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SUMMARY

The mechanisms regulating transcriptional changes during brain aging remain poorly understood. 

Here, we use single-cell epigenomics to profile chromatin accessibility and gene expression across 

eight mouse brain regions at 2, 9, and 18 months of age. In addition to a marked decline 

in progenitor populations involved in neurogenesis and myelination, we observe widespread 

and concordant age-associated changes in transcription and chromatin accessibility across both 

neuronal and glial cell types. These alterations are accompanied by dysregulation of master 

transcription factors and a shift toward stress-response programs driven by activator protein 1 

(AP-1), indicating progressive drift in cellular identity with aging. We further identify region- 

and cell-type-specific heterochromatin loss, characterized by increased accessibility at H3K9me3-

marked domains, activation of transposable elements, and upregulation of long noncoding RNAs, 

particularly in glutamatergic neurons. Together, these findings reveal age-related disruption of 

heterochromatin maintenance and transcriptional regulation, highlighting vulnerable brain regions, 

cell types, and molecular pathways in brain aging.

In brief

Amaral et al. present a single-cell atlas of brain aging, revealing coordinated chromatin and 

gene expression changes across multiple regions from young to old mice. Their analyses show 

that aging involves loss of progenitor cells, dysregulation of master transcription factors, and 

destabilization of heterochromatin, driving a gradual erosion of cellular identity.
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INTRODUCTION

Aging is accompanied by widespread cellular and molecular changes in the brain, which 

contribute to cognitive decline, reduced neural plasticity, and increased vulnerability to 

neurodegenerative diseases.1 While gene expression alterations have been extensively 

analyzed at single-cell resolution,2,3 the transcriptional regulatory mechanisms that shape 

these changes remain largely unresolved. Epigenetic processes, manifested as chromatin 

accessibility, DNA methylation, histone modifications, and 3D chromatin organization, play 

a crucial role in defining cellular identity and responsiveness to environmental cues,4 yet 

how epigenomic landscapes shift with age across different brain regions and cell types is not 

well understood.

Recent studies have uncovered conserved hallmarks of aging across tissues, including 

stem cell exhaustion, mitochondrial dysfunction, genomic instability, and inflammation.5 

Epigenetic alterations have emerged as key contributors to aging,6 with changes in 

chromatin accessibility, DNA methylation, and histone modifications linked to a progressive 

loss of transcriptional fidelity and cellular identity.7

Notably, epigenetic aging is also a reversible process, as ectopic expression of pluripotency 

factors,8 activation of SIRT6 histone deacetylase,9,10 and modulation of other histone-

modifying enzymes11,12 have been shown to mitigate certain aging phenotypes. However, 

prior studies on brain aging largely rely on bulk tissue analyses, which obscure cell-intrinsic 
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aging effects and fail to capture regulatory changes across different brain cell types and 

regions. Given the brain’s cellular diversity, a cell-type-resolved analysis of chromatin aging 

is essential to distinguish intrinsic regulatory changes from shifts in cellular composition, 

especially since neurodegenerative diseases disproportionately affect specific brain regions 

and cell populations, such as dopaminergic neurons in the substantia nigra in Parkinson’s 

disease,13 oligodendrocytes in the white matter in multiple sclerosis,14 and hippocampal 

neurons in Alzheimer’s disease.15

Previous studies have characterized transcriptomic changes in aging at the single-cell 

level, including large-scale efforts such as Tabula Muris Senis,2 which cataloged aging 

signatures across multiple tissues, and a recent brain-wide atlas of aging3 that profiled 

1.2 million neuronal and glial transcriptomes across the mouse brain. In addition to single-

cell RNA sequencing (scRNA-seq), spatial transcriptomics has revealed white matter as 

particularly affected by aging.16 These studies revealed that different cell types and spatial 

locations exhibit distinct transcriptional aging signatures. While transcriptomic atlases 

provide valuable insights, they alone do not capture the regulatory mechanisms driving 

transcriptional shifts.

Here, we present a comprehensive single-cell atlas of chromatin accessibility and 

transcriptional changes during brain aging, integrating single-cell assay for transposase-

accessible chromatin using sequencing (ATAC-seq), RNA-seq, and spatial transcriptomics 

data across eight mouse brain regions involved in cognition, memory, emotional 

regulation, and neurodegenerative processes.17 By resolving epigenomic changes at single-

cell resolution, we uncover regulatory mechanisms that contribute to aging-associated 

transcriptional shifts and cellular dysfunction.

RESULTS

Single-nucleus multi-omic analysis of aging mouse brains

To determine how chromatin accessibility and transcriptional programs shift during aging, 

we profiled eight brain regions across three ages (2, 9, and 18 months) in adult mice using 

single-nucleus ATAC-seq (snATAC-seq), single-nucleus Multiome (ATAC-seq + RNA-seq), 

and multiplexed, error-robust RNA fluorescence in situ hybridization (MERFISH) (Table 

S1). For snATAC-seq, we profiled each brain region in 2 biological replicates, each 

containing pooled brain tissue dissected from 3–7 mice, of 9- and 18-month-old males 

while incorporating our previously reported 2-month-old mouse brain data.18 For female 

samples, we generated single-nucleus 10× Multiome data, extending our analysis to both 

modalities (ATAC-seq and RNA-seq) from all three age groups. In total, we analyzed 

chromatin accessibility in 1,116,638 cells, RNA expression in 368,491 cells, and spatial 

transcriptomics in 500,353 cells, providing a comprehensive view of age-dependent gene 

regulation and cellular composition (Figures 1A, 1B, and S1A). We processed snATAC-seq 

data using SnapATAC2 and scRNA-seq + MERFISH data using Seurat.19 Batch correction 

with Harmony20 minimized batch effects between the male snATAC-seq and female 10× 

Multiome datasets (Figure S1B). Further integration across modalities and sexes revealed 

minimal batch effects and consistent cell-type distributions (Figures S1C–S1F).
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Among 80 distinct cell types identified using marker genes and integration with a single-

cell transcriptomic atlas of the adult mouse brain,21 the most abundant populations were 

oligodendrocytes, dentate gyrus (DG) glutamatergic neurons, and striatal D12 medium 

spiny neurons (MSNs) (Figure S1G). Notably, three progenitor cell populations showed 

significant age-related declines in cell abundance: immature oligodendrocytes (IOLs); 

inhibitory immature neurons originating from the subventricular zone that migrate to the 

olfactory bulb, striatum, and cerebral cortex (OB-STR-CTX IMNs); and DG progenitors 

(Figures 1C and 1D). These declines were observed across snATAC-seq, Multiome, and 

MERFISH datasets and localized to canonical neurogenic niches in aged brains (Figures 

2A–2D).

Chromatin accessibility remodeling with aging

We identified 881,231 open chromatin regions and candidate cis-regulatory elements 

(cCREs) across all cell types using MACS322 (STAR Methods; Figure S2A), 724,636 of 

which were previously reported in the young mouse brain.23 A majority of cCREs were cell-

type specific (Figure S2B). We assessed differential chromatin accessibility between 2- and 

18-month-old samples using integrated data across sexes. We defined significant changes 

using an adjusted (adj.) p < 0.01 and fold changes (|log fold change| [|logFC|] > 0.5). This 

analysis revealed widespread chromatin remodeling with aging. At the most granular level, 

88,555 cCREs exhibited significant increases in accessibility in at least one combination of 

cell type, region, and sex, with 30,994 unique to a single comparison. Conversely, 70,734 

cCREs showed significant decreases, with 27,307 unique to a single combination. Some loci 

were recurrently altered across multiple n changes.24 Strikingly, the most highly differential 

peaks across the genome were consistent between males and females, with several gene 

clusters—including the killer cell lectin-like receptor (Klra), secretoglobin (Scgb), olfactory 

receptor (Olfr), prostate and testis expressed (Pate), and protocadherin gamma (Pcdhg) 

gene families—alongside intergenic regions, showing strong upregulation in neuronal aging 

(Figures S3A and S3B).

To validate the biological authenticity of observed aging patterns across technologies, we 

performed within-sex aging analyses that eliminate potential cross-sex batch confounding. 

These analyses revealed strong correlations between male and female aging signatures 

(Figure S4), confirming that our integrated approach captures genuine biological patterns 

rather than technical artifacts.

To complement our chromatin accessibility analysis, we performed differential gene 

expression analysis using MAST, adjusting for brain region, mitochondrial percentage, 

ribosomal percentage, and replicate as latent variables.25 This analysis revealed widespread 

transcriptional changes across glutamatergic, GABAergic, and non-neuronal cell types with 

aging (Figures S6A, S7A, and S8A; STAR Methods). Taken together, our analyses show 

that aging alters chromatin accessibility and transcriptional programs in a cell-type-specific 

manner in the mouse brain.
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Loss of progenitor populations in aging brains

As shown above, three progenitor-like populations exhibit progressive declines in relative 

abundance across 2, 9, and 18 months (Figures 1D and 2A–2C). Among these, DG 

progenitors exhibit the most striking reduction, decreasing from ~3% abundance in 2-month-

old brains to <0.01% in both the anterior hippocampus (AHC) and posterior hippocampus 

(PHC) (Figure 2D). These cells reside within one of the two major neurogenic niches in 

the adult brain, the DG, where they give rise to excitatory granule neurons. The other 

principal neurogenic niche, the subventricular zone (SVZ), produces inhibitory neurons 

that migrate to the olfactory bulb. In line with this, we identified a second declining 

population, olfactory bulb immature inhibitory neuron-like cells, annotated as OB-STR-

CTX Inh IMNs.21 These cells are primarily found in the nucleus accumbens (NAC), caudate 

putamen (CP), and hippocampus, comprising ~4% of cells at 2 months but declining with 

age at varying rates (Figure 2D). The third progenitor population showing a dramatic 

age-related decline is an intermediate cell type between oligodendrocyte progenitor cells 

and mature oligodendrocytes, known as IOLs. This population consistently decreases across 

brain regions, from ~2% to ~0.1% with aging, aligning with prior findings of impaired 

remyelination in the aging brain26 (Figures 2C and 2D).

Recent studies suggest that progenitor cell exhaustion in aging is driven by chromatin 

changes, including loss of repressive histone marks and altered chromatin accessibility, 

rather than a simple failure of proliferation.27 To determine whether chromatin changes 

accompany progenitor depletion, we analyzed age-differentially accessible CREs (cCREs) 

in progenitor cell populations across age groups. Motif enrichment analysis revealed a 

significant depletion of homeobox motifs in OB-STR-CTX Inh IMNs and Sox motifs 

in IOL cells, indicating dysregulation of cell-identity transcription factors (Figure 2E). 

In OB-STR-CTX Inh IMNs, differential accessibility analysis revealed a progressive 

shift in chromatin accessibility with aging, suggesting a gradual rather than abrupt 

epigenomic transition during aging (Figure 2F). Lhx2 emerged as the most significantly 

downregulated transcription factor in OB-STR-CTX Inh IMNs, with age-associated 

decreases in accessibility at Lhx2-motif sites (Figure 2G). Lhx2 is a key transcriptional 

regulator of neurogenic progenitors, maintaining their self-renewal capacity and delaying 

differentiation into mature neuronal or glial fates.28,29 In embryonic and adult neural 

stem cells, Lhx2 prevents premature differentiation and supports ongoing neurogenesis, 

in part by directly activating downstream targets such as Pax6.28,30 Consistent with this, 

differential gene expression analysis between 2- and 18-month-old samples revealed that 

Pax6, a direct target of Lhx2 and a key regulator of neurogenic lineage specification,30 was 

significantly downregulated in both scRNA-seq and MERFISH data (adj. p < 0.001, ~11.7-

fold reduction in expression) (Figure 2J). Pax6 is crucial for neural fate specification, and 

its age-related depletion underscores the progressive decline of neurogenic potential. Gene 

Ontology (GO) pathway enrichment analysis of genes differentially expressed between the 

young 2- and 18-month-old samples revealed that those associated with learning, memory, 

and cell projection morphogenesis were downregulated with age (Figure 2I). Conversely, 

genes related to synapse organization were significantly upregulated in these progenitors 

(Figure 2I), suggesting that a subset of cells may be prematurely differentiating. While 

progenitor depletion is a well-documented feature of aging, the upregulation of synaptic 
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genes in the remaining OB-STR-CTX Inh IMN population may reflect a disruption in the 

balance between undifferentiated progenitors and early postmitotic neurons. This shift may 

be linked to the loss of Lhx2 and other homeobox transcription factors, which normally 

sustain the neurogenic program and suppress premature differentiation.29 Together, these 

findings support a model in which age-related chromatin remodeling leads to the disruption 

of progenitor identity in OB-STR-CTX Inh IMNs, in part through the progressive loss of 

Lhx2 and Pax6 transcriptional regulation.

Dysregulation of cell identity genes in glial cells during aging

Similar to the progenitor populations, we also observed widespread transcriptional and 

chromatin accessibility changes in oligodendrocytes, astrocytes, and microglia, which 

likely impact their ability to maintain brain homeostasis and support neuronal function. 

Dysfunction in these glial populations has been linked to neurodegenerative processes,31 

underscoring the importance of understanding their regulatory changes with age.

In oligodendrocytes, we identified 1,727 upregulated and 2,501 downregulated cCREs 

across aging (Figure S6A). Chromatin accessibility changes in oligodendrocytes were 

consistent across brain regions and sexes and progressed gradually from 2 to 18 months 

(Figure 3A). Like IOLs, mature oligodendrocytes exhibit a decline in the activity of Sox 

transcription factors, which are crucial for maintaining oligodendrocyte identity (Figures 

2E and 3B).32 Motif enrichment analysis revealed significant enrichment of Sox family 

and Creb5 motifs in downregulated cCREs, while KLF (Krüppel-like factors) and SP 

(specificity function) family motifs were enriched in upregulated peaks, marking a shift 

in transcription factor activity (Figures 3B and 3C). Differential gene expression analysis 

(Figure 3D) revealed a downregulation of genes related to myelin sheath formation and 

energy production, while genes associated with synaptic organization were enriched in 

upregulated genes (Figure 3E). Previous studies have shown that oligodendrocytes express 

synaptic genes, which participate in axon-myelin communication.33 In this context, the 

upregulation of synaptic organization genes in aging oligodendrocytes may reflect an 

adaptive response to maintain axon-glial interactions as neural circuits change with age. 

On the other hand, the downregulation of myelination-related genes was evident across 

the 8 brain regions (Figures S5B and S5C). Mal, a gene that functions in the recruitment 

of myelin protein in oligodendrocytes,34 is found to be significantly downregulated in 

oligodendrocytes from aged mice in both MERFISH and RNA-seq analyses (Figure 3H).

We linked these differential genes to key regulatory cCREs in oligodendrocytes using 

activity-by-contact (ABC) analysis.36 We calculated ABC scores using the snm3C-seq 

contact data from our companion paper (Zeng et al.35) and the accessibility data from 

our work in matching cell types. We found that Sox10 was the most significantly 

enriched transcription factor motif within peaks linked to downregulated genes in 

aging oligodendrocytes (Figure 3G). Sox10 is a master regulator of oligodendrocyte 

lineage progression and myelin gene expression, playing a critical role in maintaining 

oligodendrocyte function and promoting myelination.32 While Sox transcription factors 

are well established as essential regulators of oligodendrocyte development, our findings 

reveal that their downregulation in aging could contribute to the well-documented loss 

Amaral et al. Page 7

Cell Rep. Author manuscript; available in PMC 2026 May 20.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



of myelination in aged brains.37,38 This suggests that, in addition to being critical for 

early oligodendrocyte differentiation, Sox factors are important in maintaining myelination 

throughout life, highlighting a previously underappreciated role for these transcription 

factors in aging-related myelin decline. Beyond transcription factor activity dysregulation 

and downregulation of important functions such as myelination, aging oligodendrocytes 

exhibit increased expression of genes involved in inflammatory and regulatory pathways, 

including the long noncoding RNA (lncRNA) Neat1, Parkinson’s disease driver gene Snca, 

and inflammatory marker Il33 (Figure 3F). These changes may reflect a shift in cellular 

state, such as increased responsiveness to neuronal and immune cues.

Similar to oligodendrocytes, astrocytes and microglia exhibit increased accessibility at 

enhancers linked to stress-responsive transcription factors during aging. For instance, 

astrocytes in the frontal cortex (FC) exhibit enrichment for ATF(Zf) motifs at age-gained 

cCREs (Figure S6B), while microglia, particularly from the AHC, exhibit enrichment for 

IRF8 motifs, suggestive of immune activation. Alongside the upregulation of genes such as 

Tnsfs8 and Ildr2 and the downregulation of classical microglial markers such as C1qa and 

Cst3, these findings are consistent with previously reported glial transcriptional shifts during 

aging.1,7,39–41

Upregulation of AP-1-mediated transcriptional programs in aging glutamatergic neurons

Glutamatergic neurons, responsible for excitatory signaling in the brain, also exhibit 

widespread chromatin and transcriptional changes during aging, with distinct regional 

vulnerabilities (Figure S8). In DG neurons, age-related chromatin remodeling exhibits clear 

regional specificity, with the AHC and PHC showing divergent patterns of accessibility 

changes. We identified 3,495 upregulated and 3,505 downregulated cCREs in aged DG 

neurons, with clusters of age-upregulated peaks enriched in the AHC, while a distinct 

set of peaks showed greater downregulation in the PHC (Figure 4A). Motif enrichment 

analysis highlights regional differences in transcription factor activity, with CTCF motifs 

preferentially enriched in age-upregulated cCREs in the AHC, suggesting altered chromatin 

looping and genome architecture in this region. Stress-responsive transcription factor 

complex AP-1 (activator protein 1) motifs are significantly upregulated in both brain regions 

(Figure 4B). Conversely, MEF2 motifs were strongly enriched in downregulated cCREs 

in the PHC, suggesting a regional loss of transcriptional programs involved in synaptic 

plasticity and neuronal maintenance. MEF2 transcription factors regulate activity-dependent 

synapse remodeling and neuronal survival.40,42

Genes involved in DNA damage response are upregulated in aging DG neurons, while 

genes involved in axonogenesis are downregulated (Figures 4D and 4E). ABC analysis 

reveals that open chromatin regions linked to age-upregulated genes in these neurons are 

enriched for AP-1 and CTCF motifs, while those associated with downregulated genes 

are enriched for NeuroG2 motifs (Figure 4F). This indicates a shift from developmental 

transcriptional programs toward stress-responsive regulatory networks during aging, with 

AP-1 motifs associated with aging-related gene expression changes. This is consistent with 

recent findings showing AP-1 redistribution to stress-responsive CREs, while cell identity 

transcription factor binding site occupancy declines.7 These findings highlight the regional 
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specificity of chromatin remodeling in DG neurons, where the AHC exhibits stronger 

stress responses and chromatin reorganization, while the PHC experiences a greater loss 

of neurodevelopmental regulatory programs.

Beyond the hippocampus, glutamatergic neurons across multiple brain regions undergo 

extensive chromatin and transcriptional changes with aging. Motif enrichment analysis 

highlights an increase in open chromatin elements recognized by stress-responsive 

transcription factors, particularly KLF and AP-1, suggesting that aging is associated 

with enhanced stress adaptation in glutamatergic neurons (Figure S8B). Conversely, 

MEF2 and RFX motifs are enriched in downregulated cCREs across aging neurons, 

indicating a loss of transcription factor binding at sites critical for neuronal development 

and synaptic maintenance (Figure S8B). CTCF motifs show strong enrichment in age-

upregulated peaks across multiple regions, including the FC, entorhinal cortex (ENT), and 

AHC, further supporting widespread chromatin remodeling during aging (Figure S8B). 

Gene set enrichment analysis (GSEA) reveals consistent downregulation of axonogenesis 

and oxidative phosphorylation pathways, suggesting a decline in synaptic plasticity and 

metabolic function across multiple glutamatergic neuron subtypes (Figures S12B and S13B). 

These transcriptional shifts align with previous findings that neuronal aging is marked 

by reduced bioenergetic capacity and neurogenesis.3 Together, these findings demonstrate 

that glutamatergic neurons undergo significant age-related chromatin reorganization and 

transcriptional remodeling, with region-specific regulatory shifts in DG neurons and 

widespread stress responses across cortical regions.

Protocadherin locus derepression and chromatin remodeling in aging MSNs

D12 MSNs exhibit significant chromatin remodeling and transcriptional changes with aging 

(Figure S7A). These GABAergic neurons is present in the CP and NAC. We further 

identified clusters of cCREs that are upregulated to higher levels in the NAC and clusters of 

peaks more strongly downregulated in the CP (Figure S9A). RFX motifs, which are involved 

in neuronal function43 and are broadly enriched in downregulated peaks of many neuronal 

subtypes, are enriched in upregulated peaks of the NAC (Figure S9B). AP-1 motifs show 

significant enrichment in upregulated peaks across both regions, as in glutamatergic neurons 

(Figures S9B and S8B), suggesting that these neurons experience particularly high levels of 

aging-related stress.

Genes related to cell junction organization were significantly enriched in upregulated 

genes in aging, including neuregulin (Nrg) family members and protocadherins such as 

Pcdhgc5 (Figure S9C). One of the most striking chromatin changes in aging D12 MSNs 

is increased accessibility at the Pcdhg and protocadherin alpha (Pcdha) loci, gene clusters 

essential for neuronal self-recognition and synaptic organization.44 While protocadherins 

exhibit differential expression across multiple cell types, D12 MSNs show the strongest 

alterations at this locus, present in both brain regions (Figure S9F). Notably, transcriptional 

upregulation within the Pcdhg cluster is largely intronic, suggesting that regulatory elements 

or noncoding RNAs within this region may be differentially expressed rather than the 

protein-coding genes themselves. Among these, 3222401L13Rik, an lncRNA within the 

Pcdhg locus that has recently been implicated in aging astrocytes,45 is upregulated across 
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multiple cell types. Chromatin conformation analyses (Zeng et al.35) show structural 

changes at this locus, revealing increased contact frequency within the loci and decreased 

interactions with upstream genomic regions (Figure S9E). These findings suggest that aging-

induced chromatin reorganization in D12 MSNs may enhance protocadherin cluster activity 

while altering broader regulatory landscapes.

Heterochromatin destabilization, transposable element activation, and lncRNA 
dysregulation in aging brains

We next examined how heterochromatin domains and transposable elements (TEs) are 

affected during brain aging. In our previous work, we found that aging is accompanied 

by widespread chromatin remodeling, particularly at heterochromatin domains and TEs,24 

and aging neurons exhibit significant heterochromatin loss, particularly in cortical regions. 

With the increased resolution and broader scope of our current dataset spanning eight 

brain regions and multiple cell types, we now find that this phenomenon extends beyond 

neurons, with broad destabilization at putative heterochromatin observed across diverse glial 

and neuronal populations. However, this effect remains most pronounced in glutamatergic 

neurons, particularly in the FC, hippocampus, ENT, and amygdala, while the NAC, 

periaqueductal gray, and CP exhibit little to no change (Figure S10).

We overlapped age-associated differentially accessible regions and H3K9me3-marked 

domains based on ENCODE forebrain H3K9me3 chromatin immunoprecipitation 

sequencing (ChIP-seq) from postnatal day 0 mice.46 Age-upregulated peaks were 

significantly enriched in these regions, particularly in glutamatergic neurons (Figure 5A, 

middle), consistent with prior observations of chromatin remodeling in aging neurons. TEs 

also showed increased accessibility across cell types (Figure 5A, right), with subfamilies 

such as IAPLTR3-int showing consistent patterns of activation (Figure S12C). An analysis 

including the 9-month intermediate time point confirmed that TE accessibility changes 

progressively through aging, with key families such as MuRRS-int and IAPLTR3-int 

showing consistent upregulation from 9 to 18 months (Figure S14). These trends were 

evident in both male and female mice (Figure S10B). Motif enrichment analysis revealed 

differentially upregulated regions within heterochromatin that were enriched for pioneer 

transcription factor AP-1 family (bZIP)47 and CTCF motifs (Figure 5B).

Using Gaussian density scoring, a computational approach to identify genomic regions 

with significantly higher-than-expected concentrations of differential accessibility24 (STAR 

Methods), we identified chromosomal aging hotspots across the genome. These hotspots 

were particularly upregulated in glutamatergic neurons, especially in cortical and 

hippocampal regions (Figure 5C). Notably, 47% of significantly upregulated hotspots 

overlap H3K9me3-marked domains, despite these regions covering only ~3% of 

the genome. This strong association between aging-associated accessibility gains and 

constitutive heterochromatin suggests a widespread remodeling of repressive chromatin 

compartments during aging. Many of these hotspots correspond to intergenic regions with 

TE activity, gene clusters that are typically repressed in mature neurons, and lncRNAs 

(Figure S3). Notably, lncRNAs were overrepresented among the most differentially 

expressed genes in aging, with over 50% of the top 100 upregulated genes in some cortical 
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neuron cell types belonging to this category (Figure 5G). One of the most prominent 

aging-associated hotspots is located at the start of chromosome 13, where accessibility 

gains were observed across five brain regions (Figure 5E). This region contains the lncRNA 

Gm48530, which was the most significantly upregulated gene in aging cortical neurons 

across the same five brain regions (Figure 5D). The hotspot also overlaps IAPLTR3-int, 
a TE element that exhibited increased accessibility in multiple cell types (Figures 5H 

and S12C). Together, this locus exhibited coordinated increases in chromatin accessibility, 

gene expression, and hypomethylation (Figure 5H), suggesting that age-related chromatin 

remodeling at heterochromatin domains may alter regulatory landscapes and lead to 

transcriptional activation.

Beyond autosomal hotspots, several aging-associated hotspots were found in the X 

chromosome in female samples (Figures S11A and S3). The most significant of these 

occurred at the Firre lncRNA locus, which exhibited continuous accessibility increases 

(Figure S11A). This finding aligns with previous reports linking aging to the loss 

of X chromosome inactivation.48–50 Similarly, the lncRNA Dxz4, another key element 

involved in X chromosome organization, exhibited increased accessibility in aging neurons, 

suggesting that large-scale shifts in X-linked chromatin architecture may accompany aging 

(Figure S11A). In parallel, Xist and Tsix, two critical regulators of X chromosome 

inactivation, were among the most differentially upregulated genes across multiple female 

brain regions and cell types, especially in neurons, consistent with previous research (Figure 

S11C).49 This could be a compensatory mechanism to counteract the possible loss of X 

chromosome inactivation we observe. Interestingly, while the Firre and Dxz4 loci gained 

accessibility with age, the pseudoautosomal region at the end of the X chromosome, which 

typically escapes X inactivation, exhibited a striking loss of chromatin accessibility and gene 

expression in female mice (Figures S11A and S11B). The most affected region included 

Erdr1 (Gm47283), which was the most consistently downregulated lncRNA in female brain 

aging across cell types and brain regions.

Taken together, our findings point to chromatin remodeling at putative heterochromatin 

regions, increased TE accessibility, and lncRNA dysregulation as key transcriptional and 

epigenomic features of aging in the brain. We note that genes involved in oxidative 

phosphorylation (Figures S13A and S13B) and heterochromatin maintenance (Figure S13C), 

including histone methyltransferases and chromatin remodeling factors, were among the 

most consistently downregulated across cell types. While these patterns may contribute 

to regulatory instability, further studies are needed to determine the causal role of 

heterochromatin dynamics in age-related functional decline.

DISCUSSION

We show here that aging is accompanied by widespread changes in chromatin accessibility 

and transcription factor activity across both glial and neuronal cell types in the mouse brain. 

Our single-cell epigenomic and transcriptomic analysis across eight brain regions further 

reveals master transcription factor loss, stress-induced reprogramming, and heterochromatin 

instability in the aging brain, extending recent transcriptomic aging atlases,2,16,51 by 

providing the regulatory context underlying these transcriptional changes.
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A central feature of aging revealed by our data is the progressive decline of lineage-

defining transcription factors. In progenitor populations, reductions in Lhx2 and Pax6 likely 

contribute to impaired neurogenic capacity, consistent with well-documented age-related 

exhaustion of neural stem cells and reduced neurogenesis in the adult hippocampus and 

SVZ.52–54 In oligodendrocytes, reduced Sox activity provides a regulatory basis for age-

related myelin decline. In neurons, loss of Mef2 and NeuroG2 activity coincides with 

downregulation of axonogenesis and synaptic plasticity programs.

As developmental transcription factors decline, aging cells exhibit increased activation 

of stress-responsive transcriptional programs. We observe enrichment of AP-1 motifs in 

neurons, KLF motifs across multiple cell types, and IRF-family motifs in microglia, linking 

aging to inflammatory and stress-associated regulatory states. While AP-1 enrichment is 

a consistent feature of age-gained regulatory elements, future perturbation studies will be 

required to establish causal roles for these factors in aging phenotypes.

Another defining feature of brain aging is widespread heterochromatin destabilization, 

accompanied by TE activation and lncRNA upregulation. These findings align with 

accumulating evidence that heterochromatin maintenance is critical for longevity across 

species6,55,56 and that interventions targeting chromatin structure can ameliorate aging 

phenotypes.8,9,11 Age-associated accessibility gains at H3K9me3-marked domains are most 

pronounced in glutamatergic neurons but extend across multiple cell types. Female mouse 

brains also exhibit extensive X chromosome remodeling, including increased accessibility 

at heterochromatin-associated loci and reduced accessibility at pseudoautosomal regions, 

suggesting sex-specific epigenetic aging mechanisms.

Together, our findings support a model in which aging involves progressive erosion 

of epigenetic constraints that normally stabilize cell identity, leading to transcriptional 

drift toward stress-responsive states.7,57 This regulatory instability may underlie age-

related cognitive decline and neurodegeneration and highlights chromatin maintenance and 

transcription factor networks as potential targets for interventions aimed at preserving brain 

function during aging.

Limitations of the study

Sex-specific analyses are constrained by the use of different experimental platforms in males 

and females, limiting direct comparisons. This study profiles chromatin accessibility and 

transcriptional changes during brain aging but is limited to three time points, which may not 

fully resolve temporal dynamics.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will be fulfilled by 

the lead contact, Bing Ren (bren@nygenome.org).

Materials availability

This study did not generate new unique reagents.
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Data and code availability

Raw sequencing data are available in the SRA under project SRA: PRJNA1248586, and 

processed data are deposited in GEO under accession GEO: GSE294772. The analysis 

code is available on GitHub at https://github.com/luisajamaral/aging_mouse_brain_code. 

Any additional information needed to reanalyze the data is available from the lead contact 

upon request.

STAR★METHODS

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Mouse brain tissue: C57BL/6J male and female mice were purchased from the Jackson 

Laboratory at 7, 38 and 63 weeks of age and maintained in the Salk animal barrier facility 

on 12-h dark–light cycles with food ad libitum until brain extraction (housing conditions: 

temperature of 21–23°C, relative humidity of 61–63%). To standardize housing conditions, 

females were exposed to male bedding for three days prior to brain extraction. All animals 

were dissected between 1 and 5 pm to ensure similarity of circadian rhythm. Brains were 

extracted at 2, 9 or 18 months of age, sliced coronally at 600 μm and regions dissected in an 

ice-cold dissection buffer as previously described61 according to the Allen Brain Reference 

Atlas CCF (version 3)61(CCFv3). Dissected tissue corresponding to the same region (across 

the anterior posterior axis) from each animal was collected across brain slabs and stored at 

−80°C. For nuclei isolation, region pools from 3 to 14 animals were processed for each of 

2–3 biological replicas per region. Comprehensive brain dissection metadata are provided in 

Table S1.

Institutional permission and oversight: All experimental procedures using live 

animals were performed at the Salk Institute, and were approved by the Animal Care and 

Use Committee (IACUC). The Salk Institute has approved Assurance from NIH Office of 

Protection from Research Risks (D16–00328).

Study design: Blinding and randomization were not performed during handling of the 

tissue samples. No statistical methods were used to predetermine sample sizes. The number 

of animals needed to obtain sufficient nuclei from each brain region to run single nuclei 

sequencing experiments was empirically determined. Two to three biological replicas were 

used for all single-cell epigenomic experiments to ensure reproducibility for large-scale 

projects.

Influence of sex: The study analyzed samples from both male and female mice. To 

validate the biological authenticity of observed aging patterns across technologies and 

eliminate potential cross-sex batch confounding, within-sex aging analyses were performed. 

These analyses revealed strong correlations between male and female aging signatures (e.g., 

oligodendrocytes: r = 0.801 for fold changes, ρ = 0.497 for signed significance; Figure S4), 

confirming that the integrated approach captures genuine biological patterns.
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METHOD DETAILS

Nuclei isolation and dissection: Nuclei isolation was achieved following established 

protocols as previously described.61 Additionally, all dissected regions were previously 

digitally registered into CCFv3 using ITK-SNAP61 (v.4.0.0) at 25 μm resolution.

Single-nucleus ATAC-seq data generation: Nuclei were pelleted with a swinging 

bucket centrifuge (500g, 5 min, 4°C; 5920R, Eppendorf). Nuclei pellets were resuspended 

in 1 mL nuclei permeabilization buffer (1mM DTT (D9779, Sigma), 0.2% IGEPAL-CA630 

(Sigma), 1X cOmplete EDTA-free protease inhibitor (05056489001, Roche) and 5% BSA 

(A7906, Sigma) in PBS) and pelleted again (500g, 5 min, 4°C; 5920R, Eppendorf). Nuclei 

were resuspended in 500 μL of tagmentation buffer (36.3 mM.

Tris-acetate, pH 7.8 (BP-152, Thermo Fisher Scientific), 72.6mM Potassium-acetate 

(P5708, Sigma), 12.1 mM Magnesium-acetate (M2545, Sigma), 17.6% DMF (DX1730, 

EMD Millipore) in molecular biology-grade water) and counted using a hemocytometer. 

Concentration was adjusted to 2000 nuclei/uL, and 2000 nuclei were dispensed into each 

well of a 96-well plate. For tagmentation, 1 μL of barcoded Tn5 transposomes were 

added using a BenchSmart 96 (Mettler Toledo, RRID:SCR_018093), mixed five times, 

and incubated for 60 min at 37°C with 500 rpm shaking. To inhibit the Tn5 reaction, 10 

μL of 40 mM EDTA was added to each well with a BenchSmart 96 and mixed 5 times, 

then incubated at 37°C for 15 min with 500 rpm shaking. Next, added 20 μL 2x sort 

buffer (2% BSA, 2 mM EDTA in PBS), mix 5x and combine in a reagent reservoir. If 

processing two or more samples per day, tagmentation was performed with different sets of 

barcodes in separate 96 well plates. After tagmentation nuclei from individual plates were 

pooled together, stained nuclei suspension with 3 μM Draq7 (1:100, 7406, Cell Signaling). 

Sort 20 nuclei per well into eight 96-well plates (total of 768 wells, 15,360 nuclei per 

sample) containing 10.5 mL EB (25 pmol primer i7, 25 pmol primer i5, 200 ng BSA 

(Sigma). Preparation of sort plates and all downstream pipetting steps were performed on 

a Biomek i7 Automated Workstation. After addition of 1 μL 0.2%SDS (15553035, Thermo 

Fisher Scientific) to each well, samples were incubated at 55°C for 7 min with 500 rpm 

shaking. Next, 1 μL 12.5%Triton X-() was added to each well to quench the SDS. Next, 

12.5 mL NEBNext High-Fidelity 2X ~ PCR Master Mix (M0541, NEB) were added and 

samples were PCR-amplified (72°C 5 min, 98°C 30 s, (98°C 10 s, 63°C 30 s, 72°C 60 

s) X 12 cycles, held at 12°C). After PCR, contents in all wells were combined. Libraries 

were purified according to the MinElute PCR Purification Kit manual (Qiagen) using a 

vacuum manifold (QIAvac 24 plus, Qiagen) and size selection was performed with SPRI 

Beads (Beckmann Coulter, 0.55x and 1.5x). Libraries were purified one more time with 

SPRI Beads (Beckmann Coulter, 1.5x). Libraries were quantified using a Qubit dsDNA 

HS Assay Kit (Invitrogen) and the nucleosomal pattern was verified using a Tapestation 

(High Sensitivity D1000, Agilent). Libraries were sequenced on a NextSeq500 (Illumina) 

and NovaSeq6000 (Illumina) using custom sequencing primers with following read lengths: 

50 + 10 + 12 + 50 (Read1 + Index1 + Index2 + Read2).

10× Multiome (snATAC + snRNA) data generation: Nuclei were pelleted with a 

swinging bucket centrifuge (1000g, 10 min, 4°C; 5920R, Eppendorf). Nuclei pellets were 
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resuspended in sort buffer (1% BSA, 2 μM 7-AAD, 1x cOmplete EDTA-free protease 

inhibitor and 1U/uL RNasin in PBS) and stained 10 min on ice. Nuclei were sorted, 

and 120,000 nuclei were collected in 90 μL of collection buffer (5% BSA and 5U/uL 

RNasin). Nuclei were centrifuged (500 × g for 5 min at 4°C), and resuspended in nuclei 

permeabilization buffer (1mM DTT (D9779, Sigma), 0.2% IGEPAL-CA630 (Sigma), 1X 

cOmplete EDTA-free protease inhibitor (05056489001, Roche) and 5% BSA (A7906, 

Sigma) in PBS) incubated on ice for 1 min. Added 900 μL wash buffer and and pelleted 

again (500g, 5 min, 4°C; 5920R, Eppendorf). The nuclei were resuspended in 10 μL of 1X 

Nuclei Buffer and counted using a hemocytometer. A total of 18,000 nuclei were loaded per 

tagmentation reaction loaded onto a Chromium Controller (10× Genomics) for downstream 

10× Multiome ATAC and gene expression workflows. Final library concentration was 

assessed by Qubit dsDNA HS Assay Kit (Invitrogen) and fragment size was checked using 

Tapestation High Sensitivity D1000 (Agilent) to ensure that proper fragment sizes. Libraries 

were sequenced using the NextSeq500 and a NovaSeq6000 (Illumina).

snATAC-seq data processing: Reads were aligned to the mm10 reference genome 

using bowtie2 (v2.3)62 with default parameters and cell barcodes were added as a BX tag 

in the bam file. Only primary alignments were kept. Then we removed duplicated read 

pairs with Picard. Only proper read pairs with insert size less than 2000 were kept for 

further analysis. From the filtered BAM files, we processed the data using SnapATAC2 

(v 2.5.1),19 following the official SnapATAC2 documentation. Barcode processing and 

fragment generation were performed, and doublets were removed using Scrublet.63 Nuclei 

with fewer than 1,000 fragments, more than 100,000 fragments, or a TSS enrichment score 

below 5 were discarded. For female 10× Multiome samples, we processed the CellRanger 

output directly using SnapATAC2, ensuring consistency between modalities. Fragment files 

were imported, and doublets were identified and removed using SnapATAC2’s built-in 

method. TSS enrichment scores were computed using SnapATAC2’s function, and cells 

with fewer than 1,000 fragments, more than 15,000 fragments, or a TSS enrichment 

score below 5 were removed. Read counting and clustering were performed using a cell-

by-bin matrix at 500-bp resolution, which was binarized for clustering. Bins overlapping 

the ENCODE64 blacklist (mm10) were removed to eliminate problematic regions. Read 

coverage normalization was performed using a log10(count +1) transformation followed 

by Z score scaling, and bins with extreme Z-scores greater than 2 were filtered out. 

Feature selection was performed by retaining the top 700,000 most variable features. For 

dimensionality reduction, the Jaccard Index was computed, followed by diffusion maps 

for embedding. The top 20 eigenvectors were selected based on variance explained, and 

20 nearest neighbors were computed per nucleus. The Leiden algorithm was applied for 

clustering, and clusters were annotated using known marker genes. Batch effects between 

male and female samples were corrected using Harmony (v1.2.3)20 prior to clustering. 

Low-quality clusters, including those with low TSS enrichment or suspected doublets, were 

removed from downstream analysis.

snRNA-seq data processing: Single-nucleus RNA-seq (snRNA-seq) data were 

generated using the 10× Genomics Multiome platform and processed with Cellranger-arc 

v2.0.2 to generate raw gene expression matrices.65 Doublets were identified and removed 
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using DoubletFinder from the Cell Ranger output for each sample.66 Downstream analysis 

was performed using Seurat v5.0.0 in R. Individual samples were then merged into a single 

Seurat object. Quality control was applied to remove low-quality nuclei, filtering out cells 

with fewer than 500 or more than 6000 detected genes, and cells with >10% mitochondrial 

reads. Normalization was performed using the SCTransform (SCT) workflow, which models 

technical noise while preserving biological variation. Dimensionality reduction was carried 

out with PCA, and the top 30 components were used to compute a shared nearest neighbor 

(SNN) graph for clustering using the Leiden algorithm. UMAP was used for visualization. 

Following initial clustering, further manual filtering was applied to remove remaining 

doublets and low-quality subclusters. Specifically, subclusters containing >50% cells with 

low UMI counts or high doublet scores were excluded.

Cell type annotation via label transfer: Cell type annotation was performed using 

label transfer from a reference dataset generated by the Allen Brain Institute (10X V3).21 A 

subsampled version of this dataset, retaining 500 cells per cluster, was used as a reference. 

Subclass labels were transferred using Seurat’s label transfer framework with rpca. Labels 

were transferred for GABAergic, glutamatergic, and non-neuronal cell types separately. 

Each subcluster of our scRNA-seq data was assigned a label if more than 80% of the cells 

within that subcluster were consistently mapped to a single reference label. For ambiguous 

clusters where label transfer results were inconsistent, manual annotation was performed 

using marker gene expression profiles to ensure accurate classification. This approach 

resulted in the identification of 80 distinct cell types in the snRNA-seq dataset. Given that 

the data was 10× Multiome, these annotations were also available for the corresponding 

ATAC-seq data. We extended the labels to the male scATAC-seq data via our joint clustering 

of the data. Subclusters were assigned labels based on whether the majority of labeled nuclei 

—previously labeled through RNA-based annotation—mapped to a specific cell type. This 

ensured consistency in cell type annotation across both RNA and ATAC datasets.

MERFISH gene panel design: To investigate cell-type-specific and age-associated 

transcriptional changes in the mouse brain, we designed a customized MERFISH 

panel consisting of 500 genes. Gene selection was informed by single-cell and spatial 

transcriptomic datasets, focusing on both cellular identity and biological processes 

implicated in aging. The panel includes 328 genes selected as cell type markers, capturing 

major neuronal and glial subtypes across brain regions. Marker genes were derived from 

comprehensive single-cell RNA-seq atlases18,67 and a MERFISH-based spatial atlas of the 

aging mouse brain.16 From the latter, we prioritized genes with the highest variance across 

cells to ensure inclusion of the most informative spatial markers. To increase resolution for 

early neurogenic populations, we also included a focused subset of genes enriched in neural 

progenitor populations, such as radial glia-like cells and dentate gyrus progenitors. The 

remaining 172 genes were selected for their relevance to aging biology. These include genes 

differentially expressed with age in previous datasets, as well as genes involved in pathways 

such as chromatin remodeling, inflammation, oxidative stress, and circadian regulation. A 

subset of 24 genes was included based on prior evidence linking clock dysfunction to aging 

phenotypes.68 MERFISH panel genes and their corresponding sources can be found in Table 

S2.
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MERFISH tissue preparation and imaging: Brain slabs were embedded in OCT, 

rapidly frozen in isopentane and dry ice, and stored at −80°C until ready for slicing. Coronal 

sections (12 μm thick) were collected from OCT-embedded tissue using a Leica CM1950 

cryostat at −20°C. Sections were immediately fixed in 4% paraformaldehyde (pre-warmed 

to 37°C) for 30 min, then permeabilized in 70% ethanol according to the manufacturer’s 

instructions. Sample preparation, including probe hybridization and gel embedding, was 

performed using the Vizgen sample preparation kit (10400012) following the provided 

protocol. Imaging was conducted with a MERSCOPE 500 Gene Imaging kit (Vizgen, 

10400006) on a MERSCOPE system (Vizgen).

MERFISH data preprocessing: Following the data processing performed by the Vizgen 

MERSCOPE, the MERFISH data was first re-segmented using CellPose58 (v2.1.1). Using 

the segmentation pipeline defined by the CellSegmentation class of the mftools package, 

the CellPose’cyto-2’ model was used to perform a 2D segmentation on the 3rd z-slice of 

the DAPI stain images. These new segmentation masks were then used to regenerate the 

cell by gene matrix for downstream analysis. The MERFISH datasets were initially filtered 

to remove cells with less than 5 genes detected and to remove genes found in less than 3 

cells. The datasets across all age groups were concatenated and processed using common 

Scanpy59 (v1.10.0) functions in Python (v3.10.14). The datasets were first normalized to 

have the same total transcripts per cell and then log scaled, followed by principal component 

analysis (PCA). The nearest neighbors distance matrix was calculated with n_neighbors 

= 30, then leiden clustering, PAGA, and UMAP were performed with default parameters. 

The combined object with 2 month, 9 month, and 18 month samples was then batch 

corrected using Scanpy’s ComBat function. To perform a preliminary annotation of the 

processed MERFISH samples, the Allen Brain Cell Atlas 10Xv3 single-cell mouse brain 

dataset was used as a reference dataset.21 The subclass level annotation was applied to the 

single-cell reference data, and this label was then transferred to the MERFISH data using the 

label_clusters function from the mftools package. The label_clusters function identifies the 

common genes between the MERFISH and reference data, then computes the mean z-scored 

expression of each cluster in the MERFISH and reference single-cell datasets. To transfer 

labels from the reference data to MERFISH, the Pearson correlation is computed between 

each MERFISH and reference cluster’s expression profile, then the MERFISH cluster is 

assigned the label of its most correlated single-cell reference cluster. This resulted in 34 

different cell type labels that were transferred to the MERFISH dataset as an initial set of 

annotations.

Label transfer between snRNA and MERFISH for annotation: To assign cell 

type annotations to our MERFISH single-cell transcriptomic data, we performed label 

transfer from a matched snRNA-seq dataset using Seurat. We first subsampled the snRNA-

seq reference to reduce the overrepresentation of large clusters, capping the maximum 

number of cells per annotated cluster at 2,000. Both the snRNA-seq and MERFISH 

datasets were normalized using SCTransform, and transfer anchors were computed using 

canonical correlation analysis (CCA) with the top 45 dimensions and all available genes 

(FindTransferAnchors, reduction = “cca”). Labels from the RNA-seq data (celltype_final) 

were transferred using TransferData, generating a predicted label and a confidence score 
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(prediction.score.max) for each MERFISH cell. To mitigate potential noise and improve 

robustness, we refined the transferred labels through subclustering. Each MERFISH cluster 

sub-clustered at higher resolution (FindClusters, resolution = 2) following PCA-based 

preprocessing. For each resulting subcluster, we determined the majority predicted label 

based on cells with high confidence (score >0.85). Any ambiguous subclusters were 

removed. For both modalities, gene expression was aggregated across cells of the same 

cell type using Seurat’s AggregateExpression() function with centered log-ratio (CLR) 

normalization. The CLR transformation was applied per cell to adjust for differences in 

sequencing depth and compositional effects. For the RNA-seq data, gene expression values 

were further normalized by gene length to account for transcript length bias, yielding 

RPKM-like units based on CLR-normalized counts. Pearson correlation was computed 

across shared genes and cell types between the RNA-seq and MERFISH aggregated 

matrices.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical details of experiments: Data are typically represented as mean values (e.g., 

in bar plots or aggregate accessibility plots). For all figures presenting pooled data, error 

bars (if present) represent the Standard Error of the Mean (SEM) or Standard Deviation (SD) 

as indicated in the figure. Unless otherwise specified, asterisks denote statistical significance 

as determined by the appropriate statistical test (likelihood ratio test for differential 

expression/accessibility, Wilcoxon rank-sum test for cell proportions, or HOMER for motif 

enrichment). Statistical details of experiments, including the statistical tests used, exact 

value of n, definition of center, and dispersion and precision measures, are included within 

the relevant sections of the STAR Methods(e.g., differential gene expression analysis, peak 

calling and differential accessibility analysis) and can be found in the associated figures, 

figure legends, and results section of the manuscript.

• N represents (Sample Sizes):

• Animals: Region pools from 3 to 14 animals were processed for each of 2–3 

biological replicas per region.

• Cells/Nuclei: In total, the study analyzed chromatin accessibility in 1,116,638 
cells, RNA expression in 368,491 cells, and spatial transcriptomics in 500,353 
cells.

• Statistical Tests and Corrections Used:

• Differential Gene Expression: MAST (likelihood ratio tests).

• Differential Accessibility/TEs: Likelihood ratio tests (via DESeq2).

• Cell Proportion Changes: Wilcoxon rank-sum test.

• Multiple Comparisons: Benjamini-Hochberg correction was used to adjust p-

values.

• Concordance: Pearson correlation (for within-sex aging signature analysis).

• Key Quantification and Precision Measures:
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• Definition of Center: Mean (e.g., for calculating aggregated motif accessibility, 

ABC scores, log2 fold changes).

• Significance Thresholds (Dispersion/Precision):

• Adjusted p-value: < 0.01 (general significance cutoff).

• q-value: 0.01 (for MACS3 peak calling).

• Log2 Fold Change (|logFC|): > 0.5 (differential chromatin accessibility); >0.25 

(differential gene expression).

• Z score (for normalized accessibility heatmaps).

• Statistical Software: R packages used include Seurat (v5.0.0), MAST (v1.28.0), 

clusterProfiler (v4.1), and smoother (v1.3). Python packages include Scanpy 

(v1.10.0) and SnapATAC2 (v2.5.1). Other software includes MACS3 (v3.0.0), 

HOMER (v 4.11), DESeq2 (v1.42.0), bowtie2 (v2.3), BWA, SICER (v1.0), scTE 

(v 1.0), and SoloTE (v1.09).

Differential gene expression analysis: Differential gene expression analysis was 

conducted using MAST25 (v1.28.0) within Seurat (v5.0.0), incorporating latent variables to 

account for percent mitochondrial reads, percent ribosomal reads, replicate, and brain region 

where necessary. Statistical significance was determined using likelihood ratio tests, and 

multiple comparisons were adjusted using the Benjamini-Hochberg correction. Genes were 

considered differentially expressed if they met a log2 fold-change of 0.25 and an adjusted p-

value <0.01. Statistical power for detecting differential changes varies across cell types due 

to differences in cell numbers, cCRE complexity, and baseline accessibility variance. Direct 

comparisons of effect sizes across cell types were avoided to prevent overinterpretation of 

these technical factors.

Pathway enrichment analysis: Pathway enrichment analysis was performed using 

clusterProfiler69 on significantly upregulated and downregulated genes with all genes used 

in the DEG analysis as background (genes expressed in >1% of cells).

Peak calling and differential accessibility analysis: Peak calling and differential 

accessibility analysis were performed using SnapATAC2.19 For peak calling, MACS3 

(v3.0.0) was run on individual cell types using the snap.tl.macs3 function. Peaks were 

called separately for each cell type and age group using a q-value threshold of 0.01, with 

additional filtering against the ENCODE mm10 blacklist. To ensure robust peak detection, 

replicate-specific peaks were discarded. To identify differentially accessible regions (DARs), 

comparisons were made between 2-month-old and 18-month-old nuclei within each cell 

type. Peaks were filtered to include only those detected in at least 1% of cells in either 

age group. Differential testing was performed using snap.tl.diff_test, with a minimum 

log2 fold change of 0.25 and a significance threshold of adjusted p-value <0.01. Up- and 

downregulated peaks were extracted and saved as BED files for downstream analysis. For 

visualization, aggregated peak matrices were generated for each cell type, region, and age 

group, normalized to reads per million (RPM).
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Motif enrichment analysis: Motif enrichment analysis was performed using HOMER (v 

4.11)60 for the age-differential peaks in each cell type, with non-differential peaks as the 

background and default parameters.

Overlap with histone marks: We used bedtools intersect -c to overlap all called peaks 

for each cell type with H3K9me3 data from ENCODE.46 H3K9me3 data from the forebrain 

were re-aligned to mm10 genome using BWA70 without mapping quality filter (in order not 

to lose any reads aligning to repetitive elements), and peaks were re-called using SICER 

(v1.0)71 on both ChIP-seq and input libraries, as described in.24

Linking genes to cCREs via ABC score: To associate genes with putative regulatory 

elements, we employed the Activity-By-Contact (ABC) model, which integrates chromatin 

accessibility, histone modifications, and 3D chromatin interactions to predict enhancer-gene 

links. The ABC score was calculated following the framework described by Fulco et al.,36 

using open chromatin peaks as candidate cis-regulatory elements (cCREs).

Gaussian smoothing for hotspot identification: We used the R package smoother to 

perform Gaussian smoothing on the number of differentially accessible regions (DARs) (p < 

0.01, |log2 fold change| > 1) within each 100 kb region of the genome. A smoothing window 

length of 20 bins (~2.1 Mb span) was applied to account for local clustering of accessibility 

changes. Regions of the genome with a high concentration of DARs within a short distance 

were assigned higher Gaussian smoothing scores, and hotspots were defined as bins with 

smoothing scores in the top 1%, corresponding to a threshold of 0.2.

Quantifying transposable elements (TEs) accessibility and expression

• TE Accessibility: scTE72 (v 1.0) was used to build a genome index for the 

alignment of reads to genes (gencode vM21) and TEs (rmsk mm10) using 

scTE_build. The scTE command was used to map reads from the BAM files 

to transposable element families, generating a cell by feature read count matrix. 

A pseudo-bulk count table fo TE subfamilies was generated by summing reads 

from cells of the same cell type, age and biological replicate for each feature. 

Age-differential TEs for each cell type were then identified by DESeq273 

(v1.42.0) between 18-month and 2-month datasets using the likelihood ratio 

test. Additional analysis comparing 9-month to 18-month samples confirmed the 

progressive nature of TE activation during aging (Figure S14).

• TE Expression: SoloTE74 (v1.09) was used to count reads at TE elements 

and genes directly from the Cellranger output, generating a Seurat object that 

contained the gene and TE count matrix. A pseudo-bulk count table for both 

genes and TEs was generated by summing reads from cells of the same cell type, 

age and biological replicate for each feature. Age-differential genes and TEs for 

each cell type were then identified by DESeq273 between 18-month and 2-month 

datasets using the likelihood ratio test.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

• Integrated single-cell and spatial atlas maps regulatory changes in aging 

mouse brain

• Loss of neural and glial progenitors coincides with disrupted developmental 

regulators

• Transcription factor dysfunction drives neuronal and glial identity drift with 

age

• Heterochromatin destabilization activates transposable elements and 

noncoding RNAs
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Figure 1. Single-nucleus multi-omic atlas of brain aging across eight regions in the mouse
(A) Schematic of experimental design showing brain regions profiled from male and female 

mice at 2, 9, and 18 months of age using snATAC-seq, 10× Multiome, and MERFISH.

(B) Uniform manifold approximation and projection (UMAP) of snATAC-seq (left), RNA-

seq (center), and MERFISH (right) datasets, annotated by cell type.

(C) Weighted proportions calculated by normalizing cell counts by total cells per age group 

and modality, highlighting three progenitor populations that decline with age.
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(D) Statistical significance of age-associated changes in cell-type proportions (Wilcoxon 

rank-sum test). Data are represented as the weighted proportion; the change in proportion is 

used for statistical comparison. *p < 0.05.
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Figure 2. Aging depletes progenitor populations and disrupts neurogenic regulatory programs
(A) MERFISH spatial maps of brain slices (plates 46 and 69) with cells colored by 

annotated cell types (Table S1). The top left shows a scale bar representing 1 millimeter 

(mm).

(B) Representative MERFISH images across three ages showing immature oligodendrocytes 

(IOLs), OB-STR-CTX inhibitory immature neurons (Inh IMNs), and dentate gyrus (DG) 

progenitors.

(C) Age-associated changes in progenitor cell-type proportions from MERFISH data. Data 

are represented as the weighted proportion (normalized fraction of cells). Significance was 

determined by the Wilcoxon rank-sum test.

(D) Progenitor cell-type proportions from snATAC-seq across brain regions and sexes. Data 

are represented as the weighted proportion (the fraction of total cells in a sample labeled as 

that cell type).

(E) Motif enrichment analysis of age-associated differentially accessible cCREs in 

progenitor populations. Significance was determined by HOMER. The asterisk denotes 

significance (adj. p < 0.01).

(F) Heatmap showing normalized accessibility (Z score) of age-differential cCREs in OB-

STR-CTX Inh IMNs, stratified by age and sex.

(G) Proportion of downregulated cCREs containing Lhx2 motifs in OB-STR-CTX Inh 

IMNs, shown in comparison to the proportion of all cCREs containing the Lhx2 motif. 
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Motif presence was identified using HOMER software. The bottom image shows the Lhx2 

consensus motif.

(H) MA plot of age-differential gene expression (18 vs. 2 months) in OB-STR-CTX Inh 

IMNs. The y axis shows the log2 fold change, and the x axis shows the percentage of cells in 

which the gene is expressed. Significance for differential gene expression is defined as adj. p 
< 0.05 and absolute log2FC > 0.25, determined by a likelihood ratio test (MAST).

(I) GO term enrichment for upregulated (top) and downregulated (bottom) genes 

in OB-STR-CTX Inh IMNs. Significance was determined by a hypergeometric test 

(clusterProfiler).

(J) Violin plot showing age-associated expression of Pax6, a direct target of Lhx2, in 

scRNA-seq (top) and MERFISH (bottom) datasets (expression at the single-cell level). 

Significance was determined by Wilcoxon rank-sum test.
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Figure 3. Aging oligodendrocytes exhibit transcriptional and chromatin changes associated with 
myelination loss and Sox factor decline
(A) Heatmap showing normalized accessibility (Z score) at age-differential cCREs in 

oligodendrocytes across brain regions and sexes.

(B) Motif enrichment of downregulated (left) and upregulated (right) age-differential cCREs 

in oligodendrocytes; asterisks denote significance (adj. p < 0.01) determined by HOMER.

(C) Aggregate motif accessibility plots for Klf1 and Sox6 in upregulated, downregulated, 

and non-changing peaks in oligodendrocytes (Oligo NNs).

(D) MA plot of age-differential gene expression (18 vs. 2 months) in oligodendrocytes. 

Significance for differential gene expression was determined by a likelihood ratio test 

(MAST).

(E) GO term enrichment analysis for upregulated (top) and downregulated (bottom) genes. 

Significance was determined by a hypergeometric test (clusterProfiler).

(F) Bar plot showing mean age log2 fold change (log2FC) of downregulated, non-significant, 

and upregulated genes, along with corresponding changes in linked cCREs from activity-by-

contact (ABC) analysis, which predicts enhancer-promoter connections based on chromatin 

accessibility and 3D contact data from our companion paper (Zeng et al.35). Data are 

represented as the mean (log2FC) ± SEM.

(G) Motif logos for the most enriched motifs in peaks linked to upregulated (top) and 

downregulated (bottom) genes in aging oligodendrocytes. Significance was determined by 

HOMER using the hypergeometric distribution.

(H) Violin plot showing age-associated expression of the myelination gene Mal from 

scRNA-seq (left) and MERFISH (right) datasets (expression at the single-cell level). 

Significance for differential gene expression was determined by a likelihood ratio test 

(MAST).
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Figure 4. Aging induces region-specific regulatory reprogramming in dentate gyrus 
glutamatergic neurons
(A) Heatmap of normalized chromatin accessibility (Z score) at age-differential cCREs in 

dentate gyrus (DG) neurons across brain regions.

(B) Motif enrichment analysis of downregulated (left) and upregulated (right) age-

differential cCREs using all peaks as background; asterisks denote significance (adj. p < 

0.01) determined by HOMER.

(C) Aggregate accessibility plots of AP-1 and CTCF motifs at upregulated, downregulated, 

and all cCREs across DG neuron regions produced by HOMER.(D) MA plot of age-

differential gene expression between 2- and 18-month-old DG neurons. Significance for 

differential gene expression was determined by a likelihood ratio test (MAST).

(E) Gene Ontology (GO) enrichment analysis of genes upregulated with age. Significance 

was determined by a hypergeometric test (clusterProfiler).

(F) Bar plot showing mean age log2 fold change (log2FC) of downregulated, non-significant, 

and upregulated genes, along with corresponding changes in linked cCREs from activity-by-

contact (ABC) analysis, which predicts enhancer-promoter connections based on chromatin 

accessibility and 3D contact data from our companion paper (Zeng et al.35). Data are 

represented as the mean (log2FC) ± SEM. Right: motif logos for the most enriched motifs in 

peaks linked to up- and downregulated genes.
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Figure 5. Upregulated accessibility and transcriptional shifts within heterochromatin-associated 
genomic hotspots
(A) Differentially accessible regions (DARs) in aging neurons. Left: non-H3K9me3 

peaks show a balanced distribution of up- and downregulated peaks. Middle: H3K9me3-

overlapping peaks are predominantly upregulated, especially in glutamatergic neurons. 

Right: transposable element (TE) subfamilies show widespread age-related increases in 

accessibility.

(B) Motif enrichment analysis of age-upregulated DARs across neuronal populations. Point 

size denotes the percentage of age-upregulated DARs containing motifs. Color indicates 

significance determined by HOMER using the hypergeometric distribution.

(C) Genomic hotspots with higher-than-expected density of DARs across cell types, colored 

by overlap with H3K9me3 domains. Hotspots were identified using Gaussian density 

scoring (see STAR Methods).
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(D) Log2 fold change and significance (−log10(adj. p value)) of lncRNA Gm48530 
expression across brain regions, located within an aging hotspot. Significance for expression 

change was determined by MAST (Model-based Analysis of Single-cell Transcriptomics; 

see STAR Methods).

(E) Chromosomal hotspot on chromosome 13 across brain regions; each point represents 

a cell type, colored by cell-type clade. Data are represented as the Gaussian smoothing 

hotspot score, where the distance from 0 indicates the magnitude of the score, with positive 

values representing chromatin regions gaining accessibility and negative values representing 

regions losing accessibility (see STAR Methods).

(F) Age-related transcriptional changes from scRNA-seq. Significance was determined with 

MAST (adj. p < 0.05). Left: log2 fold change of genes across cell types, highlighting 

Gm48530 among the most significantly upregulated. Right: log2 fold change of TE 

subfamilies across cell types shows a broader trend of upregulation.

(G) Proportion of the top 100 most upregulated (right) and downregulated (left) genes that 

are long noncoding RNAs or pseudogenes. Data are represented as a proportion.

(H) Genome browser view of the chromosome 13 hotspot, including Gm48530 and 

IAPLTR3-int, showing increased accessibility, expression, and hypomethylation with age. 

The y axis represents the reads per million (RPM)-normalized signal.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

Tn5 transposase QB3 Macrolab at UC Berkeley N/A

SPRISelect reagent Beckman Coulter Cat# B23319

DRAQ7 Cell Signaling Cat# 7406

NEBNext High-Fidelity PCR Master Mix NEB Cat# M0541L

LightCycler 480 SYBR Green I Master Mix Roche Cat# 04707516001

DTT nuclei permeabilization buffer Sigma-Aldrich Cat# 646563-10X

IGEPAL-CA630 Sigma-Aldrich Cat#I8896

1X cOmplete EDTA-free protease inhibitor cocktail 
tablets

Roche Diagnostics 11873580001

Critical commercial assays

gentleMACS Octo Dissociator Miltenyi Cat# 103-095-937

Chromium Controller 10× Genomics Instrument

Chromium Next GEM Single-Cell Multiome ATAC + 
Gene Expression Reagent Bundle

10× Genomics Cat# 1000283

Chromium Next GEM Chip J 10× Genomics Cat# 1000234

NovaSeq 6000 Illumina Instrument

S4 Flow Cell Illumina 20028312

NextSeq 500 Illumina Instrument

MERSCOPE 500 Gene Imaging kit Vizgen Cat# 10400006

Vizgen sample preparation kit Vizgen Cat# 10400012

Deposited data

Raw sequencing data (snATAC, snRNA) This paper; Li et al.18 SRA: PRJNA1248586

Processed data (snATAC, snRNA) This paper; Li et al.18 GEO: GSE294772

Female single-cell Contact Zeng et al.35 GEO: GSE292803

Male Cell type pseudo-bulk AllC Zeng et al.35 GEO: GSE313770

Female Cell type pseudo-bulk AllC Zeng et al.35 GEO: GSE292803

Experimental models: Organisms/strains

Mouse: C57BL/6J The Jackson Laboratory JAX: 00064

Oligonucleotides

Custom Tagmentation Oligos This paper NA

Custom PCR Primers This paper NA

Custom Sequencing Primers This paper NA

Dual Index Kit 10x Genomics Cat# 1000215

Software and algorithms
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REAGENT or RESOURCE SOURCE IDENTIFIER

SnapATAC2 (v2.5.1) Zhang et al.19 https://github.com/scverse/SnapATAC2

Seurat (v5.0.0) Satija Lab https://satijalab.org/seurat/

Harmony (v1.2.3) Korsunsky et al.20 https://github.com/immunogenomics/harmony

MACS3 (v3.0.0) Zhang et al.22 https://github.com/macs3-project/MACS

MAST (v1.28.0) Finak et al.25 https://github.com/RGLab/MAST

CellPose (v2.1.1) Stringer et al.58 https://github.com/MouseLand/cellpose

Scanpy (v1.10.0) Wolf et al.59 https://github.com/scverse/scanpy

HOMER (v4.11) Heinz et al.60 http://homer.ucsd.edu/homer/

Analysis code This paper https://github.com/luisajamaral/
aging_mouse_brain_code
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