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Supplementary Figures 
 

 
 
Supplementary Figure 1. LFP power spectra are comparable between Control-Ab and GluN1-Ab 
groups, suggesƟng a similar anestheƟc state. (A) SchemaƟc of in vivo local field potenƟal (LFP) 
recordings from the proximal stratum radiatum (SR) of hippocampal CA1, performed simultaneously 
with two-photon imaging of the stratum pyramidale (SP; Fig. 1A). Created in BioRender; Geis, C. 
hƩps://BioRender.com/9qs1fwa (2026). (B) RepresentaƟve 10-second LFP traces from one-hour 
recordings for each group. (C) LFP power spectra do not differ between groups. LeŌ: Power spectrum 
normalized to total power (1.5–100 Hz) per mouse to compare spectral shape. The δ-band (1.5–4 Hz), 
containing the dominant oscillatory acƟvity, is highlighted. Inset shows absolute total power per 
mouse is also not different between groups. Right: Zoomed-in view of the δ-band, showing a peak 
consistent with slow-wave acƟvity observed during non-REM sleep and under light anesthesia. (D) Key 
δ-band spectral properƟes are unaltered between groups. Boxplots compare both absolute (µV2) and 
normalized band power, peak power, and peak frequency within the δ-band for each mouse. The lack 
of significant differences in these features indicates a comparable net synapƟc acƟvity state within the 
stratum radiatum across Ctrl-Ab and GluN1-Ab groups. 
Curves represent mean ± SEM across mice. Boxplots show median and interquarƟle range; dots 
represent individual mice. Sample sizes: (C, D) n=9 mice/group. StaƟsƟcal comparisons: two-sample t-
tests (C, D [bandpower µV2]) or Mann-Whitney U tests (D [norm. bandpower, peak power, preak 
frequency]); see Supplementary Table 1.  
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Supplementary Figure 2. Complementary results related to Figure 1. (A,B) DistribuƟons of global (A) 
and local irregularity of putaƟve neurons’ (PNs’) ICIs (B). Same format as in (Fig. 1E). (C) SchemaƟc 
illustraƟng the procedure for staƟsƟcal assessment of a PN’s CaT irregularity (CV or CV2), using CV as 
an example. (1) Calculate the PN’s empirical CV (CVemp). (2) Randomly shuffle the CaT event Ɵmes for 
this specific PN and re-calculate the CV (CVsh). Note that this shuffling preserves the neuron’s event 
count while disrupƟng the precise Ɵming of its events. (3) Repeat step (2) for 500 Ɵmes, yielding a 
neuron-specific distribuƟon of 500 CVsh values. Determine the 1th (δ) and 99th (Ψ) percenƟles of this 
distribuƟon for this neuron. (4) Repeat steps 1–3 for all N neurons. Derive two populaƟon-level 
thresholds: ThrLow = median(δ1,δ2,...δN) and ThrHigh = median(Ψ1, Ψ2, ,... ΨN). (5) Compare the empirical 
CVemp of each PN to these thresholds (ThrLow and ThrHigh) to assess whether it is significantly low or high 
relaƟve to the populaƟon baseline (See Supplementary Methods for more detail). (D) The irregularity 
level of PNs with significantly low CV and high CV2 values. (E) The relaƟonship between ICIs’ global 
irregularity (CV) and CaT frequency of PNs (top), and between ICIs’ local irregularity (CV2) and CaT 
frequency of PNs (boƩom). (F) RedistribuƟon of serial correlaƟon of PNs’ ICIs (ICI) towards higher 
values under GluN1-Ab, reflecƟng reduced PNs’ local firing irregularity. Inset: boxplots of mean of 
posiƟve ICI per mouse. (G) RedistribuƟon of network acƟvity towards lower values. Same format as 
in Fig. 1E. (H) SE-detecƟon threshold (top) and the fracƟon of the summed duraƟon of all SEs relaƟve 
to the enƟre recording Ɵme (boƩom). (I) The mean duraƟon of SEs (top) and the range of SE duraƟons 
defined as the 95th minus 5th percenƟle of all SE duraƟons per mouse (boƩom).  
Curves represent mean ± SEM across mice. Boxplots show median and interquarƟle range; dots 
represent individual mice. Sample sizes: (A, B, D–I) n=9 mice/group (total cells: 4279 Ctrl-Ab, 3200 
GluN1-Ab). StaƟsƟcal comparisons: two-sample t-tests (A, B, D–F, H [boƩom], I), Mann-Whitney U tests 
(H [top]), or permutaƟon tests (G);  see Supplementary Table 1.  
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Supplementary Figure 3. Complementary results related to Figure 2. (A) SchemaƟc of Event-Time 
Exchanging (ETE) randomizaƟon used to generate surrogate data. Event Ɵmes from all neurons are 
pooled and randomly reassigned, preserving individual neuron event counts while disrupƟng precise 
inter-neuron temporal relaƟonships. (B) SchemaƟc illustraƟng the procedure to evaluate the staƟsƟcal 
assessment of neuronal coupling measures, using STTC between a putaƟve neuron (PN) pair as an 
example. (1) Calculate the empirical STTC for each PN pair using their original event trains (STTCemp). 
(2) Perform one ETE shuffle across the enƟre event Ɵmes of the populaƟon (as shown in [A]). Using 
the resulƟng surrogate event trains, re-calculate the STTC for each PN pair (STTCsh). (3) Repeat step (2) 
M Ɵmes (e.g. 500 Ɵmes) to generate a pair-specific distribuƟon of M STTCsh values for each PN pair. 
Determine the significance percenƟle (e.g. 95th percenƟle, Ψ) of this shuffle-based distribuƟon for each 
pair. (4) Compare the empirical STTCemp of each PN pair to its own significance threshold (Ψ) to assess 
whether it is significantly high (i.e. whether STTCemp > Ψ; see Supplementary Methods). (C) FracƟon of 
PN pairs with significantly high STTC, quanƟfied at various Ɵmescales. Same format as in Fig. 2F. (D) 
Effect of GluN1-Ab on STTC of all PN pairs with posiƟve value, at various Ɵmescales. Same format as in 
Fig. 2F. (E) Neuronal coupling based on Pearson correlaƟon coefficient of Gaussian-smoothed event 
trains (ρCC), computed at various Ɵmescales. Same format as in Fig. 2F. Pairs with significantly high 
ρCC (using the same approach as in [B]) were considered. (F) RelaƟonship between PN pairs with 
significant ρCC and their Euclidean somaƟc distance. Same format as in Fig. 2E. (G) RelaƟonship 
between PCC and Euclidean somaƟc distance of PNs. Same format as in Fig. 2E. (H) Setup for simulaƟng 
a neuronal network of three pyramidal cells (PCs), each amenable of firing bursts. LeŌ: Example 
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membrane potenƟal traces (Vm) simulated for 120 seconds. Right: SchemaƟc of the network: PC1 and 
PC2 are recurrently connected, and PC3 projects unidirecƟonally to both PC1 and PC2. Each neuron 
also received independent random background input. SimulaƟons (n=10 trials with different random 
seeds) were run at 0.05 ms resoluƟon; acƟon potenƟals were detected and then downsampled, using 
binary binning, to 1 kHz (1 ms resoluƟon) and 10 Hz (100 ms resoluƟon, mimicking our experimental 
data). Zoom-in panels show examples of bursƟng acƟvity, and correlated firing potenƟally induced 
between PC1 and PC2 by the acƟvity of PC3 (boƩom). (I) Robustness of STTC and PCC calculaƟons to 
lower temporal resoluƟon at relevant analysis Ɵmescales. Trajectories show STTC (leŌ) and PCC (right) 
for the PC1-PC2 pair, calculated across various analysis Ɵmescales (Ɵling window or 2xSigma). Each 
plot compares the coupling values obtained from high-resoluƟon (1kHz, black) and low-resoluƟon 
(10Hz, green) versions of the simulated spike trains. Note the similarity in trajectory shapes for each 
measure between the two resoluƟons for analysis Ɵmescales longer than 100 ms. This indicates that 
both STTC and PCC capture similar coupling dynamics at these longer Ɵmescales despite the lower 
data resoluƟon, validaƟng their use with the 100ms-resoluƟon experimental data. Timescales shorter 
than 100 ms are not applicable for 10 Hz data. Similar robustness was observed for ρCC (not shown). 
(J) PreservaƟon of relaƟve coupling strengths between different neuron pairs at low temporal 
resoluƟon. Coupling strength (STTC and PCC) calculated at a fixed Ɵmescale (0.2 s) for different pairs 
(PC1-PC2, PC1-PC3, PC2-PC3) at both 1 kHz and 10 Hz resoluƟon. Note that the higher coupling 
strength of the recurrently connected PC1-PC2 pair compared to pairs involving PC3 is maintained at 
the lower resoluƟon. (K) ParƟal correlaƟon coefficient (PCC) reduces the indirect influence of other 
network neurons to esƟmate the direct coupling of a neuron pair, even at a low temporal resoluƟon. 
Comparison of PCC and standard Pearson CorrelaƟon (ρCC) for the PC1-PC2 pair calculated at 10 Hz 
resoluƟon. ρCC is technically similar to PCC but can be inflated if both PC1 and PC2 are influenced by 
a third neuron, such as PC3 in this simulaƟon (acƟvity potenƟally correlaƟng PC1 and PC2 is visible in 
boƩom zoom-in of H). In contrast, PCC aƩempts to control for such indirect influences and isolate the 
direct relaƟonship. The ρCC calculated aŌer computaƟonally removing PN3 ("w/o PC3") represents 
the target 'true' direct correlaƟon. Note that the PCC value (middle bar) is lower than the standard ρCC 
(leŌ bar) and closer to the ρCC that reflect the direct connecƟon (right bar; "w/o PC3"). This 
demonstrates PCC's ability to parƟally correct for the confounding influence of PC3 and provide a more 
accurate esƟmate of the direct interacƟon, even when calculated using data with 10 Hz (100 ms) 
temporal resoluƟon.  
Curves represent mean ± SEM. Boxplots show median and interquarƟle range; dots represent 
individual mice or simulaƟon trials. Sample sizes: (C–G) n=9 mice/group (total cells: 4279 Ctrl-Ab, 3200 
GluN1-Ab); (I–K) n=10 simulaƟon trials. StaƟsƟcal comparisons: paired sample t-tests (K), Mann-
Whitney U tests (asterisks in D), or permutaƟon tests (C–G);  see Supplementary Table 1. 



6 
 

 

 
Supplementary Figure 4. Complementary results related to Figure 3. (A) ReducƟon in total number 
of graph edges (funcƟonal connecƟons within network) under GluN1-Ab. Same format as in Fig. 2F,G. 
(B) Normalized node degree, adjusƟng for network size, remains unchanged under GluN1-Ab. The 
degrees were computed based on STTC (top) or PCC (boƩom) indices. (C) Gini coefficient of 
betweenness (top) and node degree (node degree) based on STTC coupling results. The Gini coefficient 
quanƟfies the distribuƟon inequality in terms of its shape and thus is normalizaƟon-independent. (D,E) 
Increased hub enrichment raƟo of node degree (D) and betweenness (E) under GluN1-Ab. This metric 
computes the prominence of upper-tail of a distribuƟon using its percenƟles (the raƟo of 75th and 50th 
percenƟles), and is thus normalizaƟon-independent. (F) Increased small-worldness (measuring the 
balance between local clustering and global connecƟvity in a network), betweenness centrality 
(measuring the extent to which a putaƟve neuron [PN] acts as a go-between for other PNs), and 
eigenvector centrality (measuring the importance of a node in a network based on its connecƟons to 
other highly central nodes) under GluN1-Ab. (G) Rastergram of the FOV shown in Fig. 3G under Ctrl-
Ab. Same format as in Fig. 3H. (H) Using ρCC, instead of STTC (Fig. 3I), led to similar ensemble results 
with an increased number of detected PN ensembles (leŌ) and an unchanged raƟo of the PNs in 
ensembles to those unaffiliated PNs (right), per FOV.  
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Curves represent mean ± SEM across mice. Boxplots show median and interquarƟle range; dots 
represent individual mice. Sample sizes: (A–F, H) n=9 mice/group (total cells: 4279 Ctrl-Ab, 3200 GluN1-
Ab). StaƟsƟcal comparisons: permutaƟon tests (A–F, H);  see Supplementary Table 1.  
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Supplementary Figure 5. Complementary results related to Figure 4. (A) Increased efficacy of 
individual putaƟve neurons’ (PNs’) transmission to others (sig. PNs). Transmission window was set to 
0.6 s (see also Fig. 4B). (B) Same as in Fig. 4C, but for the transmission efficacy (sig. PNs). (C) FracƟon 
of PNs with significant transmission reliability (leŌ), efficacy (middle), and latency (right). (D) LeŌ: 
excessive similarity between SE binary paƩerns (all pairs) under GluN1-Ab. Right: Unchanged fracƟon 
of SE binary paƩern pairs with significantly high MI under GluN1-Ab. Same format as in Fig. 4F boƩom. 
(E) Similarity of spaƟal binary paƩerns as a funcƟon of bin-size used for binning the recording Ɵme to 
extract the paƩerns. LeŌ: matching index (MI) for all pairs of binned paƩerns. Right: fracƟon of the 
significant pairs. Note the decreasing trend in the fracƟon of significant pairs at longer Ɵmescales 
(right). (F) Variability of parƟcipaƟon index (PI) of PNs to their respecƟve ensembles (see Fig. 3G–I), at 
various Ɵmescales. Same format as in Fig. 2F. Variability was computed using coefficient of variaƟon of 
PIs. (G) Same as (F), but for the efficacy (leŌ) and latency (right) of ensemble PNs’ transmission to other 
PNs. Transmission window was set to 1.2 s.  
Curves represent mean ± SEM across mice. Boxplots show median and interquarƟle range; dots 
represent individual mice. Sample sizes: (A–G) n=9 mice/group (total cells: 4279 Ctrl-Ab, 3200 GluN1-
Ab). StaƟsƟcal comparisons: two-sample t-tests (asterisk in G), Mann-Whitney U tests (A, asterisk in 
F), or permutaƟon tests (B–G); see Supplementary Table 1.  
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Supplementary Figure 6. GluN1-Ab induces faster ripples and amplifies SPW-R-associated 
synchronous events. (A) Top: Morlet wavelet Ɵme-frequency spectrograms of representaƟve single 
sharp-wave ripple (SPW-R) events from LFPs recorded in vivo simultaneously with two-photon imaging 
for about 1 hour (see also Supplementary Fig. 1). A shiŌ toward higher intra-ripple frequencies is visible 
in the GluN1-Ab example compared to Control-Ab. BoƩom: Corresponding traces of the SPW-R 
complex shown above. Black traces show the wide-band LFP (1.5–250 Hz). Colored traces show the 
corresponding filtered signals for the ripple-band (orange; 80–250 Hz) and sharp-wave band (green; 
5–40 Hz); gray line represent 0 mV. Note that while the recordings targeted the proximal stratum 
radiatum, sharp-wave deflecƟons can appear negaƟve or posiƟve depending on the precise electrode 
depth in vivo relaƟve to the CA1 dipole (stratum radiatum vs. pyramidale); detecƟon was therefore 
performed using absolute amplitude. (B) QuanƟficaƟon of intra-ripple frequency. The mean (leŌ) and 
maximum (right) instantaneous frequencies were calculated for each SPW-R event and averaged per 
mouse. GluN1-Ab mice exhibit faster average oscillaƟons and reach higher peak frequencies during 
ripples. (C) The occurrence rate of SPW-Rs is unchanged between groups. (D) The duraƟon of ripple 
events is preserved. (E) Peak amplitude of the ripple oscillaƟon envelope, shown as z-score (leŌ) and 
absolute voltage (right), is unchanged. (F) Peak amplitude of the sharp-wave deflecƟon, shown as z-
score (leŌ) and absolute voltage (right), is unchanged. (G) The fracƟon of SPW-Rs coinciding with a 
Synchronous Event (SE) within a ±300 ms window around the ripple peak. There was no significant 
difference in the coincidence rate between groups. (H) Peri-Event Time Histograms (PETH) of the 
fracƟon of acƟve cells Φ(t) (z-scored to baseline: -3.5 to -1.5 s) centered on the ripple peak. LeŌ: PETH 
for the subset of SPW-Rs coincident with an SE [(+SE)]. Note the sharp rise in populaƟon acƟvity, which 
is amplified in GluN1-Ab mice. Right: PETH for SPW-Rs not coincident with an SE [(-SE)], showing no 
disƟnct populaƟon acƟvaƟon in both groups. (I) Maximum z-scored populaƟon acƟvity during (+SE) 
and (-SE) events. (J) Mean z-scored populaƟon acƟvity during (+SE) and (-SE) events (averaged over 
±0.5 s). Note the amplified network synchrony during coincident events in the GluN1-Ab group. 
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Boxplots show median and interquarƟle range; dots represent individual mice. Sample sizes: (B–J) n=9 
(Ctrl-Ab) / 8 (GluN1-Ab) mice. StaƟsƟcal comparisons: two-sample t-tests (C–D, E [right], F [leŌ], G), or 
Mann-Whitney U tests (B, F, E [leŌ], F [right], I–J); see Supplementary Table 1.  
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Supplementary Methods 
 
Materials availability 
This study did not generate new reagents. 
 
Experimental model 

 Animal model of NMDAR-encephaliƟs 
Thirty three male C57BL/6J mice were housed under standard condiƟons at a controlled 
temperature (21 ± 1°C) and humidity (55 ± 10%) with 12-h illuminaƟon cycles, and food and 
water available ad libitum. Animal experiments were performed in accordance with the 
ARRIVE guidelines for reporƟng animal research and the experimental protocol was in 
accordance with European regulaƟons (DirecƟve 2010/63/EU) and was approved by the local 
animal welfare commiƩee (Thüringer Landesamt für LebensmiƩelsicherheit und 
Verbraucherschutz, 02–059/13 and UKJ-23-002), similarly to 1. Sixteen-weeks old (25–30g) 
mice were implanted with biventricular osmoƟc pumps (model 1002, Alzet, CuperƟno, CA) 
with the following characterisƟcs: volume 100 μL, flow rate 0.25 μL/h, and duraƟon 14 days, 
as previously reported 1,2. The day before surgery the two pumps were each filled with 100μL 
of 1μg/μL human monoclonal NMDAR-Ab (#003–102) or Control-Ab (#mGO53) 3. NMDAR-Ab 
#003–102 targets the lower lobe of the NMDAR GluN1 ATD and was shown to reproduce 
similar molecular pathology as polyclonal human CSF IgG, e.g. receptor crosslinking and 
internalizaƟon leading to reducƟon in NMDAR-mediated currents and impairing hippocampal 
LTP 4–9. Control-Ab #mGO53 is a nonreacƟve, isotype-matched human IgG1 anƟbody 10, widely 
used and well validated negaƟve control anƟbody employed in autoimmune encephaliƟs 
research1,3,11–13. Both anƟbodies were produced by H. Prüss lab3. Mice under isoflurane 
anesthesia were placed in a stereotacƟc frame, and a bilateral cannula (model 3280PD2.0/SP, 
PlasƟcsOne) was inserted into the ventricles (coordinates: 0.2 mm posterior and ±1.00 mm 
lateral from bregma, depth 2.2 mm). The cannulas were connected to two subcutaneously 
implanted osmoƟc pumps on the back of the mice.  
 
Method details 

 Surgical preparation for in vivo imaging 
Thirty minutes before starƟng the preparaƟon, 200 mg/kg metamizol (Novacen) was 
administered subcutaneously for analgesia. The animals were then placed on a warm plaƞorm 
and anestheƟzed with isoflurane (3.5% for inducƟon, 1–2% for maintenance) in pure oxygen 
(flow rate: 1 l/min). A drop of eye ointment (Vitamycin) was applied to lubricate their eyes. 
The intraventricular cannula and osmoƟc pumps were carefully removed. For local analgesia, 
the skin was infiltrated with 2% lidocaine (s.c.). The scalp and periosteum were removed, and 
a custom-made plasƟc chamber with a central borehole (Ø 4 mm) was affixed to the skull 
using cyanoacrylate glue (UHU) (2.5 mm posterior from bregma and 2.2 mm lateral from 
midline). For the hippocampal window preparaƟon14, the plasƟc chamber was securely 
aƩached to a preparaƟon stage and superfused with warm arƟficial cerebrospinal fluid (aCSF) 
containing (in mM): 125 NaCl, 4 KCl, 25 NaHCO3, 1.25 NaH2PO4, 2 CaCl2, 1 MgCl2 and 10 
glucose (pH 7.4, 35–36°C). A circular hole was drilled into the skull using a Ɵssue punch (Ø 2.7 
mm). The underlying corƟcal Ɵssue and parts of corpus callosum were carefully removed by 
aspiraƟon using a vacuum supply and a blunt 30G needle, taking care not to damage the 
alveus fibers. Once bleeding stopped, the animal was transferred to the microscope stage. 
During in vivo recordings, body temperature was conƟnuously monitored and maintained 
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close to physiological values (36–37°C) by means of a heaƟng pad and a temperature sensor 
placed beneath the animal. Spontaneous respiraƟon was monitored using a differenƟal 
pressure amplifier (Spirometer Pod and PowerLab 4/35, ADInstruments). Shortly aŌer 
transfer, Isoflurane was reduced to 0.6% (flow rate: 1 l/min). Recording of spontaneous acƟvity 
commenced 60 min aŌerwards. At the end of each experiment, the animal was decapitated 
under deep isoflurane anesthesia. 
 

 Two-photon Ca2+ imaging in vivo and LFP recording 
The recording chamber was conƟnuously superfused with aCSF (as above). Stratum 
pyramidale in the CA1 region was loaded with the membrane-permeable Ca2+ indicator 
Oregon Green 488 BAPTA-1 AM (OGB-1, 500 µM, pipeƩe resistance: 3 MΩ, pressure: 7 PSI, 
injecƟon Ɵme: 1.5 min) using the mulƟ-cell bolus-loading technique15. For local field potenƟal 
(LFP) recordings, a tungsten microelectrode (Tunglass-1, 0.8 MΩ impedance, KaƟon ScienƟfic) 
was posiƟoned just above the hippocampal formaƟon. AŌer the aCSF was removed, the 
hippocampal window was filled with agar (1.5%, in 0.9 mM NaCl) and covered with a custom-
made cover glass. Once the agar solidified, the chamber was reperfused with ACSF. The 
microelectrode was then slowly lowered into the CA1. Upon detecƟng pronounced mulƟ-unit 
acƟvity (MUA) in the stratum pyramidale (SP), the electrode was further advanced to target 
the proximal stratum radiatum (SR), approximately 250-300 µm below the hippocampal 
surface. To prevent photoelectric arƟfacts in the imaging data caused by the laser scanning, 
the LFP microelectrode was posiƟoned approximately 1-2 mm laterally from the edge of the 
imaging field of view (FOV). To allow for de-esterificaƟon, recordings commenced 
approximately 60 minutes aŌer OGB-1 injecƟon. Imaging was performed using an acousto-
opƟc deflecƟon (AOD) two-photon laser-scanning microscope controlled by the MES soŌware 
(Femto3D ATLAS, Femtonics). Fluorescence excitaƟon at 800 nm was provided by a tunable 
Ti:Sapphire laser (Chameleon Ultra II, Coherent) through a 20×/1.0 NA water immersion 
objecƟve (XLUMPLFLN 20XW, Olympus). Emission light was separated from excitaƟon light 
with a primary dichroic mirror (700 nm) and an IR blocker (700 nm) and finally detected by 
photomulƟplier tubes (16 bit, H11706P-40, Hamamatsu). The high-speed arbitrary frame 
scanning mode of ATLAS enabled a fast frame rate of 38.81 Hz. The FOV was 329×329 µm at a 
pixel resoluƟon of 0.9 µm/pixel (366×366 pixels, dwell Ɵme: 0.14 ns). Spontaneous acƟvity 
in the dorsal CA1 was recorded for a total duraƟon of 60 min (57.88 ± 0.91 min, n=18 mice; 
mean ± SEM). A single FOV was recorded per mouse. Data were acquired using MESc 
(Femtonics). LFP signals were acquired simultaneously to two-photon imaging using an npi 
ELC-03XS amplifier (npi electronic GmbH), with a hardware highpass filter of 0.5 Hz and 
lowpass filter of 3 kHz. Amplified signals were then digiƟzed at 20 kHz using a 16-bit AD/DA 
board (PowerLab 4/35, ADInstruments) and recorded using LabChart 8 soŌware 
(ADInstruments).  
 

 Analysis of imaging data 
For each FOV, image stacks were registered using NoRMCorre 16. For residual driŌ detecƟon, 
a supporƟng metric was calculated as the Pearson correlaƟon coefficient between the 
template image used for stack registraƟon and the images of the registered image stack. Time 
periods with residual driŌ (e.g. by abrupt mouse movement) and distorted frames (e.g. by 
mechanical arƟfacts) were then visually idenƟfied (by inspecƟng the supporƟng metric and 
the registered image stack) and considered as missing values in subsequent analyses 17. This 
step yielded to an available recording Ɵme of about 51.73 ± 1.28 min (n=18 mice; mean ± 
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SEM) per FOV. We also removed 10 pixels from each end of FOV to avoid potenƟal instability 
in alignment at the borders. For cell segmentaƟon, we first smoothed the registered stack 
using a 3D Gaussian smoothing kernel (imgaussfilt3 Matlab funcƟon) of size [2 pixels, 2 pixels, 
3 frames], followed by adapƟng the widely-used independent component analysis. The 
detected raw ROIs were then visually double-checked with the registered image stack. We 
then down-sampled the (non-smoothed) registered data to 9.7 Hz (100 ms)17 to improve the 
signal-to-noise raƟo of traces. To isolate neuronal signals, we applied strict exclusion criteria 
to separate neurons from glial cells (e.g., astrocytes), which are also labeled by OGB-1. Glial 
cells were idenƟfied and excluded based on disƟnct morphological and funcƟonal 
properƟes18: 1) smaller, irregular somata compared to the larger, rounder neurons; 2) 
significantly higher baseline brightness; and 3) much slower calcium transient dynamics 
(rise/decay Ɵmes > several seconds) as compared to those of neurons. 
The final retained ROIs were considered as the somata of putaƟve neurons (PNs). While the 
stratum pyramidale mainly comprises pyramidal cells (>90%), we acknowledge that a small 
fracƟon of the detected somata might correspond to interneurons19,20. We detected an 
average of 475.4 ± 32.6 cells per FOV in the Ctrl-Ab group (n=9 mice; range: 299–629 cells; 
total: 4279 cells) and 355.6 ± 45.9 cells per FOV in the GluN1-Ab group (n=9 mice; range: 105–
544 cells; total: 3200 cells). The individual cell counts for each mouse in the Ctrl-Ab group 
were: 522, 453, 473, 507, 299, 500, 629, 538, 358; and for the GluN1-Ab group: 426, 339, 440, 
105, 544, 276, 355, 226, 489. For each ROI, we obtained the mean F(t) by frame-wise averaging 
across all pixels of that ROI in registered stack. The somaƟc fluorescence traces were obtained 
as relaƟve changes from resƟng fluorescence levels (ΔF/F0). The resƟng fluorescence F0(t) was 
defined as the moving median over 30 seconds. For overlapping ROIs, we extracted the 
fluorescence trace of each ROI based on its non-overlapping pixels. For each ROI, CaT onsets, 
as a proxy for firing acƟvity, were extracted from its ΔF/F0 trace using UFARSA, a general-
purpose event detecƟon rouƟne 21. We used default parameter values, with a detecƟon 
(leading) threshold of 2 SDnoise, providing a reliable balance between sensiƟvity (detecƟng real 
transients) and specificity (rejecƟng noise fluctuaƟons); SDnoise is the esƟmated standard 
deviaƟon of the signal noise (for more details, see 21). Reconstructed CaT onsets were 
translated into a binary acƟvity vector (1 – event, 0 – no event) and used for the following 
analyses. In total, 10 FOVs were recorded for each group (1 FOV per mouse), and one FOV 
from each group was excluded due to the instability of recordings (e.g. excessive moƟon 
arƟfacts or poor signal quality), according to predefined quality control criteria. 
 

 Analysis of LFP signals 
For each mouse, an extracellular LFP signal was recorded simultaneously with two-photon 
imaging for approximately 1 hour at a sampling frequency of 20 kHz. Preprocessing of the raw 
LFP signal was performed offline using custom-wriƩen code in Matlab. First, periods 
containing potenƟal movement arƟfacts were idenƟfied by visual inspecƟon and excluded. 
The signal was then digitally band-pass filtered in the range of 1.5 Hz and 251 Hz using a Kaiser 
window finite impulse response (FIR) filter with a 1 Hz transiƟon bandwidth, 60 dB stopband 
aƩenuaƟon, and 1% passband ripple. This digital high-pass cutoff at 1.5 Hz was chosen to 
create a sharp, well-defined frequency bound, removing both slow signal driŌ and residual 
low-frequency noise below our primary band of interest that may not have been fully 
aƩenuated by the amplifier's 0.5 Hz hardware filter. Power line interference at 50 Hz and its 
harmonics were removed using a notch filter (implemented with the iirnotch and filƞilt 
funcƟons). Following filtering, the signal was downsampled to 5 kHz to reduce computaƟonal 
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load for subsequent analyses. Power spectral density (PSD) of the signal was calculated using 
Welch’s method (pwelch funcƟon) with 30-second Hamming windows and 50% overlap 
between segments. For specific frequency bands of interest (e.g., the δ-band, 1.5–4 Hz), the 
bandpower was calculated by averaging the power values across all frequency bins within that 
band's limits. For normalizaƟon, the power at each frequency bin or the bandpower was 
divided by the total power of the signal (1.5–100 Hz). 
 
To invesƟgate the properƟes of sharp-wave ripples (SPW-Rs), we further filtered the 
downsampled signal into two disƟnct frequency bands using the abovemenƟoned zero-lag FIR 
filters: a ripple band (80–250 Hz) and a sharp-wave band (5–40 Hz)22,23. The 80–250 Hz band 
was chosen, in line with recent literature, to robustly capture ripple events under anesthesia, 
which can occur at lower frequencies than in awake animals24 (see also 22,23). To reliably detect 
SPW-Rs (in an offline manner), we implemented a dual-criterion pipeline based on established 
rouƟnes22,23, as follows. First, the instantaneous amplitude of the 80–250 Hz ripple-band 
signal was calculated as the absolute value of its Hilbert transform (hilbert funcƟon), followed 
by z-scoring using the mean and standard deviaƟon (SD) of the enƟre envelope Ɵmeseries. 
Candidate ripple events were idenƟfied as periods where the z-scored envelope exceeded a 
high threshold of 4 SD for a minimum duraƟon of 15 ms. The start and end Ɵmes of each 
candidate event were defined by the points where the z-scored envelope crossed a lower 
threshold of 2 SD. Secondly, to ensure that the detected ripples were part of a complete SPW-
R complex, each candidate ripple was validated by the presence of a coincident sharp-wave 
component (a brief, large deflecƟon in the 5–40 Hz signal). To establish a robust detecƟon 
threshold uninfluenced by the events themselves, we esƟmated the background SD of the 
sharp-wave band signal by temporarily clipping the values above 4 SD. For each candidate 
ripple, the corresponding window of the non-clipped sharp-wave band signal was extracted, 
and the event was validated only if the peak absolute amplitude of the sharp wave exceeded 
2.5 background SDs. Note that while the recordings targeted the proximal stratum radiatum, 
sharp-wave deflecƟons can appear negaƟve or posiƟve depending on the precise electrode 
depth relaƟve to the CA1 dipole (stratum radiatum vs. pyramidale); this is why the sharp-wave 
component detecƟon was performed using the absolute amplitude. Upon crossing this 
threshold, a duraƟon criterion was enforced: we idenƟfied the zero-crossings flanking the 
peak of the sharp wave and required the duraƟon between them to be between 20 ms and 
400 ms. Candidate ripples failing either the amplitude or duraƟon criteria for the associated 
sharp wave were excluded. All parameter values used in this rouƟne were adopted from the 
corresponding studies22,23. 
 
For each validated SPW-R, a set of key parameters was extracted. (I) Ripple duraƟon: Defined 
by the boundaries from the low ripple threshold (z=2; see previous paragraph). (II) Ripple 
amplitude: Defined as the peak amplitude of the envelope; quanƟfied using the z-scored 
envelope as well as the raw envelope (µV). (III) Sharp-wave amplitude: Defined as the peak 
absolute amplitude of the sharp-wave deflecƟon; quanƟfied using the non-clipped sharp-
wave band signal normalized to the background SD (z-scored) as well as the raw signal (µV). 
(IV) Intra-ripple frequency: Calculated as the mean of the instantaneous frequencies (inverse 
of the inter-peak intervals) of disƟnct oscillatory peaks within the ripple-band signal during 
the event. The peaks were idenƟfied using the findpeaks funcƟon. To assess peak oscillaƟon 
speed, the maximum instantaneous frequency per event was also extracted and averaged 
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over events per mouse. AddiƟonally, we computed (V) SPW-R occurrence rate, as the total 
number of validated SPW-Rs divided by the total recording duraƟon (in seconds). 
 
To invesƟgate the temporal relaƟonship between electrophysiological and populaƟon imaging 
events, LFP and two-photon imaging data were temporally aligned using synchronizaƟon 
pulses recorded in the acousto-opƟc deflector (AOD) log files. SPW-Rs were classified as 
coincident with an SE [(+SE)] if an SE was detected within a ±300 ms window around the ripple 
peak. SPW-Rs without an associated SE in this window were classified as non-coincident [(-
SE)]. To analyze the populaƟon dynamics associated with these events, the fracƟon of acƟve 
cells Φ(t) was extracted within a ±3.5 s window centered on each ripple peak. To account for 
differences in baseline acƟvity across mice, these extracted Φ(t) traces were z-scored using a 
robust normalizaƟon procedure, as follows. For each mouse, we first calculated the mean and 
standard deviaƟon (SD) of the populaƟon acƟvity during the baseline period (-3.5 to -1.5 s) 
for each individual event. We then determined the median of these event-specific means and 
SDs to establish a robust session baseline mean and SD. Finally, all extracted Φ(t) traces for 
that mouse were z-scored using these staƟsƟcs. For quanƟficaƟon, we calculated the 
maximum and mean (averaged over ±0.5 s) z-scored acƟvity for (+SE) and (-SE) events. 
 
To ensure the reliability of the analysis, LFP recordings were visually inspected for signal 
quality. One mouse was excluded from the SPW-R analysis due to a poor signal-to-noise raƟo 
in the ripple band that precluded reliable event isolaƟon and validaƟon. The experimenters 
were blind to the experimental groups during the enƟre analysis. 
 

 Long-term synapƟc depression inducƟon ex vivo 
The protocol for inducing NMDAR-dependent LTD in hippocampal slices from adult mice was 
adapted from 25. Mice (n=6 for Ctrl-Ab, and n=7 for GluN1-Ab) were deeply anestheƟzed using 
isoflurane and the brain was quickly removed into ice-cold protecƟve arƟficial cerebrospinal 
fluid (paCSF, in mM: 95 N-Methyl-D-Glucamine, 30 NaHCO3, 2.5 KCl, 1.25 NaH2PO4, 10 
MgSO4, 0.5 CaCl2, 20 HEPES, 25 glucose, 2 thiourea, 5 Na-ascorbate, 3 Na-pyruvate, 12N-
acetylcysteine, adjusted to pH7.3 and 300–310mOsmol, saturated with Carbogen). 
Transverse, 400µm-thick hippocampal slices (n = 6 mice/16 slices for Ctrl-Ab; n = 7 mice/21 
slices for GluN1-Ab) were prepared in ice-cold paCSF on a vibratome (VT 1200S, Leica, Wetzlar, 
Germany) and transferred for warm recovery in paCSF at 33°C for 12 min. ThereaŌer, slices 
were transferred for recovery (at least 1h) at room temperature in aCSF+ (containing in mM: 
125 NaCl, 25 NaHCO3, 2.5 KCl, 1.25 NaH2PO4, 1 MgCl2, 2 CaCl2, 25 glucose, 2 thiourea, 5 Na-
ascorbate, 3 Na-pyruvate, 12 N-acetylcysteine, adjusted to pH 7.3 and an osmolarity of 300–
310 mOsmol, and saturated with Carbogen). For recordings, slices were transferred in a 
custom-made interface-like recording chamber under conƟnuous perfusion (3 mL/min, 
Ismatec, Wertheim, Germany) with 30°C aCSF containing in mM 125 NaCl, 4.5 KCl, 25 NaHCO3, 
1.25 NaH2PO4, 2 MgSO4, 3 CaCl2, 10 glucose, saturated with Carbogen. 
We were blinded to the experimental treatment of the animals during recording and data 
analysis. CA1-PNs were visually idenƟfied using a microscope (Examine.Z1, Zeiss, Jena, 
Germany) equipped with differenƟal interference contrast opƟcs. Recording and sƟmulaƟon 
pipeƩes were pulled using a P-87 horizontal pipeƩe puller (SuƩer Instruments, Novato, CA, 
USA) from thick-walled borosilicate glass (0.86x1.50, Science Products, Kamenz, Germany) and 
were filled with aCSF. The field excitatory postsynapƟc potenƟal (fEPSP) was recorded and 
digiƟzed with a MulƟClamp 700B amplifier (Molecular Devices, Sunnyvale, CA, USA), and an 
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Axon Digidata 1550B digiƟzer (Molecular Devices, Sunnyvale, CA, USA), respecƟvely. Signals 
were low-pass filtered at 2kHz and digiƟzed at 20kHz. 
SƟmulaƟon of the Schaffer collaterals (SC) was performed with an aCSF-filled micropipeƩe 
acƟng as a monopolar sƟmulaƟon electrode that was placed 300µm away from the recording 
electrode. SƟmulaƟon was applied through a constant current sƟmulaƟon unit (DS3, 
zigiƟmer). The LTD SƟmulaƟon protocol was conducted using the following steps. First, an 
input/output curve of field excitatory postsynapƟc potenƟal (fEPSP) responses to incremental 
SC sƟmulaƟon was measured in the CA1 stratum radiatum by increasing sƟmulaƟon strength 
from 20µA to 150µA delivered at 0.1Hz. Slices in which fEPSP slope changes >10%  during the 
baseline recording, as well as slices which did not generate a fEPSP amplitude of at least 1mV 
were discarded. SƟmulaƟon strength was adjusted for 50% (40–60%) of maximal fEPSC slope 
(mV/ms). LTD was induced aŌer a baseline period of 20 minutes (sƟmulaƟon at 0.05Hz) by 
three rounds of low-frequency sƟmulaƟon (LFS) of 1500 pulses at 2Hz, with an interval of 10 
minutes between each round 25. This protocol results in an NMDAR-dependent (non-selecƟve 
to NMDAR-subunit) LTD that persists in aged mice. AŌer LTD inducƟons fEPSP slope was 
recorded for a further 40 minutes at 0.1Hz. Analysis of recorded signals was performed in 
Clampfit 10.5 (Molecular Devices, Sunnyvale, CA, USA). 
 

 ProperƟes of putaƟve neuron acƟvity  
For each PN, we quanƟfied the temporally local irregularity level of its CaT onsets using CV2, 
as a local and relaƟvely rate-independent measure of spike-Ɵme irregularity 26: CV2 =
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௞ୀଵ , where ICIk and ICIk+1 are the kth and (k+1)th inter-CaT intervals (ICIs) of 

the cell, and K is the total number of its ICIs. The global irregularity of each PN was computed 
using the coefficient of variaƟon as CV = σ୍େ୍ μ୍େ୍⁄  , where ICI and ICI are the standard 
deviaƟon and mean of the PN’s ICIs. As illustrated in Supplementary Fig. 2C, to determine 
whether global irregularity of a PN is significantly beyond chance-level, we compared its 
empirical CV value (CVemp) to those of its surrogate event trains (CVsh), generated by shuffling 
its CaT onsets (uniform distribuƟon, 500 Ɵmes). This randomizaƟon kept the mean CaT 
frequency of the cell unchanged, while disrupƟng the precise Ɵming of its CaTs. We then 
determined the 1st (δ) and 99th (Ψ) percenƟles of its 500 CVsh values. Having repeated these 
steps for all PNs to determine the cell-specific δ and Ψ values, the populaƟon-level CV 
thresholds (ThrLow and ThrHigh) were then computed as the median of these values , separately 
for 1st and 99th percenƟles (i.e. δs and Ψs). For each FOV, these two populaƟon-level 
thresholds, derived from randomized surrogate data, were used to test whether a PN’s CVemp 
is significantly different from the typical range expected based on its firing rate, relaƟve to the 
populaƟon baseline: CVemp was considered significantly low (resp. high) if its smaller (resp. 
bigger) than ThrLow (resp. ThrHigh). Using this approach, the significance of empirical CV2 values 
were also determined. AddiƟonally, for each PN, we esƟmated its ICI correlaƟon (ICI), as the 
correlaƟon of consecuƟve ICIs using Spearman’s rank-order correlaƟon of order one 27. To 
achieve more robust results, PNs with less than ten ICIs were excluded for these measures. 
 

 FuncƟonal pairwise correlaƟons  
To compute the pairwise correlaƟon between neural acƟvity of PNs (funcƟonal connecƟvity) 
we used three measures: 1) spike-Ɵme Ɵling coefficient (STTC), (2) Pearson correlaƟon 
coefficient (CC), and (3) parƟal correlaƟon coefficient (PCC). For two spike (here, CaT event) 
trains A and B, STTC is defined as 28: STTC =
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of spikes (here, events) from A which lie within ±t (Ɵling window) of any spike from B, and 
TA is the fracƟon of the total recording Ɵme which is covered by the Ɵling windows of A; PB 
and TB are similarly defined 28. STTC is largely robust against firing rate levels and changes 28. 
STTCs derived from measured data were compared to those from event-Ɵme exchanging (ETE) 
surrogate data, generated by randomly exchanging the CaT onsets across all network PNs, 
thereby preserving both the mean CaT frequency of each PN and the sum network acƟvity 
per Ɵme-point (Supplementary Fig. 3A). This randomizaƟon was performed 500 Ɵmes. For 
each pair, using its surrogates, we determined the significance of its empirical STTC (95th 
percenƟle), as illustrated in Supplementary Fig. 3B. For the Ɵling window, we set 2xt = 2, 4, 
8, 12, 24, 48, or 96 frames, where 1 frame is 100 ms. For CC, the event trains of A and B 
were first convolved with a Gaussian kernel with a defined standard deviaƟon (Sigma), 
followed by compuƟng the Pearson correlaƟon coefficient between these smoothed acƟvity 
traces 17,29,30. For Sigma, we used 2, 4, 8, 12, 24, 48, or 96 frames. Using similar randomizaƟon 
approach as for STTC, the significance of the empirical CC indices were assessed (500 Ɵmes 
shuffling, 99th percenƟle). Note that both  STTC and CC between a pair of PNs can captures 
not only their direct coupling but also any indirect coupling induced by, for example, a third 
PN that sends input to both. Hence, to obtain an esƟmate potenƟally reflecƟng more direct 
pairwise interacƟons, we also uƟlized the ParƟal CorrelaƟon Coefficient (PCC); similarly to 
previous work 31,32. PCC measures the linear correlaƟon between the acƟvity traces of two 
PNs aŌer staƟsƟcally accounƟng for (i.e., regressing out) the linear influence aƩributable to 
the acƟvity of all other simultaneously recorded PNs, thereby aƩempƟng to isolate the direct 
funcƟonal relaƟonship between the pair of interest. We computed PCC by adapƟng FARCI 
toolbox 32. The parƟal correlaƟon PCCij between the ith and jth PNs was computed as PCC௜௝ =

−ϕ௜௝ ඥϕ௜௜ϕ௝௝⁄ , where the precision matrix ϕ = Σିଵ, and  is NxN covariance matrix of 
neuronal acƟvity among N neurons calculated based on the smoothed traces of CaT-onset 
trains. For smoothing, we convolved each train with a Gaussian kernel with a Sigma of 2, 4, 8, 
12, 24, 48, or 96 frames. All these funcƟonal coupling were computed for all possible PN pairs 
(using custom-wriƩen or the adapted Matlab code) yielding  symmetric NxN matrices, with 
values range from -1 and +1 which indicate perfect negaƟve and posiƟve correlaƟons, 
respecƟvely. 
 

 FuncƟonal neuronal assembly  
To detect PN ensembles we subjected the pairwise correlaƟon matrices (see above) to the 
eigendecomposiƟon clustering method, by adapƟng FluoroSNNAP toolbox 30. Briefly, this 
method decomposes a given similarity matrix (here, STTC matrix or CC matrix) into a set of 
eigenvalues and eigenvectors. The number of significantly large eigenvalues determines the 
number of neuronal ensembles, and their corresponding eigenvectors contain the informaƟon 
about ensemble structure (i.e. the set of neurons belonging to each cluster). We used the 
same ETE surrogate data for tesƟng the staƟsƟcal significance (α = 5%) of the eigenvalues. This 
procedure enabled us to idenƟfy the ensembles of PNs which exhibited co-acƟvity beyond 
chance level, while allowing for potenƟal overlap between them. The contribuƟon strength of 
each PN to its affiliated neuronal ensemble was quanƟfied by its parƟcipaƟon index (PI). For 
more details about this clustering method and its mathemaƟcal descripƟon see 33.  
 

 FuncƟonal network topology  
To determine the properƟes of funcƟonal network topology (connecƟvity moƟfs) we applied 
the complex network analysis 34 to thresholded STTC and PCC matrices. To this end, for each 
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FOV, we first binarized its empirical symmetric STTC (or PCC) matrix using the 95th percenƟle 
value of its ETE surrogate data. This was followed by subjecƟng the resulted binary 
(unweighted) and undirected matrix as the input to the funcƟons implemented in the MATLAB 
Brain ConnecƟvity Toolbox 34, where each PN was considered as a node and the edge 
(connecƟon) between each pair of nodes was determined by their funcƟonal coupling (STTC 
or PCC). We quanƟfied five topology metrics mainly relaƟng to the clustering and centrality 
features of the network: I) node degree (ND), measuring the number of connecƟons each PN 
has with other PNs, II) clustering coefficient (CC), measuring the likelihood that the neighbors 
of a given PN are also interconnected, III) eigenvector centrality (EVC), measuring the 
importance of a node in a network based on its connecƟons to other highly central nodes, IV) 
betweenness centrality (BWC), measuring the extent to which a PN acts as a go-between for 
other PNs, and V) small-worldness (SW), measuring the balance between topologically local 
clustering and global connecƟvity in the network. To this end, we quanƟfied I)-III) using 
degrees_und, clustering_coef_bu, and eigenvector_centrality_und funcƟons, respecƟvely. For 
BWC, we applied betweenness_bin funcƟon to the output of weight_conversion funcƟon 
implemenƟng ‘lengths’ conversion method. For SW, we first obtained characterisƟc path 
length (CPL) by compuƟng the distance matrix (distance_bin funcƟon) and using it as the input 
to charpath funcƟon without including distances on the main diagonal and infinite distances. 
CC and CPL values were normalized by dividing them by corresponding "null" values, which 
were determined by generaƟng 100 syntheƟc random networks (makerandCIJ_und funcƟon), 
compuƟng the same parameters at each iteraƟon, and then averaging them per parameter. 
Finally, we computed SW by dividing the normalized CC by the normalized CPL. To account for 
the different number of nodes (N) across networks, we divided the BWCs by [(N-1)*(N-2)]. We 
also computed the normalized ND by dividing the absolute ND by the network size (N-1).  
 

 QuanƟficaƟon of network hubness  
To specifically quanƟfy the presence and prominence of funcƟonal network hubs, i.e. nodes 
with disproporƟonately high connecƟvity or centrality, we applied two metrics to the 
distribuƟons of node degree and betweenness centrality computed for each network. 1) Gini 
Coefficient: It measures the inequality of a distribuƟon, and is adapted from economics35 to 
assess network hubness here; for previous applicaƟons of this measure to neural data see 
17,36. The Gini coefficient for a given distribuƟon is determined using the Lorenz curve. This 
curve plots the cumulaƟve proporƟon of a variable (e.g., node degree) against the cumulaƟve 
proporƟon of the populaƟon (e.g. PNs) possessing that variable, when the populaƟon is rank-
ordered from lowest to highest value. A diagonal line represents perfect equality, where each 
member of the populaƟon holds an equal share of the total variable. The Gini coefficient 
quanƟfies the deviaƟon of the Lorenz curve from this line of equality, measuring the overall 
inequality of the distribuƟon. It ranges from 0 (perfect equality, where all members have the 
same value) to 1 (maximum inequality, where one member holds the enƟre amount of the 
variable). We calculated the Gini coefficient for the node degree (ND) distribuƟon and the 
betweenness centrality (BWC) distribuƟon of all PNs within each network graph. A higher Gini 
coefficient indicates a greater concentraƟon of connecƟvity or centrality among a smaller 
fracƟon of nodes, signifying a more hub-dominated network structure. 2) Hub-Enrichment 
RaƟo: To further assess the prominence of nodes in the upper tail of the distribuƟons, we 
defined a hub-enrichment raƟo as the raƟo of the 75th percenƟle to the 50th percenƟle (i.e. 
median) of the ND distribuƟon and, separately, the BWC distribuƟon. A raƟo notably greater 
than 1 indicates that the top 25% of nodes are disproporƟonately more connected or central 



19 
 

compared to that of the typical (median) node, providing direct evidence for the presence of 
highly influenƟal hubs. These two metrics provide complementary, normalizaƟon-
independent assessments of the extent to which network connecƟvity and centrality are 
concentrated in hub nodes. 
 

 Network acƟvity properƟes 
For each FOV, we first computed network acƟvity Ɵmeseries. To this end, in the CaT train of 
each PN, we set t frames around each CaT to 1 whereby accounƟng for some temporal 
jiƩer in the detecƟon of CaT-onsets (t was set to 1). This was followed by compuƟng the 
mean across the resulƟng CaT vectors of all individual PNs to obtain the empirical fracƟon of 
acƟve cells per frame Φ(t) 17. To quanƟfy the variability (fluctuaƟons) in network acƟvity we 
calculated the coefficient of variaƟon of Φ(t). To assess the rhythmicity of network acƟvity, we 
calculated the power spectral density (PSD) of Φ(t) using Welch’s method (MATLAB pwelch() 
funcƟon) with 20 s Hamming windows, 75% overlap. The PSD of each FOV was normalized to 
its total PSD to obtain a more robust measure of oscillatory bands when averaging over mice 
per group. To detect synchronous events (SEs) as the significant network co-acƟvaƟon periods, 
we randomly shuffled CaT onsets of all PNs (uniform distribuƟon; 1000 Ɵmes), computed the 
surrogate Φ(t) (as above), and defined the 99.99th percenƟle of all surrogate Φ(t) as the 
threshold for SE detecƟon. The SE threshold was determined separately for each FOV, to 
account for different mean CaT frequencies. We then considered any frame with an empirical 
Φ(t) exceeding the threshold as belonging to an SE. In the resulƟng binary SE vectors, 01 
transiƟons were defined as SE onsets and 10 transiƟons as SE offsets. Using the binary SE 
vectors, we extracted following parameters: (1) the SE occurrence rate as the number of SEs 
divided by the total available recording Ɵme, (2) the relaƟve Ɵme the network spent in SEs, 
(3) the average SE duraƟon (offset minus onset plus 1frame), (4) SE size as the fracƟon of PNs 
which were acƟve in at least one frame of a given SE. In addiƟon, we computed the 
synchronizaƟon capacity of each PN as the fracƟon of SEs in which it parƟcipated, divided by 
its CaT frequency (in [1/s]) to control for different PN acƟvity levels. Moreover, as a direct 
quanƟficaƟon of network’s baseline acƟvity level, we calculated the median of Φ(t) values  
that fell below the 3.25%; a conservaƟve threshold derived from the minimum value of SE-
thresholds across all mice. 
 

 Similarity of spaƟotemporal paƩerns 
To invesƟgate the similarity of SE spaƟotemporal paƩerns, we represented each SE period as 
a binary spaƟal paƩern (vector) of acƟve and inacƟve PNs of size Nx1, where N is the number 
of PNs in FOV. We then quanƟfied the similarity between each two paƩerns Pati and Patj using 

the so-called matching index17,37: MI௜௝ =
ห୔ୟ୲೔ ∩ ୔ୟ୲ೕห
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(perfect similarity) and approximates the number of shared acƟve PNs (i.e. common ones) 
between paƩern pairs. For each paƩern pair, we determined the significance of its empirical 
MI (99th percenƟle) using the surrogate data obtained by randomly shuffling the values within 
binary paƩerns (500 shuffles). In addiƟon, to assess the paƩerns similarity as a funcƟon of SE 
size, we thresholded SEs based on their size, and recomputed the measure between the 
remaining SEs. For this, we used three thresholds obtained by calculaƟng the quarƟles of SE-
detecƟon thresholds (see above) of all FOVs: Q1≈3.9, Q2≈4.3, Q3≈4.9%. This is equivalent to 
using the same thresholds for all mice. To assess whether our findings in this analysis is specific 
to SE paƩerns or extends to the broader network acƟvity, we divided the enƟre recording Ɵme 
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to non-overlapping bins, converted them to binary vectors, and computed their similarity 
using the same procedure (250 shuffles, 99th percenƟle). For the binning, we used windows 
of size 10, 20, 30, 40, or 50 frames. For more robust results, in addiƟon to silent bins, the 
paƩerns including less than five acƟve PNs were also excluded.  
 

 Inter-neuronal transmission metrics 
To invesƟgate the effect of GluN1-Ab on inter-neuronal signal transmission 38–40, we 
considered each PN as a transmiƩer (PNT, T: transmiƩer) and any other PN as a potenƟal 
receiver (PNR, T: transmiƩer). Based on the reconstructed binary CaT-onset trains of PNs (for 
brevity, we here refer to each CaT of PNT as tCAT and of PNR as rCaT), we approximated the 
reliability, efficacy, and latency of CaT transmission for each PN pair (PNTPNR) within a 
specified transmission Ɵme window (WTR) aŌer each tCaT. The reliability quanƟfies the 
proporƟon of tCaTs that successfully transmiƩed to PNR within WTR. It is defined as the raƟo 
of tCaTs that have at least one corresponding rCaT to the total number of tCaTs. To avoid 
double (or mulƟple) counƟng, each rCaT is only considered for the closest tCaT within WTR. 
The reliability ranges from 0 to 1, where 1 indicates 100% success rate for transmission (of 
note, the corresponding transmission failure can be determined as: 1 minus Reliability). The 
efficacy is computed as the total number of rCaTs occurring within the WTR aŌer each tCaT 
divided by the total number of tCaTs. Each rCaT is only counted once, even if it falls within the 
window of mulƟple tCaTs, to avoid double counƟng. The efficacy ranges from 0 to potenƟally 
greater than 1, depending on the specific neural acƟvity paƩerns. The Latency refers to the 
average Ɵme delay between a tCaT and the corresponding rCaT within WTR. The average 
latency is computed across all successful transmissions, with each rCaT only being counted 
once, by considering its latency to the closest tCaT. For the transmission window, we set WTR 
= 3, 6, or 12 frames (1 frame  100 ms), consistent with the Ɵmescale of SE duraƟons in our 
data and of plausible short-term synapƟc plasƟcity 41. For each FOV, this analysis provided us 
by a generally asymmetric NxN transmission matrix per parameter, where N is the number of 
PNs in FOV; note that the transmission properƟes of PNxPNy channel is generally different 
from PNyPNx. We defined the reliability of each PN (as transmiƩer) by compuƟng the 
median over its corresponding row, i.e. over its outgoing channels to all other PNs (as 
receivers), in the corresponding matrix. The efficacy (using median) and latency (using mean) 
of each PN were quanƟfied similarly. We considered the PNs with the empirical reliability and 
efficacy levels bigger than 95th, and the empirical latencies smaller than 5th, of their 
corresponding ETE surrogate data as significant, separately. When reporƟng the reliability and 
efficacy of each PN, we subtracted the mean of its corresponding surrogate values to account 
for the potenƟal differences in PN CaT frequencies. 
 

 Three bursƟng-neuron network model 
The relaƟvely low temporal resoluƟon of our two-photon imaging data (100 ms) limits the 
ability to resolve the ability to resolve fast dynamics such as within-burst inter-spike intervals 
17,21,42. To demonstrate that this limitaƟon does not affect the reliability of our key coupling 
results (STTC, PCC) at the correlaƟon Ɵmescales used here (>100 ms), we used neuronal 
simulaƟons. To this end, we employed a single-compartment model of hippocampal 
pyramidal cell (PC) 42, which can generate mixed firing paƩerns of single spikes and bursts of 
spikes, where an interplay of persistent Na+ and M-type K+ currents underlies its bursƟng 
behavior (mathemaƟcal descripƟon and parameter values are detailed  in 42). Based on this 
model, we built a three-neuron network model, with the following architecture: PC1 and PC2 
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are recurrently connected, and PC3 projects unidirecƟonally to both PC1 and PC2. For each 
PC, the synapƟc conductance, gi(t), was modelled to instantaneously jump by Gij upon arrival 
of a presynapƟc spike (where, j is the index of presynapƟc neuron, G12 = G21 = 0.0025, G13 = G13 
= 0.005, in units of [mS/cm2]), followed by an exponenƟal decay with a synapƟc decay Ɵme-
constant of 5 ms (similarly to 43). Each neuron also received an independent random 
background input (µ = 0.1, σ = 0.7, in units of [μA /cm2]) sufficient to make it fire spontaneously 
at a low rate. SimulaƟons were run in Matlab using the Euler method at a Ɵme step of 0.05 
ms resoluƟon for 120 seconds, and different random seeds across 10 trials to generate 
variability. At each trial, each neuron exhibited a different spiking paƩern. Spikes were 
detected when the membrane potenƟal crossed a threshold of 0 mV. The detected spike trains 
were then binned (thus, downsampled) to two target resoluƟons: each bin containing at least 
one spike was assigned a value of 1, otherwise 0. Two final temporal resoluƟons were used: a 
high resoluƟon of 1 kHz (1 ms bin size) and a low resoluƟon of 10 Hz (100 ms, mimicking our 
imaging data). Note that at 10 Hz resoluƟon, a value of 1 may encode may encode, similarly 
to our CaT event data, a single spike or mulƟple spikes (e.g. a burst). For simulaƟons 
represenƟng the direct correlaƟons without PC3’s influence, we removed connecƟons from 
PC3 to PC1 and PC2 (G13 = G23 = 0), while keeping both the G12 = G21 = 0.0025 and the random 
seeds of background inputs the same as the corresponding full network trial. The simulated, 
downsampled binary event trains were used as the input to the coupling measures. 
 
QuanƟficaƟon and staƟsƟcal analysis 
StaƟsƟcal analyses were performed using OriginPro 2019 and MATLAB 2020a. Group 
assignment (Ctrl-Ab vs. GluN1-Ab) was performed in a pseudorandomized manner by an 
independent technician. We were blinded to the experimental treatment of the animals 
during both calcium imaging and electrophysiological recordings, as well as during all data 
analysis. All data are reported as mean ± standard error of the mean (SEM), unless stated 
otherwise. Specific details about sample sizes (n) are provided in each figure legend and 
Supplementary Table 1 to ensure clarity and reproducibility. Group sizes were based on prior 
studies using similar analyses and were sufficient to detect group differences with comparable 
variance. The Shapiro–Wilk test was used to test for normality. Parametric tesƟng procedures 
were applied for normally distributed data; otherwise, nonparametric tests were used. The F-
test was used to assess homogeneity of variances; when variances were significantly different, 
Welch’s correcƟon was applied. Except for the Shapiro–Wilk test and F-test where p-values < 
0.05 were considered staƟsƟcally significant, the actual p-values are reported for all other 
tests within the figures and Supplementary Table 1. The skewness and Spearman's rank 
correlaƟon coefficient were computed using skewness and corr Matlab funcƟons. Curve 
permutaƟon tests were performed by comparing the area under the curve (AUC) of the 
difference of the group-mean (or median) curves with those AUC values obtained aŌer 
shuffling the individual curves across groups, repeated 1 million Ɵmes; see Ref. 1 for more 
details. The distance of group-mean (or median) probability distribuƟon of GluN1-Ab group 
and the equivalent distribuƟon of Ctrl-Ab group (used as reference) was measured using the 
Kullback–Leibler divergence (KLD) metric. As with the curve permutaƟon, the p-value of the 
empirical KLD (p-kld) was computed by comparing it to KLD values from 1 million shuffled 
iteraƟons. This KLD permutaƟon test was applied specifically on data showing no significant 
change in the mean or median, to test for the differences in distribuƟon shape. For improved 
visualizaƟon only, the displayed distribuƟons were smoothed using normal kernel density 
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esƟmaƟon (ksdensity funcƟon in Matlab). Details of the applied staƟsƟcal tests with the 
sample sizes are provided in Supplementary Table 1. 
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