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Abstract

Consciousness has been linked to the repertoire of brain states at various spatiotemporal scales.
Anesthesia is thought to modify consciousness by altering information integration in cortical and
thalamocortical circuits. At a mesoscopic scale, neuronal populations in the cortex form
synchronized ensembles whose characteristics are presumably state-dependent but this has not
been rigorously tested. In this study, spontaneous neuronal activity was recorded with 64-contact
microelectrode arrays in primary visual cortex of chronically instrumented, unrestrained rats under
stepwise decreasing levels of desflurane anesthesia (8%, 6%, 4%, and 2% inhaled concentrations)
and wakefulness (0% concentration). Negative phases of the local field potentials formed compact,
spatially contiguous activity patterns (CAPS) that were not due to chance. The number of CAPs
was 120% higher in wakefulness and deep anesthesia associated with burst-suppression than at
intermediate levels of consciousness. The frequency distribution of CAP sizes followed a power—
law with slope —1.5 in relatively deep anesthesia (8—6%) but deviated from that at the lighter
levels. Temporal variance and entropy of CAP sizes were lowest in wakefulness (76% and 24%
lower at 0% than at 8% desflurane, respectively) but changed little during recovery of
consciousness. CAPs categorized by K-means clustering were conserved at all anesthesia levels
and wakefulness, although their proportion changed in a state-dependent manner. These
observations yield new knowledge about the dynamic landscape of ongoing population activity in
sensory cortex at graded levels of anesthesia. The repertoire of population activity and self-
organized criticality at the mesoscopic scale do not appear to contribute to anesthetic suppression
of consciousness, which may instead depend on large-scale effects, more subtle dynamic
properties, or changes outside of primary sensory cortex.
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INTRODUCTION

Cognitive functions are instantiated by transient neuronal ensembles organized at multiple
spatial scales, from individual neurons, to neuronal populations, to large-scale networks
(Werner, 2009b; Bressler and Menon, 2010). At the macroscopic level of field potentials
such as the EEG, spatial patterns of electrical activity form metastable landscapes of sub-
second duration, so-called microstates, that are associated with conscious, reportable
thoughts or “mind states” (Lehmann et al., 1998). Using functional magnetic resonance
imaging (fMRI) or voltage indicator imaging, dynamic patterns of local activity occur in
wakefulness and anesthesia (Scott et al., 2014). At a smaller scale, neuronal populations in
the cortex display stereotypic firing sequences that sample a relatively fixed repertoire of
activity patterns as building blocks of the neuronal code; the patterns that occur during
spontaneous ongoing activity resemble those evoked by somatosensory or auditory sensory
stimulation (Luczak et al., 2009, 2015). In the visual cortex, spatiotemporal correlations of
spikes are similar during spontaneous ongoing activity and during the presentation of natural
visual scenes, suggesting that the sensory input triggers intrinsic circuit dynamics rather than
generating stimulus-specific structure (Fiser et al., 2004). These and other observations
(Shew et al., 2009) suggest that, even in the absence of exogenous stimuli, correlated
spontaneous activity carries important information about the functional dispositions of local
circuits.

An important outstanding question is how the repertoire of intrinsic activity patterns may be
altered when the state of consciousness is modulated, as occurs, for example, during general
anesthesia. The repertoire of states that the brain accesses over time has been hypothesized
to be an essential determinant of the brain’s information capacity and its level of
consciousness (Oizumi et al., 2014). A reduction in the brain’s large-scale network
repertoire may explain reduced level of consciousness in dreamless sleep (Tononi, 2012) and
anesthesia (Alkire et al., 2008). Conversely, its increase may be permissive for the
psychedelic state (Carhart-Harris et al., 2014).

Experimental tests of the repertoire hypothesis are scarce (Barttfeld et al., 2015; Hudetz et
al., 2015a) and most investigations have focused on patterns of connectivity and dynamics in
large-scale brain networks (Boveroux et al., 2010; Martuzzi et al., 2010; Murphy et al.,
2011; Schrouff et al., 2011; Barrett et al., 2012; Hudetz, 2012; Liu et al., 2012; Lee et al.,
2013; Monti et al., 2013; Alonso et al., 2014; Blain-Moraes et al., 2014; Maksimow et al.,
2014; Mashour, 2014; Nasrallah et al., 2014; Pal et al., 2015; Palanca et al., 2015; Sarasso et
al., 2015; Hudetz et al., 2015a; Guldenmund et al., 2016; Tagliazucchi et al., 2016; Warnaby
et al., 2016). Neuronal synchrony or dynamics at the spike or population level during general
anesthesia have received considerably less attention (Sleigh et al., 2009; Lewis et al., 2012;
Sellers et al., 2013, 2015; Hudson et al., 2014; Vizuete et al., 2014; Hudetz et al., 2015b).
Understanding the repertoire of mesoscopic patterns of neural synchronization in local
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circuits will be critical to bridge molecular effects of anesthetic binding to macroscopic
neural, cognitive, and behavioral phenomena.

Mesoscopic dynamic patterns of neuronal population activity can be captured by local field
potentials (LFPs) recorded with high-density microelectrode arrays. During spontaneous
ongoing activity, neuronal population firing is closely correlated with the negative phase of
the LFP, mainly due to synchronous dendritic depolarization of the population at a time scale
that corresponds to the integration time of neurons — approximately 10 ms (Gabernet et al.,
2005). The negative phases of LFPs (nLFPs) form spatiotemporal patterns whose size
distribution follows scale-free (power—law) distribution (Beggs and Plenz, 2003), suggesting
the presence of self-organized criticality (Werner, 2009a). The diversity of nLFP patterns
serves as a measure of the brain’s state repertoire that may, in turn, correlate with the state of
consciousness. Dose-dependent effects of anesthetics on this repertoire associated with the
loss or return of consciousness have not been determined.

To address this gap of knowledge, we recorded spontaneous ongoing LFP activity using 64-
site silicone microelectrode arrays in the rat cerebral cortex /in vivo at four anesthetic levels
and wakefulness. We chose to record in primary visual cortex in order to enable comparison
with our prior work (Vizuete et al., 2012, 2014; Hudetz et al., 2015b). Although neuronal
activity in the primary visual cortex may not be sufficient, it is necessary to form conscious
visual experience (Koch et al., 2016). The pattern of spontaneous neuronal activity in this
region is modulated by bottom-up and top-down influences that shape the contents and
quality of conscious visual experience (Cauller, 1995; Lamme and Roelfsema, 2000; Hudetz
and Mashour, 2016).

For anesthesia, we chose desflurane, a clinically used inhalational agent that equilibrates
rapidly (Eger and Johnson, 1987) and therefore allows more precise control of steady-state
anesthesia level. We adjusted the anesthetic level from deep anesthesia to wakefulness in a
step-wise manner while the animal regained consciousness.

We found that nLFPs formed stereotypic, contiguous activity pattern (CAP) formations that
could not be accounted for by chance and whose size distribution followed power—law.
Surprisingly, the repertoire of CAPs did not change when the animals regained
consciousness although the proportion of frequency of occurrence of various CAPs changed
in a state-dependent manner. The entropy of CAPs was also lowest in wakefulness. These
observations yield fundamental new knowledge about the dominant spatial forms of
spontaneous ongoing population activity in the rat visual cortex. The study reveals a dose-
dependent effect of anesthesia on the temporal distribution of local activity patterns, while
highlighting the invariance of their spatial repertoire despite the change in state of
consciousness.

EXPERIMENTAL PROCEDURES

The experimental procedures and protocols were reviewed and approved by the Institutional
Animal Care and Use Committee. All procedures conformed to the Guiding Principles in the
Care and Use of Animals of the American Physiologic Society and were in accordance with
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the Guide for the Care and Use of Laboratory Animals (National Academy Press,
Washington, D.C., 2011). All efforts were made to minimize the number of animals used
and their suffering.

Animal preparation

The surgical protocol has been previously described (Vizuete et al., 2012, 2014; Pillay et al.,
2014). Briefly, 12 adult male Sprague—Dawley rats (260-440 gm) were chronically
implanted with microelectrode arrays (Neuronexus Technologies, Inc., Ann Arbor, MI) for
extracellular recording of the monocular region of the primary visual cortex (V1M, 7.0 mm
posterior, 3.0-3.5 mm lateral to Bregma) (Paxinos and Watson, 1998). The microelectrode
arrays had 64-contacts arranged as a planar 8 x 8 matrix (eight shanks, each with eight
contacts) with a 200-um contact spacing in both directions. The top recording sites were
near the cortical surface in layer 1 and bottom recording sites were putatively in layers 5-6.
The contacts were oriented in the sagittal plane and spanned the entire depth of the cortex.
For reference, we used a stainless steel screw in the parietal cortex of the opposite
hemisphere (4.0 mm posterior, 2.0 mm lateral, relative to bregma). The rats were allowed to
recover for several days after surgery.

On the day of the experiment, the rat was placed in a ventilated anesthesia chamber where it
could freely move. The room was darkened and the rat was allowed ~45 min to
accommodate to the environment. Desflurane was applied in the sequence of 8%, 6%, 4%,
2% and 0% inhaled concentrations (added to 30% O in N5) for 45-50 min at each level.
Vapor concentrations in the anesthesia chamber were continuously monitored (POET 1Q2,
Criticare Systems, Waukesha, W1, USA). During anesthesia, the core body temperature was
rectally monitored (model 73A, YSI, Yellow Springs, OH, USA) and maintained at 37°C
with subfloor radiant heat.

The 64-channel headstage preamplifier (ZC64 ZIF-Clip, Tucker-Davis Technologies,
Alachua, FL, USA) was connected while the rat was under 8% desflurane anesthesia. At
each anesthetic level, extracellular activity was recorded for 10 min after 15 to 20-min
equilibration. LFPs were digitally sampled at 1000 Hz and band-pass filtered at 0.3-500 Hz
(Cerebus, Blackrock Microsystems, Salt Lake City, UT, USA).

Data analysis

Ten minutes of LFP signals were filtered at 4-60 Hz using 1st-order Butterworth analog
filter. Sections of data that contained large-amplitude artifacts, usually due to movement
during wakefulness, were removed across all channels. Valid data were truncated to 6 min
duration in each condition. The signals were then down-sampled to 100 Hz (in some cases,
200 Hz) yielding data series at 10 ms (5 ms) resolution. The ideal temporal resolution of
nLFP events depends on the distance of recording sites (Beggs and Plenz, 2003); with 200-
um spacing, 10 ms is optimal and the cross-talk at this distance in the frequency band of
interest is negligible. Following the method of (Petermann et al., 2009), the time stamps of
negative signal deviations in excess of 2 standard deviations (SD) or 3 SD from the mean of
each channel were determined yielding a multivariate binary time series of negative LFP
events (nLFPs). The latter procedure was performed using a 2-s sliding window in order to
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minimize the biasing effect of slow changes in LFP amplitude within the same condition.
Data with absolute value greater than 6 SD were removed as artifacts. Simultaneous LFP
deflections at more than half of the recording sites were rare, indicating that a distant source
of activity from the reference electrode did not contaminate the nLFPs.

The multivariate binary time series were then analyzed for the spatial distribution of
temporally correlated nLFPs. At each time point, most nLFPs appeared to aggregate into
compact, contiguous clusters suggesting locally synchronous population activity. Because
synchronous field activity is the hallmark of anesthetized and sleep states, we analyzed the
size, frequency, and form of spatially connected nLFP clusters, from here on called
contiguous activity patterns or CAPs. CAPs were determined using the Matlab command
bwconncomp using eight neighbors (x, yyand diagonal directions). As explained in the
following, to exclude clusters formed by chance association, only CAPs with size greater
than two were considered. Most time points contained only one large CAP. To avoid bias,
the largest CAP from each time point was used.

The size distribution N(s) of the CAPs was determined and plotted on a log—log scale. A
power—law equation of the form N(s) ~s2 was fitted to the data by linearizing the
corresponding cumulative distribution function (White et al., 2008; Clauset et al., 2009)
using the equation

log(1—F(s))=(a+1)log(s/s0)

where the A9) is the cumulative distribution function of CAP size sand &, is the minimum
cluster size.

To determine the most typical distinct CAP formations, the K-means method was applied at
K=12, 24, 48, and 96 with the option of “cityblock” distance measure. The nLFP time series
obtained in the five conditions were concatenated so that the same cluster types can be
identified across the conditions. K-means was based on the size, centroid coordinates,
eccentricity, and orientation of the CAPs at each time point (size >2). The CAPs within each
type, as predicted by the K-means procedure, were averaged across the entire time series to
yield a probabilistic representation of each type. The frequencies of each cluster type in the
five conditions were then compared.

K-means clustering was also performed using a set of objectively selected features obtained
by dimensional reduction of the data with principal components analysis (PCA). PCA was
applied to the multichannel nLFP binary time series concatenated across five conditions and
K-means was performed using the six largest principal components as features.

The entropy S of CAPs was calculated from their size distribution using an unbiased
estimator (Moddemeijer, 1989) based on Shannon’s formula:

S=—pi y_log(pi)
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where pjis the probability of occurrence the CAP of size 7 (/~2) and the summation is for /.
Swas calculated separately for each state and animal.

We estimated the probability of CAPs forming by chance. The probability of k events from n
Bernoulli trials is given by

P(n, k)=C(n. k)p" (1-p)" "

where (1, K) is the binomial coefficient and pis the probability of an event. We assume that
all events are independent. The trials can be sequential or can represent drawings from a set
of size n. We are concerned with estimating the probability of co-occurrence of k< events on n
sites with the constraint that the events should occur at neighboring sites. Here, ris the
number of recording sites and & is the CAP size. To estimate this probability, the binomial
coefficients have to be modified to take the constraint into account. A treatment of selected
combinations in a serial sample was presented by Muir (1902). However, we need further
modification because the neighborhood constraints in our case are defined on the two-
dimensional plane of electrode contacts. It can easily be seen that the proper combinations
for the first few cluster sizes A on a square matrix set of size nare:

C(n,1) =n
C(n,2) =n-8/2!
C(n,3) =n-8-10/3!
C(n,4) =n-8-10-12/4!

Clearly, the first event can occur at any of the n positions, the second neighboring event at
eight positions surrounding the first event, the third neighboring event can occur at 10
positions, etc. In closed form for A>1:

C(n,k)=n/k!- P[6+2(i—1)]

where in the product 7runs from 2 to 4 To aid the derivation of the above coefficients, we
applied the simplifying assumption of periodic boundary conditions. If n is large and kis
small, then this assumption does not cause a significant error. The average probability of an
nLFP at any recording site was estimated as p= M(7-17) where Nis the number of the total
nLFPs in a data sample, 7is the sample duration (number of time points per condition,
24,000) and n is the number of sites, in this case, 64. A(n, k) was then calculated for K=2, 3,
4, etc. An, K) estimates the chance occurrence of CAP of size k at one time point.

Surrogate data were obtained by shifting the individual nLFP time series by a random
integer with values between —100 and +100 drawn from a uniform distribution. Several
methods of randomization to create surrogate data sets have been proposed (Grun, 2009).
Shifting the entire time series of channels relative to each other is favored because it
preserves the spectral characteristics of all time series while destroying their correlation
structure. The choice of shift range was based on the time gaps between nLFP events.

Neuroscience. Author manuscript; available in PMC 2017 December 17.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

HUDETZ et al.

Page 7

To determine if the CAPs’ distributions were due to higher-order correlations of the LFP
signals, we generated a second set of surrogate signals that preserved both the amplitude
spectra and the pair-wise correlations among the signals. Using the method of (Prichard and
Theiler, 1994), LFP signals were Fourier-transformed and the phase of each frequency
component was rotated by a uniformly distributed random number in the range of [0,pi),
using the same phase rotation for all LFP channels. Applying the inverse Fourier transform
yielded a phase-randomized signal with conserved power spectrum and pairwise correlations
but absent higher-order correlations. Surrogate nLFPs were then obtained by thresholding
and binarizing the phase-randomized LFP signals. The calculation was performed on 6 min
of downsampled (100 Hz), filtered and normalized LFP data.

To quantify the spatial segregation tendency of the CAPs in five states, the x — y center
coordinates of the CAPs were represented as a 40 x 40-pixel binary image. An entropy filter
was applied to each image (entropyfilt.m, Matlab) that is used to extract a smooth,
statistically clustered neighborhood. Each pixel of the filtered image contained the entropy
value of the 9-by-9 neighborhood around each pixel of the original image. The resulting
image was then thresholded at 0.85, 0.80, or 0.95 level to arrive at a binary representation of
clustered CAP centers. The percentage of pixels that passed threshold was taken as an index
of CAP center clustering.

Statistical analysis

RESULTS

The concentration-dependent effects of desflurane on the number of CAPs, wait times and
cluster size were tested using repeated measures analysis of variance (RM-ANOVA) with the
anesthetic concentration as within factor and the rat as subject followed by Tukey—Kramer
all pair-wise multiple comparison (T-K) at alpha=0.05 level. The sphericity assumption for
each RM-ANOVA was checked with Mauchly’s test and was found violated. Therefore,
Geisser—Greenhouse correction was applied and adjusted p values (Geisser—Greenhouse
epsilon probability levels) were used. Statistical significance of deviation of cluster size
distribution from power—law was tested with the Kolmogorov-Smirnov test (K-S). Sample
sizes were determined based on previous experience. Blinding methods were not feasible
because of the close involvement of all investigators in the experimental and analytical work.
All calculations were performed using MATLAB 2011a (MathWorks, Natick, MA, USA).
Statistical testing of group results was performed using NCSS 2007 (NCSS, Kaysville, UT,
USA). The central tendency of all data is reported as arithmetic mean and standard deviation
unless noted otherwise. Scatter plots show standard errors of the mean.

Negative LFPs reflect population spikes under anesthesia

We examined the spatiotemporal structure of LFP and extracellular unit activity recorded by
64-site silicone electrodes in visual cortex of twelve rats at four levels of desflurane
anesthesia and wakefulness. The negative phases of the LFPs were closely correlated with
bursts of extracellular spiking, which was most evident during burst suppression at the
deepest level of anesthesia at 8% desflurane (Fig. 1). Reducing the concentration of
anesthetic to 6%, 4% and 2%, made the spiking gradually more continuous but the
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correlation with negative LFP phases was still discernible. These results justify the use of
nLFP as an indicator of population activity across various anesthetic conditions.

The frequency spectra of LFPs under different conditions were similar with the exception
that the low-frequency amplitude was gradually reduced as the anesthetic was withdrawn
(Fig. 2). There was a significant linear trend in the peak amplitude vs. desflurane (p=0.0011,
RM-ANOVA).

To obtain a binary representation of the LFP activity correlated with population spiking, we

re-sampled the LFP at 100 Hz. At each time point, the LFP falling below a chosen threshold
(1, 2 or 3 SD below the mean) was defined as an nLFP event and assigned a value of 1 in the
corresponding time series.

nLFPs form stereotypic CAPs

nLFPs showed a strong tendency to form spatial clusters that changed their configuration
frequently (Movie 1). We found that 88+15% of the nLFPs formed close aggregates or, as
we refer to them, contiguous activity patterns (CAPSs). By visual inspection, similar
clustering of nLFPs occurred under anesthesia, although they were often separated by longer
time gaps (Movie 2). Our main goal was then to determine if anesthesia altered the number
and diversity of various forms CAPs. The latter was considered as a measure of the
repertoire of population activity patterns or “states” the brain would enter over time.

CAPs larger than 2 do not form by chance

We examined analytically the probability that CAPs occurred by the chance association of
nLFPs. Combining data from all experiments, the average probability of an nLFP to occur
was 0.293+0.041. Using a combinatorial model (see Methods), we estimated the probability
of the chance occurrence of a size-2 CAP (i.e., two adjacent nLFPs) as 78 +24 x 1074
equivalent to 187+58 CAPs in a 4-min period. This was comparable to the actual number of
size 2 clusters at 422+115 (mean and SEM over all experiments and conditions). The
calculated probability of a size-3 CAP to occur by chance was 18+8x 107> equivalent to 4+2
CAPs in four minutes. This number was negligible compared to the 188+37 CAPs observed
suggesting that CAPs larger than two could not be formed by chance but by correlated
neuronal activity.

CAP size distribution follows power—law

To analyze the statistical distribution of CAP size in five states, nLFP data were combined
from all animals and the number of CAPs (including sizes 1 and 2) was plotted as a function
of CAP size (Fig. 3). The distributions at 8% and 6% desflurane followed a power—law as
indicated by a linear relationship in the log—log plot with a slope close to —1.5 (N.S. vs.
power— law distribution, K-S test, pvalues in the figure). The distributions deviated from
power—law at lighter planes of anesthesia and wakefulness (p values in figure) due to a
decrease in the proportion of large CAPs. In fact, the number of CAPs greater than 32 (half
the number of recording sites) decreased from 834 to 164 between 8% and 0% desflurane,
respectively. There was also a slight change in slope at —1.56 to —1.69. Random shuffling of
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the nLFP time series relative to each quickly diminished the proportion of CAPs with size
>2 and destroyed the power—law relationship consistent with the theoretical prediction.

Because thresholded stochastic processes can produce higher-order correlations and give rise
to spurious power—law scaling that do not relate to self-organized criticality (Touboul and
Destexhe, 2010), we examined whether the CAP distributions arose from higher-order
correlations. By randomizing the phase of the LFP signals prior to thresholding, we
generated surrogate LFP signals that had unchanged power spectrum and pair-wise
correlations (Fig. 4) but were free from higher-order correlations. We found that the average
pair-wise correlation coefficients of nLFPs derived from the surrogate signals were very
similar to those obtained from of original signals in all states except at the deepest anesthetic
level where the correlation was reduced after phase-randomization (p=00011, RM-ANOVA
interaction term; p=0.00066, comparison at 8%). The power— law distribution of the
surrogate CAPs was preserved in all states (Fig. 3). Therefore, the only state in which
higher-order correlation may contribute to the CAP statistics is burst-suppression at 8%
desflurane.

CAP size varies with the anesthetic level

A summary of the average number of CAPs (size >2) as a function of desflurane
concentration from all animals is shown in Fig. 5. The U-shape dependence on anesthetic
depth showed that significantly increased population activity at the deepest level of
anesthesia (8%) and in wakefulness (0%) compared to intermediate anesthetic levels
(0=0.0026, RM-ANOVA, T-K p<0.05). This demonstrates clearly that CAPs vary with levels
of activity vs. levels of consciousness. The high number of CAPs at 8% desflurane was
associated with burst-suppression that occurred in eight of 12 animals. The degree of burst-
suppression was quantified by the burst-suppression ratio (BSR, Table 1). When the animals
with BSR >3% were excluded, the number of CAPs at 8% desflurane was similar to that at
6% desflurane (see separate point in figure). Shuffling the nLFP data as described above
diminished the number of CAPs. Similar dependence of CAP number on state were obtained
when LFPs were thresholded at 2 SD or binned 5 ms confirming that the parameter choices
did not qualitatively influence the results.

Variance and entropy of CAP size differ between wakefulness and deep anesthesia

As indicated in Table 1, rats 1-8 showed significant burst-suppression at the 8% desflurane.
A good example is shown in Fig. 1. Burst-suppression also gives rise to a large fluctuation in
CAP size. As seen in Fig. 6, the fluctuations were quite large at 8% desflurane in rats 1-8.
The fluctuations were small in the absence of bursting (rats 9-12).

In most of the animals, the fluctuations were the smallest in wakefulness, which is consistent
with the well-known small-amplitude, fast EEG or LFP patterns. In the intermediate states
(6%—-2% desflurane), the fluctuations showed greater individual variability. A general linear
relationship between CAP size variance and desflurane concentration was significant
(0=0.0014, RM-ANOVA, Fig. 7A). A similar, nearly monotonic relationship with desflurane
concentration was observed for the entropy of CAP sizes (p=0.0005, RM-ANOVA). As
shown in Fig. 7B, entropy was the lowest in wakefulness compared to all other states.
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Classification of CAP types

Visual inspection suggested that CAPs formed distinct recurrent forms. To characterize the
distribution of the different forms in five conditions (four states of anesthesia and
wakefulness), we performed K-means clustering of CAPs using their size, center
coordinates, eccentricity, and orientation as clustering features. It was determined that
eccentricity and orientation did not add to the quality of classification. Due to the
probabilistic nature of CAP formations, and because the distribution of nLFPs in the array is
not Gaussian, we did not attempt to determine how many distinct forms there might be.
Instead, we performed K-means clustering at different chosen K'values (K=12, 24, 48, and
96) and compared the distributions among the five conditions at each K.

Fig. 8 illustrates the average landscapes of classified CAPs for K=12. There was an
approximately fourfold (3.9+2.0) variation in the percentage of CAPs between the most and
the least frequent clusters suggesting a substantially unequal frequency of occurrence of the
CAPs.

The lifetime of CAPs that belonged to each cluster was short. Cluster membership can
change due to noise if the number of clusters K'is high; this effect is reduced at small K'that
yields maximally distinct cluster shapes. Even with K=12, persistence of the same cluster
type for two or more time points was less than 1% (0.73+£0.32%, K=12, all data combined).
In other words, CAPs were switching spatial configuration on a time scale of as short as 10
ms.

Because the choice of clustering features was arbitrary, we validated the results with an
alternative approach. Based on prior studies (Hudson et al., 2014), we chose to apply
dimensional reduction of the data using PCA. When PCA was applied to the temporally
concatenated multichannel nLFP data, we were able to explain, on average, 72% (range 65—
92%) of variance using only six principal components. After reapplying K-means clustering
with the six principal components as a new feature vector, we obtained results that were
practically identical to those obtained with the previously used features.

CAP type frequencies are state-dependent

A fundamental question of our study was if the spatial landscape of CAPs was altered by the
anesthetic state. Does the number of CAPs of each cluster change with anesthesia? Fig. 9A
shows that, regardless of the chosen K'value, the same clusters were present in each state.
However, it was still possible that the distribution of CAPs across the same clusters was
different in each state. To examine this, we sorted the clusters in the order of the number of
CAPs contained. Fig. 9B suggests that a redistribution of CAP numbers indeed occurred as a
function of state. Although illustrative, this result could not be tested statistically because the
CAP clusters were not readily comparable among the animals and clustering of concatenated
nLFP data from all rats and all conditions was not computationally tractable.

To test our hypothesis a different way, we calculated the SD of the number of CAPs across
the K-means clusters (K=12) and all rats. We found that the SD were substantially higher in
the two extreme states (92.9 and 105.4 at 8% and 0% desflurane, respectively) than at the
intermediate levels (27.7, 28.7, and 32.3 at 6%, 4% and 2%, respectively) suggesting that the
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number of CAP types were indeed redistributed as a function of state such that they were
more heterogeneous during wakefulness and burst suppression than at the intermediate
levels. Repeating the SD calculations in each rat separately confirmed that the difference
was statistically significant (p=0.0023, RM-ANOVA, p<0.05, T-K).

CAP centroids are more segregated in wakefulness

To gain further information about the clustering tendency of CAPs in each state, we
examined the spatial distribution of their x— ) center coordinates. The centers tended to
localize in various regions of the recording plane that changed with the anesthetic state. To
quantify the clustering tendency, we calculated the percentage of center sites that aggregated
together with high probability at a select entropy threshold (see methods). Fig. 9C shows
that the percentage of clustered CAP centers was the highest at 0% desflurane and
significantly different from those at 6% and 4% (p=0.0323, RM-ANOVA, p<0.05, T-K).
That is, the CAPs were the most localized during wakefulness. This difference was relatively
insensitive to the threshold selections used to define the clusters. Individual maps of the
center coordinates are shown in Fig. 10.

DISCUSSION

How, precisely, general anesthetics suppress consciousness has been an elusive problem for
approximately 170 years. Anesthetics are known to suppress spontaneous ongoing neuronal
activity in a dose-dependent manner (Robson, 1967; Ikeda and Wright, 1974; Armstrong-
James and George, 1988; Angel, 1991; Ogawa et al., 1992; Villeneuve and Casanova, 2003;
Hentschke et al., 2005; Sellers et al., 2013). However, the critical neuronal events that
account for the suppression of consciousness remain unknown (Alkire et al., 2008; Mashour,
2014; Meyer, 2015). Few studies have explored the dose-dependent effect of anesthetics on
cortical neuronal activity or connectivity at the level of units or LFPs (Sellers et al., 2013,
2015; Hudson et al., 2014; Raz et al., 2014; Vizuete et al., 2014).

Understanding the mechanisms of state-dependent changes in level of consciousness
requires a principled approach based on a theoretical framework (Crick et al., 2004). For
example, the Integrated Information Theory (Tononi et al., 2016) implies that the repertoire
of states that the brain accesses over time is an essential determinant of the brain’s
information capacity and level of consciousness (Oizumi et al., 2014), a reduction in the
brain’s state repertoire may explain reduced level of consciousness during anesthesia (Alkire
et al., 2008). Empirical findings from large-scale network connectivity in the brain are
consistent with this notion (Barttfeld et al., 2015; Hudetz et al., 2015a).

Another fundamental postulate is that consciousness occurs in the brain in the dynamic
regime of self-organized criticality (Werner, 2009a) often indicated by power—law
relationships (Bak and Paczuski, 1995; Beggs and Plenz, 2003) although not without critique
(Beggs and Timme, 2012). However, power—laws of neuronal population events are also
present in anesthetized animals and in vitro preparations (Massobrio et al., 2015) and
systematic assessment their state-dependence has been scarce (Ribeiro et al., 2010). On a
larger spatial scale, Lee et al. (2010) investigated the effect of propofol anesthesia in healthy
volunteers using multichannel electroencephalography and found that global scale-free
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organization (indicated by the power—law of connection times) was preserved across all
states of consciousness in spite of a significant reduction in the number of network
connections under anesthesia. Subsequently, Hudson et al. (2014) investigated the dynamics
of intracortical and intrathalamic field potentials in rats during stepwise recovery from
isoflurane anesthesia and found that LFP power followed an orderly sequence of discrete
metastable states that persisted for minutes as the animals approached the state of
consciousness. This suggests that, of the vast number of potential neuronal activity states,
the brain enters a restricted subspace of states en route to consciousness. Likewise, Solovey
et al. (2015) investigated critical phenomena in multichannel EEG recording across the
entire hemisphere of monkeys anesthetized with propofol or ketamine +medetomidine and
found that loss of consciousness was associated with the stabilization of cortical dynamics.
Finally, Tagliazucchi et al. found that large-scale dynamics based on fMRI departed from
critical regime during propofol-induced unconsciousness (Tagliazucchi et al., 2016).

We found that spontaneous population events, nLFPs, in rat visual cortex form stereotypic,
contiguous spatial clusters (CAPSs) that could not be accounted for by chance, suggesting
that they were formed by the synchronization of local neuronal populations. The size,
number, and configuration of CAPs changed with the anesthetic level but the repertoire of
CAP types was unchanged. The CAPs showed relatively low variance in size, low entropy,
and stronger tendency to localize in the wakeful state. However, these parameters changed
insignificantly near the transition from the unconscious to conscious state, suggesting that
these changes were not correlated with the state of consciousness per se.

The invariance of the repertoire of CAPs in anesthesia relative to wakefulness was
unexpected given the presumption that the brain’s state repertoire is an essential determinant
of the level of consciousness — a fundamental postulate of the Integrated Information Theory
(Tononi et al., 2016). Our finding does not refute the proposition that the state repertoire — a
putative indicator of the brain’s information capacity, is necessary for the conscious state.
Our results do suggest the possibility that the contraction of large-scale network repertoire is
not reducible to a contraction of mesoscopic spatial repertoires. The data also focus future
investigation on whether the sparsification of population events within a given time frame—
or, alternatively, the functional uncoupling of those events with events in other areas of the
cortex—is the driving factor for reduced large-scale network repertoire. This has been
measured by the configurations of large-scale intrinsic networks by fMRI. Using this
modality, anesthesia was found to have a significant effect in both rodents and primates,
albeit with a different anesthetic agent, propofol (Barttfeld et al., 2015; Hudetz et al., 2015a).
Obviously, our finding hinges on the definition of the repertoire, and the diversity of CAPs
derived from nLFPs is only one possible measure of the local population repertoire.
Examination of the temporal evolution of CAPs using sliding windows (Hudson et al., 2014)
could be a natural extension of the work in the future. This may include conditioning the
probability of each CAP on its predecessor(s), perhaps similar to the definition of the
dynamic complexity measure phi” (Oizumi et al., 2016). Alternatively, it is possible that
correlated activity of individual neurons may be more informative regarding anesthesia-
dependent changes in the repertoire of brain states (Pillay et al., 2014).
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The power-law distribution of CAPs with a slope of —1.5 — a putative indicator of self-
organized criticality, was prevalent under deep anesthesia; the distribution began to deviate
from power—law with the recovery of consciousness. This suggests that anesthetic
unconsciousness could not be accounted for by a deviation from criticality, as the latter did
not occur in anesthesia. The result is consistent with the finding from spike avalanches in
ketamine+xylazine-anesthetized cats (Ribeiro et al., 2010). Also, power laws in nLFP size
suggesting the presence of criticality were found in both awake and anesthetized animals
(Petermann et al., 2009; Massobrio et al., 2015), although usually not in the same
preparation. In contrast, a recent voltage indicator imaging study suggested that large-scale
cortical dynamics in pentobarbital-anesthetized mice deviated from power—law but returned
after recovery of wakefulness (Scott et al., 2014). Finally, an fMRI study using graph
analysis of large-scale intrinsic networks showed that power—law distribution of node-degree
was unchanged in propofol-anesthetized human subjects as compared to wakefulness (Liu et
al., 2014). Although the reason for these discrepancies is unclear, differences in the modality
and scale of measurements (spikes vs. LFPs vs. BOLD fMRI) as well as the difference in the
investigated anesthetic agents (inhalational vs. intravenous, GABA vs. NMDA targets, etc.)
may have played a role. Due to the size of our electrode arrays, the true extent of CAPs
could not be determined; they could have extended to a larger scale than recorded here, at
which their power—law behavior may have been different. There is an obvious tradeoff
between large-scale field recordings across the cortical surface (Scott et al., 2014) vs.
cortical depth recordings at a smaller scale. Also, optical techniques cannot measure
neuronal population activity at millisecond temporal resolution.

It is also important to point out that our analysis of CAPs was different from the analysis of
neuronal avalanches that are also based on nLFPs (Beggs and Plenz, 2003; Petermann et al.,
2009; Hahn et al., 2010). Avalanches are temporally extended events that consist of a series
of nLFPs occurring at frequently different locations. The quantification of avalanches
necessarily ignores the spatial configurations of nLFPs since they generally change with
each time step. Given the combinatorial explosion of temporally extended potential nLFP
patterns and the limitation for sufficiently sampling these patterns at several steady state
anesthetic levels in the same experiment, an analysis of the repertoire of avalanches seems
statistically prohibitive. Instead, we quantified the spatial repertoire of nLFPs clusters at
individual time points as “unitary states” similar to that used for the classification of
coincident spike patterns (Grun et al., 2002). In this regard, our approach was similar to the
EEG “microstate” analysis pioneered by Lehmann and colleagues (Lehmann et al., 1998;
Koenig et al., 2002) with the exception that their analysis was based on multi-channel scalp
EEG. At the macroscopic scale of EEG, the average duration of microstates was
approximately an order of magnitude longer than at the scale of nLFPs.

The nLFPs also correlate nicely with the population spiking of neurons. The effect of
desflurane anesthesia on spike correlations was previously investigated (Vizuete et al., 2012,
2014; Hudetz et al., 2015b). However, CAPs could not be analyzed from spike data directly
because spikes were generally present only at approximately half of contacts of the electrode
array. In contrast, LFPs could be consistently recorded from all electrode sites.
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The finding of low entropy of CAP sizes in wakefulness is interesting as it suggests that this
state assumes more order in spite of a similar repertoire of CAPs. In a recent study using
spike-based metrics, we found that integration and complexity of neuronal interactions were
relatively low in anesthesia and high in wakefulness (Hudetz et al., 2015b). While this may
appear to be a conflicting result, weaker neuronal interactions in anesthesia may allow the
CAP sizes to be more random, equivalent to higher entropy, with the converse being true in
wakefulness. Nevertheless, spike and CAP entropies may be different and the entropy of
CAP type (as opposed to size) was not calculable due to the relatively small sample size.
Also, at first sight, the change in entropy may suggest a commensurate change in the
repertoire. However, the reduction in the entropy of CAP sizes in wakefulness could be due
to a more homogeneous distribution even if the repertoire itself (the number of unique CAPs
in each condition) is unchanged. The gradual loss of large CAPs during light anesthesia and
wakefulness may be due to the frequent interruption of newly forming CAPs - consistent
with the traditional notion of LFP desynchronization. The temporal development of
individual CAPs at a higher sampling rate than used here could be investigated in the future.

We also found a change in the clustering of CAP centers that were more segregated in
wakefulness (0% desflurane). Raz et al. (2014) found that cross-modal sensory responses
were preferentially attenuated by isoflurane in superficial cortex where top-down
associational projections terminate. We expected to see a change in laminar pattern of the
centroids with anesthetic depth but found no systematic trend, apparently because the
changes were too different in each animal. Of course, the laminar distribution of anesthetic
modulation may be different during spontaneous ongoing activity from that during sensory
stimulation.

Interestingly, the overall number of CAPs was high in both wakefulness and in deep
anesthesia as compared to the intermediate anesthesia levels. This observation underlines the
importance of examining graded states of anesthesia. Comparing neuronal activity between
wakefulness and deep anesthesia alone can miss the important changes in neuronal activity
associated with loss or return of consciousness that occur at intermediate anesthetic levels
(4.3% desflurane, (Imas et al., 2005)). Why the nLFP activity is high in deep anesthesia is
explained by the presence of burst-suppression that occurred in 8 of 12 animals in our study.
Burst-suppression is a distinct condition in which neuronal activity semi-periodically
alternates between highly active and profoundly inactive states (Rampil et al., 1991; Steriade
etal., 1994; Lukatch et al., 2005; Kenny et al., 2014). Bursting is a hyperexcited state
(Hartikainen et al., 1995; Detsch et al., 2002; Hudetz and Imas, 2007; Kroeger and Amzica,
2007) in which the overall (time-averaged) level of spontaneous activity is high. This
demonstrates that the number and clustering of CAPs in the visual cortex correlates with the
level of neuronal activity rather than with level of consciousness. Not all anesthetics cause
burst-suppression and those that do may produce distinct burst-suppression patterns (Kenny
et al., 2014). Finally, the similarity of neuronal activity during wakefulness and bursts (Up
states) has prompted the intriguing question of whether the Up states correspond to
fragments of wakefulness (Destexhe et al., 2007). Considering the average duration of Up
states of a few 100 ms and that conscious experience requires unimpeded stimulus
processing for approximately 100— 200 ms (Bachmann, 1998; Hudetz, 2006), this possibility
merits further investigation.
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In summary, our results show that population activity in rat visual cortex forms compact,
dynamically changing activity patterns, whose stereotypical forms are conserved at all
anesthetic levels. The statistical distribution of these activity patterns remains close to power
law during the transition from unconscious to conscious states. The results suggest that the
mesoscopic repertoire of local brain states in visual cortex does not change in anesthesia. Of
course, the contents of consciousness in nonvisual sensory and other nonsensory modalities
may not solely depend on the state repertoire of visual cortex. Consciousness in general may
depend on large-scale dynamics, more subtle interactions in local circuits, or higher-order
association areas of the cerebral cortex.
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Fig. 1.
An example of unit and LFP activity in rat visual cortex at four states of anesthesia and

wakefulness in one rat. Spiking activity of approximately 100 neurons was recorded with a
64-site microelectrode array. In raster plot (top), each dot represents an extracellular spike.
The number of spikes (Ns, below) in 10-ms bins from all neurons are plotted after 5-point
weighted linear polynomial smoothing. The LFP trace is from data sampled at 100 Hz to
match 10-ms bin spike counts. Binary nLFP events (bottom trace) are obtained at mean
minus 1 standard deviation, red line shows this threshold. Desflurane concentration (%) is
shown on top of each panel. The close temporal correlation between population spiking and
nLFP is evident at all levels of anesthesia in spite of difference in overall spike rate and
temporal pattern. Strongly intermittent unit activity in deep anesthesia (8%) is gradually
transformed to nearly continuous activity en route to wakefulness. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this
article.)
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Fig. 2.

Desflurane [%]

Amplitude spectra of LFP from all recording sites and animals at five desflurane
concentrations indicated in%. Individual data are shown in yellow (top panel). Peak
amplitude as a function of desflurane (bottom panel). *p<0.05 vs. 8%, #p<0.05 vs. 8% and

6% (T-K).
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Fig. 3.
Distribution of CAP size in five states (anesthetic concentration indicated on top of each

panel). CAP size s at each time point is included in the counts N(s). Data are pooled from
twelve rats. Straight line (red) corresponds to power—law fit with slope alpha. The p value is
from the K-S test. The number of large CAPs gradually drops below those predicted by
power—law as the animals regain wakefulness. Shuffling the nLFP data diminishes CAPs
larger than two and destroys the power—law (dotted line). Phase-randomization of LFP
signal prior to thresholding does not change the power—law of CAP size distribution (dash-
dotted line). (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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Effect of phase-randomization on nLFP correlations. (A) Steps of the analysis. The original
signal (top left) is Fourier transformed to yield amplitude spectrum A(# and phase spectrum
A?. Randomization of the phase at each frequency yields a new phase spectrum (bottom
right) while the amplitude spectrum is conserved (middle right). The inverse Fourier
transform yields a phase-randomized signal that looks different from the original (top right).
The top panels show a short sample of the signal; spectra are from the entire 6-min segment.
(B) Probability distribution of all pair-wise correlation coefficients of the LFP signals at five
desflurane concentrations from the original and phase-randomized signals. (C) Average
cross-correlation of nLFPs from all rats in each state. Original and phase-randomized data
differ at 8% desflurane only. *£=0.00066.
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Fig. 5.

Sugmmary statistics of CAPs (size >2) in rat visual cortex. (A) Total number of CAPs shows
U-shape dependence on anesthetic depth. The number of CAPs is significantly elevated at
8% and 0% desflurane. “p < 0.05 vs. 6%, 4% and 2% (T-K). Separate, unconnected symbol
at 8% shows data from four animals that show no burst-suppression. There is no significant
difference among the intermediate levels. (B) Number of CAPs calculated from nLFPs
thresholded at different standard deviation (2SD, 3SD) or sampled at different time
increments (5 ms, 10 ms). The results are similar to those in panel A.
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Rat 11

Rat 12

Time, min

Variation in the size s(§) of CAPs as a function of time across five conditions from 8% to 0%
desflurane left to right (not indicated in figure). Vertical gray bars separate 4-min of data
obtained in each condition. (The time scale is cumulative for the displayed data only;
intervening periods are omitted.) Note the relatively large fluctuation of cluster size in rats
that have burst-suppression at 8% desflurane (0—4 min, rats 1-8). The fluctuations are most

suppressed during wakefulness (16—20 min).
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Dependence of CAP size variance (A) and entropy (B) on desflurane concentration. There is
no difference near the recovery of consciousness, between 6% and 4% desflurane. *p<0.05

vs. all other levels combined.

Neuroscience. Author manuscript; available in PMC 2017 December 17.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

HUDETZ et al.

Page 28

14.1%  10.8% 9.6% 9.2% 9.2%

16.9%  13.7% 8% 7.9% 73/u 6.7% 5.8% 51% 4.4%

;!ﬁﬂilﬂ

12.8% 11% % 7%

66“/ 5.2% 4.4
= .ﬁ- 64

12.7%  12.5% 10.1% 9.6% 9.5% 67/o 66/

3.5% %

12.6%  10.1% 9.7% 1% 6.9% 5.1%

ﬁii&iznntinin

15.3% 12.2% 11.2% 9.1% 8.5%

84/ 8.3%
15.7% 13% 12.9% 10.7% 9.8% 1% 6.1 6% 4.4% 3.3¢

16.9%

iﬂ-!ﬁﬂ l!itﬂ

19.1% 17.2% 12.2%
14.6% 134% 12.1%

12.9% 10% 9.9%
154%  13.3% 124% 98& 98% 9.8% 6.3%

HI&EEMEIHHEH

134%  13.3% 1 96/0 9.3% 8.3% 8.2% 7.5% 6.3% 5.1% 4.2% 3.1%

FAFRCREEPENELS]

Fig. 8.

Tygpical landscapes of spatially correlated spontaneous population activity in rat visual cortex
as indicated by local clusters (CAPs) of negative LFP deviations (nLFP). LFP data were
recorded by a two-dimensional 8 — 8 multielectrode array. Data from five anesthetic
conditions were concatenated and CAPs with size >2 at each time point were classified into
12 types by K-means clustering. Plots in each row show the average landscape of CAPs in
12 clusters arranged in descending order of the number of CAPs contained (percentage of
CAPs shown on top of the panels). Pseudo-color corresponds to the probability of a site
being a member of the corresponding CAP. The orientation of sites in each color plot is
rostrocaudal (left-right) and dorsoventral (top-down). Each row is from a different rat.
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Fig. 9.

Regsults from CAP clustering as a function of state. (A) Number of CAP types (MK))
present in each anesthetic condition at different cluster numbers K. K-means clustering was
done on concatenated data and then the CAP types were counted in each condition. Virtually
all cluster types occur in all states. (B) Number of CAPs MK) in 12 clusters K. Anesthetic
concentration is indicated in the legend. Data were combined from all animals, after
ordering the 12 clusters according to the number of CAPs contained. Certain clusters contain
disproportionally more CAPs at 8% and 0% desflurane than the rest. (C) Number of CAP
centers that spatially cluster together at three smoothness thresholds. Clustering tendency is
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the highest in wakefulness but not different among the other states, particularly near the
transition between unconsciousness (6%) and consciousness (4%).
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8% 6% 4% 2% 0% 8% 6% 4% 2% 0%

Fig. 10.
Center coordinates of CAPs in the visual cortex of twelve rats (arranged in the same order as

in Fig. 4) in five states (anesthetic concentration indicated on top). Numbers by the axes
indicate recording sites (X axis: rostrocaudal, Yaxis: dorsoventral). CAP centers tend to
segregate in different regions of the recording field that change with state in each animal.
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