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Memories benefit from sleep’, and the reactivation and replay of waking experiences
during hippocampal sharp-wave ripples (SWRs) are considered to be crucial for this
process®. However, little is known about how these patterns are impacted by sleep
loss. Here we recorded CAl neuronal activity over 12 hiin rats across maze exploration,
sleep and sleep deprivation, followed by recovery sleep. We found that SWRs showed
sustained or higher rates during sleep deprivation but with lower power and higher
frequency ripples. Pyramidal cells exhibited sustained firing during sleep deprivation
and reduced firing during sleep, yet their firing rates were comparable during SWRs

regardless of sleep state. Despite the robust firing and abundance of SWRs during
sleep deprivation, we found that the reactivation and replay of neuronal firing
patterns was diminished during these periods and, in some cases, completely
abolished compared to ad libitum sleep. Reactivation partially rebounded after
recovery sleep but failed to reach the levels found in natural sleep. These results
delineate the adverse consequences of sleep loss on hippocampal function at the
network level and reveal a dissociation between the many SWRs elicited during sleep
deprivation and the few reactivations and replays that occur during these events.

Memories undergo continuous refinement following learning, ina
process referred to as memory consolidation in which sleep plays
acritical role. Sleep immediately after learning benefits memories!
and memories can be disrupted by even a few hours of sleep loss>.
Studies have highlighted the importance of the hippocampus for
sleep-dependent memory consolidation. However, the mechanisms
through which memories are impacted by sleep loss have yet to be
understood. Hippocampal sharp-wave ripples (SWRs), which feature
sharpwavesin the dendrites of CAl pyramidal cells coupled withripple
oscillations (150-250 Hz) near the cell bodies, are widely considered
toplayacriticalroleinsleep-dependent memory processes. SWRs are
observed more frequently in sleep after memory tasks*. Disrupting
activity during these oscillations impairs memory>¢, whereas enhanc-
ing them improves memory’.

A key characteristic of SWRs is that they are generated in the CA3
region of the hippocampus and then produce intense spiking activity
throughout the hippocampal formation® and beyond® ™. Such synchro-
nized activity drives synaptic plasticity in the network connections
associated with individual memories, enhancing their storage and
recall®®, In fact, both synaptic strengthening, by means of long-term
potentiation'", and synaptic weakening, through depotentiation or
long-term depression’®”, have been associated with SWRs. In particular,
thespiking activity during SWRs can be highly patterned toreactivate
and replay activities initially expressed during learning and behav-
iour in a temporally compressed manner akin to rapid rehearsal®, By
generating such rehearsals, SWRs can strengthen and stabilize spatial

representations in the hippocampus® and broadcast this signal to
cortical and subcortical brain regions®’. Although reactivations and
replays during SWRs are widely considered to play a key role in the
memory consolidation process, nothing is known about how these
events are impacted by sleep deprivation (SD).

Long-duration recordings during behaviour, sleep and
sleep deprivation

We performed extracellular recordings using 128-channel high-density
silicon probesimplanted unilaterally and bilaterally in the CAl region of
therat hippocampus (Methods) during behaviour and sleep. We tracked
local field potentials (LFPs) and stable units putatively classified into
754 pyramidal neurons and 96 interneurons. Recordings were initi-
ated approximately 3.5 h before the onset of the light cycle with about
2.5hofrestand sleep inahome cage (PRE). Animals were then placed
in linear maze environments of differing shapes (MAZE), which they
had not previously explored, and were allowed to run for about 1 h for
water reward. Following the maze, animals were returned to the home
cage for POST sessions, which involved either natural (ad libitum) sleep
and rest (non-sleep deprivation (NSD)) for 9 h or SD through gentle
handling for 5 h followed by recovery sleep (RS) (Fig. 1a). We divided
these periods into 2.5 h blocks (NS1-NS3 versus SD1-SD2 and RS)
alignedto zeitgeber time = 0, the onset of the light cycle. We then com-
pared RS to NS1, the first blocks of ad libitum sleep in each group, as
well as SD2 versus NS2, to show the effects of prolonged wakefulness
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Fig.1|SDyields more SWRsbut with weaker power and higher frequency
ripples. a, After PRE, animals were introduced to MAZE then allowed either
undisturbed sleep (NS1-NS2) or 5 h of sleep deprivation (SD1-SD2) followed by
recovery sleep (RS). b, Power spectral density insample NSD (left) and SD
(right) sessions with hypnogram (top) indicating brain state (active wake (AW),
quiet wake (QW), REM and NREM sleep) and spectrogram (bottom; z-scored
over allfrequencies for the time periods shown) of CAlcells LFP. c, Average
power spectral densities across allNSD (black line with grey shading (s.e.m.);
n=8sessions from 7 animals) and SD/RS sessions (red or blue line with
corresponding shading (s.e.m.); n=8sessions from 7 animals).d, The rate of
deltawavesislower during SD versus sleep but increases from SD1to SD2 and
RS (individual sessions superimposed with connected dots). e, Sample sleep
(left) witha high spontaneous rate of SWRs with LFPs (two shanks in black) and
unitrasters (arbitrary colour and sorting). The rate of SWRs (right) decreases
withsleep but remains elevated during SD. f, Power spectral densities in the

relative to ad libitum sleep. SD sessions (eight sessions from seven
animals) and NSD sessions (eight sessions from seven animals) were
carried out in pseudo-random order on different days spaced more
than 24 hapart, in the same animals.

Power spectral calculations (Fig. 1b,c) demonstrated strong delta
(less than 4 Hz) power in the hippocampal LFP during non-rapid eye
movement (NREM) sleep and strong theta (5-10 Hz) during rapid eye
movement (REM) sleep (Extended Data Figs. 1and 2a,b). We saw evi-
dence for neither prominent delta during SD nor prominent thetaout-
side REM periods®. However, the rate of isolated delta waves (Fig. 1d)
increased throughout the SD period, indicative of microsleep or local
sleep??* (see Extended Data Fig. 2c for detected OFF states). Over-
all, SD was characterized by lower spectral power across frequencies
(Fig. 1c). RS following SD subsequently featured a robust rebound in
delta activity (Fig. 1c,d and Extended Data Figs. 1and 2c), consistent
with sleep homeostasis®?*,
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ripple frequency band for the sessions in b with moving average ripple
frequency (black). Sample SWRs (16-channel traces, white) at different
timepoints (arrow heads). g, Box plots showing population median and top/
bottom quartiles (whiskers, 1.5x IQR), estimated using HB, indicate higher
frequency ripplesinSD (n=157,964 ripples total from eight sessions) versus
NSD (n=143,681ripples total from eight sessions), witharebound inRS.
Session means overlaid as connected dots. Rightmost panel highlights cross-
group comparisons for the first block of sleep in each group (NS1versusRS)
and the second block of SD versus NSD. h,i, Same as g for sharp-wave amplitude
(h) andripple band power (i). All panels, two-sided within-group comparisons
and one-sided cross-group comparisons; d,e, t-tests; g-i, comparisons of
bootstrapped means. NS, not significant; *P< 0.10,*P < 0.05,**P < 0.01,
***P<0.001, withno corrections for multiple comparisons. See Supplementary
Tables1and 2 for additional details. ZT, zeitgeber time.

Ahigherrate of SWR during SD

Previous studies have suggested that the incidence rate of ripples
and associated population burst events play important homeostatic
rolesin hippocampal dynamics'®’%, We therefore asked how the rate
of these events changes during sleep compared to a similar period
during extended wakefulness (Fig. 1e). In naturally sleeping animals,
we found that the incidence rate of SWRs decreased over time, con-
sistent with a homeostatic effect from sleep (NS1 median = 0.57 Hz
(interquartile range (IQR) = 0.06 Hz) versus NS2 median = 0.46 Hz
(IQR=0.03 Hz), P=1.86 x 107, paired t-test (d.f. = 7)). By contrast, the
rate of SWRs remained high in animals during SD (SD1 median = 0.5 Hz
(IQR =0.16) versus SD2 median = 0.57 Hz (IQR = 0.03), P = 0.73, paired
t-test (d.f. = 7)) and was higher during the second block (zeitgeber
time =2.5-5 h) of SD compared to NSD (SD2 versus NS2, P=1.08 x 1073,
t-test (d.f.1=7 and d.f.2=7); Extended Data Fig. 2d,e). Once the SD



animals were allowed to sleep (at zeitgeber time = 5 h), the rate of rip-
plesdroppedtolevels lower thanthose in the early block of ad libitum
sleep (RS median = 0.45 Hz (IQR = 0.19) versus NS1 median = 0.57 Hz
(IQR=0.06), P=7.87x1073, t-test (d.f.1=7,and d.f.2=7)).Inboth NSD
and SD, this ripple rate was consistently modulated by delta waves
and the probability of an OFF state following a ripple increased over
the course of SD (Extended Data Fig. 2f-j), as expected™. Overall, the
number of SWRs was not negatively affected but was higher during SD
compared to natural sleep.

Sleep loss alters the physiological properties of SWR

Giventhe prevalence of SWRs during both sleep and sleep deprivation,
we proposed that other characteristics of these hippocampal events
might differ across these periods (Fig. 1f). The peak frequency of rip-
plesinourrecordings (Fig.1g) decreased over the course of sleep (NS1
mean =165.32 Hz (IQR = 1.75) versus NS3 mean = 154.37 Hz (IQR = 2.93),
P<2x10"*(hierarchical bootstrap (HB) based on 10* random samples
with replacement across datalevels®®). However, during SD, ripple fre-
quency remained elevated (SD2mean =170.13 Hz (IQR = 1.18) versus SD1
mean =171.55Hz (IQR =1.58), P= 0.14, HB) and was significantly higher
comparedto ad libitumsleep, (SD2 mean versus NS2 mean =154.87 Hz
(IQR=1.24), P<107% HB). The high frequency of ripples during SD (but
not NSD) was also higher than those seen during MAZE (P= 0.0204,
HB) or PRE sleep (P <107*). Although changes inripple frequency of the
order of several Hz may be expected on the basis of temperature differ-
ences across sleep and awake”, we observed larger differences of up to
about 15 Hz (for example, SD2 versus NS2); these differences remained
significant when accounting for state dependence (Extended Data
Fig. 2k). After RS, ripple frequency dropped rapidly to levels lower than
duringthe similar sleep periodin NSD (RS mean =155.40 Hz (IQR =1.74)
versus NS1 mean =165.32 Hz (IQR =1.75), P=3.54 x107%, HB).

The sharp waves concurrent withripples reflect synchronized Schaf-
fer collateral input from CA3 converging on the apical dendrites of CA1
neurons. We measured changes in the amplitude of sharp waves using
the difference between the most negative and most positive deflec-
tions (typically instratum radiatum and stratum oriens, respectively)
recorded on our CAl-spanningelectrodes. In POST, we found increased
amplitudes of sharp waves compared to MAZE in both NSD (NS1
mean =5.36 mV (IQR = 0.65) versus MAZE mean = 4.33 mV (IQR = 0.67),
P<2x107*,HB)and SD groups (SD1 mean = 4.62 mV (IQR = 0.53) versus
MAZE mean =4.00 mV (IQR=0.67), P=1.40 x107%, HB). These ampli-
tudes were also larger than those observed during PRE for NSD (NS1
versus NSD PRE mean =4.63 mV (IQR=0.71), P=3 x10™*,HB) although
not for SD (SD1 versus SD PRE mean =4.45mV (IQR =0.57), P=0.13,
HB), including when accounting for state dependence (Extended Data
Fig. 2k). Sharp-wave amplitudes did not change further over the course
of NSD or SD (Fig. 1h) but RS elicited a strong increase in sharp-wave
amplitudes (RS mean =5.32 mV (IQR = 0.69) versus SD2 mean = 4.59 mV
(IQR=0.51), P<2x107*, HB). The power of ripples (100-250 Hz,
z-scored over each entire session Fig. 1i) during SWRs varied similarly
tosharp-wave amplitude, suggesting that higher amplitude sharp waves
in the stratum radiatum produce stronger ripples in the pyramidal
layer. These increased in POST relative to MAZE (NS1 mean =5.88 mV
(IQR = 0.51) versus MAZE mean =4.39 mV (IQR = 0.56), P<10™*, HBand
SD1mean =4.64 (IQR =0.50) versus MAZE mean =4.06 mV (IQR = 0.39),
P=1.8x1073, HB) and relative to PRE for NSD (NS1 mean =5.88 mV
(IQR =0.50) versus PREmean =5.11mV (IQR=0.60),P<2 x10™*, HB) but
notforSD (SD1mean =4.64 mV (IQR = 0.50) versus PRE mean =4.72 mV
(IQR=0.59), P=0.65, HB) (Extended Data Fig. 2k). Ripple power
(z-scored over the session) then decreased over the course of sleep
(NS3 mean =5.57 (IQR = 0.44) versus NS1 mean = 5.88 (IQR = 0.50),
P=1.8x107, HB) but increased over SD (SD2 mean =4.97 (IQR 0.50)
versus SD1 mean =4.64 (IQR = 0.50), P< 2 x107*, HB) and even fur-
ther after RS (RS mean =5.67 (IQR=0.59), P< 2 x107*, HB). Although
these measures showed high variability across subjects, cross-group

comparisons (NS2 mean versus SD2 mean) were significant for ripple
power (P=0.040) and demonstrated atrend for sharp-wave amplitude
(P=0.090). Overall, these results demonstrate that, although the total
number of ripples remains elevated during SD, sleep loss manifests with
higher frequency ripples but at lower power and with smaller sharp
waves, potentially reflecting the physiological impact of fatigue on the
pyramidal cell-interneuron interactions that give rise to these events®,

Sleep loss disturbs firing-rate dynamics in the hippocampal
network
The firing rates of neurons are sensitive to changes in sleep states®,
serve asimportant signals of the homeostatic function of sleep®*° and
canreflect the strength of synaptic connectivity among neurons*°. We
therefore assessed the effects of sleep and sleep loss on hippocampal
firing-rate dynamics (Fig. 2). During active exploration of the maze,
firing rates tended to increase from PRE for pyramidal cells (NSD
inwhich MAZE mean =1.15Hz (IQR = 0.14) versus PRE mean = 0.94 Hz
(IQR=0.14), P=0.0028, HB; but not significantly for SD in which MAZE
mean =1.11 Hz (IQR = 0.26) versus PRE mean = 0.95 Hz (IQR = 0.21),
P=0.128, HB) and for interneurons (a trend for NSD with MAZE
mean =23.35 Hz (IQR =4.30) versus PRE mean = 20.34 Hz (IQR = 5.23),
P=0.055, HB; and significantly for SD with MAZE mean =21.96 Hz
(IQR=3.88) versus PRE mean =18.72 Hz (IQR =4.12), P= 0.044, HB).
However, following MAZE, sleep loss produced different dynamics
from natural sleep. Pyramidal cell firing rates (Fig. 2a,b) dropped sig-
nificantly within hours of natural sleep (NSImean=0.90 Hz (IQR = 0.12)
versus MAZE, P=0.028, HB) and further over the course of NSD (NS2
mean = 0.80 Hz (IQR = 0.09) versus NS1, P=2.8 x 1073, HB) but they
remained elevated throughout the 5h SD period (SD2 mean =1.04 Hz
(IQR =0.23) versus SD1 mean =1.01 Hz (IQR = 0.20), P=0.55, HB).
Differences were also evident in the distributions of pyramidal cell
firing rates; these were skewed during PRE and MAZE, subsequently
became log-normal in sleep?? but remained skewed in SD (NS2 mean
IQR =0.63 log(Hz), P=0.24, versus SD2 mean IQR = 0.81log(Hz),
P=2.7x107%, HB of Shapiro-Wilk test, Fig. 2d), with a broader distri-
bution (Fig. 2e). These broad and negatively skewed distributions indi-
cate that during prolonged awake SD a few cells fire at elevated rates
whereas other reduce firing, suggestive of competition among neu-
rons mediated by inhibition®. Consistent with this, interneuron firing
rates (Fig. 2c) decreased with the onset of natural sleep and remained so
throughoutsleep (NS1mean =17.91 Hz (IQR =3.37) versus MAZE mean=
23.35Hz (IQR=4.30),P=4 x107*, HB;NS3 mean =16.86 Hz (IQR = 3.02)
versusNS1, P=0.21, HB) but, in contrast, remained elevated from MAZE
to SD (SD1 mean =20.28 Hz (IQR = 5.32) versus MAZE mean = 21.96 Hz
(IQR=3.88), P=0.34,HB) and the remainder of SD (SD2 mean = 20.03 Hz
(IQR =5.01) versus SD1, P= 0.66, HB). With the onset of RS, firing rates
decreasedrapidly for pyramidal cells (RSmean = 0.72 Hz (IQR = 0.19) ver-
susSD2mean =1.04 Hz (IQR =0.22), P<2 x10™*, HB) and interneurons
(RSmean =13.02 Hz (IQR = 3.41) versus SD2 mean = 20.03 (IQR = 5.01),
P<2x107*, HB). Owing to large variability, cross-group comparisons
were less salient but demonstrated a trend towards higher firing rates
in pyramidal cells in the second block of SD compared to NSD (NS2
mean =0.80 Hz (IQR = 0.09) versus SD2 mean =1.04 Hz (IQR = 0.22)
P=0.074). Interneurons likewise trended towards lower firing rates
in natural sleep compared to RS (NS1 mean =17.91 Hz (IQR = 3.37) ver-
sus RS mean =13.03 Hz (IQR =3.47), P=0.090, HB). Although these
patterns were largely attributable to state-dependent effects of waking
and NREM (Extended Data Fig. 3), overall, theincreased firing rates and
skewed distributions in SD compared to ad libitum natural sleep indi-
cate a higher metabolic impact of prolonged waking on hippocampal
activities, which confirm and extend previous observations>%,
Interneurons of different types have avariety of firing response dur-
ing SWRs and play animportant role in determining the physiological
characteristics of the ripple oscillation. Therefore, we also examined
the firing responses of interneurons, alongside those of pyramidal
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Fig.2|Hippocampalfiring rates are elevated and more dispersed during
SD. a,Example sessions from NSD (top) and SD (bottom) with RS, showing
firingrates of pyramidal units (5 minbins, units sorted by mean) and
hypnograms (top: AW, QW, REM and NREM sleep) during POST. Mean firing
rate (right axis) superimposed (white, this session; black, across all sessions).
b, Pyramidal neurons (PNs) during NSD (black, left; n =442 cells from eight
sessions) and SD/RS (red/blue, right; n =312 cells from eight sessions) in (PRE,
MAZE,ZT0-2.5,ZT2.5-5and ZT 5-7.5) show decreasing firing during sleep but
elevated firing during SD. Individual session means superimposed (connected
dots).c,Same asbbut forinterneurons (IN) (n =48 cells from eight NSD
sessionsand n =48 cells from eight SD sessions).d, The full distribution of PN
firing rates deviates fromlog-normal during SD1and SD2 but not NS1or NS2.

cells, specifically in SWRs (Fig. 2f,g). Although firing rates in ripples
varied across the periods we examined, we generally saw little differ-
ence between natural sleep and SD (pyramidal neurons having NS2
mean =3.44 Hz (IQR =1.03) versus SD2 mean =3.71Hz (IQR =1.24),
P=0.41,HB;interneurons having NS2 mean = 45.16 Hz (IQR =7.36) versus
SD2 mean =37.38 Hz (IQR = 6.61), P= 0.16, HB). However, we observed
asignificant decrease in the ripple firing rates of interneurons during
RS compared to the similar periodin natural sleep (RS mean =34.11 Hz
(IQR =7.11) versus NS1 mean =49.37 Hz (IQR = 7.85), P= 0.033, HB).
Somatostatin-positive interneurons, a subset of which are lacunosum
moleculare-projecting interneurons which gate entorhinal cortical
input to CAl (ref. 32), generally fire at lower rates during SWRs than
do other cells®. The lowered firing rates we observe during RS may
thereforereflect the differentialimpact of sleep loss specifically on this
class of interneurons, consistent with a recent study using immediate
early genes®,

938 | Nature | Vol 630 | 27 June 2024

e, logfiring rate IQR shows greater variance for PNsin SD versus NSD. f, PN firing
rates specificallyinripples decreased over sleep and remained stable during SD
but with minimal cross-group differences. g, IN firing during ripples decreased
oversleepbut remained elevated during SD then dropped in RS, with significant
differences between NS1and RS. Allbox plots depict median and top and
bottom quartiles (whiskers,1.5x IQR) of the HB data. b,c,e-g, two-sided within-
group comparisons and one-sided cross-group comparisons of HB means.

d, Shapiro-Wilk tests performed on each HB log distribution, with Pobtained
fromthe proportionwithsignificant skew; one-sided cross-group comparisons
performed on the HB Shapiro-Wilk test statistics. “P < 0.10,*P< 0.05,**P < 0.01,
***p<0.001, with no corrections for multiple comparisons. See Supplementary
Table1foradditional details.

Sleep loss attenuates memory reactivation

Given that our results thus far demonstrate a high rate of SWRs dur-
ing SD with robust concurrent firing in pyramidal cells, we next asked
whether the specific content of SWRs may be impacted by SD. We first
examined the reactivation of neuronal ensembles, which have been
linked to the memory function of the hippocampus®'®. Such reactiva-
tions can persist for hours after anew experience® and canbroadcast
the hippocampal signal to cortical regions>®’, To quantify reactivation,
we calculated the partial correlation explained variance (EV) (Methods),
which measures the similarity of pairwise correlations between MAZE
and POST while controlling for pre-existing correlations in PRE* in
250 ms bins in sliding 15 min windows (5 min steps; Fig. 3a). A time-
reversed explained variance (REV) was used to estimate the chance level
for reactivation®. In naturally sleeping animals following exposure to
the new maze we observed hours-long reactivation, consistent with
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(AW, QW, REM and NREM sleep); additional sessions in Extended Data Fig. 4).
Solid lineshows mean EV/REV and shaded regions indicate low standard
deviations. NSD sessions featured robust reactivation lasting for hours,
whereas SD sessions showed either some (ratsSand V) or little reactivation
(ratsNand U). b, Proportion of time spentin WAKE during NSD and SD (top left)
and in NREM during NSD and RS (top left). When calculated exclusively during
WAKE (bottom left), mean EV (mean ands.d. are shown by solid line and
shading, respectively) shows asimilar decreaseinboth NSD (n =20,544 cell
pairs fromsix sessions) and SD (n = 8,114 cell pairs from seven sessions),

our previous study®. During SD, however, we observed one of two
scenarios: either virtually no reactivation (for example, rats Nand U,
Fig.3a; seenin four of seven sessions, Extended Data Fig. 4) or reacti-
vation similar to NSD but with a faster rate of decay (for example, rats
Sand YV, Fig.3a; seeninthree of seven sessions, Extended Data Fig. 4).
These differences were not caused by discrepancies in the amount of
time or the distance covered onthe MAZE or in the proportion of active
versus quiet wake states in the home cage (Extended Data Fig. 5a-c).
However, we observed a significant negative correlation (r=-0.9,
P=0.006, Pearson correlation coefficient) between the rate of delta
waves during SD2 (Extended Data Fig. 5d but not during other periods)
and the amount of reactivation (EV) during SD1. Given that delta waves
represent accumulated sleep pressure?*, this indicates that varia-
tionsinsleepiness or resilience to sleep loss could potentially explain
the differences in the capacity for hippocampal reactivationin sleep-
deprived animals®.

Overall, when we compared EV calculated exclusively during the
awake state (Fig.3b, left), we found similarly low levels of reactivation
whichdecreased over timeinbothNSD and SD, in contrast to the higher
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butwhen calculated exclusively during NREM (bottom right), there is lower
reactivationin RS thaninNSD. ¢, The decay constant obtained from exponential
fitsto EV curves separated by brain state (individual sessions overlaid with
connected dots, except for out of range). In NSD, EV decays more slowly during
NREM versus WAKE. The WAKE EV decays more slowly in SD compared to NSD
but trends towards faster decay than during NSD NREM. d, EV plots indicate
lower reactivation during SD versus NSD, with arebound during RS to lower
levels thanin ad libitum sleep. Allbox plots depict median and top and bottom
quartiles (whiskers,1.5x IQR) of HB data. Two-sided within-group comparisons
and one-sided cross-group comparisons of bootstrapped means, “P< 0.1,
*P<0.05,**P<0.01,***P<0.001, with no corrections for multiple comparisons.
See Supplementary Table 1for additional details.

reactivation during sleep exclusively in NSD (Fig. 3b, right). Across
subjects, the time constant of decay, estimated from an exponential
fit to EV, was significantly larger in NREM compared to waking NSD
(Fig.3c) and alsolarger in waking SD than in waking NSD, suggestive of
compensation for the lack of sleep in the former group. Reactivation
levels were significantly lower during SD (Fig. 3d) when comparing SD1
with NS1laswellascomparing SD2 with NS2. Thus, compared tosleep,
the awake state demonstrated amore limited capacity for reactivation.
Prolonged waking, in particular, provided alower level of reactivation
when comparedto ad libitum sleep during the same period. However,
although reactivation was nearly absent by the end of SD, it increased
significantly with the onset of RS (Fig. 3a,d). This suggests that the
hippocampus is capable of reprising ensemble patterns reactivation
even after a pause, such as during SD. But critically, even with this com-
pensatory increase, reactivation levels during RS were substantially
reduced comparedto acorresponding period from NSD (Fig.3b,d; see
also comparisons for 1 hblocks in Extended DataFig. 6). This revealsa
persisting consequence of SD that, unlike other effects of sleep loss,
isnot restored even after lost sleep is reclaimed.

Nature | Vol 630 | 27 June 2024 | 939



Article

Sequence replay deteriorates during SD and RS

Whereas pairwise measures, such as EV, measure neuronal reactiva-
tion, finer scale analysis has revealed that neuronal activity during
SWRs can also provide a temporally compressed replay of sequences
of place cells which fired during maze behaviour®*®. Although most
studies of replay have been directed at rest and sleep within an hour
of maze exposure, we took advantage of our long-duration recordings
to investigate how replay (Fig. 4a) unfolds over several hours of sleep
compared with SD. As quantification of these events relies on differ-
ent assumptions about the nature of replay*>*, we focused on using
Bayesian methods (Fig.4b) to simply quantify the proportion of ripple
eventsthat decode continuous movement through the maze (trajectory
replays). Ripple events featuring five or more active units during animal
movement speeds of less than 8 cm s and peak ripple power of more
than1s.d. were considered candidates for further analyses (Methods).
We assessed trajectory structure using the distance between decoded
locationsinadjacent time steps, referred to as jump distance™? ripple
eventswith jump distance less than 40 cmin atleast three consecutive
time bins, were classified as trajectory replays.

We observed that the proportion of ripples qualifying as trajectory
replays was highest onthe mazein both experimental groups and was
also higherinadlibitum sleep in NS1compared to PRE (Extended Data
Fig.7), consistent with previous reports***, However, the proportion
of trajectory replays significantly decreased over the course of SD
(SD1mean=0.21(IQR = 0.034) versus SD2 mean = 0.018 (IQR = 0.028),
P=0.024,HB) and was significantly lower from natural ad libitumsleep
by the secondblock of SD (NS2 mean + s.e.m. =0.26 (IQR = 0.017) versus
SD2mean = 0.018 (IQR = 0.18), P=4.02 x 10*). Even during RS, replays
decreased further and did not rebound to the comparative levels in
NSD (Fig. 4c; RS mean = 0.016 (IQR = 0.023) versus NS1 mean = 0.027
(IQR=0.034), P=1.98 x 10, HB). The total rate of trajectory replays
(Fig. 4d) was also lower in the first block of SD compared to NSD (SD1
mean =590 (IQR = 84) versus NS1 mean = 840 (IQR =128), P=0.014,
HB) and remained significantly lower in RS (RS mean =290 (IQR = 64)
versus NS1mean =840 (IQR =128), P<107*, HB). Although the patterns
inthe effects of SD/RS versus NSD on trajectory replays somewhat differ
fromthose for reactivation, some discrepancies are expected because
of the methodological differencesin the measures used for these pat-
terns*. Further differences could also arise if pairwise co-activations
duringsleepreflect the maze experience without integrating into neural
sequences that correspond to paths with momentum through the
maze environment* ¥,

Finally, motivated by a recent study that reported a memory ben-
efit for longer replays’, we measured and compared the durations of
trajectory replays (Fig. 4e). Although we did not detect significant
cross-group differencesin replay durations, within SD (but not NSD) we
observed asignificant decrease from the first to the second block (SD1
mean 0.203 s (IQR = 0.0097 s) versus SD2mean = 0.186 s (IQR = 0.013 s),
P<2x107* HB) and a further decrease in RS (SD2 mean=0.186 s
(IQR=0.013 s) versusRSmean =0.172 s (IQR = 0.014 s), P= 0.012, HB).
Overall, these results demonstrate that the loss of sleep immediately
following anew experience diminishes the hippocampal replay of place
cell patterns following new maze exposure and that this impairment
persists even when sleep is regained.

Discussion

During sleep deprivation compared to natural sleep, we observed
lower amplitude sharp waves coupled with lower power ripples and
higher frequencyripple oscillations at the CAl pyramidal layer. Higher
amplitude and power generally indicate greater synchrony of CA3
inputs to CAlneurons, leading to greater spiking in CAl neurons*** and
stronger resonance throughout the hippocampal formation®, although
the animals’ sleep/awake states were not separated in most of these
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studies. Nevertheless, one recent study reported that SWRs during
waking, for which we observe lower power ripples, have alarger impact
on prefrontal cortical neurons* than they do during sleep. Similarly,
another study reported that lower amplitude sharp waves produced
larger neuronal responsesin extra-hippocampal regions®. These obser-
vations suggest that larger sharp waves do not necessarily translate to
greater activation in target regions. Additionally, hippocampal firing
rates during SWRs remained comparable between sleep-deprived and
sleeping animals despite differences in SWR features, indicating that
SWRs of different power and amplitude can generate similar responses
in hippocampal neurons.

The increase in ripple power over SD but decrease in power over
sleep, with parallel changes in ripple frequency, suggest that these
SWR features canserve asindicators of sleep pressure. These indicators
are measurable from the hippocampal LFP in both waking and sleep,
in contrast to cortical slow-wave activity used in common models of
sleep homeostasis**, which can only be measured during sleep (see also
ref.23). Higher frequency ripples potentially reflect the higher metabo-
lism of the awake state*® which is progressively lowered and reset in
sleep?. However, differences in ripple frequency can also reflect dif-
ferentialneuromodulatory tone, such as activation of GABA-A™ or 5-HT
receptors®, or different routing of inputs to CAl, with higher frequency
ripples reflecting the influence of CA2 during waking> and lower fre-
quency ripplesreflecting input from the entorhinal cortex***. Consist-
entwith this notion, we noted anincreasein ripple frequency, coupled
with higher power and higher amplitude sharp waves, following the new
maze exposure, particularly in the awake state (Extended Data Fig. 2k;
seealsoref.55). Lower frequency ripples have also been associated with
aging’®, whereas ripple frequency increases after learning®, consistent
with the postulated correlation with higher metabolic cost.

In addition to differences in physiological features of SWRs, we
reported firing-rate patterns that seem generally consistent with the
‘synaptic homeostasis hypothesis®*°, which conjectures that waking
drives strengthened connectivity between neurons, whereas sleep
drives synaptic downscaling. The decrease in reactivation and replay
over the course of sleep may likewise be consistent with this hypoth-
esis as the pathways providing reverberation of waking patterns are
progressively reduced. On the other hand, the more rapid decline in
replay and reactivation during SD versus sleep is not readily reconciled
witha privileged role for waking in synaptic strengthening. If synaptic
strengthening indeed occurs preferentially during the awake state,
thenitcould be expectedtoelicit more robust reactivation than during
sleep. Another possibility, however, is that the strengthening during
awake activity is promiscuous rather than specific to the firing pat-
terns evidenced on the maze. In this scenario, waking during SD may
actively interfere with hippocampal reactivation by provoking the
hippocampus to generate and learn new patterns inconsistent with
the maze experience. Similarly, whereas it has been conjectured that
SWRs may serve to downscale synapses”>*°, reactivation and replay
were longer lasting during sleep, even though SD featured a higher
incidence rate of SWRs, potentially indicating a homeostatic drive®.
The background brain states against which SWRs occur, along with
the specific hippocampal firing patterns that they produce, probably
play animportantrole indetermining their effects on the hippocampal
circuit and other brain regions®%74,

Notably, in this study we found reactivation during natural sleep that
lasted for hours® but diminished reactivation during SD with only lim-
itedrebound when animals eventually regained lost sleep. The absence
of amore complete rebound was remarkable because although most
indices of brain health and function, including protein signalling® and
gene transcription®, return to normal levels following sufficient RS,
memories compromised by sleep loss typically do not recover>*¢°,
Overall, our work calls attention to reactivation and replay, rather than
simply the occurrence of SWRs, as potentially the crucial elements that
mediate the role of sleep in memory and the negative impact of sleep



B Within SD — n
Raw LFP NS *
Within NSD
Ripple band falokal NS NS
(125-250 Hz) *‘WMM
110 - NSD versus SD NS NS # Hkk Hekk
0.8 Hkk
2
]
39 06
[ @® NSD
Jlll ' ﬁ'ﬂt H‘.li -II:-III llll " 'I‘ I N IIIll % % ® SD
%) ! I||| 1 l T T ‘IIIFI' ||'| |'l ‘\'-w "l'.‘ll".‘l !. Sz 04 o ® RS
S T e ' 1 om S5 " ® .
S . 1, h h‘ NI 1 [ 1] 1c:’ @
3 BT T ." " ! 1 - 1 g % % %
= ' LT 1 Illf“' ! o n a 0.2 % A0 % %’ .
Iil:.' " 1 imm e "I-'Inl-'- ul llh I '"I.'l. ° %
[T} [} ] .I'I|;h'“ at u 1 m
Lt (1] ey [ L [] . T T T T T
e b et t hieme g & & PP
' (LI T LI R ‘“ "N | u W N v <
N " 1 Nme f"lnlﬂlll a1 /ﬁ /ﬁ /é
1J mm mng am Min's m " [ ] (RTE BN T Boint L ' ' *
T T 1 d NS
0 4.0 8.0 NS
Time (s) #
NS # *
b Sample replays from NSD *
; PRE MAZE ZT0-25 2T 2.5-5 ZT5-75 NSNS # NS
- 1,000
B o L] e | [P -
— . L
- - 23 800
- = S c
—— LI —— 85 T
5 5 . ‘T2 600 .
= -.-_ - - = c2
g Loos 0.04 007 "ag 4 |006 007 — 55 T .
o 85 400 .e s
ko) ; 180 220 480 180 180 o T H
o Em . [ T R e— Y
N —— a 28 3 & 9
] - - - - M — ———-- 2% 200-5‘ |. ‘ J;Ej r:quEf.a
£ = -— -— T Vi " oo
2 || | = —- —— T 3 =2
z = = = 0 T T T T T
- 2 & )
" 0.07 ] 0.07 € @{l’ e
0 0.07 0.04 . 0.04 5 ,ﬁ\ ,6\ ,ﬂ\
220 240 280 240 160
Time (ms) e NS
NS L Kkk *
Sample replays from SD and RS NS NS
PRE MAZE ZT0-2.5 ZT2.5-5 ZT5-7.5 NS
1 0274 NS NS NS NS NS
| ] NS
L = -_- — - .
= > 0.244 .
c | S - 5 .
5 . == __ B .
= ‘w2 0.214
g oLo07 0.04 0.07 _-H 0.06 0.05 £z
k] 180 200 200 140 160 53
_g 1 = _E % 0.18-
5 L S e 5 -
£ - = °
S [—= e _m— — 8 0154
| T =
——
— I 012 T T T T T
oLoos 0.04 0.06 0.06 0.04 & ?/f,v 9 L A%
160 180 200 100 120 3 Q/
Time (ms) ’f/\ ’f/\ ’C\
SD RS

Fig.4 |Trajectoryreplays deteriorate over SD and RS. a, Hippocampal spike
raster (arbitrary colours ordered by place field location) and raw (black) and
ripple-filtered (blue) local field (LFP) during asample run (normalized track
positionoverlaidin orange). Grey box (right) shows asample sleep replay.
b,Sample trajectory replays for NSD and SD from top 10 percentile of distance
covered and lowest 10 percentile of mean jump distance (value in lower left of
eachboxgivesthe normalized distance) in eachepoch. Replays were observed
inallepochsbut became progressively shorter, particularly in SD, with fewer
events meeting the replay criteria. ¢, Fewer events qualified as replays by the
secondblock of SD (of n=72,584 candidate events from seven sessions) and in
RS compared to NSD (of n= 64,205 candidate events from six sessions).
Critically, the proportion of replays in RS was significantly lower thanin the

loss. The disruption of these neuronal firing patterns could destabilize
hippocampal spatial representations® and hippocampus-dependent
spatial memories®. Furthermore, as SWRs provide privileged windows

equivalent period from ad libitum sleep (NS1).d, Similar to c but for the rate of
replays. Fewer replays were seenin the first block of SD compared to NSD and
there were fewer replaysin RS versus NS1.e, The durations of trajectory replays
were significantly reduced from the first to second block of SD (n=15,005
replays from seven sessions) but not NSD (n=17,742 replays from six sessions),
withafurther decrease after RS. Allbox plots depict median and top and
bottom quartiles (whiskers, 1.5x IQR) of the HB data withindividual session
meansoverlaid and connected. Two-sided within-group comparisons and
one-sided cross-group comparisons of bootstrapped means; “P<0.1,*P< 0.05,
**P<0.01,**P<0.001, with no corrections for multiple comparisons. See
Supplementary Table 1for additional details.

of communication between the hippocampus and other brain regions”,
the compromised nature of this exchange is likely to have repercussions
on networks distributed throughout the brain®°
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Methods

Animals and surgical procedures

Four male and three female Long-Evans rats (300-500 g, 10-15
weeks old) were used in this study. No sample size calculations were
performed. The sample size was selected to adequately reflect the vari-
abilityinreactivationduring sleep deprivation. As one animal had alow
number of stable units, anadditional male rat was added. All surgeries
were performed on isoflurane anaesthetized animals head fixed on a
stereotaxic frame®.. After removing hair from the head, the incision
area was cleaned using alcohol and betadine. Next, an incision was
madeto expose the skullunderneath. The skull was cleaned of tissues
and blood, after which hydrogen peroxide was applied. Coordinates
for probe implantation were marked above the dorsal hippocampus
(anteroposterior, —=3.36; mediolateral, +2.2) following measurement
of bregmaand lambda. Craniotomies were drilled at the marked loca-
tion. Using a blunt needle, the dura was removed carefully to expose
thebrain surface. After cessation of bleeding, animals were implanted
with 64-channel silicon probes (eight shanks Buzsaki; Neuronexus;
one animal) or 128-channel silicon probes (eight shanks; Diagnostic
Biochips; six animals). Ground and reference screws were placed over
the cerebellum. Craniotomy was covered with DOWSIL silicone gel
(3-4680, Dow Corning) and wax. A copper mesh was built around the
implant for protectionand electrical shielding. All procedures involv-
ing animals were approved by the Animal Care and Use Commiittee at
the University of Michigan.

Behaviour

Before the probe implant surgery, animals were habituated to the
experimenter for 40 min or more over 5 days. Following habituation,
animals were water restricted and trained to associate water rewards
with plastic wells. During the post-implant recovery period (7 days)
animals were brought to the recording room for monitoring electro-
physiology signals and probes were slowly lowered to the dorsal CAl
region of the hippocampus. Inaddition, animals were also habituated
to sleep box for more than1 h every day. Following this, animals were
placed on a water restriction regiment for 24 h before experiments
started. Each experimental session began by transferring animals to
their sleep box about 4 h before the onset of light cycle. After 3 h of
recording in the home cage, animals were transferred to a maze that
they had not previously explored. These maze tracks were made distinct
by the shape, colour and construction materials. Animals alternated
for about 1 h between two water wells fixed at either end of the maze
to retrieve rewards from water wells. Following exploration, animals
were transferred to the home cage and the recording continued for10 h
or moreineither SD or NSD, pseudo-randomly assigned. Owing to the
unmistakable differencesin the data across these groups, experiment-
ers were not blinded to experimental conditions. Animals had access
to ad libitum food and received ad libitum water for 30 min per day.

Sleep deprivation protocol

SDwas performed at the onset of the light cycle in the home cage using
astandard ‘gentle handling’ procedure®®, Animals were extensively
habituated to the experimenter conducting the SD. During the initial
hours of SD, animals were kept awake by mild noises, tapping or gentle
shaking of the cage when they showed signs of sleepiness. As sleep
pressure builtup over a5 hSD period, other techniques such as gently
stroking the animal’s body with a soft brush or disturbing bedding
wereincreasingly used to ensure that they stayed awake. Following SD,
animals were allowed to sleep and recover for 48 h before any further
experiments.

Dataacquisition
Electrophysiology data were acquired using OpenEphys®* or an Intan
RHD recording controller sampled at 30 kHz. Analysis of LFP was

performed on signals downsampled to 1,250 Hz. The animal’s posi-
tion on the maze track was obtained using Optritrack (NaturalPoint)
hardware and Motive software (v.2.0, https://optitrack.com/software/
motive/), which usesinfrared cameras to locate markers clipped to the
animal’s crown. Three-dimensional position data were sampled at 60
or 120 Hz and later interpolated for aligning with electrophysiology.
Water rewards during alternation on the maze track were delivered
by means of solenoids interfaced with custom-built hardware using
Arduino. The timestamps for water delivery were recorded by means
of transistor-transistor logic pulses.

Spike sorting, cell classification and stability criteria

Raw data went through filtering, thresholding and automatic spike
sorting using SpyKING CIRCUS (v.0.8.8-v,1.1.0, https://github.com/
spyking-circus/spyking-circus)®, followed by manual inspection
and reclustering using the Phy package (v.2.0, https://github.com/
cortex-lab/phy/). Only well-isolated units were used for further analysis
with the exception of decoding/sequence detection analysis in which
we used all clusters that satisfied the stability criteria.

LFP and unitanalyses were performed using custom codes (NeuroPy)
writteninPythonand areavailablein our laboratory’s GitHub repository
(v.0.1, https://github.com/diba-lab/NeuroPy) which uses the packages
NumPy (v.1.24.4, https://numpy.org), SciPy (v.1.11.3, https://scipy.org)
and pingouin (v.0.5.3, https://pingouin-stats.org) for data analysis
and matplotlib (v.3.8.1, https://matplotlib.org) and Seaborn (v.0.11.2,
https://seaborn.pydata.org) for visualization. Units were sorted into
putative pyramidal cells and interneurons on the basis of peak wave-
formshape, firing rate and interspike interval®®*’.

With respect to stability criteria, to ensure that a given neuron was
reliably tracked across therecording duration, we divided each session
into five equally sized bins (about 2.5 h) and excluded any unit that fired
below 25% of its overall meanin any given time bin.

Sharp-waveripple detection and related properties

For detecting ripples, one channel from each shank was selected on
the basis of the (highest) mean power in the ripple frequency band
(125-250 Hz). The Hilbert amplitude was averaged across all selected
channels, then smoothed using a Gaussian kernel (¢ =12.5 ms) and
z-scored. Putative ripple epochs were identified from timepoints
exceeding 2.5 s.d. and the start/stop was associated with signals of
morethan0.5s.d.; candidate ripples of more than 50 ms or more than
450 ms were excluded from further analyses. The maximum z-score
value in aripple epoch was termed as its ripple power. Sharp-wave
amplitudes were obtained from a bandpass (2-30 Hz) filtered LFP
using the difference between maximum and minimum value across
all recorded channels in a givenripple. The peak frequency of each
ripple was estimated using acomplex wavelet transform. The LFP was
first high-pass filtered at more than 100 Hz. This filtered signal was
then convolved with complex Morlet wavelets with central frequencies
selected from linearly spaced frequenciesin theripple frequency band
(100-250 Hz). In eachripple, the frequency with maximum absolute
wavelet power was designated as the peak ripple frequency.

Sleep scoring

Sleep scoring was performed using correlation electromyogram (EMG),
theta and delta power. Correlation EMG was estimated by summing
pairwise correlations across all channels calculated in 10 stime windows
withalsstep®®®. For theta power, arecording channel with the highest
mean power inthe 5-10 Hz theta frequency band was identified. Follow-
ingtheta channelselection, the power spectral density was calculated
for each window. Periods with low and high EMG power were labelled
assleep and wake, respectively. The theta (5-10 Hz) over delta (1-4 Hz)
plus (10-14 Hz) band ratio of the power spectral density was used to
detect transitions between high theta and low theta, using custom
python software based on hidden Markov models followed by visual
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inspection. Sleep states with high theta were classified as REM and the
remainder were classified as NREM. Wake periods with high thetawere
labelled as ‘active’and the remaining were labelled ‘quiet’. These labels
were merged in WAKE for the main figures. All detected states went
through further visual inspection to correct any misclassifications.
Detailed, interactive sleep scoring plots for each session are available
at: https://github.com/diba-lab/sleep_loss_hippocampal_replay.

Detection of delta waves, delta power and OFF states

To detect hippocampal delta waves”™, hippocampal LFP was filtered
(0.5-4 Hz) and the resulting filtered signal was z-scored. The first-order
derivative of this signal was used to identify upward-downward-upward
zero crossings, which corresponded to the beginning, peak and end of
the deltawave, respectively. Deltawaves lasting for less than 150 ms or
more than 500 mswere discarded. In addition, we required the ampli-
tude at peak to be either greater than 2 s.d. or the amplitude at peak
morethan1s.d.and amplitude at end less than-1.5s.d.

Deltapower spectral density was calculated by extracting LFP signal
from a channel localized in the CAl pyramidal cell layer with Welch’s
method using 4 s bins.

The multi-unit activity (MUA) smoothed with a Gaussian kernel
of 6=20 ms was used to detected OFF periods, following a method
adapted fromref. 21. Candidate OFF periods were identified when the
MUA firing rate dropped below the session median. The surrounding
timepoints when the firing rate reached the lowest 10 percentile were
used to mark the onset, offsets and corresponding duration of these
events.

Explained variance measure for reactivation

Reactivation was assessed by the EV measure following previously
described methods®?¢, This EV describes how much of the co-activity
in a pair of neurons for a given window in POST is explained by the
co-activity of those neurons during MAZE, while controlling for
co-activity that was present during similar windows in PRE. Briefly,
spike times were binned into 250 ms time bins, creating an Nby Tmatrix,
where Nis the number of neurons and Tis the number of time bins. Pear-
son’s correlations, R, were determined for spike counts from neuronal
pairs in 15 min sliding windows (window length 15 min, sliding 5 min
steps) to produce P, an M-dimensional vector, where Mis the number
of cell pairs. To reduce spurious correlations arising from cross con-
tamination of units from the same shank”, only pairs with waveform
similarity of less than 0.8 were used. Next, to assess similarity between
P vectors from different windows, the Pearson correlation R of these
vectors (that is, the correlation between cell pair correlations) was
determined (for example, Ripre posty> Ripre, maze; @A Riviaze, posty) - Control-
ling for pre-existing correlations in a given sliding window (k) in PRE,
the EV for a 15 min window (WIN) was calculated as:

2
[MAZE, WIN] — R[MAZE, PRE(K)] X R[PRE(k), WIN]

R
EV(WIN) =
-Jl - R[ZMAZE, PRE(k)] 'Jl - R[zPRE(k), WIN]

averaged over allwindows in PRE. To get an estimate of the chance level
for EV, we calculated REV for each WIN*7%:

2

REV(WIN) = Rimaze, prec; ~ Rimaze, wing % Riprew), wing

2 2
J 1- R[MAZE, PRE(K)] J 1- R[PRE(k), WIN]

similarly averaged over PRE.

To estimate the time constant of reactivation from each session®,
we fit the time course, ¢, of bootstrap and session EV curves to an expo-
nential function:

EV(¢) =ae™/"

where 7 provides the exponential decay constant and a is a scaling
factor.

Only sessions with more than 15 stable units were used in the reac-
tivation and replay analyses (13 of 16 recorded sessions from six of
seven animals).

Place field calculations

To calculate one-dimensional place fields, animals’ two-dimensional
positions were linearized using ISOMAP” and visually inspected to
ensure accuracy. For each unit, two firing-rate maps were generated
corresponding to each running direction. Occupancy within 2 cm spa-
tial bins at timepoints when the animal’s speed exceeded 8 cm s were
calculated and smoothed with a Gaussian kernel (o0 =4 cm). For each
neuron, spike counts in each spatial bin were determined and also
smoothed with the Gaussian kernel (6 =4 cm). Then, each neuron’s
firing-rate map was generated by dividing the smoothed spike counts
by the smoothed occupancy map. Neurons with peak firing rate of less
than 0.5 Hz were excluded from further analysis.

Decoding and trajectory replays

MUA was used to detect population burst events that are concurrent
with SWR. In asession, the firing rate of MUA was derived from all puta-
tive spikes combined from all clusters then binned in 1 ms time bin
and smoothed using a Gaussian kernel of ¢ = 20 ms. Periods with peak
MUA >3 s.d. above the mean firing rate were considered candidate rip-
pleevents. The startand end times of these ripple events were defined
by the first neighbouring timepoints at which the MUA exceeded the
mean. Ripple events occurring within 10 ms of each other were merged.
Ripple events with duration of less than 80 ms or greater than 500 ms
were discarded.

Before decoding, candidate ripple events were required to satisfy
(1) five or more active units, (2) movement speed of lessthan 8 cm s*and
(3) concurrent peak ripple power of more than1s.d. For these analyses
alone, tominimize decoding error, we included all stable clusters with
amean firing rate of less than10 Hz, regardless of their isolation qual-
ity”. Position decoding was carried out onripple events using standard
Bayesian decoding” methods. Probabilities of the animal occupying
each position bin x,on the track were calculated according to:

N
Ty A [xp]
i=1

N
P(xplnt) = Kt{ n A [xp]ni't}e
i=1

where zis the duration of the time bin (20 ms) used, 4; [x,] is the firing
rate of the ith neuron at x,on the maze, K, is a normalization constant
to ensure that the sum of probabilities across all position bins equals
tolandn,isthe number of spikes fired by each neuronin that bin. The
location with the maximum posterior probability was considered the
‘decoded location’ for each time bin. A candidate ripple event was clas-
sified asa‘trajectoryreplay’ifit decoded a continuous trajectory across
space for 60 ms or more, suchthat the distance between decoded loca-
tions in adjacent time bins was less than 40 cm. Posterior probability
matrices for all ripple events that were classified as replay have been
compiled in an interactive plot available in our GitHub repository
(https://github.com/diba-lab/sleep_loss_hippocampal_replay).

Hierarchical bootstrapping

We used HB* to estimate confidence intervals and P values for differ-
ent variables following code found at https://github.com/soberlab/
Hierarchical-Bootstrap-Paper. For each metric we generated a popula-
tion of 10,000 values by resampling with replacement at each level of
the data hierarchy (first sessions, then for each session, the variable
measured; for example, frequency of the SWR) and pooled the values
to calculate the test statistic and corresponding confidence inter-
val or IQR. Two-tailed tests with a = 0.05 were used for within-group
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comparisons, inwhichthe Pvalue was determined from the proportion
ofbootstraps for which the test statisticin one group exceeded that of
the other group. The within-group comparisons generated one-sided
hypotheses for cross-group testing, performed at a = 0.05. For these
cross-group comparisons, we used the joint probability distributions of
the bootstrapped samples to determine the Pvalue: the likelihood that
themean of group oneis greater than or equal to the mean of group two.
AllHB datawere visualized using box and whisker plots generated using
the boxplot function from the matplotlib (v.3.8.1) and Seaborn (v.0.11.2)
Python packages to depict the median and first or third quartiles, with
whiskers extending to 1.5 IQR. For testing if firing-rate distributions
differed fromlog-normal, Shapiro-Wilk tests were performed on each
bootstrapped log distribution and the P value was determined from
the proportion of bootstraps withsignificant skew at a = 0.05. Detailed
statistics with estimated P values for all performed comparisons are
found in the Supplementary Table 1.

Parametric statistics

For instances in which parametric tests were more appropriate, the
exact Pvalues, test statistics, confidence intervals and degrees of free-
dom are provided in the Supplementary Table 2.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The processed group data for this study are available at https://doi.
org/10.7302/73hn-m920, which includes NumPy (.npy) files used
to generate most of the figures in this study. The remainder of the
long-duration datasets generated during and analysed for the present
study willbe made available by the corresponding author on request.

Code availability

All analyses were performed using custom codes written in Python.
General-purpose code is available in our laboratory’s public GitHub
repository (https://github.com/diba-lab/NeuroPy, v.0.1). Code spe-
cific to this project and used for generating figures herein is located
at https://github.com/diba-lab/sleep_loss_hippocampal_replay (v.0.2).
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Extended DataFig.2|Ripple and deltafeatures and controls acrosssleep
andsleep deprivationsessions. (A) Local field potential spectrogram (1-10 Hz)
fromasample thetachannel duringrecovery sleep (RS) fromthree rats with
corresponding hypnogramindicating the scored sleep/wake state above
(active wake (AW), quiet wake (QW), rapid eye movement (REM) and non-REM
(NREM) sleep). The Fourier spectrogram was calculated from the whitened
LFPtraces using 4 swindows with1soverlap.Z-scored deltapower (1-4 Hz,
smoothed witha12 sgaussian kernel) is overlaid in white. More detailed sleep
scored sessions are available at https://github.com/diba-lab/sleep_loss_
hippocampal_replay. (B) The proportion of time spentineach brain state across
all sessions. Individual session values overlaid in connected dots (n=8 NSD
sessionand n=8SD sessions). We note that during sleep deprivation fromZT
0-2.5(SD1) to ZT 2.5-5(SD2), there was no significant change in the proportion
oftimein QW (P=0.958, t(df=7)=-0.054) or AW (P=0.769, t(df=7) = 0.305).
(C) Therate of OFF states compared across sessions. For the non-sleep-
deprived (NSD) group, OFF states were most prevalent during NS1(ZT 0-2.5)
and decreased overtime, inNS2 (ZT 2.5-5)and NS3 (ZT 5-7.5). The rate of OFF
states was initially lower inthe SD group, butincreased from SD1to SD2, witha
furtherlargeincrease uponRS. (D) Therate of ripple events calculated in 5 min
windows decreased over the first 5 h of NSD but remained stable during 5 h of
SD. (E) Ripplerate calculated separately for NREM and WAKE states (individual
sessions overlaid with connected dots). Adecreaseinrippleratesisobserved
inboth NREM and WAKE in the NSD group, but there was no change in WAKE
ripplesfromSD1to SD2and adecrease fromSD2toRS. Overall, NREMripple
rateswere higherin NS1vs. RS and WAKE ripple rates were higherin SD2 vs. NS2.
(F) Theripple probability (solid line =mean, shaded region=s.e.m.,n = 8) was
modulated by deltawaves. (G) However, the modulation depth of ripples by
delta ((peak-trough)/mean) was not significantly different across 2.5 hblocks.
(H) OFF states were frequently preceded and followed by ripples®®. Modulation
of OFF states by ripples did not change across NSD (n=103,319 ripples across

8sessions) but the probability that OFF immediately followed aripple increased
over SD, from SD1to SD2 and further in RS, with asignificant difference
between RS and NS1. Theinducement of OFF states by ripplesis similar to
therisein OFF states following burstsinduced by sensory stimulationin

the cortex. (I) Interventions needed to stop transitions to sleep during SD
were tracked using piezo sensors on the sides of the home cage in 3 sessions.
Thenumber ofinterventions grew with time during SD. (J) Mean and 95%
confidenceintervals of ripple rate (left) and deltawave rate (right) relative
totheonsetofinterventions. Therate of delta waves and concurrentripples
was higherimmediately preceding interventions, consistent with signs of
sleepiness that compel suchinterventions. (K) Ripple features (frequency,
sharp wave amplitude and ripple power) evaluated separately in NREM
(n=67007 ripples from 6 NSD sessions, n=26798ripples from 7 SD sessions)
and WAKE states (n = 74363 ripples from 6 NSD sessions and 128957 ripples
from 7 SD sessions). Rightmost panelsin each row provide cross-group
comparisonsin NS1vs. RSstrictly during NREM and NS2 vs. SD2 strictly during
WAKE. Theseresults are largely consistent with patternsin Fig. 1g-i, except that
hereripple powerin NS2vs.SD2is not significantly different during WAKE,
indicating state-dependence of this effect. Additionally, we note a significant
increaseinripple frequency in WAKE from PRE to POST inboth NSD and SD
groups, indicating an effect of the novel maze exposure. Allbox plots show the
medianand top/bottom quartiles (whiskers=1.5xinterquartile range) of the
hierarchically bootstrapped datawith individual session means overlaid with
connecting dots. Statistics: panels C, E, G, two-sided paired t-tests (within
group) and one-sided independent groups (across groups) t-tests; panel D,
Pearson correlation coefficients with two-sided p-value; panel H, x* tests of
independence; panel K, two-sided paired within group and one-sided cross-
group comparisons with hierarchical bootstrapping; ns (not significant),
*P<0.05,**P<0.01,***P<0.001, with no correction for multiple comparisons.
See Supplementary Tables1and 2 for additional details.
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Extended DataFig. 3 |Firing rate changes within eachstate separately.
Mean firingrates calculated solely within the awake (WAKE) state (A) or solely
within NREM (B) withindividual sessions overlaid and connected. Differences
calculated separately within wake or NREM were less pronounced than those
showninFig.2b,c, consistent with the noted effect of background state on
hippocampal firing rates®>*. However, when estimating the metabolic cost of
neuronal firing?, comparisons that overlook the state and consider temporal
variationsinrates, suchasthose depicted in Fig.2b and c, are most appropriate.
In WAKE (A), firing rates showed a trend towards decreased rates in pyramidal
cells (top row) inthe NSD group (n =442 neurons from 8 sessions) but notin SD
(n=312neurons from 8 sessions). The decreasein firing rates during brief
wakings withtherecoverysleep period (right panel) likewise showed a trend
towards significance vs.asimilar period in NSD. Interneuron firing rates
(bottom row) within WAKE inrecovery sleep showed a trend towards
significancein comparison to the similar periodin NSD (n =48 cells from 8 NSD

sessions and n =48 cells from 8 SD sessions). InNREM (B) no significant
differences were detected across groups or periods. (C) and (D) Same as (A) and
(B) but for active wake (AW) and quiet wake (QW). (E) Firing rate distribution for
all pyramidal cells recorded during SD sessions for AW vs. QW. Firingratesin
both WAKE states remain skewed from log-normal distribution throughout SD.
(F) Interquartilerange (IQR) of the log firing rate of pyramidal cells revealsa
trend toward abroader range of firing rates in AW vs. QW during SD. Allbox
plots depict the medianand top/bottom quartiles (whiskers=1.5x interquartile
range) of the hierarchically bootstrapped data with individual session means
overlaid with connecting dots. Statistics: A-D, F: two-sided paired within group
and one-sided cross-group comparisons with hierarchical bootstrapping;

E: Shapiro-Wilk tests performed on each bootstrapped log distribution, with
Pobtained from the proportion of bootstraps with significant skew; ns (not
significant),”P<0.1,*P<0.05,**P<0.01,***P < 0.001, with no correction for
multiple comparisons. See Supplementary Table1for additional details.
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Extended DataFig. 4| Temporal evolution of reactivationacrossrecorded
sessions. Reactivation assessed using the explained variance (EV) metric (NSD
(black), SD (red) and RS (blue)), in thirteen sessions from six different animals
(3 maleand 3 female, with 3 sessions from 2 animals (1 male, 1 female) excluded
duetoaninsufficient number of stable neurons), asin Fig. 3a. Chance level
(REV)is showninmaize. Solid lines show the meanand shaded regions show the
standard deviation of EV/REV across all 15 minwindows in POST. Each row

y3 NSD session

provides session(s) from one animal, withnumber of putative pyramidal
neurons and cell pairs used to calculate EV specified inside each panel.
Hypnograms above panels depict sleep/wake history in active wake (AW), quiet
wake (QW), rapid eye movement (REM) sleep and non-REM (NREM) sleep, with
sleep deprivation/recovery sleepinred/blue and natural sleep in black.
Animals’ tracked positions on the novel maze (purple) are depicted on the right
ofthe panelsalong with the session recording day.
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Extended DataFig. 5| Accounting for the variability inreactivation during
sleep deprivation. We observed striking variability in reactivation across
animals duringthe first block of sleep deprivation (SD1) in ZT0-2.5 (Fig.3 and
Extended DataFig.4). We conducted aseries of analysesin an effort to account
for this observation. Differencesin (A) the distance run or (B) the total time
spentrunningon the maze, did notaccount for the variance in EV during SD1.
(C) Likewise, the variance in EV during SD1 cannot be attributed to differences
inthe proportion of time in active wake (left) or quiet wake (right) states during
this period. (D) We next tested whether the rate of delta waves during sleep
deprivation (top row, n=7sessions), anindicator of sleep pressure, could
explainthevariance in EV during SD1. Remarkably, there was astrong

0.4 0.6
ZT5-7.5

Delta rate (Hz)

significant negative correlation (P=0.006) between therate of deltafromZT
2.5-5(SD2) and the reactivation (EV) during SD1. If delta during SD2 thus relates
toanimal’slevel sleepiness, consistent with the sleep homeostasis model**,
thelevel of sleepiness correlates with the amount of hippocampal reactivation
we observe during SD1. In contrast, we observed no correlationbetween EV
and deltaatany timepoint for NSD (bottom row, n = 6 sessions). (E) A similar
relationship was not evidentbetween deltawaves and EVin NS2. (F) Reactivation
(EV) during SD1was not predictive of the reactivation during RS. Statistics:
Allpanels, Pearson correlation coefficients with two-sided P-values, **P< 0.01,
withno correction for multiple comparisons.
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Extended DataFig. 6| Comparisons across1-hourblocks. Changesinripple
properties, firing rates, explained variance and replays were assessed using 1-h
blocks, based on the last hour of PRE, 1-h periodsimmediately after MAZE (ZT
0-1) and 1-h blocksimmediately before and after recoverysleep (ZT4-5and ZT
5-6). Allbox plots depict the medianand top/bottom quartiles (whiskers=1.5x
interquartile range) of the hierarchically bootstrapped datawithindividual
session means overlaid with connecting dots. Similar to our resultsfor2.5h
blocksinthe maintext, (A) ripple frequency (left) decreased over NSD
(n=143681ripplestotal from 8 sessions) butincreased in SD (n=157964 ripples
total from 8 sessions) relative to MAZE, with arebound drop in RS (ZT 5-6).
Rightmost panel highlights cross-group comparisons for the first block of
sleep (NS1vs.RS) andsecond block of SD vs. NSD. In both groups, sharp-wave
amplitudes (middle) and ripple power (right) increased from MAZE to the first
block of POST (ZT 0-1). Sharp-wave amplitude (middle) and ripple power (right)
furtherincreasedinRS. Cross-group comparisonsat ZT 4-5showed increased
ripple power in NSD compared to SD. (B) Firing rate of pyramidal neurons show
decreasing firing rates during sleep but not during SD (n =442 pyramidal

neurons/48interneurons from 8 sessions NSD, 312 pyramidal neurons /48
interneurons from 8 sessions SD). (C) EV was significantly lower inSD at ZT4-5
compared to NSD, with amodest but significant rebound during RS, but to
lower levels than during the first hour of natural sleep. n =20544 cell-pairs
from 6 NSD sessions and n = 8114 cell-pairs from 7 SD sessions. (D) (left). The
proportion of candidate ripple events that decoded continuous trajectoriesin
different epochs (n = 65744 candidate events from 7 SD sessions and n = 56669
candidate events from 6 NSD sessions). SD sessions featured significantly
fewer trajectory replays by ZT4-5. Critically, the proportion of replaysin RS was
significantly lower thanin NS1. Similar results were observed for replay number
(middle). Asignificant decrease was observed in mean replay event duration
(right) for SD (n=13911replays from 7 sessions) but not NSD (n=15866 replays
from 6 sessions) from ZTO-1to ZT4-5. Statistics: two-sided within-group
comparisons and one-sided cross-group comparisons with hierarchical
bootstrap,“P<0.1,*P<0.05,**P < 0.01,***P < 0.001, with no correction for
multiple comparisons. See Supplementary Table 1for additional details.
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Extended DataFig.7|Replay characterization during NREM and WAKE.

(A) Replays showed no bias in directionality. (B) The total number of candidate
events decreased during POST in nonsleep-deprivation (NSD, n = 64205
candidate events from 6 sessions) but remained elevated during sleep
deprivation (SD, n=72584 candidate events from 7 sessions) from the first
tosecondblock (SD1toSD2), but dropping fromSD2 torecovery sleep (RS).

(C) The proportion of candidate events that scored as trajectory replaysin NSD
and SD groups, measured separately in WAKE (n =30852 events from 6 NSD
sessionsand n=59820 events from 7 SD sessions) and NREM (n=32258 events
from 6 NSD sessions and 11903 events from 7 SD sessions) states in each block.
Therightmost panel provides comparisons between the first block of
extended NREM sleep for each group (ZT 0-2.5inthe NSD group vs.ZT 5-7.5in
theSD group) and between WAKE during the second (late) block of POST (ZT
2.5-5for both groups). There was asignificantly lower proportion of trajectory
replaysinNREMrecovery sleep (RS) compared to natural sleep (NS1) and fewer
in WAKE (SD2 vs. NS2), demonstrating that these results were significant when
assessed within states as wellaswhen compared across time blocks that
involved pooled states, asin Fig. 4. Note also that there was a significant
increaseinthe proportion of trajectory replays during NREM from PRE to

POST, consistent with previous studies indicating increased replay following
novel MAZE exposure***, (D) Same as (C) but for the total number of trajectory
replay events. Interestingly, the totalnumber of trajectory replays decreased
within WAKE in the NSD group, but did not change within SD, resultingina
greater total number of trajectory replaysin SD2 compared to NS2. Importantly,
however, there were significantly fewer trajectory replaysin NREM RS vs. NS1.
(E) Same as (C) but for duration of trajectory replay events (NREM: n = 8291
replays from 6 NSD sessions, n =1869 replays from 7 SD sessions; WAKE:
n=9128replays from 6 NSD sessions, n=12940 replays from 7 NSD sessions).
Note the decreased duration of these events during wakingin SD2 vs. SD1.
Allbox plots depict the median and top/bottom quartiles (whiskers=1.5x
interquartile range) of the hierarchically bootstrapped datawithindividual
session means overlaid with connecting dots. Statistics: Panel A: two-tailed,
paired t-tests for within group comparisons and one-tailed Welch’s t-tests for
cross-group comparisons; Panels B-E, two-sided within-group comparisons
and one-sided cross-group comparisons with hierarchical bootstrap, *P< 0.01,
*P<0.05,**P<0.01,***P<0.001, with no correction for multiple comparisons.
See Supplementary Tables 1and 2 for additional details.
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Spikesorting: Spyking Circus (> v0.8.8, https://github.com/spyking-circus/spyking-circus)
Position tracking: Motive (v2.0, https://optitrack.com/software/motive/)

Data analysis Programming Language: Python 3.10
Numpy: v1.24.4 (https://numpy.org)
Scipy: v1.11.3 (https://scipy.org)
Pingouin: v0.5.3 (https://pingouin-stats.org)
matplotlib: v3.8.1 (https://matplotlib.org)
Seaborn: v0.11.2 (https://seaborn.pydata.org)
Custom general-purpose code package: NeuroPy (v0.1, https://github.com/diba-lab/NeuroPy)
Custom paper-specific code package: https://github.com/diba-lab/sleep_loss_hippocampal_replay, v0.1

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes,

unique identifiers, or web links for publicly available datasets

- A description of any restrictions on data availability
- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The processed group data for this study are available at https://doi.org/10.7302/73hn-m920 which includes Numpy .npy files files used to generate most of the
figures in this study. The remainder of the long-duration datasets generated during and analyzed for the current study will be made available by the corresponding

author upon request.

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A

Population characteristics N/A

Recruitment

Ethics oversight

N/A

N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|Z| Life sciences

|:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size

Data exclusions

Replication

Randomization

Blinding

No sample size calculations were performed because we had no prior estimate of expected effect size. Based on previous experience, we
surmised that a sample size of 6 animals would be sufficient to account for the potential variability in replays across animals, including an
equal number of males and females. Such sample sizes were deemed reasonable based on the simultaneous recording of large numbers of
units over multiple hours, with a large number of ripple events, made possible from each animal with silicon probe recordings. One of the
animals had a low number of stable units, so an extra male animal was added. In 2 animals we were able to record additional sessions due to
the stability of the recorded units.

No animals were excluded from analysis. Cells that did not meet the described criterion for stability were excluded. Sessions with < 15 stable
cells were excluded from reactivation and replay analyses.

Consistent results from individual subjects are provided in Extended Data Figures.

We employed a repeated subject design, with control and sleep deprivation sessions conducted on the same animal. The order of control and
sleep deprivation sessions were carried out pseudo-randomized across animals to ensure no order effects.

Because sleep and awake generate distinct neuronal signatures that are easily recognized, it was not possible to maintain investigators blind
to the sleep versus sleep deprivation group allocations.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study

X|[ ] Antibodies [] chip-seq

X |:| Eukaryotic cell lines |:| Flow cytometry

X |:| Palaeontology and archaeology |:| MRI-based neuroimaging
|:| Animals and other organisms

|Z |:| Clinical data

|Z |:| Dual use research of concern

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research
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Laboratory animals Species: Rat, Strain: Long Evans, Age: 3-6 months
Wild animals The study did not involve wild animals.
Reporting on sex Four male and three female rats were used, with no evident differences across the sexes.

Field-collected samples  No samples were collected from the Field.

Ethics oversight All procedures involving animals were approved by the Animal Care and Use Committee at the University of Michigan.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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