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SUMMARY
Insufficient sleep is a global problem with serious consequences for cognition and mental health.1 Synapses
play a central role inmany aspects of cognition, including the crucial function ofmemory consolidation during
sleep.2 Interference with the normal expression or function of synapse proteins is a cause of cognitive, mood,
and other behavioral problems in over 130 brain disorders.3 Sleep deprivation (SD) has also been reported to
alter synapse protein composition and synapse number, although with conflicting results.4–7 In our study, we
conducted synaptome mapping of excitatory synapses in 125 regions of the mouse brain and found that
sleep deprivation selectively reduces synapse diversity in the cortex and in the CA1 region of the hippocam-
pus. Sleep deprivation targeted specific types and subtypes of excitatory synapses while maintaining total
synapse density (synapse number/area). Synapse subtypes with longer protein lifetimes exhibited resilience
to sleep deprivation, similar to observations in aging and genetic perturbations. Moreover, the altered syn-
aptome architecture affected the responses to neural oscillations, suggesting that sleep plays a vital role
in preserving cognitive function by maintaining the brain’s synaptome architecture.
RESULTS

To better understand the role of sleep in regulating synapse pro-

tein composition and synapse number, we have employed syn-

aptome mapping technology to uncover the effects of sleep

deprivation (SD) on the mouse brain. Synaptome mapping en-

ables highly systematic and large-scale analysis of the protein

composition, protein lifetime, and morphology of billions of indi-

vidual synapses on a brain-wide scale.8–11 This approach has re-

vealed that excitatory synapses are highly diverse and can be

categorized into different types and subtypes that together

comprise the ‘‘synaptome’’ of the brain.10 These varieties of syn-

apses are spatially distributed across all areas of the brain, form-

ing the ‘‘synaptome architecture’’ (SA), which changes with age

and disease.8–11 The diversity of synapse types and subtypes in-

creases dramatically during mouse development and, after sta-

bilizing in young adults, gradually reduces with aging, with pref-

erential preservation of synapses with the longest protein

lifetimes.8,11

When the SA of a neuron or brain region receives patterns of

neural activity, it produces a spatiotemporal physiological
3836 Current Biology 34, 3836–3843, August 19, 2024 ª 2024 The Au
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response that is governed by the protein composition of its syn-

apses.8–10,12 Thus, changes in the SA during development, ag-

ing, or disease can impact cognition. It is not known whether

the synaptome and SA of excitatory synapses change during

the normal sleep-wake cycle or whether they are affected by

SD. Addressing these questions may shed light on why sleep

is important for cognitive function and enhance our understand-

ing of the biological mechanisms that control synapse diversity.

Synaptome mapping across the circadian cycle
Synaptomemapping of excitatory synapses in the brain utilizes a

line of mice that express fluorescently labeled endogenous post-

synaptic proteins PSD95 and SAP10210 (Figure 1). These are

scaffold proteins that assemble physically distinct multiprotein

complexes13 and play a crucial role in synaptic transmission,

synaptic plasticity, and cognition.14–16 Brain tissue sections

from these mice were imaged in the mid-coronal plane at sin-

gle-synapse resolution using high-throughput spinning disk mi-

croscopy with an optical resolution of approximately 270 nm.

Our bespoke synaptome mapping pipeline10 was applied to

detect and segment billions of individual synaptic puncta. We
thor(s). Published by Elsevier Inc.
eativecommons.org/licenses/by/4.0/).
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Figure 1. Workflow for synaptome mapping

Brain tissue from mice expressing the fluorescent proteins GFP and mKO2 fused to PSD95 and SAP102, respectively, was collected from the mice at different

stages of the circadian cycle or after sleep deprivation. Synapse labeling and imaging shows genetic modification of PSD95 with eGFP and SAP102 with mKO2,

which labels the proteins and their respective multiprotein complexes, which are distributed into synapse types/subtypes that can be visualized in brain sections

using confocal spinning disc microscopy. The image analysis pipeline detects, segments, classifies, and quantifies synapse puncta, which are categorized into

types and subtypes by machine learning and the spatial distribution plotted in synaptome maps.
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measured the density, intensity, size, shape, and colocalization

parameters of each punctum. Based on these parameters, we

classified each synapse into one of three main types (type 1,

PSD95 only; type 2, SAP102 only; type 3, PSD95 and SAP102)

and further divided them into 37 subtypes using established syn-

apse catalogs and machine learning methods.8–10 Finally, we

spatially mapped all the measurements of individual puncta

and subtypes to construct a global synaptic atlas across 125

brain regions in mice at stages throughout the normal sleep-

wake cycle and after SD.

As a first step toward understanding the role of sleep in the

organization of the SA of the brain, we asked if there were

any changes in the synaptome and SA during the normal circa-

dian sleep-wake cycle.We compared three time points: the end

of the active phase (zeitgeber time [ZT] 23) and the end (ZT11)

and middle (ZT6) of the resting phase. We found no differences

between these time points in any of the synapse parameters or
in the density of synapse types and subtypes measured in any

brain area (p > 0.05, Bayesian test with Benjamini-Hochberg

correction) (Figure S1), indicating that the synaptome and the

SA are stable throughout the normal sleep-wake cycle. Next,

we examined the changes in the three types and 37 subtypes

of excitatory synapses and observed minor changes in density

between the three time points, but these changes were not sta-

tistically significant after correction for multiple testing

(p > 0.05, Bayesian test with Benjamini-Hochberg correction)

(Figure S2).

Sleep deprivation modifies the synaptome architecture
We next asked if SD induces any changes in the synaptome and

SA.We comparedmice after 6 h of SD (ZT6SD) with controls that

were undisturbed over the same period (ZT6). SD did not affect

the density or median intensity values of PSD95-expressing

and/or SAP102-expressing synapses in any of the 125 brain
Current Biology 34, 3836–3843, August 19, 2024 3837



* *

* ***
* ****

*
**

**

* * *

*** **

* *

* ****

* *
*

* *

–4–3–2–101
Diversity (Cohen’s d)

Increase Decrease

C
T

X
OL

F
H

P
F

CT
Xs

p
S

T
R

T
H

H
Y

CA1

CA2

CA3DG

mo
gr
po

slm sr sp so

slu

A

C

E

Size

Diversity

Key

B G

D

F

Size

Diversity

Key

Isocortex
Olfactory areas
Hippocampal formation
Cortical subplate

Striatum
Thalamus

Hypothalamus

Fiber tracts

2

–2
Cohen’s d
effect size

Figure 2. SD alters brain synaptome architecture within the cortex and HPF

SD reduces the size of PSD95-expressing synapses in cortical (A) and HPF (A and B) subregions. SD reduces synapse subtype diversity in cortical (C and G) and

HPF (C, D, and G) subregions. Blue regions (A–D), Cohen’s d effect size for regions with significant changes shown (p < 0.05, Bayesian test with Benjamini-

Hochberg correction); gray regions (A–D), not significantly altered. (G) X axis shows change (Cohen’s d) in synaptome diversity induced by SD. Asterisks indi-

cate significant changes (p < 0.05, Bayesian test with Benjamini-Hochberg correction) in the diversity. Key for brain regions (E and F). Regions: CTX, isocortex;

OLF, olfactory areas; HPF, hippocampal formation; CTXsp, cortical subplate; STR, striatum; TH, thalamus; HY, hypothalamus.

Related to Figures S1–S4.
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subregions examined (p > 0.05, Bayesian test with Benjamini-

Hochberg correction). However, SD did cause a decrease in

the median size of synapses expressing PSD95 (p < 0.05,

Bayesian test with Benjamini-Hochberg correction) (Figures 2A

and 2B) but not SAP102 (p > 0.05, Bayesian test with

Benjamini-Hochberg correction). The synaptome map of

PSD95 puncta size showed that 99% (67/68) of cortical and

87% (20/23) of hippocampal formation (HPF) subregions were

affected by SD (p < 0.05, Bayesian test with Benjamini-

Hochberg correction), whereas subregions in other brain areas

were unaffected (p > 0.05, Bayesian test with Benjamini-

Hochberg correction). These results indicate that SD selectively

modifies PSD95-expressing synapse types in the cortex and

HPF, which are regions crucial for learning, memory, and sleep

consolidation.2
3838 Current Biology 34, 3836–3843, August 19, 2024
Next, we investigated whether SD influences the high synapse

diversity characteristic of the cortex and HPF regions.8,10 By

calculating the diversity of excitatory synapses based on the

densities of 37 synapse subtypes, we found a significant reduc-

tion in synapse diversity across subregions of the cortex and the

CA1 region of the HPF in response to SD (Figures 2C, 2D, and

2G). It was notable that the effect size in many regions was large,

with a Cohen’s d of around �2. To better understand how this

reduction in synapse diversity was reflected among the 37 syn-

apse subtypes, we created a heatmap of the density change

(Cohen’s d) for each subtype in the cortex and HPF (Figure S3).

This shows that the density of some subtypes was consistently

reduced across these regions, whereas the density in other re-

gions was simultaneously increased, indicating that SD drives

changes in the same subtypes in different neuron types.
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Figure 3. SD differentially impacts synapse subtypes

(A) Heatmap of SD-induced changes in the density (Cohen’s d) of synapse subtypes in cortex (CTX) and HPF ranked from longest to shortest PSD95 lifetime.11 For

a heatmap showing significant changes corrected for multiple testing, see Figure S4.

(B) SD-induced synapse subtype density changes in the cortex (average of all subregions) plotted against PSD95 lifetime (normalized percentage).11

(C) Comparison of the density changes of six LPL (2, 3, 5, 20, 34, 35) with six SPL (6, 8, 11, 28, 29, 31) subtypes after SD. Red signifies subregions with greater

change (Cohen’s d) in LPL than SPL synapses, whereas blue signifies subregions with greater change in SPL than LPL synapses; white subregions show no

significant differences.

Related to Figures S3 and S4.
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Furthermore, because there is no net change in synapse density,

the subtypes that are reduced in density may have transformed

into those subtypes that are increased in density.

In previous studies, we discovered that certain ‘‘short protein

lifetime’’ (SPL) subtypes of excitatory synapses exhibit faster

turnover rates for PSD95 than others.11 These SPL subtypes

were involved in synaptic adaptations to mutations and ag-

ing.9,11 By contrast, other ‘‘long protein lifetime’’ (LPL) subtypes,

with a slower rate of PSD95 turnover, were selectively preserved

in older individuals and were suggested to play a role in long-

term memory storage.8 Based on these findings, we hypothe-

sized that the synapse subtypes most likely to undergo changes

in response to SD would be those previously demonstrated un-

der aging and mutation challenges to exhibit higher adaptability.

Supporting our hypothesis, a heatmap representing the change

in density of subtypes—ranked by their protein lifetime—across

all regions of the cortex and HPF indicates that subtypes with

longer protein lifetimes generally increased, whereas those

with shorter lifetimes mostly decreased (Figures 3A and S4).

Additionally, the relationship between the lifetime of PSD95 pro-

tein and the change in density (Cohen’s d) of each subtype in the

cortex reveals that synapses with shorter protein lifetimes expe-

rienced a decrease, whereas those with longer protein lifetimes
showed an increase (Figure 3B). To further examine this, we

compared the density changes between subtypes with the

longest and shortest protein lifetimes. This revealed that the sub-

types with longer lifetimes exhibited significantly greater in-

creases than those with shorter lifetimes in various cortical sub-

regions and select HPF subregions (p < 0.05, Bayesian test with

Benjamini-Hochberg correction) (Figure 3C). In summary, our

findings suggest that SD leads to a reduction in the diversity of

excitatory synapses overall, primarily driven by a decrease in

the number of synapse subtypes with short protein lifetimes

and an increase in those with long protein lifetimes.

Sleep deprivation alters responses to patterns of neural
activity in a computational model
Distinct patterns of neural activity are recognized as a defining

characteristic of sleep and wakefulness, and it is widely believed

that these patterns contribute to the process of memory encod-

ing.11 The SA plays a crucial role in converting patterns of

neuronal activity into a spatiotemporal output,10,12 and this pro-

cess can be modified when there are changes in the SA.8–10 To

investigate whether SD-induced changes in the SA of the CA1

stratum radiatum (CA1sr) in the HPF could affect responses to

activity patterns related to sleep, wakefulness, and memory
Current Biology 34, 3836–3843, August 19, 2024 3839
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encoding, we employed a well-established computational

model8–10 (Figure 4A). When stimulating the CA1sr with five

distinct activity patterns (gamma train, gamma burst, theta train,

theta burst, sharp-wave ripple), each pattern had a different ef-

fect on SD versus control (p = 0.01, paired Kolmogorov-

Smirnov test, n = 121; Benjamini-Hochberg corrected, n = 5; Co-

hen’s d > 1.9) (Figure 4B). Notably, the most pronounced effects

were observed in spatial responses for theta burst and gamma

train patterns, while the intensity of responses was primarily

influenced by the sharp-wave ripple pattern (Figures 4B and 4C).

DISCUSSION

The adult brain contains a vast number of excitatory synapses,

which are highly diverse at themolecular level. This diversity arises

and increases during postnatal development and reaches its high-

est levels in thecortexandHPF,where it ispostulated tocontribute

to higher cognitive functions.8,10 Our findings highlight the signifi-

cance of sleep in preserving synaptome diversity in the cortex

and HPF in the adult. By preserving synaptome diversity, sleep

may contribute to optimizing cognitive function on a daily basis.

SD targets synapses with different rates of proteostasis
The synaptome of excitatory synapses comprises molecular

types and subtypes of synapses, and we found that with 6 h
3840 Current Biology 34, 3836–3843, August 19, 2024
of SD, the densities (number of synapses/area) of these types

and subtypes were differentially affected without affecting the

overall synapse density. These changes were most marked in

the cortex and the CA1 regions of the HPF. Further inspection

of these differential changes revealed that some subtypes of

PSD95-expressing synapses were reduced, and others

increased. Strikingly, this shift in the populations of PSD95-

expressing subtypes corresponded with the protein lifetime

of PSD95 in these subtypes, with the shift increasing the den-

sity of LPL synapse subtypes. A similar shift was previously

found in the aging brain and was associated with a slowing

of the rate of protein turnover.8 Our findings are relevant to

previous studies that show SD induces a slowing of protein

synthesis which would be expected to result in slowing turn-

over.17,18 Together, these observations suggest that SD mod-

ifies the SA through regulation of protein translation and

turnover.

The slower rate of protein turnover in LPL synapses may

render the sleep-deprived and aged brain less adaptable, poten-

tially impairing learning and repair. Consistent with this, the

repair of the SA in Pax6 mice during development is primarily

mediated by SPL synapses.9 Together, these observations sug-

gest that synapse subtypes with rapid proteostasis play a vital

role in the brain’s adaptive responses to SD and genetic

perturbations.
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Implications for cognition
Our current understanding of themechanisms behind the impair-

ments in memory consolidation induced by SD is limited and

generally centered around models of synaptic plasticity. Our

study suggests that the synaptome and SA may play a role

from several perspectives. First, we found that SD specifically af-

fects the SA of the HPF and cortex, regions crucial for memory

consolidation during sleep.19,20 Second, as a consequence of

the altered SA, the electrophysiological responses in the CA1sr

to theta burst and gamma train patterns were modified. These

changes could impact the encoding and learning phases in the

active state of the animal, ultimately affecting memory consoli-

dation during sleep.21,22 Furthermore, modifications in sharp-

wave ripple activity could contribute further to memory impair-

ments associated with SD by influencing replay activity

supported by these oscillations during periods of quiet waking

(when sleep-like patterns are observed in the HPF).23,24 Super-

imposed on these electrophysiological functions is the role of

protein turnover, which Francis Crick highlighted almost four de-

cades ago25 as a crucial determinant of memory consolidation.

The imbalance between synapses with long and short protein

lifetimes caused by SD might itself interfere with consolidation

and even synergize with the altered electrophysiological

responses.

Sleep disruption and psychiatric disorders
Modulation of the SA offers a novel nexus between sleep disrup-

tion and psychiatric disorders. Schizophrenia is a polygenic dis-

order that targets the synapse proteome,26–31 and similar to our

results with SD, animal models of schizophrenia show altered SA

of PSD95-expressing synapses and alterations in the responses

of the SA to patterns of neural activity.10 This raises the possibil-

ity that individuals with schizophrenia could be more severely

impacted by sleep disruption, consistent with reports that SD

contributes to their delusions and hallucinations.32–34 Moreover,

acute sleep disruption and extended wakefulness alter mood

and affect and motoric, social, and sexual behaviors that are

phenotypes associated with mania and depression and linked

to synapses.35 Thus, the altered SA in individuals arising from

a genetic susceptibility to psychiatric disorders may render

them vulnerable to the deleterious effects of sleep and circadian

disruption.

Future studies of the synaptome architecture in sleep
and circadian biology
When focused on the hippocampus, studies using SD have

shown either a decrease or increase in spine numbers and con-

tacts, a discrepancy that can be explained by the methods used

to induce SD and the age of the animal used.5 When using gentle

handling, as we do here, results point toward a reduction in spine

structure, aligning with our current findings.5 These observa-

tions, added to the findings showing an impairment in mecha-

nisms of hippocampal translation regulation,36 long-term poten-

tiation of synaptic transmission,18 and spine physiology (e.g.,

cofilin),37 provide strong support for the hypothesis that

extended wakefulness is detrimental to the hippocampal physi-

ology underlying memory formation.

This study was limited to the use of two postsynaptic scaffold

proteins, which are major structural proteins in excitatory
synapses. Proteomic studies have revealed many synaptic pro-

teins that are modulated during sleep, and judicious choice of

these markers for synaptome mapping will likely uncover dy-

namic properties of the SA during sleep states and with different

durations of wakefulness.

Synaptome mapping is a powerful tool that has wide applica-

tions in sleep and circadian research, including examination of

the role of REM sleep, chronic sleep deprivation, sleep recovery,

and the role of extended wakefulness. These studies can be

combined with genetic models of disease to explore how sleep

modifies the SA of the brain in these disorders. The concept of

the synaptome and SA of the brain offers a new framework for

understanding the synaptic basis of SD and suggests that inter-

ventions targeting specific subtypes of synapses could poten-

tially prevent or reverse cognitive impairments associated with

SD, aging, and psychiatric disorders.
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Other

Plastic cubic molds Sigma-Aldrich Cat#E6032

SuperFrost Plus microscopy slides Thermo Scientific Cat#1178T42

Round glass coverslip (1.5mm) VWR International Cat#10026-136
RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Seth G. N.

Grant (seth.grant@ed.ac.uk).

Materials availability
This study did not generate new unique reagents.

Data and code availability
All data have been deposited on the Edinburgh Datashare website and are publicly available as of the date of publication. DOIs are

listed in the key resources table. Any additional information required to reanalyse the data reported in this paper is available from the

lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Animals
Animal procedures were performed in accordance with UK Home Office regulations and approved by Edinburgh University Director

of Biological Services. Generation of the Psd95eGFP/eGFP;Sap102mKO2/mKO2 knock-in mouse line using C57BL/6 J mice and its
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characterisation have been described.10 The same study10 was used to estimate the sample size needed, leveraging a t-test analysis.

Adult 3-month-old mice were used for this study.

METHOD DETAILS

Housing conditions
Mice were transferred from their home cage to a new, conventional, enrichment-free cage, where they were single-housed for a

3-day habituation period (days 0–2) and for the day of the experiment (day 3). The animals had ad libitum access to water and

food and were kept in a quiet room of�22�C and 12-h light:dark cycle (lights on 7 a.m., lights off 7 p.m.). For the purposes of masking

the experimental groups to the experimenter during processing of samples and analysis, each animal received a randomized ID num-

ber which was maintained throughout tissue processing and imaging.

Circadian sleep-wake cycle study
A group of 30 animals was split into three equivalent groups of 10 animals, each comprising 5 males and 5 females. The mice were

undisturbed during days 0–2 and their brain tissue was collected at ZT6, ZT11 or ZT23 on day 3 based on their assigned group.

Sleep deprivation study
A group of 18 animals was split into two groups: the ZT6 group (5males and 3 females) and the ZT6SD group (6males and 4 females).

All mice were handled daily for 10min by the experimenter between 07:30 a.m. and 08:00 a.m. during habituation days 0–2. On day 3,

the mice were either left undisturbed (ZT6 group) or were kept awake by gentle handling (ZT6SD group), which comprised gentle

auditory and tactile stimulation (tapping on the cage and touching the animals with a brush) when the animals were visually observed

to have fallen asleep. The brain tissue of animals of both groups was collected 6 h after lights-on (time point ZT6). The experimenter

was present in the room during the 6 h of the experiment on day 3 for both groups.

Tissue collection and sectioning
At the collection time points mice were anaesthetised by intraperitoneal injection of a lethal dose of 0.1 mL 20% pentobarbital (Eu-

thatal, Merial Animal Health). After complete anesthesia, 10mL phosphate-buffered saline (PBS; Oxoid, Basingstoke, UK) were used

per animal for cardiac perfusion, followed by 10 mL 4% (v/v) paraformaldehyde (PFA; Alfa Aesar, Heysham, UK) for fixation, both

solutions at 4�C.Whole brains were dissected out and immediately postfixed at 4�C in 5 mL 4%PFA for 4 h, before being transferred

to 5 mL 30% (w/v) sucrose (VWR Chemicals, Lutterworth, UK) in 13PBS at 4�C for�72 h. In preparation for embedding, brains were

kept for 1 h in a 1:1 solution of 30% sucrose and Optimal Cutting Temperature medium (OCT, VWR International) at 4�C. Finally,
brains were placed in plastic cubicmolds (Sigma-Aldrich) containing OCT for embedding, andwere immediately frozen in a container

with �10 mL isopentane (Sigma-Aldrich) placed in liquid nitrogen. After completion of embedding, the tissue was stored at �80�C.
Each brain was sectioned in the coronal �1.9 mm bregma level at 18 mm thickness using a cryostat (NX70, Thermo Fisher Scientific,

Gloucester, UK), and placed on glass SuperFrost Plus microscopy slides (Thermo Scientific).

Tissue preparation
In preparation for imaging, the brain tissue slices were rinsed with ice-cold 100 mL PBS for 5min. Excess PBSwas then removed with

a Kimwipe tissue, and 12 mL Mowiol mounting medium (96 g glycerol (Sigma-Aldrich, BioXtra >99%), 38.4 g Mowiol (Calbiochem),

192 mL 0.2 M Tris buffer (pH 8.5), 96 mL milliQ water (18.2 MU)) with 2.5% DABCO (1,4-diazabicyclo[2.2.2]octane; Sigma-Aldrich)

was added to each section for optimal imaging without absorption, autofluorescence or light scattering, and for the prevention of

photobleaching. Finally, each slice was covered with a 13 mm diameter, 1.5 mm thick round glass coverslip (VWR International)

and imaged the following day.

Spinning-disk confocal microscopy
Image capture employed an Andor Revolution XDi spinning-disk microscopy system equipped with a Yokogawa CSU-X1 50 mm

pinhole spinning disk, an Olympus uPlanSAPO 100X oil-immersion lens (NA 1.4), and an Andor iXon Ultra monochrome back-illumi-

nated EMCCD camera capturing images with 16-bit depth and 512 3 512 pixels (pixel size of 0.084 mm). Frame averaging of 2 and

250 EMCCD gain was applied to all synaptomemapping scans. The imaging settings for each fluorophore-tagged protein in the syn-

aptome mapping experiments were: PSD95eGFP 488 nm, QUAD emission filter, exposure time 0.07 s, power 20%; and for

SAP102mKO2 561 nm, QUAD emission filter, exposure time 0.1 s, power 40%. A single mosaic grid was used to cover each entire

brain section with an adaptive z-focus set up by the user to follow the unevenness of the tissue using Andor iQ2 software.

QUANTIFICATION AND STATISTICAL ANALYSIS

Synaptome mapping pipeline
The synaptome mapping (SynMap) technique10 was established and standardized to systematically map individual PSD95eGFP

puncta across the entire brain. Using deep learning methods developed in house, SynMap comprises a sequence of automated im-

age analysis procedures that includes puncta detection, colocalization, classification, and map reconstruction, among others. To
Current Biology 34, 3836–3843.e1–e5, August 19, 2024 e2
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define the anatomical regions within SynMap, manual delineation was employed, using the Allen Reference Atlas (http://mouse.

brain-map.org/) as a guiding resource for identifying the boundaries of distinct anatomical areas.

Classification of synapse types and subtypes
Advanced machine learning approaches10 were developed to detect and segment PSD95eGFP and SAP102mKO2 puncta from

SDM images. Puncta intensity, size and shape parameters were then quantified for each punctum at the single-synapse scale. Using

advanced unsupervised machine learning developed in house,10 their parameters were used as input to build a hierarchical cata-

logue comprising of: firstly 3 main types, synapse expressing only PSD95 (PSD95-only), expressing only SAP102 (SAP102-only)

and both (Colocalized); and then further 37 subtypes. Details can be referred to our previous papers.8,10

Synapse diversity ranges from 0 to 1 and quantifies the density difference between different subtypes: a large diversity indicates all

subtypes have similar densities. A detailed description and formal mathematical definition is provided in the methods section of Zhu

et al.10

Calculation of the long and short protein-turnover rates of synapse subtypes
In our previous study,11 we quantified the lifetime of PSD95 in 30 synapse subtypes that express PSD95. was thenmeasured by visu-

alizing the duration of the labeled protein. The top 6 subtypes with longest turnover rate were considered as LPL and the bottom 6

were SPL synapses.

Cohen’s d formula
Cohen’s d effect size was calculated as per Cohen38 as follows:

d =
x1 � x2

s

where x is the mean of one of the groups, where s is the pooled standard deviation as

s =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðn1 � 1Þs21+ðn2 � 1Þs22

n1+n2 � 2

s

where the variance (s2) of one of the groups as

s21 =
1

n1 � 1

Xn1
i = 1

�
x1;i � x1

�2

Bayesian analysis
Bayesian estimation39 as used previously was applied to provide a more objective statistical test of the estimate the significance of

the effects of SD on synaptome maps, including basic PSD95 parameters, subtype density and diversity.

A two-stage Bayesian estimation approach was used to examine the differential effects of SD on SPL and LPL subtypes. In the first

stage, a probability distribution of effect size for both SPL and LPL regarding SD was generated. In the second stage, an additional

Bayesian estimation was applied to the previously estimated distribution to determine the effects of SD on SPL or LPL subtypes. This

two-stage testing method was implemented for each subregion to generate significant p-values and median Cohen’s d values.

Lastly, Benjamini-Hochberg corrections were applied to compute the corrected p-values across all brain regions.

Computational modeling of synaptic responses
Computational modeling of synaptic temporal responses was based on our previously described model8–10 representing physiology

in the hippocampus, briefly outlined below. Here we modified this model to include the effects of timepoint and SD state. These syn-

aptic models simulate changes in synapse temporal responses, EPSP amplitudes, short-term plasticity and temporal summation

based on observations from neurons where PSD95 and SAP102 expression is altered.14,15,40–42 For a description of the modeling

of how the spatial differences in PSD95 and SAP102 affects individual synaptic time dynamics, see the section ‘‘Computational

Model of Spatial Differences in PSD95 and SAP102’’ below.

Synaptic scaling representing timepoint and SD state
As described in previous work,8,10 the size of PSD95 and SAP102 synapses along the radial and tangential directions of the hippo-

campus (Figures 1F and 3) is derived from the fluorescence intensity measurement of individual synaptic puncta and represented by

color intensity; PSD95 (green) and SAP102 (magenta). These size values were used to scale the synaptic properties of the compu-

tational model to represent differences in animal group (timepoint and SD state). To model synaptic physiology corresponding to

3 month old animals in control and sleep deprived animals, differences in the size of PSD95 and SAP102 along radial as well as

tangential directions of hippocampus were computed as outlined below.

The hippocampus was delineated into four tangential subregions (CA1, CA2, CA3 and dentate gyrus) and four radial layers (for

CA1-3 stratum lacunosum-moleculare, stratum radiatum, stratum pyramidale and stratum oriens and for dentate gyrus the superior
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molecular layer, polymorphic layer, inferior granular layer and inferior molecular layer), for each of the animal groups. Next, we

computed the geometric mean over individuals (N = 8 for ZT6 and N = 10 for the other groups) of PSD95 and SAP102 puncta

size. Then, for each protein, we normalized data according to the following. We computed the directional gradient (largest minus

smallest value) along each direction (radial or tangential) for each animal group and from this identified the minimum and the

maximum span over all animal groups. Normalization was done by subtracting the minimum span and dividing by that maximum

span. Thus, for radial and tangential size values of PSD95 and SAP102 puncta, the expression was compared over all animal groups.

This relative size was used to scale the spatial distribution of synaptic values used in previous work.10 This scaling thus allows for a

comparison of animals at different daily time points and SD.

Computational model of spatial differences in PSD95 and SAP102
The following text, adapted from Zhu et al.10 models data at 3 months age.

Synaptic responses

Synaptic EPSPs were described by a bi-exponential function. Parameters t1 and t2 were set to reproduce a fast ionotropic synaptic

AMPA-type time course.

V = Ae 3 ðexpð� t = t1Þ � expð� t = t2ÞÞ
where Ae = Pi13Atfi3Atdi , t1 = 3.0 ms, t2 = 0.4 ms, i index of all preceding spikes.

Short-term synaptic changes followed a formalism described by Tsodyks and Markram43 and Varela et al.44 We included one fast

and one slow facilitating component and one depressing component, all which affected synaptic responses following the triggering

one. In all figures, amplitudes were shown normalized to the amplitude of the first response.

Depression model

Adi = Ad3 expð�Dt = tdÞ
where

Dti is the time between the preceding event i and the present event.

Ad = Ad0 3 SAd , SAd is normalized tangential PSD95 size factor*, [0, 1].

td = td0 3 STd , STd is normalized radial PSD95 size factor*, [0, 1].

Atdi = max (Si(1-Adi), 0), total depressing response was limited to positive values.

Fast facilitation, F1

Afi = Af 3 expð�Dti = tfÞ
where

Af = Af03SAf , SAf is normalized tangential SAP102 size factor*, [0, 1].

tf = tf03STf , STf is normalized radial SAP102 size factor*, [0, 1].

Slow facilitation, F2

Asi = As 3 expð � Dti = ts Þ
where

As = As0

ts = ts0
The total facilitatory response had a saturation at 3.3 times the unit response.45

Atfi = minð1 + SiðAfi + AsiÞ;3:3Þ
*The experimental tangential and radial profile data of PSD95 and SAP102 normalized size data10 were used to set the differential

model parameter values along the spatial dimension.

Estimation of free model parameters from data
Free model parameters were set to replicate experimental data of synaptic amplitudes in response to a 10 cycle theta-burst proto-

col.41 Themodel was fitted to amplitude data from theta-burst experiments for bursts 1, 2, 8 and 10 in a 10 burst protocol. Verification

tests showed that including a second, potentially slower, depression factor did not significantly reduce the fitting error. Furthermore,

PSD95-related parameters were set to replicate the respective paired-pulse facilitation fractional differences between recordings in

tissues from WT and knockout animals (IPI = 25, 50, 100, 200 ms).14 For the estimation of the parameters in knockout models, only

Ad0, td0 and Af0 were allowed to change. Verification and parameter sensitivity tests showed that inclusion of the three other pa-

rameters did not significantly affect the fitting error. Simulations were performed using MATLAB, R2022b with a time discretization of

1 ms. Time constants t in unit ms and amplitudes in a.u (arbitrary units).
Current Biology 34, 3836–3843.e1–e5, August 19, 2024 e4



ll
OPEN ACCESS Report
Synaptic scaling representing timepoint and SD state
The size of PSD95 and SAP102 synapses along the radial and tangential directions of the hippocampus (Figure 3) is derived from the

fluorescence intensity measurement of individual synaptic puncta and represented by color intensity, also described in previous

work8,10; PSD95 (green) and SAP102 (magenta). These size values were used to scale the synaptic properties of the computational

model to represent differences in animal group (timepoint and SD state). To model synaptic physiology corresponding to 3-month-

old animals in control and sleep deprived animals, differences in the size of PSD95 and SAP102 along radial as well as tangential

directions of hippocampus were computed as follows.

(1) The hippocampus was delineated into four tangential subregions (CA1, CA2, CA3 and dentate gyrus) and four radial layers (for

CA1-3 stratum lacunosum-moleculare, stratum radiatum, stratum pyramidale and stratum oriens and for dentate gyrus the

superior molecular layer, polymorphic layer, inferior granular layer and inferior molecular layer), for each of the animal groups.

(2) Next, we computed the geometric mean over individuals (N = 8 for ZT6 and N = 10 for the other groups) of PSD95 and SAP102

puncta size.

(3) Then, for each protein, we normalized data according to the following. We computed the directional gradient (largest minus

smallest value) along each direction (radial or tangential) for each animal group and from this identified the minimum and the

maximum span over all animal groups. Normalization was done by subtracting the minimum span and dividing by that

maximum span. Thus, for radial and tangential size values of PSD95 and SAP102 puncta, the expression was compared

over all animal groups. This relative size was used to scale the spatial distribution of synaptic values used in previous

work.10 This scaling thus allows for a comparison of animals at different daily time points and SD.
e5 Current Biology 34, 3836–3843.e1–e5, August 19, 2024
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