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Abstract
Hippocampal sharp-wave ripples (SWRs) support the reactivation of memory representations,
relaying information to neocortex during “offline” and sleep-dependent memory consolidation.
While blockade of NMDA receptors (NMDAR) is known to affect both learning and subsequent
consolidation, the specific contributions of NMDAR activation to SWR-associated activity remain
unclear. Here, we combine biophysical modeling with in vivo local field potential (LFP) and unit
recording to quantify changes in SWR dynamics following inactivation of NMDAR. In a
biophysical model of CA3-CA1 SWR activity, we find that NMDAR removal leads to reduced
SWR density, but spares SWR properties such as duration, cell recruitment and ripple
frequency. These predictions are confirmed by experiments in which NMDAR-mediated
transmission in rats was inhibited using 3 different NMDAR antagonists, while recording dorsal
CA1 LFP. In the model, loss of NMDAR-mediated conductances also induced a reduction in the
proportion of cell pairs that co-activate significantly above chance across multiple events. Again,

this prediction is corroborated by dorsal CA1 single-unit recordings, where the NMDAR blocker
ketamine disrupted correlated spiking during SWR.
Our results are consistent with a framework in which NMDA receptors both promote activation
of SWR events and organize SWR-associated spiking content. This suggests that, while SWR
are short-lived events emerging in fast excitatory-inhibitory networks, slower network
components including NMDAR-mediated currents contribute to ripple density and promote
consistency in the spiking content across ripples, underpinning mechanisms for fine-tuning of
memory consolidation processes.
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Introduction
The hippocampal formation is central to the encoding, consolidation and retrieval of
spatial and episodic memories (J. O'Keefe, 1976; John O'Keefe & Nadel, 1978; Wang & Morris,
2010). Spatial memory traces are initially encoded by the ensemble activity of hippocampal
principal cells with spatially tuned receptive fields, known as place cells, which undergo Hebbian
learning via NMDAR-dependent LTP (Kentros et al., 1998; Mehta, Quirk, & Wilson, 2000;
Nakazawa et al., 2003; Tsien, Huerta, & Tonegawa, 1996; Wilson & McNaughton, 1993).
Subsequent retrieval is then thought to require the reinstatement of the activity pattern encoding
the initial memory trace (Olafsdottir, Bush, & Barry, 2018; Wilson & McNaughton, 1994). Given
the inherent tradeoff between the plasticity required for encoding new memories and the stability
required for their maintenance, it has been hypothesized (Abraham & Robins, 2005; Marr, 1971;
McClelland, McNaughton, & O'Reilly, 1995; McGaugh, 2000) that learning occurs by a twostage process. Under this model, memories are initially encoded in parallel by the hippocampus
(a rapid learning rate labile buffer) and cortex (a slow learning rate long-term store).
Subsequently the hippocampal representation is used to train a more stable long-term
representation in cortex via a process of consolidation, in which the activity pattern of the initially
encoded memory trace is recapitulated during an offline reactivation phase, including sleep.
The hippocampal-cortical exchange that enables memory consolidation is timestamped
by characteristic oscillatory events most prominent in the hippocampus during non-REM sleep:
sharp-wave ripples (SWRs). These are brief (50-100 ms), high-frequency (150-250 Hz)
oscillations formed from bursts of synchronous activity in hippocampal interneurons in area
CA1, driven by a barrage of excitatory activity in CA3 (Buzsaki, 2015; Csicsvari, Hirase, Czurko,
Mamiya, & Buzsaki, 1999a; Csicsvari, Hirase, Mamiya, & Buzsaki, 2000; Ylinen et al., 1995).
Reactivation of firing patterns matching awake learning (replay) happens within SWRs and
suppressing SWRs or disruption of their spiking content following learning impairs memory
performance (Ego-Stengel & Wilson, 2010; Girardeau, Benchenane, Wiener, Buzsaki, &
Zugaro, 2009). Replay during SWR is time-compressed, placing it in the optimal temporal
window for spike-timing dependent plasticity (Sadowski, Jones, & Mellor, 2011), hence SWRassociated synaptic and spiking activity can induced plasticity at hippocampal CA3-CA1
synapses (Sadowski, Jones, & Mellor, 2016). In the two-stage model, this hippocampal
reactivation induces or coincides with cortical reactivation at multiple sites, resulting in corticocortical coordinated reactivation, spike-time dependent plasticity at cortico-cortical synapses
and reinforcement a distributed memory trace (Ji & Wilson, 2007; Mehta, 2007; Sanda et al.,
2020; Wei, Krishnan, & Bazhenov, 2016).

SWRs therefore reflect organized information packets, optimized for broadcast of
hippocampal activity to other brain regions, and for the induction of plasticity in downstream
targets. In this framework, learning is bridged to successful consolidation by effectively shaping
the cell assemblies (and hence spike sequences) which will then participate in SWRs in the
following sleep epochs. This shaping is driven by synaptic plasticity and the most common
initiator of hippocampal synaptic changes explicitly tied to learning is NMDAR-mediated
plasticity (Bliss & Collingridge, 1993; Singer, 1995). In CA1, NMDAR plasticity is necessary for
learning (Dupret, O'Neill, Pleydell-Bouverie, & Csicsvari, 2010; Ekstrom, Meltzer, McNaughton,
& Barnes, 2001; Tsien et al., 1996) and recent experiments have shown that NMDARdependent hippocampal learning influences subsequent consolidation (Girardeau, Cei, &
Zugaro, 2014). While the role of NMDARs during the learning phase is extensively studied, its
role in the consolidation phase is less clear. In this work, we explored how NMDAR blockade
affects SWRs both computationally and experimentally. We expected that NMDAR inactivation
would compromise the parsing of information in SWR, either through a direct impact on SWR
themselves (their basic biophysical properties, consistent with its role in other hippocampal
rhythms) and/or through disruption of spiking within ripples.
We studied the role of NMDAR activity in SWR in a biophysical model of SWR activity in
CA3-CA1 that has been previously used to encode learned memories via NMDA synapses
(Malerba, Tsimring, & Bazhenov, 2018). We use the model in a distributed NMDA condition to
test how stopping NMDA currents alters SWR biophysical properties and occurrence, and study
how stable SWR spiking content is across long simulations. We validated our modelling results
in vivo, where NMDAR activity was inhibited by systemic injection of multiple NMDAR
antagonists in rats: Phencyclidine (PCP), MK810 and ketamine were used in separate
experiments. To test our modeling predictions, we compared SWRs properties before and after
PCP/MK801/ketamine in CA1. We also tested our theoretical prediction that NMDAR activation
should result in more consistent co-activation of cell pairs across ripples by analyzing the effects
of ketamine on multiple single unit spiking.

Materials and Methods
Computational Model Structure
The network model is based on a previously developed model of SWR activity in CA3CA1 (Malerba & Bazhenov, 2019), with the crucial change of adding NMDA connectivity
between some CA3 pyramidal cells and in some Schaffer collateral connections from CA3
pyramidal cells to CA1 pyramidal cells. The baseline (without NMDA) version of the model is
identical to the one in Malerba and Bazhenov (Malerba & Bazhenov, 2019), where the rationale
for parameter choices and network organization are introduced. In the following, we summarize
the network components, which encompass 240 basket cells and 1200 pyramidal cells in CA3
and 160 basket cells and 800 pyramidal cells in CA1. Each cell is modeled as a 2-variable
adaptive exponential integrate and fire neuron (Brette & Gerstner, 2005; Touboul & Brette,
2008); synaptic connections are implemented with double exponentials (for rise and decay) and
baseline excitability of each cell includes an independent noise input that induces a noise-drive
spiking regime (as opposed to intrinsically oscillating). Pyramidal cells parameters were chosen
to promote a bursting spiking profile, while interneuron parameters were chosen to support a
fast spiking profile.
The CA3 network is organized in one dimension, with recurrent excitatory connectivity
between pyramidal cells and a balanced relationship between feed-forward excitation from

pyramidal cells to interneurons and feedback inhibition from interneurons to pyramidal cells. In
this noise-driven regime, CA3 activates stochastically, in bouts of excitability that involve about
a third of all pyramidal cells and interneurons, which we consider sharp waves (labeled SPW
across figures and text). Detailed analysis of CA3 dynamics as depending on noise is reported
in (Malerba, Rulkov, & Bazhenov, 2019). Within CA1, most synapses between CA1 pyramidal
cells were absent, consistently with experimental findings (Deuchars & Thomson, 1996). This
was achieved by removing synapses from an initial all-to-all connectivity matrix according to a
Gaussian draw at a very low value, with the rule that synaptic weights which were sampled at or
below zero caused a removal of a given synapse. An example of distribution of synaptic weights
in CA1 is given in (Malerba, Krishnan, Fellous, & Bazhenov, 2016).
When adding NMDA connections, the equation for each NMDA synapse (from cell index
j to cell index n) was the same as for all other synapses:

Where the reversal potential for NMDA (excitatory) was 0 mV, and s(t) rising time scale
was 9ms and decay time scale was 250ms (Andrasfalvy & Magee, 2001). Note that this
physiologic time scale is much slower than all other synapses in the network, and comparable to
the intrinsic bursting component of pyramidal cells. Below we introduce the specific of adding
NMDA synapses (i.e. populating the connection matrices) within the CA3 pyramidal cell
population and from CA3 to CA1 pyramidal cells, respectively.
For NMDA between CA3 pyramidal cells, candidate NMDA synaptic strengths in each
simulation were drawn before the start of simulation time from a normal distribution with mean µ
= 0.001 and variance 40% of the effective mean (i.e. µ/NE, with NE the total number of
pyramidal cells in CA3), for each possible connection between a CA3 pyramidal cell and any
CA3 pyramidal cell. These candidate values were progressively removed according to the
following rules (applied in the presented order). Rule 1 (“strong AMPA is necessary for NMDA to
be present”): given a candidate pre-synaptic and post-synaptic cell pair, its AMPA connection
synaptic strength (possibly zero) was considered; if that strength was above 1 standard
deviation above the mean of all existing AMPA synapses between CA3 pyramidal cells, the
NMDA strength would be kept, otherwise it would be replaced by 0 (i.e. removed). Intuitively,
this was true for about 63% of all non-zero AMPA connections between pyramidal cells in CA3.
Rule 2 (“NMDA strength topography”): non-zero NMDA connections from a pre-synaptic CA3
pyramidal cell to CA3 pyramidal cells that were nearby (the difference between the pre-synaptic
and post-synaptic cell index was less than 5), received extra NMDA strength of 0.01. Rule 3: if
the NMDA strength stochastically selected was a negative number, it would be replaced by zero
(i.e. the synapse would be removed). Rule 4: all NMDA autapses were also removed.
Of note, Rule 1 prevents the presence of so-called “silent synapses”(Vincent-Lamarre,
Lynn, & Beique, 2018), where NMDA connections are present in the absence of AMPA
connections. This choice, while not directly aligned with hippocampal physiology, was driven by
the rationale of representing NMDA as a network component that in the preceding learning
experiences (not modeled) had induced strengthening of the associated AMPA synaptic
components. In other words, in this instantiation of our sharp-wave ripple model during sleep,
we are focused on interpreting NMDA as a functional element of AMPA plasticity, hence
associated with stronger AMPA synapses as opposed to weaker or absent ones.

For NMDA from CA3 to CA1 pyramidal cells, candidate NMDA synaptic strengths in
each simulation were drawn before the start of simulation time from a normal distribution with
mean µ = 0.001 and variance 1% of the effective mean. The same rules used within CA3
pyramidal cells were adapted to the Schaffer collateral candidate NMDA synapses. Only
candidate connections that were co-located with strong enough AMPA connections (1 std above
the mean) were kept, non-zero connections that were topographically close (projections from
CA3 to CA1 pyramidal cells are arranged about the diagonal of each sub-network) received a
boost to their NMDA strength of 0.01, negative candidate synaptic values were removed (set to
zero). The rule on autapses cannot be applied when connecting two separate sub-networks.
Every CA3-CA1 network in a simulation is stochastically wired before time 0s in the
simulation, once simulation time starts no change in the synapses is applied (that is, there is no
ongoing synaptic plasticity in this model). To compare the two conditions of “with NMDA” and
“without NMDA”, 40 simulations, each 100s long were generated (including network
connectivity) in either condition, where the “without NMDA” condition was generated with the
same code keeping mean and variance of all possible NMDA connections at zero.
Determining if cell pair co-activation exceeds chance
When studying cell pairs, both in the model and in experimental data, we were interested
in evaluating if the measured co-activity (i.e. spiking during the same SWR) could statistically be
considered a chance occurrence (our null hypothesis). We considered cells that spiked at least
once during at least one ripple ‘active cells’, and we only include CA1 active cells in our cell-pair
analysis. In the model, for each simulation we uniformly sampled 100 cell pairs from all active
CA1 pyramidal cells. In the experiments, we used all active cells (i.e. cells that spiked at least
once in at least one ripple post-injection during immobility) and considered all possible cell pairs
within the same recording.
Once a cell pair was identified to be tested, the procedure (Figure 3 (c-d)) was identical
for cells in the computational model or the experimental recordings. First, each cell’s activation
rate was found as number of ripples in which each cell spiked at least once divided by the total
number of ripples in the simulation (or recording). Secondly, the cell pair’s activation rate (coactivation rate) was defined as the number of ripples in which both cells spiked at least once
divided by total ripple count. The co-activation rate was compared to the chance probability of
detecting the same co-activation if the two cells were independent Bernoulli variables, with
probability of being non-zero given by their separate activation rate, drawn as many times as
ripples seen in the simulation (or recording). This would produce a ‘synthetic co-activation rate’,
by counting in how many events both variables were non-zero. The synthetic co-activation rate
would be drawn 10,000 times, to generate a bootstrap histogram of probable co-activation rates.
In Figure 3c we show an example with 4 ripples, activation rates of 0.75 and 0.5 for the separate
cells (A and B) and co-activation rate of 0.25 for the cell pair. Two independent Bernoulli
variables (with rates 0.75 and 0.5, respectively) are drawn 4 times in parallel, and the fraction of
draws in which both are non-zero is used to populate the probability distribution, by repeating
the ‘4-drawn’ procedure 10,000 times.
The true co-activation rate was compared to the histogram distribution by testing
whether the distance between the histogram mean (i.e. the average probabilistic co-activation)
and the true co-activation was larger than two standard deviations of the histogram distribution.
Conceptually, that would test if the true co-activation rate was ‘statistically improbable’ for
independent variables, hence showing that the two cells co-activate at a rate significantly above

chance. Vice-versa, if the rate did not differ from the bootstrap mean above two standard
deviations, the cell pair would be considered to co-activate ‘at chance rate’, meaning the data
did not show co-activation beyond chance.

Experimental Protocol: Surgery
All procedures were carried out in accordance with the UK Animals Scientific Procedures
Act (1986) and approved by the University of Bristol Animal Welfare and Ethical Review Board.
A total of 25 adult Lister Hooded rats (320-370g, Charles River, UK) were anesthetized with an
isoflurane-oxygen mix, and fixed in a flat-skull position in a stereotaxic frame. Electrodes were
implanted via craniotomy holes of diameter 1-1.5 mm, targeting dorsal CA1 (AP: -3.6mm, ML:
2.2mm from Bregma). Fixed, single-wire LFP electrodes (66µm nichrome, World Precision
Instruments) targeting the pyramidal cell layer were used in MK801 and PCP experiments,
whereas adjustable 8-tetrode (twisted 12.7μm diameter nichrome wire, Kanthal) microdrives
were used for unit recordings in ketamine experiments. Electrode arrays were fixed to the
animal’s head using stainless steel skull screws (M1.4 × 2 mm, Newstar Fastenings) and
Gentamicin bone cement (DePuy). Ground and reference electrodes were connected to skull
screws overlying lateral cerebellum. Post-surgery, rats were individually housed on a 12 hour
on/off light/dark cycle and allowed to recover in high-roof cages with ad libitum access to food
and water.
For unit recordings, tetrode depths were adjusted daily over the course of 10-16 days,
until SWR and pyramidal cell spiking confirmed location in the dorsal CA1 pyramidal cell layer.
Recording electrodes were connected to a Digital Lynx 10S recording system (Neuralynx, MT)
via a HS-36 unity gain headstage and fine wire tether. Continuous LFP (sampled at 2 kHz per
channel, bandpass filtered between 1-475Hz) and thresholded extracellular action potentials
(sampled at 32.6 kHz and bandpass filtered between 600-6000 Hz) were recorded using
Cheetah 5x data acquisition software (Neuralynx, MT). For unit recordings, local reference
electrodes were placed in white matter overlying hippocampus. During recordings, animal
behavior was continuously monitored via video camera (720 x 576 px resolution / 25 FPS) with
timestamps synced to the Cheetah software. A pair of LED trackers allowed resolution of
animal’s position and head direction.
Drug and vehicle intraperitoneal injections (1ml/kg) were carried out on three separate
cohorts of rats by gently restraining animals during continuous recording; drug solutions were
coded, and injections given blind to treatment group. Cohort-1 were implanted with LFP
electrodes; 4 rats received 0.9% saline and 7 rats received 5mg/kg phencyclidine hydrochloride
(PCP, Tocris Bioscience, UK) injections. Cohort-2 were also implanted with LFP electrodes; 7
rats received both saline and 0.1mg/kg MK801 (Tocris Bioscience, UK) injections, in
counterbalanced order with at least 48h between injections. Cohort-3 were implanted with
tetrode microdrives; 7 rats received both saline and 8 mg/kg ketamine (racemic mixture, Vetalar
V; Pfizer) injections, again in counterbalanced order.
At the end of the experiment, animals were given an overdose of Na-pentabarbital
(120mg/kg; Sigma-Aldrich) and electrolytic lesions were used to mark final electrode tip
positions. Animals were then transcardially perfused with cold 10% formaldehyde (v/v) in 0.9%
NaCl (Fisher Scientific). Brains were frozen and sectioned into 40µm coronal slices. Lesion sites
were confirmed by light microscopy.

Data analysis
All LFP analyses were conducted in Matlab (Mathworks Inc.), using a mixture of native
and custom code, and the Sleepwalker toolbox (https://gitlab.com/ubartsch/sleepwalker). LFPs
were down-sampled to 1000Hz and 50Hz notch filtered prior to further processing. Raw CA1
LFP data were band-pass filtered between 120-220 Hz for ripple detection. Subsequent to
band-pass filtering, ripple events were detected using the Sleepwalker toolbox. Ripple
properties were determined against the peak-amplitude triggered average for all ripples in a
given rat. Ripples were aligned based on the timestamp of their peak amplitude, and an average
waveform generated for each rat from the mean of a +/- 200ms window around each peak
amplitude timestamp.
Spike data were clustered into single units using a combination of automated clustering
(KlustaKwik - K.D. Harris, http://klustakwik.sourceforge.net) and manual curation via MClust
(A.D. Redish, http://redishlab.neuroscience.umn.edu). Clusters were only used in subsequent
analyses given an isolation distance (Schmitzer-Torbert, Jackson, Henze, Harris, & Redish,
2005) of greater than 15 and less than 1% of inter-spike intervals (ISIs) shorter than 1ms.
Spikes were classified as putative pyramidal cells or interneurons on the basis of normalized
global firing rate, peak-to-valley ratio and spike width; only pyramidal cell data are presented
here.
Raw position data was interpolated over tracking dropouts using the MQL package
(http://www.cs.bris.ac.uk/ Research/MachineLearning/mql/). Velocity was calculated from the
interpolated position data, and the velocity time course was smoothed using Matlab’s ‘rloess’
method and a span of 1 second. The animal was deemed to be at rest during periods where the
smoothed velocity fell below a threshold of 5 cm/s. All analyses of SWR were restricted to
these periods of immobility/quiet rest to ensure that any injection-induced hyperlocomotion did
not confound estimates of SWR density.

Results
In a computational model, NMDA synaptic activity promotes occurrence of sharp wave
ripples without changing their biophysics
We begin by studying the effects of removing synaptic NMDAR on SWRs in a
computational model of CA3-CA1 (Malerba & Bazhenov, 2019; Malerba et al., 2016). The model
(Fig 1a) is composed of point-cell spiking neurons, including excitatory populations and
inhibitory populations in CA3 and CA1; the two areas are connected by Shaffer-Collateral-like
excitatory projections from CA3 to CA1. In this model, we introduce NMDA synaptic connections
(the slowest time scale in the system, at 250ms decay time constant) between pyramidal cells in
CA3 and in the projections from CA3 to CA1 pyramidal cells (Fig 1b). The presence of NMDA
synapses is probabilistically established, and NMDA connections are not allowed where an
AMPA connection is not previously present. Specifics on the rationale and equations of the
model are reported in the section “Computational Model Structure” within Methods.
One representative example of resulting model activity is shown in Fig 1c, where the
spike times of all cells in a simulation are shown as time progresses. The noisy background
activity of cells in the model, due to their independent non-white noise modulation of membrane
voltage, induces stochastic disorganized spiking. In CA3, where excitatory cells are recurrently
connected, this occasionally leads to the network self-organizing into bouts of excitatory activity
(analyzed in (Malerba et al., 2019)), which result in a strongly synchronized excitatory signal
delivered to CA1 excitatory and inhibitory cells, organizing high-frequency (‘ripple’) spiking in the

interneurons and leaving CA1 pyramidal cells with few windows of opportunity to spike,
corresponding to ripple troughs (Csicsvari, Hirase, Czurko, Mamiya, & Buzsaki, 1999b). The
remarkably different activity in CA3 and CA1 producing the SWR phenomenon in this model is
further emphasized by the probability of spiking for the excitatory populations in CA1 and CA3
(bottom plots of Fig 1c): CA3 sharp waves (labeled SPWs in the text) are large, slow building
and sharply ending while CA1 ripples (labeled RPLs in the text) are brief much smaller peaks
(few pyramidal cells involved in any given event), equally sharp in their rise and fall.
To study the effects of NMDAR-mediated inputs on our model’s dynamics, we studied 40
100s simulations in which NMDA was active and compared them to 40 simulations in which
NMDA synaptic strength had been set to 0 everywhere in the network. Each different simulation
had new, randomly generated specific sets of connections, including each synaptic strength
value, new baseline excitability parameter for every cell and new background traces for every
cell. In Fig 1d, we show one representative example of the dynamics of the model when NMDA
synapses are blocked. We found that removing NMDA synapses from the network produced a
drastic reduction in the overall number of SWR events per second (Fig 2a), but did not change
the overall duration of CA3 SPWs and CA1 RPLs (Fig 2b), or the frequency of oscillations within
a RPL (Fig 2c). Hence, while blocking NMDA synapses removed a slow time scale from the
excitability signaling in our network, it did not alter the biophysics of each individual SWR event.
Instead it seemed only to directly affect the total number of events.
We reasoned that the drastic loss of SWR without NMDA synapses could lead to
differences in how SWR are organized in time. We therefore identified a time point marking the
peak activity of each SPW and RPL event (in CA3 and CA1, respectively), and computed the
time delay between each SPW and the next (Fig 2d), or each RPL and the next (Fig 2e).
Histograms of the distribution of these inter-event intervals show that removal of NMDA
synapses reduces the number of short intervals (less than 0.5s) between SWRs and increases
the presence of longer delays (above 0.5s) between SWRs. This means that removing slow
lingering excitability from the network (i.e. NMDA excitatory currents) results in a reduced ability
of the ‘next’ SWR event to happen quickly at the end of any SWR. Of note, having slow NMDA
currents active in the network did not introduce fundamental rhythmicity to SWR events, hence
did not re-shape the structural dynamics underlying SWR spontaneous emergence in the
network (studied in (Malerba et al., 2019)) which is reliant on noise-driven background spiking
occasionally (randomly) raising network recurrent excitability above threshold, resulting in a
distribution of time between two SWR with a long positive tail.
Having established that the timing of SWRs was affected by removal of NMDA synapses,
especially in the short-delay range, but no other basic SWR property seemed affected, we
studied whether the spiking content of SWRs was affected by NMDA synaptic currents (Fig 3).
First, we compared parameters that would speak to the ‘size’ of a SWR event, such as how
many spikes each cell releases during a SPW or a RPL (Fig 3a) and the fraction of excitatory
and inhibitory cells active in any given SWR event (Fig 3b). We found that removal of NMDA
excitability did not change all these parameters, supporting the idea that in our model SWRs are
‘packages’ organized by fast synapses (both excitatory and inhibitory) and NMDA currents did
not re-shape the packets, but possibly modulated them.
Because of the slow nature of NMDA currents, we reasoned that their modulatory
influence could be revealed in the model by studying the correlated activation of cells. In a
preliminary test, we found that increasing the strength of NMDA connections between neurons

within a small group led to increased correlated activation of the cells in the group across ripples
(data not shown). Furthermore, in a previous study of the model network without NMDA currents
(Malerba & Bazhenov, 2019), we had shown that shared excitatory and inhibitory synaptic
inputs modulate the correlated activation of cell pairs, with excitation being crucial for pairs in
CA3 and CA1, while specific inhibitory synaptic input was crucial for cell pairs in CA3 but not in
CA1. In this new study we found, when comparing the ratio of excitatory/inhibitory currents
received by active pyramidal cells at the peak of SWR events, that blocking NMDAR did not
alter the ratio of excitation and inhibition at the peak of a RPL, but changed the same ratio at the
peak of a SPW (in CA1, with NMDAR mean = 1.31 std = 0.05, without NMDAR mean = 1.28 std
= 0.14, Mann-Whitney test p=0.32; in CA3, with NMDAR mean = 1.74 std = 0.17, without
NMDAR mean = 1.93 std = 0.19, Mann-Whitney test p=2.36e-06). This effect was driven by a
difference in amount of inhibition involved in each SPW event, indicating that in networks with
active NMDAR a larger amount of feedback inhibition was recruited during SPW events. These
two observations combined suggested the possibility that correlated activation of cells pairs
could be different in simulations where NMDA currents were active or not active (Fig 3 c-e).
After selecting at random (using a uniform probability distribution) 100 CA1 pyramidal
cell pairs for each simulation (only allowing cells that spiked at least once in at least one ripple
to be considered), we quantified the co-activation rate of each cell pair by finding that ratio of
RPLs in which both cells spiked at least once. We then asked if this co-activation rate could
stochastically be considered ‘due to chance’, meaning if the cells could reasonably be assumed
to be spiking across ripples independently of one another, or if the pair co-activated across
ripples more often that due to chance. To evaluate the level of chance co-occurrence for each
cell pair (Fig 3c), we performed 10,000 bootstrapping repetitions of drawing two independent
Bernoulli variables (i.e. binary variables) for as many times as ripples occurred in the simulation
(which we can call N). The rate of each Bernoulli variable (representing stochastic activation of
each cell across ripples) was taken from the actual simulation by finding the ratio of ripples in
which each cell spiked. After each draw, we found in how many of the N stochastic events both
variables were non-zero (meaning our ‘stochastic’ cells would have spiked), and hence
collected 10,000 possible co-activation values for this cell pair based on independence of the
two cells.
Fig 3d shows one example of cell pair taken from a simulation, where its true coactivation rate is marked by a blue pin, and the histogram shows the probability of co-activation
rates based on independence of the cells in the pair. For each pair, we measured the difference
between the co-activation rate found in the simulation and the mean co-activation rate found
from independent draws. If the difference exceeded two standard deviations of the bootstrapped
independent co-activation rates, we labelled the pair ‘significantly co-active’, meaning its coactivation rate was considered above chance. Since we tested 100 pairs for each simulation,
one simulation would lead to a fraction of co-active pairs. Fig 3(e) reports the average across 40
simulations for each group (with vs without NMDA) in our computational study, showing that
removing NMDA currents from the network significantly reduced the amount of significantly coactive pairs in our simulations (Mann-Whitney test p=4e-4).
We interpret the results in Figs 2 and 3 as indicating that SWR events are not shaped
directly by NMDA activity but are rather resulting from fast excitatory and inhibitory synaptic
connectivity in the CA3-CA1 regions, potentially representing a ‘canonical bit of information’
package, within which NMDA can encode content. Indeed, our analysis shows that NMDA

currents are capable of enhancing both occurrence of SWRs and repetition above chance of
activation of cell pairs across SWRs. Significantly co-active pairs would be necessary in a
hippocampus which is reactivating memories during sleep. Hence, our model suggests a
potential role for NMDA signaling during consolidation, as promoter of SWR presence and a
modulator of higher co-activation.

Experimental blockade of NMDA transmission does not affect SWR intrinsic properties,
but reduces SWR density
To test the model predictions regarding the effect of NMDAR suppression on
hippocampal ripple activity, rats implanted with LFP and/or unit recording wires in dorsal CA1
were injected with one of three NMDAR open channel blocker antagonists (MK801, PCP and
ketamine), or an equivalent volume saline vehicle, as they explored an open field arena. Of
these three, MK801 was chosen for its high specificity as an NMDA blocker (Halliwell, Peters, &
Lambert, 1989). PCP and ketamine are less selective than MK801, acting at both serotonergic
5-HT2 and dopaminergic D2 sites, albeit with a mix of affinities (ketamine binding to NMDAR
with a ~10-fold higher affinity than 5-HT2, PCP binding to NMDAR with a higher affinity than
D2;(Kapur & Seeman, 2002) )
Hippocampal LFP recordings were made from chronically implanted animals during
systemic (intraperitoneal) injections of 0.1 mg MK801, 5mg/kg PCP, 8 mg/kg ketamine or an
equivalent volume of saline. Fig 4a shows the time course of a typical experiment in the MK801
condition. Thirty-minute analysis windows were defined around the injection time, with the
baseline window ending at least 600s before injection, and the post-injection window beginning
600s after injection, to allow for run-up of plasma concentration and avoid noise induced by
handling of the animal. NMDA antagonists are known to induce a period of hyperlocomotion via
a mechanism involving both DA and NMDAR signaling (Irifune, Shimizu, Nomoto, & Fukuda,
1995), which could potentially confound analysis of ripple density. Periods of rest within these
windows (black rasters in Fig 4a) were therefore detected based on the running speed of the
animal, and analysis was conducted only within these time periods, to exclude periods during
which the CA1 network was in an active theta state.
In the rats injected with MK801 the average ripple density decreased from 0.43 +/- 0.10
Hz during the baseline period to 0.08 +/- 0.03 Hz following MK801 injection (Fig 4c, Wilcoxon
signed-rank test p = 0.03, n=7), whereas in saline controls no significant change was observed
(baseline: 0.24 +/- 0.08 Hz, saline: 0.29 +/- 0.11 Hz, Wilcoxon signed-rank test p =0.1, n=7).
This effect persisted to the end of the recording period: ripple density in the MK801 rats at 40006000 s post injection was 17.0 +/- 7.6% of baseline, compared to 87.0 +/- 13.2 % in the salinetreated animals.
Similar results were observed with 5 mg/kg PCP (baseline: 0.20 +/- 0.04 Hz , +PCP 0.05
+/- 0.03 Hz, baseline 0.17 +/- 0.04 Hz , +saline 0.15 +/- 0.04, Wilcoxon signed-rank test p=0.03,
n=5), and 8 mg/kg ketamine (baseline: 0.14 +/- 0.04 Hz, ketamine 0.06 +/- 0.02 Hz, baseline
0.12 +/- 0.03 Hz, saline 0.17 +/- 0.03 Hz, Wilcoxon signed-rank test p=0.03, n=7).
Other ripple properties including ripple length, intra-ripple frequency, and ripple
amplitude remained unchanged after injections of either drug or saline for any of the drugs
tested (Fig 4d: Wilcoxon signed-rank test p > 0.1). Additionally, there was no obvious change in
the ripple-triggered average waveform between the baseline window and the PCP injection time

window (Fig 4b). The average inter-ripple interval histogram across all rats was calculated for
each drug (Fig 4e), and showed a relative increase in longer-duration intervals between SWR
following injection of PCP, and a comparative decrease in short-duration intervals (less than
0.5s), reminiscent of the observations from the model (Fig 2d).
To test the predictions of the model regarding unit activity, CA1 single unit recordings
were made from rats in the ketamine experiment using a tetrode microdrive. A total of 82 cells
which met the criteria as pyramidal cells were recorded, of which 31 were active during ripple
periods. Fig 5a-b show the ripple-triggered average of multi-unit activity across all cells
recorded, z-scored relative to the mean firing rate of the cells throughout the recording period.
There was a pronounced peak of the MUA around the center of the ripple, which was reduced
after the application of 8 mg / kg ketamine, but not in saline controls. This contrasts with the
model, which predicted that NMDA did not alter the total amount of spiking during ripples.
The model additionally predicted that NMDA increases the proportion of cell pairs that
have a greater-than-chance probability to be coactive during a ripple, and this finding was
replicated in the experimental data, using precisely the same methodology as described in Fig
3c. Fig 5c shows an example cell pair, with a histogram of simulated coactivation probability,
and the actual co-activation rate marked as a vertical blue bar. In this example cell pair, the coactivation rate was significantly greater than chance (i.e. the excess co-occurrence, D/ σ, was
greater than 2). By this measure, the excess co-occurrence was significantly reduced following
the injection of ketamine (1.04 +/-0.32) than following the injection of saline (6.30 +/-0.77, MannWhitney test, p=1e-6). The fraction of significantly active cell pairs was also significantly lower
following the injection of ketamine (21.05 +/- 9.61 %) than it was following the injection of saline
(83.33+/- 6.30 %, Mann-Whitney test, p<1e-6). Thus, as predicted by the model, injection of an
NMDA antagonist appears to significantly reduce the proportion of cells that have an above
chance probability of co-activation in a given ripple.

Discussion
We studied the impact of NMDA inactivation on hippocampal SWRs in a computational
model of CA3-CA1 spontaneous SWR activity, testing model predictions using in vivo
experiments where injection of NMDAR antagonists temporarily blocked NMDAR activity in
freely behaving rats. Removing activity of NMDAR in the model led to a reduction in SWR
density without altering average SWR intrinsic properties consistent with the interpretation that
NMDAR-mediated synaptic transmission and excitability is not responsible for the form of fast
ripple oscillations per se. Inactivation of NMDAR in the model also led to less consistent spiking
activity across SWRs, in the form of a loss of cell pairs that co-activated above chance across
ripples. This suggests that NMDAR activation during ripples increases the probability of
consistent ripple-associated spiking, compared to ripples that include fewer NMDA-mediated
connections.
We validated our modelling results in vivo, where NMDAR activity was inhibited by
systemic injection of three NMDAR antagonists (Phencyclidine (PCP), MK801 and ketamine),
allowing us to identify convergent effects most likely to be driven by NMDAR inhibition. In all
cases, rats injected with the NMDAR antagonist showed a significant drop in the rate of SWR
detected, even when controlling for behavioral state changes induced by the drugs. In singleunit recordings after injection of ketamine, we also show that inhibition of NMDAR activity

resulted in a drastic reduction of the number of cell pairs that showed co-activation across ripple
above chance, suggestive of a decreased ability of SWRs to contain spiking activity that can
code for content. Although previous work has not directly related SWR-associated co-activity to
NMDAR, our results are consistent with data showing that the total blockade of CA3 input to
CA1 results in attenuated place cell reactivation following learning (Nakashiba, Buhl, McHugh, &
Tonegawa, 2009).
One model prediction was not borne out by the experiments: the model predicted that
removing NMDAR would not affect the proportion of SWR-active units, whereas ketamine did
reduce ripple-triggered population firing rates (Fig 5b). By definition, there are many differences
between the model and experiments, not least the isolated CA3-CA1 model circuit vs. the
systemic nature of the experiments. It would therefore be of interest to test whether local,
hippocampal NMDAR blockade impacts SWR-associated spiking.
Mechanistically, we interpret our results as supporting two synergistic consequences for
NMDAR activation during SWRs (the majority of which occur during non-REM sleep): 1) larger
presence of SWRs at short time intervals, and 2) enhanced presence of cell pairs that coactivate above chance across multiple SWRs. Of note, our experimental result that NMDAR
inactivation does not change SWR basic properties, including the oscillatory frequency within
the ripple event, supports the idea the inhibitory pacing of oscillations within SWRs is not
crucially dependent on the local synaptic exchange between pyramidal cells and interneurons
(which would change when NMDAR on basket cells are silenced), but rather on the fast-spiking
inhibitory population being driven to high firing rates by synchronous generalized excitatory
input from many cells in CA3 and hence for a short time being able to escape its self-pacing
inhibitory signal (which would keep the network frequency within a much too low gamma range)
(Malerba et al., 2016). This is consistent with work showing that total silencing of CA3 input to
CA1 reduces both ripple occurrence rate and intrinsic ripple frequency (Nakashiba et al., 2009).
There are multiple ways to experimentally block NMDAR transmission, including
genetically (Norimoto et al., 2018; Shimizu, Tang, Rampon, & Tsien, 2000; Tonegawa et al.,
1996; Tsien et al., 1996) and pharmacologically (Colgin, Jia, Sabatier, & Lynch, 2005; Girardeau
et al., 2014; Kouvaros, Kotzadimitriou, & Papatheodoropoulos, 2015); and consequences of
NMDAR blockade on network activity are bound to be widespread and layered. Our choice of
systemic injections was driven by broader interest in understanding the consequences of NMDA
hypofunction, which is widely implicated in psychiatric disorders (Coyle, 2012). Understanding
the systemic effects of ketamine – and its potential effects on memory processing – is also
increasingly relevant given its utility as a rapid-acting antidepressant (Berman et al., 2000;
Price, Nock, Charney, & Mathew, 2009). However, the interrelations between local,
hippocampal effects and global, systemic effects downstream of NMDAR blockade remain to be
disentangled.
In hippocampal slices, NMDAR inhibition with the non-competitive antagonist MK-801
results in enhanced SWR detection (Colgin et al., 2005; Kouvaros et al., 2015), in contrast to
our main result. While the reduction of the circuitry only to the CA3-CA1 regions in slices makes
them comparable to our computational model, in our model we do not capture the intracellular
complexities of calcium signaling and only focus on the effects of NMDA depolarizing currents
on network dynamics, while cascade effects of calcium signaling have been implicated as the
explanation for the over-representation of SWRs in MK-801 slices. In vivo, pharmacological
NMDAR inactivation has been performed with competitive antagonists (Chang, Hsiao, Chen,

Yu, & Gean, 2015; McDonald et al., 2005) or via channel blockers (MK801 (Girardeau et al.,
2014; Norimoto et al., 2018), PCP (Ma & Leung, 2000), ketamine (Yang, Ju, Zhang, & Sun,
2018)). While the direct effect of MK-801 application on SWR biophysics is not explicitly
reported in other works (Girardeau et al., 2014; Norimoto et al., 2018), we hypothesize an
overall agreement with our result that NMDAR blockade does not drastically affect the average
biophysical properties of SWR, based on the description of SWR density (Girardeau et al.,
2014) and spike content (Norimoto et al., 2018) as directly comparable to controls. A caveat of
all systemic NMDAR blockers is that at low doses they are wake-promoting, hyperactivityinducing substances, complicating the study of SWR, which occur predominantly (but not solely)
during sleep. As a result, in our study we quantified behavioral state using velocity and focused
on the SWRs detected during periods of immobility, and then quantify SWR density rather than
count (to account for a possible difference in total quiet time, where SWR would have a chance
to occur).
Our results show a direct effect of NMDAR-activation on SWR density and a specific
effect of NMDAR activation on SWR spiking content, showing that NMDA currents promote coactivation of cell pairs across multiple ripples. While this instantiation of our model could not
address replay since it lacked an awake stage, above-chance co-activation of cell pairs is a
necessary building block of replay of spiking activity during sleep SWRs. It has been shown that
removing NMDAR activation with MK-801 affects the activation of memory-encoding cell
assemblies within SWR, and that this effect is progressively stronger across a sleep episode
(Norimoto et al., 2018). We here show that ketamine also reduces co-activation of cell pairs,
hindering an essential mechanical component of engram reactivation. This suggests that our
silencing of NMDAR activity has a fast and a slow time scale consequence: 1) the overall
reduction of SWR events, and 2) altering the process that shapes assembly reactivation across
many SWR events.
One plausible mechanism underlying this progressive reorganization of SWR spiking
activity across the sleep epoch is NMDAR-mediated synaptic plasticity which, if induced during
each SWR, may have cumulative effects as more and more SWR over the course of a sleep
bout. Indeed, while one early study at perforant path-to-dentate gyrus synapses suggested that
induction of plasticity was blunted during non-REM sleep (Leonard, McNaughton, & Barnes,
1987), recent work specifically detailing the plasticity-inducing potential of SWR-associated
spike trains at CA3-CA1 synapses does show induction of LTP during SWR (Sadowski et al.,
2016).
In our computational model, NMDA activation does not result in online changes of
synaptic strengths, but only in pyramidal cells receiving excitatory post-synaptic currents, which
had longer decay time compared to AMPA currents. Future studies focusing on the role of
NMDAR-activation in spiking sequence replay across many subsequent SWRs will require
modeling of NMDA-mediated AMPA synaptic plasticity, and ideally include NMDARs on
interneurons as well as pyramidal cells.
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Figure legends

Figure 1. Computational Model of spontaneous SWR activity in CA3-CA1.
(a) Representation of network elements, shows the two sub-networks (CA3 and CA1),
populated with excitatory (grey) and inhibitory (red) neurons, connected by synapses, with
recurrent excitatory connections among CA3 pyramidal cells and projections from CA3
pyramidal cells to excitatory and inhibitory cells in CA1. The network has 240 inhibitory cells and
1200 excitatory cells in CA3, 160 inhibitory cells and 800 excitatory cells in CA1. (b) Example of
NMDA connectivity matrix in one simulation, note that NMDA connections follow a topography
that favors nearby post-synaptic cells within an absolute radius of a third of the network. The

topography is inherited in the Schaffer Collateral component of NMDA synapses. Note that no
NMDA synapses to inhibitory cells or from CA1 pyramidal cells are present in this model.(c) A
rastergram showing one simulation output. The top two plots mark the spike timing of each cell
in the network, red marks are for inhibitory cells and black marks for excitatory. Each line
corresponds to a different cell. The x-axis shows 10s of a 100s simulation. The bottom two plots
quantify ongoing network activity by summing all pyramidal cell spikes in CA3 (or CA1) in a
sliding 100ms window and normalize that by the total number of pyramidal cells in the subnetwork. Note how SWR activity corresponds to peaks in the spiking probability plots both in
CA3 and CA1, and that the SWR activity in the network can show long pauses (more than 5s in
this case) during which the network shows irregular activity. (d) Same as panel (c) but showing
one example of the model network activity with blocked NMDA receptors.

Figure 2. Comparing networks with (blue) and without (orange) NMDA.
Mean and standard deviations of sharp waves (SPW) in CA3 and ripples (RPL) in CA1
properties comparing a pool of 40 simulations (100s each) that include NMDA synapses and 40
simulations (100s each) that did not. The presence of NMDA results in a much higher density
(count per second) of events both in CA3 and CA1 (a) (Mann-Whitney test for both SPW and
RPL comparisons, RPL p=2.1948e-6, SPW p=7.0180e-7), but does not induce changes in basic
biophysical properties of the SWRs such as duration (b) and within-ripple frequency (c).
Removing NMDA synapses affects the distribution of inter-event times both in CA3 (d) and CA1
(e), shown as sample probability plots. The lower plots (green bars) report the difference in bar
height between the two plots (with minus without) to emphasize that the highest impact of
removing NMDA is the loss of short-time inter-event gaps.

Figure 3. Removing NMDA connections
disrupts consistent co-activation of cell
pairs across ripples.
Analysis of the network spiking
activity
during
SWRs
revealed
that
biophysical properties such as spike count
during the events for each cell population (a)
and the fraction of cells active in each event
(b) are not altered after NMDA removal (Blue
– NMDA, Orange – No NMDA). (c)
Representation of the method used to
evaluate if a cell pair (Cell A and Cell B in the
example) co-activates across ripples more
often than chance. The co-activation is found
as fraction of events (SPW for CA3 cell pairs,
RPL for CA1 cell pairs) in which both cells
spiked at least once (regardless of order).
The activation rate of each cell is found as
the fraction of ripples in which it spiked.
Bernoulli variables with probabilities matching
the activation rates are independently drawn
for as many times as events in the simulation
(e.g. if 4 ripples happened, the variables are
drawn 4 times), and the sample co-activation
rate is found. This sampling is repeated
10,000 times, generating a probability
distribution histogram, which is compared to
the co-activation value found in the original
simulation (the blue pin). (d) Example of the
co-activation value and probability histogram
for a cell pair in a simulation. If the distance
between the blue pin (true co-activation
value) and the mean of the histogram is
larger than 2 standard deviations of the
histogram, the pair is deemed “significantly
co-active”, meaning its co-activation across
ripples in the simulation exceeds statistical
chance. (e) Bar plot comparing the fraction of
significantly co-active pairs when 100 pairs
are randomly selected in each simulation and
classified as significantly co-active (or not)
according to the method shown in (c) and (d).
Bars show average across 40 simulations in
each group (NMDA conductance present or removed) and standard error of the mean. Star
marks that the two sets of values are significantly different (Mann-Whitney test, p=4 e-4).

Figure 4. Effects of NMDAR antagonists on in vivo ripple properties.
(a) Time course of an example experiment in which 0.1 mg MK801 was administered. Upper
panel shows density of detected ripples. Vertical dashed line denotes injection time (time 0s),
and horizontal bars denote pre- (black) and post-injection (red) analysis windows. Lower panel

shows smoothed running speed of the animal, and the central raster plot denotes detected
inactivity periods eligible for ripple analyses, with those inside the analysis windows colored
black for baseline, and red for post-injection.
(b) Ripple-triggered average waveform of the CA1 LFP in the baseline time window (left panel)
and the post-injection time window (right panel) for the rat shown in (a).
(c) Comparison of percentage change in mean ripple density between baseline and postinjection time windows across all rats, for rats injected with saline (blue bars) and each of the
three drugs (red bars). Error bars denote SEM. (d) Percentage change in other ripple properties
between baseline and post-injection time windows across all rats, for rats injected with saline
(blue bars) and each drug (red bars). Left: mean ripple amplitude, middle: mean intra-ripple
frequency, right: mean length of ripple events. Error bars denote SEM.(e) Effect of three
NMDAR antagonists on inter-ripple interval. Top panel: histogram bars denote mean probability
of each time bin across all rats, error bars denote SEM. Black bars: pre injection, orange bars:
post injection. Lower panel: difference in mean probability between pre- and post-injection
conditions for each time bin of the histogram.

Figure 5. Effects of 8 mg/kg Ketamine on ripple spiking co-activity within CA1.
(a, b) Multi-unit activity (MUA, z-scored) time-referred to ripple peak in immobility times
before (black, baseline trace) and after injection of saline (blue trace, n=7) (a) or 8mg/kg
ketamine (orange trace, n=7) (b). Note that peak MUA during ripples is lower when NMDA
transmission is inhibited by ketamine, in contrast to modeling results (Fig. 3) that suggest no
change in overall spiking during ripples. (c, d, e) Comparison of cell pair co-activation rates in
saline vs ketamine injections, performed following the same methods used for the computational
model (Fig. 3 panels c-e). (c) one example of co-activation rate for pyramidal cells in CA1 after
saline injection (blue pin) in relation to the histogram of possible co-activation rates derived from
independent draws of Bernoulli variables with rates matching the experimentally shown
activation rates for these two cells. Arrows show the distance between the actual co-activation
value and the distribution mean (D) and the standard deviation of the histogram distribution (σ).
(d) For each cell pair detected, its excessive co-occurrence was evaluated as the ratio D/ σ
(defined in panel c). Black circles show the excessive co-occurrence found for all pairs in our
experiments, separated in saline vs ketamine condition. Bar plots show mean and SEM for each
group. (e) For each cell pair, if its excessive co-occurrence was above 2 (meaning the true cooccurrence was 2 standard deviations bigger than the bootstrapped mean) it would be classified
as significantly co-active. Bar plot shows mean and SEM across all available cell pairs, in the
saline vs ketamine condition. Note that inhibition of NMDA transmission results in strong
reduction of above-chance co-activation of cell pairs.

