of anaesthesia (2% vol) participants become unresponsiveness (and presumably
unconscious). The integrated sub-state shows the most prominent changes, with reduced entropy and small-world propensity (SW) as well as
functional connectivity reorganisation; functional connectivity changes are also observed in the segregated sub-state. (ii) Beyond surgical levels of
anaesthesia (3% vol and burst-suppression), there is a reduction of the time spent in the integrated sub-state; additionally, the segregated sub-
state exhibits reductions in entropy and small-world propensity (note that this second step only mentions additional changes, which were not

already present at the previous step)

the proportion of time spent in the integrated sub-state during uncon-
sciousness. However, the propofol anaesthesia described in Luppi
et al. (2019) (Ramsay level 5) was most similar to the 2% vol concen-
tration in the current study (Ramsay scale level 6) (Ranft et al., 2016).
Corroborating our earlier work, at 2% vol our participants were still
deeply unresponsive, but the proportion of time spent in the inte-
grated sub-state returned to wake-like levels. Thus, the present
results are in line with our previous observation that loss of con-
sciousness (identified in terms of LOR), induced by a dose of propofol
comparable with 2% vol sevoflurane, does not alter the temporal bal-
ance of integrated and segregated states in the human brain. Conse-
quently, we interpret the reduced time spent in the integrated sub-
state at higher sevoflurane concentrations as being related to the drug
dosage, rather than the absence of consciousness (indicated by
responsiveness) per se.

This observation may bear direct clinical relevance. A sevoflurane
concentration of 2% vol is compatible with surgical anaesthesia in
adults (Miller, Theodore, & Widrich, 2020), and depth of anaesthesia
beyond surgical requirements is associated with delayed recovery,
and risk of postoperative delirium and cognitive dysfunction (Radtke
et al,, 2013). Recent work indicates that patients with more EEG sup-
pression are more likely to experience postoperative delirium (Fritz
et al., 2016), as are patients who experience EEG suppression at
lower concentrations of volatile anaesthetic (Fritz, Maybrier, &
Avidan, 2018). On the other hand, EEG suppression was not associ-
ated with long-term changes in cognitive ability in patients or healthy
volunteers (Fritz et al., 2016; Shortal et al., 2019), and delirium itself
appears to be better predicted by preoperative abnormal cognition

than by EEG suppression (Fritz et al, 2020). Crucially, here we

observed reduced time spent in the integrated sub-state already
before the BS stage. Thus, it is tempting to speculate that the
disrupted temporal balance of brain integration and segregation
observed at 3% concentration of sevoflurane and above may be
related to deeper anaesthesia and subsequent delirium and cognitive
deficits. Future work may directly investigate whether disrupted tem-
poral balance of brain integration and segregation could represent a
predictor or even part of the neuronal mechanism responsible for
postoperative delirium and cognitive deficits, possibly even before the
stage of BS is reached.

Supporting the notion that high doses of sevoflurane have addi-
tional effects beyond those exerted to induce LOR, at BS and 3% vol-
ume of sevoflurane we also observed reductions in the complexity
(entropy) of functional connections and brain network small-world
propensity, for both the integrated and segregated dynamic sub-
states—whereas previously such results had only been reported for
the integrated sub-state (Luppi et al., 2019). Crucially, both small-
world propensity and entropy of the segregated sub-state exhibited a
significant increase back to baseline when sevoflurane concentration
was reduced to 2%—whereas this was not observed for the integrated
sub-state: instead, the return to baseline levels upon recovery was
more gradual.

Thus, although both dynamic sub-states exhibit reduced small-
world character and reduced complexity of connectivity patterns at
high levels of sevoflurane, at 2% concentration neither effect was
observed for the segregated sub-state—even though individuals were
deeply unresponsive.

Therefore, supporting our earlier results (Luppi et al., 2019), the
present findings suggest that reduced complexity and small-worldness
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of the integrated sub-state are associated with loss of responsiveness
(and presumably consciousness), whereas changes in these properties
observed during the segregated state appear to reflect drug dose. This
is noteworthy because the integrated sub-state is the one more
closely related to alertness and cognitive performance (Shine
et al,, 2016).

Anticorrelations between the default mode and FPN/DAN are
well-known to characterise the awake human brain at rest, and a per-
turbation of their characteristic alternation—as we observed here—is a
robust hallmark of unconsciousness shared by DOC and anaesthesia
with propofol, sevoflurane and even the dissociative anaesthetic keta-
mine (Bonhomme et al., 2016; Boveroux et al., 2010; Demertzi
et al., 2015; Di Perri et al,, 2018; Golkowski et al., 2019; Huang
et al., 2020; Luppi et al., 2019; Luppi, Mediano, Rosas, Allanson,
et al., 2020; Ranft et al., 2016).

However, previous work examining the dynamics of reduced
anticorrelations induced by propofol or severe brain injury reported
that they occur primarily during the integrated sub-state (Luppi
et al., 2019). Instead, our results suggest that the segregated sub-state
is also involved in the reduced anticorrelations induced by
sevoflurane. Although sevoflurane has more widespread molecular
mechanisms of action than propofol (Palanca et al., 2017), an alterna-
tive explanation is that general anaesthesia was deeper in the present
study than in our previous work (Luppi et al., 2019), and the present
findings indicate that at sufficiently high sevoflurane concentrations,
effects that were previously observed only during the integrated sub-
state can extend to the segregated sub-state. This hypothesis may be
further investigated in studies employing lower doses of sevoflurane,
to determine at which point the reduction in anticorrelations spreads
from the integrated to the segregated sub-states of dFC.

Unlike previous studies (Golkowski et al, 2017; Luppi
et al., 2019), we did not observe reconfigurations of thalamocortical
connectivity; however, we did observe a decrease in connectivity
between anterior and posterior portions of the left thalamus, which
was consistently reversed when responsiveness was restored—
indicating that it was specifically associated with LOR. Intriguingly, the
thalamocortical disconnection of Luppi et al. (2019) was also left-lat-
eralised. These results suggest that when brain dynamics are consid-
ered, thalamocortical disconnection may be associated with loss but
not recovery of responsiveness (and presumably consciousness). Con-
versely, anterior-posterior connectivity within the left thalamus itself
(which [Luppi et al., 2019] could not examine due to their use of a
coarser-grained parcellation) seems to be more specific, being reduced
upon LOR and restored upon recovery.

Our results are complementary to the dynamic analysis of
Golkowski et al. (2019). Using a variable number of dynamic sub-
states, these researchers observed that anaesthesia with propofol or
sevoflurane reduces the brain's dynamic repertoire. Conversely, our
results using a fixed number of dynamic sub-states based on network
integration and segregation, reveal that the individual sub-states and
their network properties are themselves altered during LOR, even
before their relative prevalence is impacted. In particular, we were

able to further establish the relative sensitivity of each dynamic sub-

state to pharmacological perturbations, and identify which aspects are
related to LOR rather than the drug's other effects on the brain—
especially evident at higher concentrations.

The pattern of connectivity entropy changes, being most profound
at 3% concentration of sevoflurane, is consistent with previous results
obtained with permutation entropy in the same dataset (Ranft
et al., 2016), even though those results pertained to entropy of EEG
temporal signals rather than fMRI connectivity patterns. This robustness
across domains mirrors recent evidence that propofol anaesthesia pro-
duces similar reductions of brain complexity, whether measured in the
spatial or temporal domains (Varley, Luppi, et al., 2020).

The present findings further complement those of Luppi
et al. (2019) in several respects. First, we show that their key findings
pertaining to reduced complexity and small-worldness of the inte-
grated sub-state during LOR, can be further generalised to general
anaesthesia induced by a different avenue: sevoflurane inhalation.
Second, Luppi and colleagues determined consciousness-specificity in
terms of similarities between acute propofol administration and
chronic DOC: that is, they identified perturbations that accompanied
unconsciousness (indicated by unresponsiveness) irrespective of its
cause, across different individuals. However, their study did not
include a comparison with post-anaesthetic recovery. By showing that
these putative consciousness-specific alterations are reversed upon
awakening, here we demonstrate that they specifically track con-
sciousness also within the same individual. Thus, our results extend
the generalisability of earlier findings, while also strengthening the

case for their role in supporting human consciousness.

4.1 | Limitations
This study has a number of limitations that should be taken into
account. First, sevoflurane anaesthesia started at higher concentra-
tions (BS), followed by reduced concentrations (3 and 2% volume).
Since sevoflurane is known to induce a dose-dependent increase of
cerebral blood flow, despite its reduction in cerebral metabolism
(Palanca et al., 2017), our design introduces the possibility that find-
ings at lower anaesthetic concentrations may reflect insufficient
recovery from the higher doses. However, data were acquired after
steady-state equilibrium had been reached. Additionally, our results
pertaining to altered temporal balance between dynamic sub-states
were reversed when sevoflurane concentration dropped to 2% vol,
and both small-worldness and complexity of connectivity patterns
exhibited significant differences between 2% vol and deeper levels.
Finally, in addition to noting that motion, cardiac, physiological and
respiratory artifacts are accounted for in our denoising procedure
(Section 2), we also note that previous work using the same dataset
reported consistent findings across fMRI and EEG, even though EEG
is independent of the BOLD signal, and therefore unaffected by sev-
oflurane's effects on the coupling between cerebral metabolism and
cerebral blood flow (Ranft et al., 2016).

We also acknowledge that although we used loss of behavioural

responsiveness (LOR) as a proxy for unconsciousness, the two are
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theoretically distinct and can be dissociated in practice (Huang
et al,, 2018; Leslie et al., 2009; Monti et al., 2010; Ni Mhuircheartaigh,
Warnaby, Rogers, Jbabdi, & Tracey, 2013; Owen et al., 2006). Never-
theless, this concern is mitigated in the present study by the fact that
our analysis included very deep levels of anaesthesia, with the lowest
(2% vol) being already equivalent to surgical levels (Katoh &
Ikeda, 1987; Miller et al., 2020), and the deepest level inducing EEG
burst-suppression (Ranft et al., 2016), making the presence of con-
sciousness despite unresponsiveness very unlikely. Nevertheless, the
combination of our analyses with measures of consciousness that do
not depend on responsiveness, such as the perturbational complexity
index (Casali et al., 2013), could shed further light on their relevance
for consciousness versus responsiveness.

Another limitation is that neither parcellation used included the cer-
ebellum, whose role in anaesthetic-induced loss of consciousness
deserves further investigation. Finally, cartographic profile based on
sliding-windows is one among a rapidly expanding number of ways to
investigate brain dynamics (Allen et al, 2014; Atasoy, Donnelly, &
Pearson, 2016; Atasoy et al., 2017; Atasoy, Vohryzek, Deco, Carhart-har-
ris, & Kringelbach, 2018; Barttfeld et al., 2015; Cai, Wang, et al., 2020;
Cai, Wei, et al., 2020; Cao et al., 2019; Deco et al., 2019; Demertzi
et al,, 2019; Eagleman, Chander, Reynolds, Ouellette, & Maclver, 2019;
Eagleman et al., 2018; Fukushima et al., 2018; Hahn et al., 2020; Huang
et al., 2020; Hutchison, Hutchison, Manning, Menon, & Everling, 2014;
Hutchison et al, 2013; Lee et al., 2019; D. Li et al, 2019; Y. Li
et al, 2020; Lord et al, 2019; Luppi, Vohryzek, Jakub, Kringelbach,
et al., 2020; Lurie et al., 2020; Preti et al., 2017; Riehl et al., 2017; Shine
et al., 2016, 2019; Standage et al., 2020; Uhrig et al., 2018; Varley,
Denny, Sporns, & Patania, 2020; Vlisides et al., 2019; Vohryzek, Deco,
Cessac, Kringelbach, & Cabral, 2020; Zamani Esfahlani et al., 2020;
Y. Zhang et al., 2019, 2020). Each approach inevitably comes with both
strengths and limitations, although converging evidence is already begin-

ning to emerge across different methods.

5 | CONCLUSION

Overall, we demonstrate that general anaesthesia induced by 2% vol
sevoflurane is accompanied by reorganised functional connectivity
and network properties within dynamic sub-states, whereas higher
doses also compromise the temporal balance of integration and segre-
gation in the human brain. Taken together, our results demonstrate
that brain network complexity and information capacity during
dynamic states of high integration are hallmarks of intact human con-
sciousness, being compromised during general anaesthesia, and

restored upon recovery.
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