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Recent findings have revealed that changes in consciousness levels correspond to changes in
the interactions between functionally specialized brain regions [1]. Therefore, differences across
brain states not only arise locally, but are also manifested in the effective connectivity among
widespread cortical areas. Indeed, local dynamics fail to explain differences between wakeful-
ness and rapid eye movement (REM) sleep, since, at this stage, cortical activity exhibits awake-
like dynamics but the sensory threshold is raised above waking levels similar to NREM sleep. In
this study we focused on natural sleep, and we have recorded cortical local field potentials
(LFP) of rats while they naturally transitioned from wakefulness to sleep and vice-versa.

Scoring arousal levels is a time-consuming task. Besides, the wake-sleep cycle of rodents is
more fragmented than in humans and the presence of REM epochs is lower [2]. Automatic scor-
Ing programs that have been published to date are mainly based on decision trees that require
threshold criteria for the choice of sleep-wake states [3,4] or on naive Bayes classifiers [5]. Here
we present a classification algorithm that can facilitate state detection in chronic animal
experiments that last several days. Moreover, reliable online identification of brain states
allows simultaneous computations of effective connectivity estimates across recording
sites, which provide an online large-scale description of those states.

n Experimental data

O\?\’Y‘a( Extracellular local field potential (LFP) record-
ings from PrL, M1, PtA, A1, A2 and V1, were

V1 : : : : )
‘ obtained in awake freely-moving (N=2)
Lister-Hooded rats (Fig.1).

© PrL - Prelimbic cortex © A1 - Primary auditory cortex
© M1 - Primary motor cortex O A2 - Secondary auditory cortex
O V1 - Primary visual cortex € PtA - Parietal association area

The electromyogram (EMG) and the position
of the rat were also monitored.
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Figure 1 (A) Scheme of recorded cortical areas. (B) Raw LFP signal (color) in PrL, M1, PtA, A1,
A2 and V1 and EMG (black) for a baseline recording of (left) an awake and freely moving rat,
(middle) during slow wave sleep (SWS) and (right) during rapid-eye-movement (REM). The
bottom panels show the trajectory of the rat during the same interval. (C) Trajectory of the rat.

Power spectral density, EMG fluctuations and mean displacement

during different brain states

We found that power spectral density ratios of beta — gamma (8, 20-30Hz — vy, 30-80Hz) and theta —
delta (6, 5-10Hz - 0, 1-5Hz) in 5 s epochs can be successfully used as predictors to classify the three
states. Training of the classifier is performed offline in order to reduce the distance between the pre-
dictions and the manual classification (ground truth). The parameters that minimize such cost func-
tion define the boundaries that separate the states in the feature space.
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Figure 2 (A) Power spectral ratios during different brain states. (B) Power spectral rations against
the standard deviation of the EMG. Each dot represents a 5 s window of recordings. Orange bound-
aries are computed after training a multinomial logistic regression (see section 3) on the manually
classified segments.
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Multinomial logistic regression classifier

We tested the performance of the classifier with different choices of features. EMG fluctuations,
oEMG, increase the accuracy of the predictions of the 2D model. However, average displacement,
<R>, does not unequivocally define brain states, but rather movement and stillness.
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Figure 3 Accuracy of the predictions. The accuracy of the classifier was computed over a new data
set of the freely moving rat. The highest performance is obtained for a 3D model that combines the
spectral content of the LFP and the fluctuations of the EMG.

Functional connectivity: Phase coherence in gamma between

different cortical sites, brain states and frequencies

We investigated whether the functional connectivity between the recorded cortical areas depended
on the brain state. Phase coherence, Cyy(f), estimates phase synchronization from Fourier's phase
(computed every 250 ms) independently for each frequency [0].
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Figure 4 Phase coherence in the gamma band. (A) Top. Phase coherence at 150 Hz across time
between two pairs of electrodes and the brain states detected beneath. Bottom. Cross-correlation,
0, between phase coherence and the time course of brain states within the gamma band between
pairs of electrodes. (B) Average phase coherence within 30 - 150 Hz for all 3 states. (C) Mean
phase coherence during (left) awake, (middle) SWS and (right) REM for all pairs of electrodes.

H Conclusions

We used a classification algorithm to perform an automatic online detection of brain states,
namely awake, slow wave sleep (SWS) and REM. The highest accuracy is obtained using
three features to characterise these states: the beta-gamma and theta-delta power spectral
density ratios of the LFP and the standard deviation of the EMG.

We used a measure of temporal phase coherence, C, in the gamma band to quantify changes
iIn functional connectivity across brain states. We found that, on average, C decreases from
awake to SWS and is lowest in REM. Although there is a general decrease in C as the distance
between pairs of electrodes increases, certain pairs are insensitive to brain states (i.e. PrL-A2),
while others modulate C accordingly (i.e. PrL-V1).
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