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Abstract

We aimed to better understand the dynamics of cortical neurons during nonREM sleep—a state in
which neuronal populations are silenced for ∼100 ms of every second due to delta wave fluctuations.
This alternation between periods of population spiking (“UP states”) and silence (“DOWN states”)
generally synchronizes populations at the 1 s timescale, although some prior work has shown that
anticorrelations in nonREM can occur in pairs of neurons that are anticorrelated in wake. We used
24 h recordings of frontal cortical neurons in rats to measure cross-correlation between pairs of
neurons in wake, nonREM, and REM. Surprisingly, while most pairs of neurons were synchronized,
we found a minority of pairs that showed significant nonREM-induced desynchronization, as indicated
by negative cross-correlations in nonREM without equivalent anticorrelation in wake or REM.
Interestingly, the degree of anticorrelation within NREM epochs was positively modulated by oscilla-
tions in the low-frequency (i.e., “delta” or 1–4 Hz) range, meaning anticorrelation between some pairs
increases when correlation increases between other pairs. Furthermore, this effect was mediated by
firing during the nonsilent UP state phase of the delta cycle, indicating it is not due to neurons active in
the DOWN state. Finally, high-variance spike timing between pairs of neurons and burst spiking during
UP states are shown to specifically contribute to the anticorrelation. This state-specific desynchroniza-
tion during the “synchronized” state represents a new phenomenon that can lead to new understand-
ing of network dynamics during sleep.
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Significance Statement

We know that sleep allows us to maintain health and reinforce memory, and sleep is mostly composed
of the “nonREM” state. NonREM includes slow fluctuations in neural activity wherein groups of neurons
fire and then halt about once per second, earning it the name the “synchronized state.” Here we report
that some pairs of cortical neurons are driven into antisynchrony specifically during nonREM. We find
that this is mediated by burst-firing neurons during the active phase of each ∼1 s cycle. This work has
implications for a new understanding of how nonREM organizes networks of neurons in the neocortex
and will fuel new models of that brain state.

Introduction
Neuronal spiking mediates functions such as sensory perception, motor control,

learning, memory consolidation, and network plasticity. Due to plasticity rules, the timing
and coordination of spiking among populations of neurons is believed to determine
how networks are reshaped by spike patterns (Buzsáki, 2010), but much remains to be
discovered about multineuronal spike patterns in sleep.Continued on next page.
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A fundamental measure of neural network spiking state is synchrony of spike times
across neurons, sincemultiple spikes aremore effective in propagating signals than single
spikes. Relatedly, the neocortex is frequently described as being in a “synchronized state”
during nonREM sleep (Luczak et al., 2015). This is because during nonREM, prominent,
large oscillations have been observed to induce nearly all recorded neurons in neocortical
populations within hundreds of millimeters of each other to start and stop firing for hun-
dreds of milliseconds at a time (Luczak et al., 2007;Watson et al., 2016). These oscillations
are called delta waves; they occur at 0.5–4 Hz and affect both subthreshold membrane
potential and spiking (Steriade et al., 2001). Thus, on a gross level, neurons start and
stop firing as groups at 0.5–4 Hz during nonREM inducing gross-scale synchrony.
Other delta-rich states, such as drowsiness or inattention, also induce gross-scale
synchronization of neurons (Poulet and Petersen, 2008).
These cofiring epochs lasting hundreds of milliseconds between delta waves have been

referred to as “packets” (MacLean et al., 2005; Watson et al., 2008; Luczak et al., 2015).
Intracellular recordings during these events show simultaneous depolarizations between
delta waves, or “UP states,” that lead to firing in most neurons. These alternate with hyper-
polarized “DOWN states” that temporally coincide with upward-going delta waves in
the electroencephalogram (EEG; Cowan and Wilson, 1994; MacLean et al., 2005). This
UP/DOWN dynamic among populations has led to the notion of the synchronized state.
Furthermore, spiking during UP states is not just more frequent than DOWNstates but has

relatively stereotyped temporal patterning, with certain neurons tending to fire more often or
earlier than others (Luczak et al., 2007; Peyrache et al., 2011;Watson et al., 2016). These pat-
terns have led to theories that spiking during UP statesmay induce plasticity or have homeo-
static roles (Levenstein et al., 2016; Liu and Watson, 2020). Consistent with this, later work
showed UP state-specific synaptic learning rules in response to neural firing (Bartram et
al., 2017; González-Rueda et al., 2018). Furthermore, UP states themselves are coordinated
with sharpwave ripples in the hippocampus, which also serve both homeostatic and learning
roles (Buzsáki, 2015; Roux et al., 2017; Norimoto et al., 2018). Therefore, much work has
focused on correlations driven by these within-UP state timing tendencies.
However, some previous work has shown that synchrony during nonREM or UP/DOWN

dynamics is not universal and in fact anticorrelations can be seen during nonREM. First,
anticorrelations between neuronal spike trains can be found across many brain states
(Euston et al., 2007; Gardner et al., 2019; Okun et al., 2019), including at timescales slower
than expected by synaptic inhibition alone (longer than 5 ms; English et al., 2017).
Furthermore, anticorrelations at the hundreds of millisecond timescale have been speci-
fically observed during nonREM, despite the assumed overall synchronization by
nonREM (Euston et al., 2007; Gardner et al., 2019). Such hundreds of millisecond time-
scale anticorrelations have beenmodeled to be driven by mixed inhibitory–excitatory sub-
populations due those subpopulations becoming desynchronized at times (Renart et al.,
2010). However, importantly for the work in this report, previous work showing anticorre-
lation in nonREM has largely focused on the preservation in nonREM of anticorrelations
already seen in behaving wake states (Euston et al., 2007; Gardner et al., 2019). It has
been assumed that the UP/DOWN dynamics during nonREM would generally drive corre-
lation or might preserve prior dynamics but would not specifically induce novel anticorre-
lation at frequencies near that of the UP/DOWN fluctuation itself.
Here, focus first on nonREM anticorrelations and then map those back to relationships

between the same pairs of neurons in other states in 24 h recordings from rat frontal cortex
using silicon probes. We report the novel finding that the spiking of many pairs of neurons
are actually desynchronized specifically during nonREM, without accompanying anticor-
relations in wake or REM states. We then go on to analyze mechanistic contributions to
this phenomenon.

Materials and Methods
Model simulation. Two new spike trains are modeled and cross-correlogram (CCG)

calculated. The structure of the firing pattern is consecutive UP and DOWN epochs
with epoch lengths drawn from one selected recording observed from two neurons. The
corresponding firing rates during DOWN states are zero and the firing rates during UP
states are based on the spike count histograms collected from the two neurons in the
real data shown in Figure 1Ci. The spiking pattern distribution was calculated as follows:
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Each UP state is divided into 50 bins, and spikes are grouped into the bins. All the spike counts in each UP state are con-
verted into probability distribution and then averaged to see the general UP state spike firing pattern. The corresponding
CCG count is lower for simulation compared with the real data since we only extracted UP state spikes (rather than all
nonREM spikes) from the real data and maintained the same firing rate.

CCG calculation, normalization, and “difference between the center and the edges” (DCE) calculation. To calculate the
CCG for a specific sleep state, CCGs were first calculated in each individual sleep state epoch (continuous period in that
state without breaks) and then all the CCGs were summed up. To compare CCG with various brain states and recordings,
CCG normalization is necessary. We first divided the original CCG by another CCG that was calculated from the same
spike trains that were locally jittered (Fig. 2). The local jittering eliminated the finer spike timing content in the CCG, and
when we divided the original CCG by the jittered one, the coarser spike timing content was eliminated. It was shown
that convolving the CCGwith a triangular window is equivalent to local jittering but is much more computationally efficient
(Stark and Abeles, 2009). We convolved the CCG with a triangular window that was 1 s wide; therefore the divided CCG
only contained spike timing content that was finer than 500 ms. This division step is crucial especially for CCG UP state
calculation since the duration of UP state epoch can be quite short, rendering bell-shaped CCG before division. The
last step of the normalization is to take the logarithm of the divided CCG. The rationale is as follows: Firstly, the logarithm
would bring the sides of the normalized CCG to zero. Secondly, we wanted to quantify the degree of correlation and
anticorrelation in a comparable level. While the amplitude of the positive correlation in a CCG can go up to an extremely
large number, the amplitude of the negative correlation can only go to zero. Taking the logarithm can balance this asym-
metry, and we can calculate DCE simply by taking the difference between the center amplitude and the edge amplitude.
The center amplitude was calculated from the averaged amplitude in the middle 250 ms window, and the edge amplitude
was calculated from the averaged amplitude on both ends (125 ms windows). DCE can be considered as statistically sig-
nificant if t test between center window and edge windows returns significance with an alpha of 10−4. For UP state-only
CCGs’ DCE calculations, due to their bell curve shaped CCGs that cause undershooting in the convoluted CCGs at the
edges, the boundaries are changed to be at the 1 and 2 s lags. Scrambled UP state-only CCGs are calculated by shifting
the UP state spike patterns from one of the paired neurons to its previous UP state. The durations of the updated UP states
are trimmed to the lesser of the twoUP states’ durations. To compare the CCGs in UP states and scrambledUP states, the
durations of each UP state are matched. All the nonzero DCE values shown in this paper are statistically significant.

Electrophysiologic recordings. All animal surgical and recording procedures were in accordance with Institutional Animal
Care andUseCommittee. Rats (n=6,male) were implantedwith silicon probes fromNeuroNexus in theprefrontal cortex. Five
rats were Long–Evans and one was Sprague Dawley (Table 1, codename “J3_180421’”). All Long–Evans rats used here
(Table 1) were datasets from Watson 2016 (available online at https://crcns.org/data-sets/fcx/fcx-1/about-fcx-1).
Recordingswere confined to the homecage of the animal and the animal was not perturbed or given stimuli. Voltage signals

were obtained at 20 kHz using Intan RHD2000 amplifiers with 64-channel headstages. Recordings were stopped and started
each 2 h period and were post hoc concatenated over each 24 h and were low-pass filtered to create LFP and were spike
sorted with amixture of KlustaKwik (Long–Evans) and KiloSort2 (SpragueDawley). LFPswere used to designate sleep states
of wake, nonREM, REM using SleepScoreMaster.m for automated prescoring and then TheStateEditor.m for manual check-
ing (both from Watson 2016 and the Buzcode repository: https://github.com/buzsakilab/buzcode).
All locations were verified using post hoc histological staining after lesions of probe tip electrodes using stimulation at

5 μV for 5 s.

StackedCCG. All the CCGs in a recording are stacked together, and they are sorted based on theDCE value calculated.
In Figures 3 and 5, all the stackings are sorted based on the DCE value calculated during nonREM state.

CCG downsampling. To avoid sampling issues when comparing CCGs in different sleep states, we downsampled
spikes to match the state with the least spikes. First, we sampled random intervals without replacement in nonREM
and wake to match the same total epoch duration of REM state, since REM has the least total duration. Next, the spikes
in each state were downsampled to match the states with the least spikes. This process was iterated three times in our
simulation, and the DCEs were calculated and averaged.

Burst spikes removal and random spikes removal. Log ISI histograms were calculated for each neuron. A Gaussian mix-
ture model was used to separate the bimodal distribution. Only neurons with two peaks that are 1 log10(s) apart were
selected. The burst threshold was set at two standard deviations toward the separatrix from the mean of the faster time-
scale Gaussian curve. Once the threshold was set, any three consecutive spikes (or more) that had ISIs less than the
threshold were removed. Based on the number of burst spikes removed, the same amounts of random spikes during
nonREM state were removed for random spikes removal scenario. Burst spikes were also removed under certain analyses
by moving the burst threshold using other principles (i.e., matching spike removed by other methods for comparison) or
removing only a percentage of the burst spikes after the threshold was set as described above.
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DCE relative to real DCE. To compare the effect of spikes removal from pairs to pairs, DCE relative to real DCE is defined
as follows:

Post removeal DCE
Original DCE

.1, if the effect of correlation or anticorrelation is amplified
between 0 and 1, if the effect of correlation or anticorrelation is reduced

,0, if the relation is reversed (corr � anticorr or anticorr � corr)

⎧⎨
⎩ .

Code accessibility. The MATLAB codes for the model and for calculating DCE are available at https://github.com/
BrendonWatsonLab/DCE and https://github.com/buzsakilab/buzcode. We ran the codes using a computer with Intel(R)
Xeon(R) CPU E5-2640 v3 @ 2.60 GHz and 500GB RAM.

Results
nonREM dynamics based on average statistics versus true pairwise spiking timing
We used 24-h-long recordings from the prefrontal cortex of male Sprague Dawley and Long–Evans rats. These were

recorded with silicon probes with spike sorting performed either by KlustaKwik or KiloSort (new recordings). See
Materials and Methods for details.
Our first step was to determine what cell–cell spike synchronization would be expected from current knowledge of UP

state dynamics (Fig. 1A,B). CCG is a method to measure overall spike timing relationships between pairs of spiking neu-
rons by quantifying tendencies for the occurrences of various lags between pairs of spikes—for each pair of neurons.
Synchrony would manifest in a CCG by the presence of a peak of spike–spike incidence at zero lag.
We built a model to test what CCG pattern would be generated by the spiking pattern generated by averaged per-cell spike

statistics from in vivononREMsleep (Fig. 1C). For this,we tookdata frommultiple simultaneously recordedneurons in nonREM
and gathered their spiking distributions across UP states, including the spike timing distributions relative to UP state start for
each cell (Fig. 1Ci). This was the same approach used in previous work to determine UP state spiking properties (Luczak et al.,
2007). We repeatedly sampled from these distributions for pairs of neurons to create simulated spiking across multiple simu-
latedUPstates.We thengeneratedCCGs from this statistically generated spiking for pairs of neurons across simultaneousUP
states.We also normalized the CCGs and quantified the degree of peaks and troughswith ametric called DCE (for details, see
Materials and Methods and Fig. 2). This essentially is a subtraction between values near zero lag and those from higher lag
baseline periods (see Materials and Methods). This model showed that 26% of the CCGs we generated have positive DCEs
(Fig. 1Cii), and the rest of them have DCEs not significantly different from 0. None showed anticorrelations or CCG troughs.
However, ∼2% of the CCGs from our animal data during nonREM instead showed trough in the middle (Fig. 1Ciii),

and∼8%of them have positive DCEs. For the example neuron pair shown in Figure 1C, we simulated the spikes 100 times
and find the distribution of DCEs. The true DCE is highly unlikely to be due to noise fluctuations around the mean statistics
(z-test, p<5×10−324). This indicated that the specific spiking occurring during individual UP states departs from average
statistics in a manner that can create antisynchrony. More fundamentally, these nonREM-specific antisynchronized neu-
rons have not been reported in neocortex during the synchronized state in natural sleep.
We further collected CCG pairs with a statistically significant trough in our recordings and stacked them to visualize the

population-wide pattern (Fig. 1D, left). The corresponding simulations are also stacked and shown on the right. The
troughs are not seen in simulations. In Figure 1E, we quantify the effects shown in 1D using DCE.

Statistics of synchrony versus antisynchrony
Next, we stacked the CCGs in our dataset to create images of CCGs from multiple pairs of cells—from various brain

states (Fig. 3A). The stacked CCGs are sorted from deepest trough to highest peak based on CCGs in the nonREM state.
Only CCGs with a significant peak or trough are displayed (although we quantified all CCGs and significances for all pairs
in all states, and the full CCG stacks are shown in Extended Data Fig. 3-1). We aligned CCGs such that CCGs from the
same pair of neurons was displayed at the same vertical location in images for nonREM, wake, and REM sleep. It is clear
from this visualization that nonREM shows both greater peaks and troughs in CCGs. It appeared that wake and REM also
shared peak/trough tendencies but to a smaller degree (Fig. 3B). For all of the nonzero nonREM, DCEs are more positively
correlated with wake DCEs (R=0.33, p=3.6 × 10−77) and less so with REM DCEs (R=0.16, p=2.2 × 10−18).
We further quantified these observations and found that for the pairs that have nonzero DCE across all states, the

mean of the absolute value of DCE (both peaks and troughs) in nonREM is significantly larger than wake (p=0.005)
and REM (p=0.009), and there is no significant difference between wake and REM (p=0.97; Tukey–Kramer).
Tested on all of our recordings, as expected from previous understanding of the synchronized state, a greater number of

pairs show significant CCG peaks during nonREM (10.8 ± 6.3%; Table 2). However, CCGs with a trough in nonREM were
approximately one-third as frequent at 3.6 ± 3.4% (Fig. 3C). After testing significance of DCE for each pair for each state,
we carried out statistical comparisons with the following findings. For nonzero DCE pairs during nonREM, the mean of the
absolute value of DCE is significantly larger than the corresponding wake (p=9.6 × 10−10) and REM (p=9.6 × 10−10) pairs,
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Figure 1.Assumptions of∼1 Hz synchrony in nonREM are contradicted in some pairs of neurons.A, Example of data from rat cortical multineuronal spiking
during nonREM sleep (top) and the corresponding LFP activity (bottom). Note the prominent LFP delta waves (upgoing) that temporally correspond with
periods of relative spiking silence. B, Schematic of neuronal spiking activities during DOWN and UP states (note that LFP fluctuations are inverted relative
to the membrane potential for which UP and DOWN states are named). C, Traditional lag analysis does not capture the dynamics needed to predict true
cross-correlations between pairs of neurons in nonREM sleep. i, The spike count histograms of two neurons collected from all the UP states in a recording.
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but no difference betweenwake and REM (p=0.07; Tukey–Kramer) pairs. For nonzero DCE pairs during wake, themean of
the absolute value of DCE are not different between wake and the corresponding nonREM pairs (p=0.06), but they are
both significantly larger than the corresponding REM pairs (p=9.6 × 10−10). For nonzero DCE pairs during REM, the
mean of the absolute value of DCE are not different between REM and the corresponding nonREM pairs (p=0.83), but
they are both significantly larger than the corresponding wake pairs (p=9.1 × 10−4 and p=7× 10−3; Tukey–Kramer).
Furthermore, we find that if a trough is going to be present, it is more likely present in nonREM. For all the 14,343 DCE

pairs in our dataset, 2.31% of them have negative DCEs during nonREM but zero DCEs during wake, while 0.66% of them
have negative DCEs during wake and zero DCEs during nonREM. Between nonREM and REM, 2.56% of them have neg-
ative DCEs during nonREM but zero DCEs during REM, while 0.06% of them have negative DCEs during REM and zero
DCEs during nonREM. Between wake and REM, 0.91% of them have negative DCEs during wake but zero DCEs during
REM, and 0.04% of them have negative DCEs during REM and zero DCEs during wake. This shows that CCGs with neg-
ative DCE during nonREM do not necessarily follow the same patterns as during wake or REM (Fig. 3D).
To address sampling issues when comparing CCGs across different states (in particular with REM often having shorter

duration and therefore fewer spikes), we downsampled spikes to match spike counts in each state (see Materials and
Methods). The results are consistent with what was found without downsampling (Extended Data Fig. 3-2).

Local field potential correlates of desynchronization
Given the nonREM state dependence of trough occurrence, and given the presence of prominent delta oscillations in

the local field potential (LFP) in nonREM, we investigated whether delta power might modulate these even within nonREM
sleep.
We first found that in general, a givenpair keeps its correlation/anticorrelation tendencies across 24 h cycles (ExtendedData

Fig. 4-1A). We then divided the recordings into epochs of 3 h and calculated DCE within each epoch for all the pairs that
showed trough patterns during nonREM. These relatively long 3 h epochs were required to generate sufficient CCGs to
have good statistics.We then correlated oscillatory bandpower versusDCEwithin 3 h-longperiods, but only using the spiking
fromwithin nonREM.We quantified the correlations between the absolute value of DCE and the normalized LFP power within
corresponding nonREM in the same 3 h time window (Z-scored and outliers removed) for different oscillatory frequency
bands. For example, Figure 4A shows that LFP power and abs(DCE) are positively correlated at 3.5–4.3 Hz frequency band
(left, R=0.11, p=7.1×10−15) but negatively correlated at 49–60 Hz (right, R=−0.06, p=9.6×10−5). Full data for each

�
Shown is a probability distribution of spikes at different phases of the UP state ranging from 0% (start of UP state) to 100% (end of UP state). This data was
used to seed our simulation. ii, Cross-correlogram (CCG) calculated from two simulated UP state spike trains based on the distribution of the spike count
histogram from the neuron 1 and 2 shown in i. This simulation predicts a positive correlation of spiking between pairs of neurons since neurons tend to fire
more in UP states than DOWN states. iii, The actual CCG for the neuron 1 and 2 shown in i and ii. Note that the true CCG from nonsimulated spike trains
shows a trough at zero lag, indicating anticorrelation rather than positive correlation. D, Left, All the CCGs with a statistically significant trough from the
entire dataset are stacked vertically and sorted by central trough amplitude from baseline (measured by “difference between center and edge” (DCE—see
Materials andMethods). Color denotes amplitude of CCG. Right, The corresponding simulations are shownwith the same neuron pairs in each row of both
plots. E, Comparison of DCE (see Materials and Methods) between experiment and simulation among these pairs with significant troughs in the experi-
ment. All the DCEs in simulation are non-negative.
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of DCE calculation is also demonstrated here.
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abs(DCE)-LFPband correlation is shown in ExtendedData Figure 4-2A, and the resultantR values are plotted in Figure 4B.We
also separated the 3 hepochswith positiveDCE fromnegativeDCEandanalyzedbothwithout taking the absolute value of the
DCEs and found consistent results (Extended Data Fig. 4-2B,C). This analysis indicated that the power of delta-band oscilla-
tions positively modulates amplitudes of DCE but power of gamma-band oscillations negatively modulates them.
A similar analysis that does not rely on use 3 h windows generates similar findings (Extended Data Fig. 4-3). In this anal-

ysis, we do not use time bins but rank each nonREM epoch into one of four power quartiles and generate a CCG for each
neuron pair in each quartile—this combining into quartiles is needed to generate high quality CCGs not able to achieve
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Figure 3.NonREMsleep shows higher amplitude hundreds ofmillisecond timescale cross-correlations in both positive and negative directions.A, Stacked
CCGs with statistically significantly nonzero DCE (either positive or negative) from the full dataset. Left, Top is an example CCG from a pair of neurons
showing a peaky (positive correlation) CCG in nonREM; bottom is a CCG from a pair with CCG dominated by a trough (anticorrelation). Right, Stacked
CCGs in wake and REM states are sorted by the same DCE in nonREM ranking (horizontal lines continue to represent the same pairs) but show lower
amplitude peak/trough for the same pair of neurons. Extended Data Figure 3-1 shows a similar display but including all pairs from this recording (not
only those with significant peak/trough). B, DCE variation with the same pairs over states. Only pairs with nonzero DCEs in all three states are included.
Themean of the absolute value of DCE in nonREM is significantly larger than wake (p=0.005) and REM (p=0.009), but DCE in wake is not larger than REM
(p=0.97; Tukey–Kramer). C, Quantifying state-wise effects via proportion of pairs showing significant correlation patterns. The statistics of trough and
peak percentage of all neuron pairs averaged across all our animals. Gray lines indicate connections between percentage values for individual recordings.
D, Example neuron pairs demonstrating greater troughs in nonREM. Extended Data Figure 3-2 shows stacked CCGs sorted by different sleep states: same
data as 3–1, but sorting order is changed. Extended Data Figure 3-3 shows cross-state comparisons of CCGs of neurons shown in one recording.
Extended Data Figure 3-4 shows CCGs of neurons with significantly nonzero DCEs in both wake and nonREM in one recording. Extended Data
Figure 3-5 shows downsampled versions of all pairs in the recording to compensate for spike rate differences. Our observation of peaks and troughs
in nonREM being stronger remains, indicating lack of evidence for a differential sampling effect.

Table 2. The statistics of trough and peak percentage of all neuron pairs averaged across all our animals

Trough % Peak %

nonREM Wake REM nonREM Wake REM

3.6 ± 3.4 1.5 ± 1.8 0.2 ± 0.2 10.8 ± 6.3 2.0 ± 1.6 0.7 ± 0.7
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with single nonREM epochs. All the DCEs here are negative so taking the absolute value are not necessary. We find that
low LFP oscillation frequencies negatively correlate with DCE while high frequencies correlate positively. We then deep-
ened our analysis to better understand these differences in band powers between nonREM epochs. We examined band
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Figure 4. The amplitude of cross-correlations is positively correlated with power of low-frequency oscillations and negatively correlated with power of high-
frequency oscillations. A, Relation between the absolute value of DCE and normalized LFP power within nonREM sleep—in two example frequency bands
(left and right). Shown are density plots of population DCE versus LFP power in each 3 h of all recordings within our dataset. Density plots are used instead
of standard x–y scatterplots to better show relative densities of many very dense points. The recordings are divided into epochs of 3 h. DCEs are calculated
for all pairs with negative DCE during nonREM foundwithin each 3 h epoch. The corresponding LFP power during those epochs are calculated and they are
normalized over the time axis within each recording, to compare between recordings. The examples shown are data for the 3.5–4.3 Hz (left) and 49–60 Hz
(right) frequency bands. At 3.5–4.3 Hz, the Spearman correlation coefficient R=0.11 (p=7.1 × 10−15), and at 49–60 Hz R=−0.06 (p=9.6 × 10−5). See red
lines of best linear fit. Full spectrum density plots are shown in Extended Data Figure 4-2.B, Relation between the R value calculated based on the process
shown in A for each of many frequency bands. Significant R values are denoted with red asterisks (p<0.05).

Theory/New Concepts 9 of 15

March 2025, 12(3). DOI: https://doi.org/10.1523/ENEURO.0494-22.2025. 9 of 15

https://doi.org/10.1523/ENEURO.0494-22.2025.f4-2
https://doi.org/10.1523/ENEURO.0494-22.2025


power traces during nonREM epoch and noticed that the power ramp up and ramp down have similar lengths (time cons-
tant) regardless of epoch duration (in delta and gamma bands; Extended Data Fig. 4-4A; Trachsel et al., 1988). Next, we
examined the relation between epoch lengths and averaged band power strengths. Since in shorter epochs the power
ramp up and ramp downwould contributemore weight when calculatingmean power, we only selected epochs with dura-
tion over 200 s and also removed the first 120 s and last 50 s of the band power when taking averages to find the central
band power mean value. We found that longer epochs showed more delta power and less gamma power (Extended Data
Fig. 4-4B,C). This suggests a biological modulator of these frequency bands per nonREM episode—which then in turn
modulates DCE.
We thus show here, going beyond the data in Figure 1, that not only does nonREM increase anticorrelations in some

pairs, but stronger delta or weaker gamma within nonREM also correlates with increased anticorrelation (and more
delta/less gamma occur in longer nonREM episodes).

Contribution of UP state-specific spiking to anticorrelation
Given that the initial model we generated did not demonstrate anticorrelation, despite being based on the real statistics

of spiking of each neuron, we wondered if the specific spike patterns during individual UP states would contribute to the
unexpected trough patterns.
First, we examined whether UP versus DOWN state dynamics contributed, given recent reports of DOWN state spiking

in some neurons (Valero et al., 2021). To do this, we extracted spiking for each UP state for each cell—excluding DOWN
states. Then for each pair of cells simultaneously recorded, we calculated CCG for each single UP state. We then summed
the CCGs for all UP states for each pair to determine the overall CCG for that pair from UP states only (no DOWN states;
Fig. 5A, top). We found that CCGs from the original whole-nonREM were similar to UP state-only CCGs shared similar
dynamics (Fig. 5B, middle). Negative DCEs in nonREM are positively correlated with DCE values in UP state-only
CCGs (R=0.75, p=4.6 × 10−132 for untrimmed UP states, and R=0.24, p=3.4 × 10−11 for trimmed UP states; see
Materials and Methods). This indicates that spiking during DOWN states is not necessary to create the anticorrelations
we observed.
We wondered whether the specific spiking dynamics between a pair of neurons during each individual UP state might

create the anticorrelations. To test this, we scrambled the UP state spike patterns by shifting the UP state spike patterns
from one of the paired neurons to its previous UP state (Fig. 5A, bottom). After the scrambling, the troughs were lost
(Fig. 5B, right), and in pairs with negative UP state-only DCEs, the original and scrambled CCGs’ DCE are uncorrelated
(R=−0.05, p=0.62). This indicated that details of paired dynamics within each UP state create anticorrelations as shown
by CCG troughs.
We quantify this effect across all pairs with significant troughCCGs in the full dataset (Fig. 5C). We find that all of the scram-

bled UP states (“UPnext-only”) are non-negative, regardless of the values of the DCEs in their original UP states. Negative
DCEs inUP states are significantly different fromDCEs in “UPnext-only” state (p=1.03×10−21). Additionally, in regard to pairs
with peaky CCGs, positive DCEs in UP states are significantly larger than DCEs in “UPnext-only” state (p<5×10−324), with a
mean reduction of 23%.

UP state spike timing differences are more prominent in anticorrelated pairs
We next sought to analyze which aspects of UP state spiking dynamics affected the anticorrelation. We began with con-

cepts from previouswork (Luczak et al., 2007; Peyrache et al., 2010;Watson et al., 2016), suggesting that each neuron has
a typical spike time per UP state. To do this, we used the mean first spike time and mean overall spike time per cell over all
UP states. We then quantified the difference in each metric between paired neurons to determine if neurons with more
different spike times had greater anticorrelation (Fig. 6A). The mean and standard deviation (SD) of that difference for
each timing metric are calculated for each pair (Fig. 6B). Next, we compared these distributions between all the pairs
showing a CCG peak and pairs showing significant correlation (peak in CCG) or anticorrelation (trough in CCG).
First, we tested whether consistent lags between pairs of neuronal firings (one neuron tends to fire earlier than the other

during UP state) differed for CCGs with a trough compared with CCGs with a peak. When examining the difference in
the timing of first spikes between pairs, 85 ± 18% of CCGs with trough and 91± 2% of CCGs with peak had differences
significantly different from zero. For difference in mean spike, 51 ±18% of CCGs with trough and 47±14% of CCGs
with peak had significantly nonzero means. Neither case for difference in first spikes or mean spikes are statistically dif-
ferent (p=0.52 and p=0.49). This indicated that consistent lags do not play a huge role in contributing antisynchrony.
Indeed, consistent differences in spike timing would induce offset (nonzero lag) peaks, rather than troughs.
Next, Figure 6C shows that the average difference in mean spike time is greater in pairs of neurons with trough CCGs

than peak CCGs (p=1.6 × 10−9). This was not the case for difference of first spike times.
On the other hand, pairs with CCG troughs showed higher standard deviations in their neuron-to-neuron spike timing from

UP state to UP state than pairs with CCG peaks. This was true whenmeasured using both SD of difference of first spike time
(p=5.8×10−6) and SD of difference of mean spike time (p=9.2×10−13). Thus, pairs of neurons with anticorrelations (CCG
troughs) showed greater difference in spike time relative to each other and also more variable differences in spike time. This
elevated variance in spike timing may be a means to create an anticorrelation rather than a shift or lag in the peak.
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Removal of burst spiking decreases anticorrelations between pairs of neurons in nonREM sleep
To further define UP state spiking dynamics contributing to anticorrelation, we looked to recent work (Levenstein et al.,

2022) that demonstrated that many neurons showed bimodal ISI distributions (Fig. 7A). We used this bimodality to define a
“burst”mode of firing: spikes with ISI in the lower of the two modes of firing of each neuron were defined as burst spikes
(see Materials and Methods). We used this to determine whether “bursts” of high-frequency spikes might mediate antic-
orrelations. To analyze this, we found and removed burst spikes from UP state spike trains. As a control, we also removed
the same amount of spikes in a random fashion. Figure 7B shows that anticorrelations of trough-containing CCGs are
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Figure 5.Spiking details across neuronswithin eachUP state play a role in forming anticorrelations.A, Diagrams of testingmethods to determine the role of
UP state spikes in nonREM cross-correlations. Top, “UP” analysis: CCGs are calculated for each neuron pair within each UP state, but not within DOWN
states or any non-UP state epoch of nonREM. CCGs are then summed over all the UP states within a recording. Bottom, “UPnext-only” analysis: CCGs are
calculated between the spike train of one neuron from UP state N and the spike train of a second neuron from UP state N+1 (next UP state). Again, CCGs
are then summed over all the UP states. As shown in Figure 1C, we know that neurons have typical lags in their firing relative to UP states, but we know less
about the importance of any inter-UP state variation in that typical lag. These analyses test the importance of the simultaneous dynamics within each UP
state across neurons. B, Comparison of the stacked CCGs between different analyses. At left are the raw nonREM CCGs showing both significant peaks
(top) and troughs (bottom). The center shows the UP analysis: CCG patterns are similar to nonREM state, despite the exclusion of any spikes during DOWN
states or non-UP state times. The UP states here are trimmed to compare with the scrambled UP states (seeMaterials andMethods). This indicates that UP
state spiking dynamics themselves can create both positive and negative CCGs. However, in the “UPnext-only” analysis, the nonREM CCG patterns are
destroyed, indicating that details of simultaneous spiking between pairs of neurons in simultaneous UP states are needed for negative cross-correlations.
See Extended Data Figure 5-1 for all pairs, rather than only significantly correlated/anticorrelated pairs. C, DCE Pairwise comparison between UP states
and the corresponding scrambled UP states (“UPnext-only”). i, Only negative DCEs in UP states are selected. The corresponding DCEs in “UPnext-only”
states are non-negative and significantly different (p=1.03 × 10−21). ii, Only positive DCEs in UP states are selected. DCEs in “UPnext-only” states are
non-negative and significantly smaller (p<5×10−324) with a mean reduction of 23%.
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significantly reduced by removing bursts compared with both unperturbed spike trains (p=9.6 × 10−10) and removing
random spikes (p=5.6 × 10−3). CCGs after random spike removal did show significantly higher DCE than the original pairs
(p=9.6 × 10−10).
To better study this, we quantified differences in mean spike times per cell per UP state (as in Fig. 6) after burst removal

to determine if the burst removal effect may be mediated by spike timing changes. We found that removing bursts
affected both the difference of first spike time metrics (paired t test: mean p=1.8 × 10−12 and SD p=1.6 × 10−44;
Fig. 7C). This contribution of bursting to first-spiking rather thanmean spikingmay be consistent with higher average firing
rates (more bursting) early in UP states. Furthermore, the difference of mean spike time SD was also lower when burst
spikes were removed (p=6.4 × 10−10).
Next, to further address whether consistent lags (one neuron fires consistently earlier than the other during UP state)

between pairs affects anticorrelation, we calculated the DCE ratios for pairs that have zero means after random removal
but nonzero means after burst removal. We also calculated the DCE ratios for pairs that have zero means after burst
removal but nonzero means after random removal. None of the distributions of the ratios are significantly different for dif-
ference of first spikes (paired t test, p=0.7) and mean spikes (p=0.4). This again indicated that the consistent lags do not
play a significant role in contributing antisynchrony.
We further removed burst spikes in different ways to examine the differential effects of those methods. In Figure 7D, the

burst spikes are removed either by changing the ISI-based burst threshold for removal (middle panel) or removing a per-
centage of burst spikes in a random fashion within each UP state at the set threshold shown in Figure 7A, right panel (right
panel; also see Materials and Methods). To make the analyses comparable, the number of spikes removed in the left and
the right panel are equivalent to the number removed by moving the burst threshold (middle panel). DCE relative to real
DCE (see Materials and Methods) is calculated so that the lower the value, the greater the effect of removing spikes on
reducing the anticorrelation. As more burst spikes were removed, DCE relative to real DCE decreased (anticorrelation
became weaker), while random removal of any spike did not have strong effects (Fig. 7D). In Figure 7E, we show that
there is no significant difference between those different removal methods (mean p=0.1; Slope p=0.3), while they
are both significantly different from random removal (random vs burst removal by threshold: mean p=9.6 × 10−10; slope
p=9.6 × 10−10; random vs burst removal by percentage: mean p=1.6 × 10−9; slope p=2.1 × 10−9). This supports the
notion that spike bursts affect the degree of anticorrelation but did not indicate a specific ISI cutoff of greater importance.

Discussion
Here we report for the first time a nonREM sleep-induced anticorrelation, a novel finding that stands in contrast to the

conceptualization of nonREM as a synchronizing state. We found that nonREM-specific anticorrelations are found in a
clear minority of studied neuron pairs but occur in a manner not predicted by models using up-to-date knowledge of

Neuron 1

Neuron 2

Neuron 1

Neuron 2

Difference of first spike time

Difference of mean spike time

peak trough
0

1

2

3

D
iff

 o
f 

1
st

 s
p

k 
ti

m
e

 p
e

r 
U

P

A
b

s(
M

e
a

n
) 

(s
)

peak trough
0

1

2

3

S
td

 (
s)

peak trough
0

0.1

0.2

0.3

D
iff

 o
f 

m
e

a
n

 s
p

k 
ti

m
e

 p
e

r 
U

P

A
b

s(
M

e
a

n
) 

(s
)

peak trough
0

1

2

S
td

 (
s)

-2 0 2

Diff of 1st spk time per UP (s)

0

100

200

300

C
o

u
n

t

-2 0 2

Diff of mean spk time per UP (s)

0

100

200

C
o

u
n

t

Mean

Std

*

*

*

B

A C

Figure 6. Dissecting within-UP state interactions that influence anticorrelation: Role of differences in in UP state-based spiking lag between pairs of neu-
rons. A, Diagram of comparisons used. Top, Difference of first spike time between pairs of neurons, calculated in each UP state. Bottom, Difference of
mean spike time between pairs in each UP state are also calculated. B, Quantification of comparisons used: The differences calculated in A are collected
across all UP states for each pair of neurons. Results for one pair is shown. Themean and the standard deviation (SD) can be calculated for each neuron pair
for each metric in A. C, Comparison of the described metrics between all the pairs with negative DCE (trough) and positive DCE (peak) in the full dataset.
The SD of difference of first spike time per UP state is higher for pairs in trough than in peak (p=5.8 ×10−6). The mean of the difference of mean spike time
mean is higher for pairs with troughs (p=1.6 × 10−9), as is the SD of the difference of mean spike times higher for pairs in trough (p=9.2 ×10−13). Thus,
standard deviations of timing differences are consistently higher in trough pairs than peak pairs, indicating that variable timing may lead to toughs.
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Figure 7. Removal of burst spikes decreases anticorrelations between pairs of neurons in nonREM sleep. A, Examples of ISI histograms in log timescale
from two single neurons. Many neurons display bimodal distribution in log timescale as shown here. We defined the burst spikes as the spikes with ISI less
than the set threshold (see Materials and Methods). B, DCEs are recalculated after removing burst spikes (right) or after removing the same amount of
spikes in random fashion (middle). Only pairs with negative DCE originally are shown. Burst spike removal renders significantly lower amplitude anticorre-
lations (less negative DCE) than the original spike trains (p=9.6 × 10−10) and random spikes removal (p=5.6 ×10−3). Random removed pairs have
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nonREM firing dynamics. These anticorrelations persist throughout 24 h periods consistently in pairs of neurons and so
are nontransient. They are stronger when higher delta range power is seen in the LFP and less when gamma power is
higher. Furthermore, they are able to be created without DOWN state firing and instead require only UP state firing to
be created. Rather than being produced by generalized UP state dynamics within anticorrelated pairs, it is only the specific
firing of pairs of neurons within individual simultaneous UP states that produces anticorrelation. More specifically, it is var-
iable UP state-based spike timing between pairs of neurons that predicts anticorrelations—rather than systematic lags in
firing. Finally, spiking occurring in bursts, at high frequencies, play a more important role than other spikes in creating
anticorrelations.
Thus, this work contributes to phenomenon that has been underappreciated during nonREM which had been dubbed

the “synchronized state.” We specifically assessed correlation structure at slower timescales (hundreds of milliseconds)
rather than the well-known synaptic-timescale interactions below 5 ms lag (Fujisawa et al., 2008; English et al., 2017). This
was due to our specific interest in delta wave-induced changes in synchrony at around the 1–4 Hz range (hundreds of mil-
liseconds timescale). In our recordings, antisynchrony is found in nonREM in a manner not seen in REM or wake and by
bursts of spiking occurringwithin single UP states. Other work has demonstrated anticorrelations either inmodels or anes-
thetized states (Renart et al., 2010), specifically in wake (Okun et al., 2019) or equally present in wake and nonREM (Euston
et al., 2007; Gardner et al., 2019). Thus, what is novel here is the property of nonREM to not only synchronize some neuron
pairs but to also actively desynchronize others.
While much prior work has focused on differences in firing properties of individual neurons during UP states (i.e., differ-

ential mean spike times relative to UP state start), few had postulated that those might lead to antisynchrony. UP state
spiking has been postulated to play homeostatic roles (Levenstein et al., 2016; Watson et al., 2016; Liu and Watson,
2020) or memory consolidation roles in the brain (Bermudez Contreras et al., 2013; Liu and Watson, 2020).
Amixture of synchrony and antisynchrony in CCGs at a slow timescale similar to that reported here spiking was found in

“grid-cells” in the entorhinal cortex that fired in spatially modulated patterns (Gardner et al., 2019). However, in the ento-
rhinal cortex, that work did not demonstrate a strengthening of anticorrelation in nonREM because those anticorrelations
were already strong inwake. Other work in the prefrontal cortex showed that slow timescale correlations (multisecond) and
anticorrelations during wake maze running were found at faster timescales (subsecond) in nonREM sleep (Euston et al.,
2007). Thus, any synchrony effects of nonREM were assumed to be positive or neutral in influence relative to wake/REM
states, rather than the sometimes-negative effects shown in these experiments. Of note, all of our recordings were in the
homecage and so may not have engaged some correlation patterns drive-able by more active behavior as used in these
papers. Future work could determine whether the neuron pairs driven to greater antisynchrony in nonREM are those also
driven by active waking engagement. However, overall synchrony during the delta-rich nonREM state, which we also
observe, has been assumed to be pervasive, leaving induction of novel anticorrelations less explored.
Using a variety of methods, we found that delta power positivelymodulates trough depthwithin nonREM sleep. This was

based on analyzing CCGs in nonREM epochs with different spectral properties. One question that arises is what governs
nonREM epochs to have differential delta, gamma, or other frequency band powers. We found some explanations for this
including that longer duration nonREM epochs show more delta and less gamma power. However, what governs this
duration remains unknown. One leading factor could be circadian time, but this dataset is not able to analyze that for a
variety of reasons and future work will need to follow up on the modulators of duration of nonREM epochs.
Mechanistically, we found that UP state spikes alone are sufficient to induce this anticorrelation (Fig. 5), found by exclud-

ing spikes except those detected explicitly in UP states. Therefore, this anticorrelation does not require for example
DOWN state firing cells recently reported (Todorova and Zugaro, 2019). Furthermore, the generalized per-cell UP state
firing tendencies were not sufficient to induce anticorrelations, since shuffling spike trains across UP states did not
show anticorrelation; only two-neuron spike trains simultaneously recorded from the same UP state incidents yielded
anticorrelation.
Additionally, removing burst spikes reduced anticorrelations. Removing these spikes mainly affected the first spike tim-

ings (Fig. 7C), while in our data mean spike timing are also significantly different between CCGs with troughs and peaks
(Fig. 6C). Interestingly, removing burst spikes decreases antisynchrony and increases the absolute value of mean of the
difference of first spike time, while CCGs with a peak had lower mean of the difference of mean spike time compared with

�
significantly lower amplitude negative DCE than the original pairs (p=9.6 × 10−10). C, Temporal properties of spike trains resulting from burst removal ver-
sus random removal. We found that burst removal mainly affected difference of first spike time mean (p=5.1 × 10−12) and SD (2.4 × 10−10), but not the dif-
ference of mean spike time (mean p=0.62, SD p=0.09). D, We removed burst spikes in different ways to examine differential effects. Burst spikes were
removed either by changing interspike interval used as the burst threshold (middle panel) or removing a numerically equivalent number of spikes but doing
so by setting a percentage of burst spikes to remove in a random fashion equivalent the set threshold shown in Figure 6A (right panel). We progressively
removed more spikes to uncover any progressive “dose effects.” The number of spikes removed in the left and right panel are equivalent to the number
removed by moving the burst threshold (middle panel). DCE relative to real DCE (see Materials and Methods) is calculated so that the lower the value, the
greater the effect of removing spikes on reducing the anticorrelation. The results from one of the representative datasets are shown here. E, Collecting the
mean and the slope of the DCE relative to real DCE from the full dataset, we found no significant difference between burst removal by threshold and burst
removal by percentage (mean p=0.1; slope p=0.3). But they are both significantly lower than random spike removal. (random vs burst removal by thresh-
old: mean p=9.6 × 10−10; slope p=9.6 × 10−10; random vs burst removal by percentage: mean p=1.6 × 10−9; slope p=2.1 × 10−9).
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CCGs with a trough. However, the trends of standard deviations in both cases are both higher for more antisynchronized
pairs implying that spike timing variance may play a role.
One interpretation of our findings is that there could bemicrostructures in the cortex, with different subnetworks running

at a different timing to increase the signal-to-noise ratio andmodulate linkages and disconnections between subnetworks
because of Hebbian learning. This is supported by the phenomenon we observed that the synchrony and antisynchrony
effect is higher during nonREM (Fig. 3), which is when the memories are known to be processed and solidified (Rasch and
Born, 2013). Another supporting point is that removing burst spikes have a significant effect on reducing antisynchrony,
and the burst spikes are suggested to encode useful information during this “activated state” (Levenstein et al., 2022).
Based on this, it would be important to determine whether learning does affect the CCG structures at a slow timescale.
Finally, modeling work suggests desynchronization of excitatory versus inhibitory populations could also induce such
observed antisynchrony (Renart et al., 2010). Unfortunately, our analyses have been unable to provide definitive proof
for this hypothesis, and further mechanistic work is required to understand our findings.
We see this work as opening a new door to understanding the full breadth of the effects of nonREM sleep on cortical

firing. Further investigations into both the causes and outcomes of this induced anticorrelation during the synchronized
state can lead to better understanding of the role of spiking in nonREM.
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