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Biological ageing can be defined as a gradual loss of homeostasis across various aspects
of molecular and cellular function*?. Mammalian brains consist of thousands of cell
types®, which may be differentially susceptible or resilient to ageing. Here we present a
comprehensive single-cell RNA sequencing dataset containing roughly 1.2 million
high-quality single-cell transcriptomes of brain cells from young adult and aged
mice of both sexes, from regions spanning the forebrain, midbrain and hindbrain.
High-resolution clustering of all cells results in 847 cell clusters and reveals at least

14 age-biased clusters that are mostly glial types. At the broader cell subclass and
supertype levels, we find age-associated gene expression signatures and provide alist
of2,449 unique differentially expressed genes (age-DE genes) for many neuronal and
non-neuronal cell types. Whereas most age-DE genes are unique to specific cell types,
we observe common signatures with ageing across cell types, including a decrease in
expression of genes related to neuronal structure and function in many neuron types,
major astrocyte types and mature oligodendrocytes, and anincrease in expression of
genes related toimmune function, antigen presentation, inflammation, and cell motility
inimmune cell types and some vascular cell types. Finally, we observe that some of the
celltypes that demonstrate the greatest sensitivity to ageing are concentrated around
the third ventricle in the hypothalamus, including tanycytes, ependymal cells, and
certainneurontypesinthe arcuate nucleus, dorsomedial nucleus and paraventricular
nucleus that express genes canonically related to energy homeostasis. Many of these
types demonstrate both adecrease in neuronal function and anincrease inimmune
response. These findings suggest that the third ventricle in the hypothalamus may
beahub forageing in the mouse brain. Overall, this study systematically delineates a
dynamiclandscape of cell-type-specific transcriptomic changes in the brain associated
with normal ageing that will serve as afoundation for the investigation of functional
changesinageing and the interaction of ageing and disease.

Defining and distinguishing global, region-specific and cell-type-
specific functional changes with ageing is an essential step towards
understanding the normal ageing process as well as the interaction
between normal ageing and disease pathology. In the past decade,
there have been concerted efforts to document and catalogue various
molecular and cellular hallmarks of ageing that are conserved across
different model systems'* Emerging studies of brain ageing and neu-
rodegeneration are beginningto reveal the presence of some of these
hallmarks of ageing across the brain, including chronic inflammation
mediated by microglia and other glial types in the brain**, aberrant

neuronal network activity®”, cellular senescence® and others'. Although
these hallmarks provide a crucial foundational understanding of how
individual cells age, our understanding of how amulticellular tissue as
complex and heterogeneous as the brain ages is still rudimentary. We
have barely begun to uncover the cellular hallmarks of ageing at the
cell-type level, and how these changes ultimately contribute to the
decline in health of the entire organism.

Inrecentyears, several studies profiled transcriptomic changes dur-
ingnormal ageing across broad regions of the mouse brain at single-cell
level’®, and many studies profiled more targeted, specific regions or
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cell types*". Whereas these studies varied in approach and scale,
they consistently demonstrated heterogeneity in the age-associated
transcriptomic changes among cell types. Assuch, detailed annotation
and interrogation of all cell types in the brain will be crucial to fully
characterize how different cell types, both neuronal and non-neuronal,
change and interact with one another during ageing. Most recently,
scaling single-cell transcriptomic approaches to the whole mouse brain
has allowed usto define celltypesin the brainat an unprecedented reso-
lution and comprehensiveness, revealing the tremendous diversity of
neuronal and non-neuronal cell types and their gene expression profiles
throughout the adult mouse brain®*2°, These thorough studies of the
adult brain now enable a systematic and comprehensive understand-
ing of how the brain changes with age at molecular and cellular levels.

Here we used single-cell RNA sequencing (scRNA-seq) to profile
many brain regions covering major parts of the brain that have com-
plex cell-type compositions, in young adult (2 months old) and aged
(18 months old) mice in both sexes. Together, these profiled regions
cover roughly 35% of the entire volume of the mouse brain, making it
the highest-coverage ageing mouse brain single-cell transcriptomics
dataset published to date (Extended DataFig.1). The datasetincludes
roughly 1.2 million single-cell transcriptomes after quality control
(QC), which were annotated using the Allen Brain Cell-Whole Mouse
Brain atlas (ABC-WMB atlas)?. This approach allowed us to identify
172 unique transcriptomic subclasses (which are further subdivided
into 434 supertypes and 847 clusters) and to interrogate them for
age-associated gene expression changes. We also generated spatial
transcriptomics datasets to confirm these cell-type-specific changes
in specific regions of interest (ROI).

In this study, we observe numerous cell-type-specific changes in
gene expression across non-neuronal and neuronal cell types, many
of whichoccurinsparse populations of cell types that were often over-
looked in previous scRNA-seq studies, in addition to well-established
signatures of brain ageing'. These changes include (1) depletion of
certain immature neuron (IMN) types in aged tissue, (2) decreased
expression of neuronal signalling and structure genes across many
neurons, oligodendrocytes and astrocytes, (3) increased expression
of inflammatory and immune response genes inimmune cells, as well
assome other non-neuronal and neuronal types and (4) extensive gene
expression changesin cell types surrounding the third ventricle (V3) of
the hypothalamus. The V3-associated non-neuronal and neuronal cell
types expressing many age-DE genesinclude tanycytes, ependymal cells
and neuron types in the arcuate nucleus (ARH), dorsomedial nucleus
(DMH) and paraventricular nucleus (PVH) that express Agrp, Npy, Pomc,
Crh, Leprand GlpIrgenes, whichencode neuropeptides or neuropep-
tide receptors involved in feeding behaviour and energy homeosta-
sis. Taken together, our results systematically reveal a wide range of
cell-type-specific patterns of ageing, identify age-specific cell-type
clusters that show unique gene expression changes and highlight the
V3 area of the hypothalamus as a potential hot spot for brain ageing.

Brain-wide single-cell and in situ RNA profiling

We profiled 16 broadly dissected regions across the young adult
(P53-69; 2 months old) and aged (P540-553; 18 months old) female
and male mouse brains using the 10x Genomics Chromium platform
based onversion 3 chemistry (10xv3). These 16 broad regions (Fig.1a)
were selected due to their known sensitivity to age and age-associated
diseases in the literature®. They were grouped into six major brain
structures: (1) isocortex, which includes prelimbic area + infralimbic
area +orbital area, agranularinsular area, anterior cingulate area (ACA)
andretrosplenial area (RSP); (2) hippocampal formation (HPF), which
includes hippocampus, parasubiculum + postsubiculum + presubicu-
lum + prosubiculum + subiculum, and lateral and medial entorhinal
areas (ENT); (3) hypothalamus (HY); (4) cerebral nuclei (CNU), which
include the dorsal and ventral striatum, pallidum and striatum-like

amygdalar nuclei; (5) midbrain, which includes periaqueductal
grey + midbrain raphe nuclei as well as substantia nigra + ventral teg-
mentalarea; and (6) hindbrain, whichincludes the anterior or posterior
partofthe combined pons, motor-related and behavioural state-related
areas. Brainregions for profilingand boundaries for dissections were
defined by the Allen Mouse Brain Common Coordinate Framework
version 3 (CCFv3)? (Fig. 1a). On the basis of the three-dimensional
volumesin CCFv3, we estimate that these 16 broad dissectionregions,
encompassing roughly 110 CCF-defined brain regions cover roughly
35% of all grey matter areas within the whole mouse brain.

We performed scRNA-seq from 287 unique 10xv3 libraries, collected
fromatotal of 108 mice (Supplementary Table1). To ensure good rep-
resentation of both neurons and non-neuronal cells, we used several
forms of fluorescence-activated cell sorting (FACS) and unbiased cell
sampling (labelled No FACS, Methods). All neuron-enriched libraries
were FACS-isolated from the pan-neuronal Snap25-IRES2-Cre/wt;Ail4/
wttransgenic mice, whereas the unbiased libraries were isolated from
amixture of transgene-positive and -negative mice (Supplementary
Table 1). Our data collection strategy is summarized in Fig. 1b, and
example images of gating strategies used for FACS sorting are shown
in Extended DataFig. 2. Low-quality cell transcriptomes were removed
based on a combination of QC criteria (Methods and Extended Data
Fig.3a). After the QCfiltering, we obtained 1,162,565 high-quality cells,
of whichroughly 59% (682,987 cells) originated fromaged and the rest
(479,578 cells) from adult brain tissue, with little variation in quality
scores between aged and adult cells for most cell classes (Extended
DataFig.3a-d).

We performed de novo clustering of all adult and aged cells
together (Methods and Extended Data Fig. 3a). All the adult cells in
this study had been thoroughly annotated as part of our recent mouse
whole-brain taxonomy?, allowing us to leverage the existing cell-type
annotations to help annotate the aged cells (Methods). All cellsin this
study have at least four levels of annotation: cell class (the broadest
level of annotation), subclass, supertype and cluster. All class, sub-
class and supertype labels match those from the ABC-WMB atlas,
whereas the cluster labels presented here are unique to this study
(Fig. 1c). In subsequent analyses, we used two primary strategies to
characterize cell-type-specific age-associated changes: (1) using three
computational methods to identify age-DE genes at subclass, super-
type and/or cluster levels and (2) performing high-resolution cluster-
ing across all cells to identify ageing-enriched or ageing-depleted
clusters (Fig. 1d).

Out of the total 338 subclasses defined in the ABC-WMB atlas®, we
identified 172 unique subclasses in the combined aged and adult data-
set (missing subclasses are largely from brain regions not profiled
in this study). These subclasses span 25 different cell classes (Fig. 1e
and Supplementary Table 2) and show specific marker gene expres-
sion (Extended Data Fig. 4). Slightly more than half of all cells in this
study are non-neuronal, and their proportions vary by brain regions
(Extended Data Fig. 3e). Most non-neuronal cell types are shared
between brain regions, whereas neurons differ among brain regions
(Fig.1e,f). The average number of donor mice per age for all subclasses
is14 £ 11 (mean + s.d.). Most subclasses are well balanced between
ages and sexes, although not perfectly due to QC procedures at vari-
ous stages in the data generation and analysis pipeline (Fig. 1e,f and
Supplementary Table 2).

We collected four Molecular Cartography datasets (aformofinsitu
spatial RNA profiling from Resolve Biosciences) to visualize and vali-
date results discovered by scRNA-seq. For each spatial dataset, we
selected a panel of 100 genes to profile preselected region(s) in male
and female mouse coronal brain sections. These four datasets span
avariety of brain regions in the isocortex, hippocampus, striatum,
hindbrain, midbrain and hypothalamus, and will be referred to in the
remainder of the text as Resolve spatial transcriptomics experiments
1-4 (RSTE1-4, Extended Data Fig. 5).
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Fig.1| Transcriptomic cell typesin young adult and aged mouse brains.

a, Schematic of dissected brain regions profiled in this study, coloured by
major brainstructure. b, Schematic of library generation and cell annotation
workflow. ¢, Diagram of cell annotation levels based on the ABC-WMB atlas.
Bold textindicates the highlighted cell type thatis expanded in the subsequent,
finer annotation level. d, Schematic of general analysis strategy for identifying
celltypesvulnerable to ageing. e, UMAP representation of all single-cell
transcriptomesincluded in this study, coloured by cell class, major brain
structure and age. f, Summary of the number of all age-DE genes identified
from each subclass (for neurons) and supertype (for non-neuronal cells). Bar
graphsbelow age-DE gene counts represent breakdown of each group by major
brainstructure, age and sex. g, Relationship between the number of age-DE
genes and Augur AUC score for all celltypes represented inf. Linear model with
95% confidenceinterval of fitis shown by the light grey shading. h, Histogram

Age-associated differential gene expression

To examine and model age-DE genes within different groups of cells,
we primarily used model-based analysis of single-cell transcriptomics
(MAST)®while including gene detection, QC scores and sex as covari-
atesinthe model (Methods). Age effect size, which can beinterpreted
as an estimate of log,(fold change) of gene expression with age, and
adjusted P value were calculated from the model. A gene was found
to be significantly differentially expressed with age if it showed an
absolute (abs) age effect size greater than 1and adjusted P< 0.01.
Positive age effect sizes (greater than 1) roughly correspond to an
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ofthe number of cell types (subclasses for neurons; supertypes for non-neuronal
cells) anage-DE geneissignificant for. PL + ILA + ORB, prelimbic area + infralimbic
area + orbital area; Al, agranular insular area; ACA, anterior cingulate area; RSP,
retrosplenial area; HIP-CA, hippocampus; PAR + POST + PRE + ProS + SUB,
parasubiculum + postsubiculum + presubiculum + prosubiculum + subiculum;
ENT, lateraland medial entorhinal areas; HY, hypothalamus; STRd, dorsal
striatum; STRy, ventral striatum; PAL, pallidum; sSAMY, striatum-like amygdalar
nuclei; PAG + RAmb, periaqueductal grey + midbrainraphe nuclei; SNr+SNc + VTA,
substantia nigra, reticular part + substantia nigra, compact part + ventral
tegmental area. Brain sections with anatomical parcellationsinaandbare
adapted from Allen Mouse Brain CCFv3 (https://atlas.brain-map.org/). Cartoon
depictions of miceinaand Eppendorftubesandlaboratory instrumentsinb
were created using BioRender (https://biorender.com).

increase of more than twofold in expression of that gene with ageing,
whereas negative age effect sizes (below -1) roughly correspond to
a decrease of more than 50%. Age effect sizes and adjusted P values
from the MAST model for each significant gene are reported in
Supplementary Table 3.

Giventhat non-neuronal diversity at the subclass level is less exten-
sive compared to neurons, we began our interrogation of non-neuronal
cells at the supertype level (20 supertypes total) and neurons at sub-
classlevel (132 subclasses total). We observed a wide range in numbers
of age-DE genes (total unique 2,449) across all cell types, with larger
numbers of age-DE genes seen in many non-neuronal types (Fig. 1f,g).


https://atlas.brain-map.org/
https://biorender.com

To confirm that our method of assessing age-associated changes with
MAST is robust, we also conducted further analysis using (1) pseudo-
bulk analysis®*, which groups scRNA-seq data into pseudo-bulk sam-
ples when performing differentially expressed gene analysis, and
(2) Augur®, astatistical method designed to prioritize cell types based
onthe ability to predict condition (that is, age) based on gene expres-
sion (Methods). Gene-level coefficients calculated from MAST (age
effect sizes) correlated well with those calculated using the pseudo-bulk
approach for most cell types (for example, Extended Data Fig. 6a,b),
with amean correlation coefficient of 0.72 for all cell types (Extended
DataFig. 6¢).Inaddition, prediction areaunder thereceiver-operating
curve (AUC) scores from Augur correlated highly with the number of
age-DE genes from MAST per supertype or subclass (Fig. 1g). Of note,
thereisnosignificant correlationbetween the number of age-DE genes
and the number of cellsineach type used for MAST analysis (Extended
DataFig. 6d). Taken together, these analyses provide greater confidence
inthevalidity and robustness of the age-DE genesidentified with MAST.

Most age-DE genes are cell-type-specific

Across all neuronal subclasses and non-neuronal supertypes, we found
that most of the age-DE genes were significant in only one or two sub-
classes or supertypes (Fig. 1h), suggesting that most age-DE genes
are cell-type specific. There are only a handful of age-DE genes with
significant changes in many subclasses and/or supertypes (labelled
genes in Fig. 1h), and we defined age-DE genes found in ten or more
subclasses and/or supertypes as common age-DE genes (Fig. 1h and
Extended Data Fig. 7).

Many common age-DE genes still show brain region and/or
cell-type-specific differential expression (Extended Data Fig. 7). For
example, 3222401L13Rik (a long intergenic non-coding RNA? sur-
rounded by protocadherinsinthe genome) and Sic5a5 are significantly
upregulated in 84 and 68 types, respectively, almost all of which are
midbrain, hindbrain and hypothalamic neuronal types. AC149090.1
hasincreased expression with age in 78 types spanning both neuronal
and glial types. AC149090.1 is an orthologue of Pisd, which encodes
phosphatidylserine decarboxylase, an enzyme involved in lipid
metabolism? linked to mitochondrial disease?. This gene was also
the top contributing geneinarecent study that built cell-type-specific
transcriptomic age clocks from scRNA-seq data in the mouse SVZ*.
There are also genes that have decreased expression with age across
many subclasses. For example, Ccnd1 and Ccnd2, which encode cell
cycle regulator proteins cyclin D1and D2, are downregulated in vari-
ous hypothalamic neuronal subclasses, particularly those localized to
the periventriculararea. Ccnd2is also downregulated in certain corti-
cal neurons and non-neuronal types. Altogether, these observations
suggest that different cell types demonstrate unique age-associated
gene expression profiles. As such, the remainder of the Results section
highlights observations from individual cell types, beginning with
non-neuronal types, followed by neurons and conclude with common
themes observed across all cell types with age.

Ageing affects cells in adult neurogenesis niches

First, we examined age-DE genes in non-neuronal supertypes and IMN
subclasses (Fig. 2a). Non-neuronal cell types are divided into four
classes: (1) astrocyte and ependymal-like cell types (Astro-Epen), (2) oli-
godendrocytes and their precursors (OPC-Oligo), (3) vascular cellsand
(4)immune cells. Many Astro-Epen cell types are highly region-specific?.
Thetwo IMN subclasses presentin our dataset are DG-PIREx IMN, which
contains mostly IMNs fromthe dentate gyrus localized to the subgranu-
lar zone (SGZ) that give rise to glutamatergic dentate gyrus granule
cells, and OB-STR-CTX Inh IMN, which contains IMNs originated in
the subventricular zone (SVZ) that follow the rostral migratory stream
and in the olfactory bulb differentiate into GABAergic granule cells.

For more abundant non-neuronal cell types, we also estimated
changesincell proportions with age in different brain structures using
RSTE1 (Extended DataFig. 8). At the more refined cluster level, to deter-
mine whether any of the clusters are age-biased (that is, composed of
greater or fewer aged cells than expected by chance), we calculated
odds ratio (OR) for each cluster based on the ratio of aged to adult
cells within the cluster compared to the class (Methods). Clusters
withlog,0R <-2.5or log,OR > 2.5 were considered ageing-depleted
or -enriched, respectively (Fig. 2b).

We found a wide range of age-DE genes that vary widely across cell
types. The supertypes with the greatest numbers of age-DE genes and
the highest AUC scores from Augur include those that are closely associ-
ated withthe ventricular system of the brain (Fig. 2c,d). Many of these
celltypesarelocatedin known or potential regions of adult neurogen-
esisinthebrain:the SVZthatlines the striatum, the SGZ of the dentate
gyrus and the V3 of hypothalamus (Fig. 2c,d). These cells include tany-
cytes, ependymal cells, OB-STR-CTX Inh IMN and Astro-TE_5. Tany-
cytes lining V3 (Fig. 2c) are thought to have stem-cell-like activity in
adulthood®. Astro-TE_5 is a telencephalic astrocyte supertype that
specifically colocalizes with OB-STR-CTX Inh IMN in the SVZ (Fig. 2¢).
Gene ontology (GO) term enrichment analysis (Supplementary Table 4)
across age-DE genes in these types reveals decreased expression of
genesinvolvedinregionalization, neurogenesis, and epithelium mor-
phogenesis with ageing in OB-STR-CTX Inh IMN (Fig. 2e), whereas
Astro-TE_S shows increased expression of genes involved in cell-cell
adhesion (for example, cadherin gene Cdh19) and ion channel activity
(for example, Grin2a and Grid1) (Fig. 2f and Extended Data Fig. 9a).
The top gene expression change in Astro-TE_5 is a decrease in Csmd1
(Fig. 2f), agene that has been associated with cognitive decline and
degenerative diseases such as Parkinson’s*® as well as brain comple-
mentactivity and circuit development®.

Furthermore, we found that Astro-TE_2and DG-PIREx IMN, both small
populations of cells restricted to the SGZ of dentate gyrus (Fig. 2c) that
share common marker genes such as Dscamll and Sox4 in contrast to
other astro-TE supertypes (Fig. 2g), are more depleted with age than
expected by chance (Fig. 2b). These findings suggest that neurogenesis
activity inthe SGZ decreases significantly by 18 months of age in mice,
consistent with previous studies®*,

Age-DE genesinremaining astrocyte supertypes are varied (Fig. 2f)
but many are enriched in GO terms associated with neuron projec-
tion development, synaptic membrane compartments and ion chan-
nel activity (Extended Data Fig. 9a). We estimated the changes in cell
proportions with age for the two most abundant astrocyte super-
types in the brain, Astro-TE_3 and Astro-NT_2 (Fig. 2f). Astro-TE_3,
the major astrocyte supertype in the telencephalon, does not signifi-
cantly change inabundance with age, whereas Astro-NT_2, the major
astrocyte supertype in non-telencephalic regions, shows a significant
decrease with age in its abundance in the midbrain and hindbrain
(Extended Data Fig. 8a).

Diverse responses of vascular cell types to ageing

Ageing leads to loss of integrity and function of the brain microvas-
culature®**>, We characterized age-associated changesin the vascular
cell supertypes: arachnoid barrier cells (ABCs), two types of vascular
leptomeningeal cells (VLMCs), endothelial cells, smooth muscle cells
(SMCs) and pericytes. We observed diverse sets of age-DE genes in all
vascular cell types (Fig. 2h) that show enrichment for different types
ofbiological process and molecular function (Extended Data Fig. 9b).
The GO termsindicate an upregulation of genes involved in major his-
tocompatibility complex (MHC) class 1 (MHC-I) response in endothelial
cells, such as histocompatibility (H2) genes H2-Q6 and H2-Q7, and an
upregulation of genes related to MHC class I (MHC-II) responsein ABCs,
for example, Cd74, H2-Aa and H2-Ab1 (Fig. 2h). Furthermore, there is
adownregulation of genes involved in collagen complex formation

Nature | Vol 638 | 6 February 2025 | 185



Article

a Major Neell b (]
brain structure ®1x10°  Number of Regions of adult neurogenesis
=y 3: ilgi age-DE genes log,OR
Non-neuronal ™ lgeortex © ) 3 @1 ~10° Per supertype Depleted with age per cluster  (EffficeaWithiage) svz SGZ % ) 3v W Y
s Simer <8 5570 10 200 300 400 = ) : -
Astro-NT_1 4 ° | i e =
Astro-NT_2 - ° Astro-Epen | | ’ "{'
Astro-TE_1 - ° | | A
Astro-TE 2 ° ® | 3
Astro-TE_3 - [ J i i ¥
Astro-TE 5 - ° | |
Astroependymal - ° | |
4 | |
EpT:nr;jy;nz'ael : ° | | Epengyma\ 5
E I I — :
Hypendymal 4 l _ |lowcellcount _ _ ____|___________ | P . @ Astro-TE 5 @ Astro-TE 2 @ Tanycyte
OPC - [ ] ) b T OB-STR-CTX IMN @ DG-PIR IMN @ Ependymal
cop 4 ° OPC-oligo | | ® Ependymal G Glut
NFOL + [ ] ce ! !
i ! ! Justers | d e
MJSE ] ; _ = 1 MOL clusters 10 0B-STR-CTX Inh IMN
ABC 1 SR | ) . oEpendymal - Tanycyte Regionalization _
VLMC 1 4 o | Vascular H H 0.9 A
VLMC_2 4 o |l [ w o Neurogenesis
Peri | ] ! ! 2 OB-STR-CTXInh IMN" oL Anterior/posterior -
° ! ! < Astro-TE 5 pattern specification
SMC 4 o|R I I c 08 eAstro i !
| | 3 o . orphogenesis of an -
Endo 4 _e . A LN O, 2 K Microglia epithelium
Microglia - [ | 1. 0.7 3, AM DNA—(empIa@ed
BAM 4 o | Immune : : Mllcro‘gha . * Endo Associated transcription
4 clusters
e ] : | | - whegersol L lwinage 01234
DG-PIREx IMN 4" B0l TN T o [low ool coun —adut biaced |~ ki mmmmee FomTmommes 06 S e Twithage  ~109:4F)
OB-STR-CTX Inh IMN l [ ] Immature : : Unique to this
neurons Age-DE gene count supertype or subclass
Astrocytes Vascular
9 h ~ q 1 Adult HB  Aged HB
7O . T=
o (CI L .
o SEFHSS p Endo
& & &’ & ?fge . Other cells
& & & et ’ 1
& S & & — size = HB
o A5 o o K ' T
& ISEENEEN 2 154« . .
Gene expr. 1.04 3
Agpd { @ ® 0 o Hdac9 0 Fmo2 é 2
Max. ac -
Ges{0 @ @ @ @ N H2-Q7, -2 05 * %F
Dscami1 Rasgrf2 ; g'
4« * * *
Sox4 - mef . & % Sex
Myoc Min. H2-Q6 Rasgrt2 1.0 oF
: Sans4 ® 0 oy Fmo2/" 051 W & xM
Adgvi 4 @ oxpr. (%) | Cd74 i o= E iy i
Astrocyte supertypes Emx2 4 | .5 H2-Aa//: " * P
@ Astro-NT_1 Brinp3 - @ T ® 25 H2-Ab1 “10.754 * ? .
CGsma1 @ Astro-NT 2 Dan - ® | ex0 Haaco 050
Astro-TE_1 sfip1 @75 025 {4 o $ g
= @ Astro-TE_2 @ 100 — L
@ Astro-TE_3 Relative gene R I S
- expression P @ L DB
| == @ Astro-TE 5 | L =Y -_ p D DS DS S
Low  High *P <0.05
. Immune OPC-oligo
&
i & K aqutrs gears 1 PP M aqutks Agedrs
& 3 D
» " “ | @ Microglia S ON N ppcasa D | @ MoL
Age ~Rgs7bp . " Other cell ==\ Dpyd gt o R I
effect Type 4 : er cells Type [** Je. d "ot Other cells
[ ] 5 g 0.8
* * * * S ey 0.
2 . -
1.04 o, 0.6
0 lidr2 ldr2 » b Cdhs ° oo, |04
S =Ccl3 050 * ‘# *0sq R P
vkt 1044 - Nr6at Age 287
' ffect :
0.3 Sex Maf \— et .1 1.5
Cd209a _Cold cel3 & |024 q é oF size, Abcaga | | R
. 41
Cd209g 7 01 %é M seel 2 : © |osH
Cd209b]" 01— L 0 3
Ca209f “ o2 x . -2 o e, ]
H2-Ab T~ col4 ™ i x Deya | e ey 10
H2-Eb? 0.1 ﬁ Ce et vt q05
- & pake Ky
0 —_ = 0-
—
Relative gene Relative gene « « « «
- expression vt’&; %@5 \?‘b&; q@b \?,b\i &é \?‘b&; &‘5 — expression V&\?er ‘?&\v&b \?_b&?gzb V&\?Qe‘b
Low  High P <0.05 Low  High P <0.05

Fig.2|Age-DE genesacross non-neuronal supertypes.a, Summary of the
number of age-DE genes for each of the non-neuronal supertypes as well as two
IMN subclasses, grouped by cell classes. Ncell, number of cells. b, The log,OR
ofaged versus adult cellmembership of each cluster ascompared to the total

number of aged versus adult cellmembership of the corresponding class. Each

pointrepresents one cell cluster. Rows correspond to the supertypes as labelled

ina.c, Spatiallocalization taken from the ABC-W

known and/or suspected regions of adult neurogenesis: SVZ, SGZ and V3 with

MB atlas MERFISH data of

major cell supertypes coloured. Brainsections with anatomical parcellations

areadapted from Allen Mouse Brain CCFv3. Bold

textindicates thecelltypes

thatarealso highlightedind. d, Relationship between the number of age-DE
genesand Augur AUC score for each of the non-neuronal supertypes and IMN

subclasses. Thered colour denotes top supertypes or subclass associated with
regions of neurogenesis. A linear model with a95% confidence interval of fitis

shownbythelightgrey shading. e, Select GO termsenriched in age-DE genes

from OB-STR-CTXInhIMN cells, with either increased (light grey) or decreased

(dark grey) gene expression with ageing. This analysis was performed across all
non-neuronal supertypes and neuronal subclasses. Terms that are unique toone
celltypeonlyarehighlighted witharedborder. Enriched GO terms were identified

using ahypergeometrictestand corrected for multiple testing as described in

the Methods. f,Heatmap of age effect sizes of all age-DE genes that are significant
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inatleastone Astro-TE or Astro-NT supertype, whose spatial localizationis
showninbrainsections taken fromthe ABC-WMB atlas. g, Dot plot of marker
genesforall clustersin the Astro-TE subclassin comparison with the DG-PIR Ex
IMN subclass. h,j,I, Heatmap of age effect sizes of all age-DE genes that are
significantin atleast one vascular (h),immune (j) or OPC-Oligo (I) supertype.
i,k,m, Visualization and quantification of expression of Fmo2, Rasgrf2 and Hdac9
inendothelial cells (i), /ldr2, Ccl3 and Ccl4 in microglia (k) or Cdh8, Abca8a and
Dpydin MOL (m) from hindbrain (HB) of RSTEL. Significance between ages for
spatial gene expression was tested using atwo-sided Mann-Whitney U-test.
Resultsini,kand mrepresent n =4 replicates (two biological and two technical)
per sex, age and/or region examined over one experiment. Only samples with
morethan20 cellsof that cluster wereincluded in the analysis, resulting in certain
celltypes per sex and/or age that have fewer than four replicates shown. For all
boxplots, the minimum, centre and maximumbound of the box represent the
25th, 50th and 75th percentile of the data shown, respectively. The upper and
lower whiskersrepresent the largest and smallest value within1.5 times above
orbelowtheinterquartile range, respectively. Specific sample sizes and Pvalues
areshownin the online source datafile associated with this figure (the same for
all spatial gene expression quantifications shownin other figures, as described
inthe Methods). DC, dendritic cell; Expr., expression; max., maximum;

MB, midbrain; min., minimum. Scale bars, 200 pm (c), 20 pm (i,k), 50 pm (m).



and extracellular matrix organization in pericytes, SMCs and VLMCs
(Extended Data Fig. 9b).

Endothelial cells show the greatest number of age-DE genes among
allvascular types and areranked highly with Augur (Fig. 2a,d,h). Among
all endothelial age-DE genes, genes with the greatest effect sizes are
Rasgrf2and Hdac9, whose increased expression was confirmed in situ
(Fig. 2h,i). Increase in Rasgrf2 expression in endothelial cells with age
may act as a protective mechanism, as in human vascular endothelial
cells it was suggested to act as an antiapoptotic, protective factor>®.
Hdac9 gene upregulation was previously observed in the ischae-
mic brain and it exacerbated endothelial injury®. We also observed
increased expression of Fmol and Fmo2 with age in endothelial cells
(Fig. 2h,iand Extended Data Fig. 9b). Expression of human FMO genes
has been correlated with various neurological diseases™.

We detected significant loss of endothelial cells in some regions of
the brain with age (Extended Data Fig. 8b). However, the loss of peri-
cytes was more pronounced and observedin all regions profiled. This
suggests that age-associated loss of brain vasculature integrity may
beinfluenced more by loss of pericytes than other components of the
neurovascular unit.

Pro-inflammatory age-enriched microglia clusters

Increased immune cell activation and dysfunction in the brain with
age may be a cause or consequence of neurodegenerative pathol-
ogy>. Owing to limited numbers of lymphoid and dendritic cells in
our scRNA-seq dataset, we focused the analysis of immune cells on
microgliaand border-associated macrophages (BAMs), both of which
show large numbers of age-DE genes and high AUC values from Augur
(Fig.2a,d).

BAMs show coordinated upregulation of many Cd209 genes in aged
mouse (Fig. 2j), which code for lectins that function in cell adhesion
and pathogen recognition. An increased expression in Cd209a and
Cd209b with ageing was confirmed in situ (Extended Data Fig. 9¢).
GO analysis uncovered upregulated terms with ageing that include
Cd209 genes, such asimmune response, cell adhesion, virus recep-
tor activity and monosaccharide binding (Extended Data Fig. 9¢c). We
also observed upregulation of certain H2 genes that are indicative of
anincrease in MHC-II protein response, including H2-Ab1 and H2-Eb1
(Fig. 2j and Extended Data Fig. 9d).

Inmicrogliawith ageing, we observed upregulation of lldr2, Cci3, Ccl4
and Upkib, confirmedinsituin atleast one region profiled, and down-
regulation of Rgs7bp (Fig. 2j,k and Extended Data Fig. 9e), consistent
with previous single-cell studies of ageing in microglia®*. Upk1b was
includedinthe microglia‘sensome’, asignature set of microglia genes
encoding proteins that sense endogenous ligands and microbes*°.
These genes are associated with GO terms involving inflammatory
response, cytokine production, NF-kB signalling, MHC-I protein com-
plex and others (Extended Data Fig. 9f).

Onfurther clustering of aged and adult BAMs and microglia, we iden-
tified six transcriptionally distinct clusters, five of which belong to
microgliaand express microgliamarkersincluding Cx3cr1, P2ry12, Nav3
and Trem2 (Extended Data Fig. 10a-c). The largest microglia cluster
(841_Microglia) contains roughly 94% of all microglia cells and probably
represents the homeostatic microgliaobservedin both adult and aged
brains (Extended Data Fig. 10a,d). The four other microglia clusters
are much smaller than cluster 841 and possibly represent different
states of activated microglia. Cluster 840 is very region and sex biased,
found mostly in male cerebral nuclei (specifically dorsal striatum) and
uniquely expressing many genesincluding Kcnd2 and Fgfi4 (Extended
DataFig.10c,d).

Weidentified two ageing-enriched clusters, 842_Microgliaand 843_
Microglia (Extended Data Fig. 10c,d). Both clusters show increased
expression of the antiapoptotic Bcl-2 family members Bcl2ala and
Bcl2ald, which have been shown to increase in a variety of cell types

with cell senescence®, as well as increased expression of cell senes-
cence marker Cdknla (Extended Data Fig. 10c), consistent with pre-
vious studies detecting the accumulation of senescent microgliain
aged mouse brain****, In addition, we found cluster-specific markers
resembling those found by Hammond et al. in their scRNA-seq study
profiling microglia throughout mouse lifespan*. By performing label
transfer from their dataset to ours (Methods), we aligned our clusters
842 and 843 to Hammond’s two ageing-enriched microglia clusters,
OA3 and OA2, respectively (bottom bar of Extended Data Fig. 10d).
Similar cluster-specific genes are expressed in our two ageing-enriched
clusters, including increased expression of Ifit2, Ifit3, Oasl[2 and other
interferon-response genesin 842, and increased expression of inflam-
matory markers such as Cst7and Lplin 843 (Extended Data Fig.10c). GO
analysis of unique marker genes inthese two clusters revealed enrich-
ment of interferon signalling terms in 842, and of other immune cell
proliferation and activation terms such as tumour necrosis factor pro-
duction and C1q complex in 843 (Extended Data Fig.10e,f).

Whereas there were no significant changes in BAM abundance with
age across brain regions, we observed significant increases in pro-
portions of microglia in subcortical regions including midbrain and
hindbrain, but not in the isocortex (Extended Data Fig. 8c). Reports
of changes in numbers of microglia in rodents varied by region and
study**™*, and our data support the idea that changes in microglia
abundance with age vary by brain regions.

Myelination-related changes in oligodendrocytes

The OPC-Oligo cell class contains oligodendrocyte precursor cells
(OPCs) and transitioning and mature oligodendrocytes (MOLs). We
resolved the oligodendrocyte population into the following super-
types: committed oligodendrocyte precursors (COPs), newly formed
oligodendrocytes (NFOLs), myelin-forming oligodendrocytes (MFOLSs)
and MOLs, following Marques et al.*® and the ABC-WMB atlas. MOLs
are the myelinating cells that make up most of the white matter in the
brain by creating and maintaining the myelin sheaths that encase and
protect axons as they traverse the brain. Brain-wide decrease in white
matter volume with normal ageing has been well-characterized***° and
correlates with cognitive decline®*2,

Across these supertypes, we observed the greatest number of age-DE
genes in MOLs (Fig. 2a,d). Age-DE gene signatures of OPCs and MOLs
differ notably, whereas OPCs and COPs show more overlapping age-DE
genes consistent with their developmental trajectory (Fig. 2l). Thereis
astrongincreaseinexpression of Abca8a, Cdh8and Dpydin MOLs, con-
firmed insitu (Fig. 2I,m). Increased expression of Abca&8a (ref. 53) and
Dpyd*>*with ageing points to an alteration in myelin maintenance capac-
ity in MOLs. We also observed and spatially confirmed the increased
expression of Mafand Nréal in OPCs (Fig. 21 and Extended Data Fig. 9g).
Mafencodesatranscription factor that heterodimerizes with transcrip-
tion factor Nrf2, and altered brain expression of Nrf2and Mafhas been
associated with cognitive impairment and OPC senescence>®,

GO analysis showed an enrichment in transporter activity in down-
regulated OPCs and an enrichment of GO terms related to lipid biosyn-
thesis and transport in both down- and upregulated age-DE genes in
MOLs (Extended Data Fig. 9h,i). As myelin is primarily made of lipids,
alterations in lipids suggest that myelin sheath integrity may be com-
promised with ageing, a pattern that was observed in the transcrip-
tomes of human Alzheimer’s disease brain cells”.

Hindbrain enrichment of ageing oligodendrocytes

Of the four classes of non-neuronal cells, the OPC-Oligo class has
the greatest number of age-biased clusters (Fig. 2b), including a bias
towards adult cellsin transitioning COP, NFOL and MFOL types, and a
bias towards aged cells in two MOL clusters (Fig. 3a,b). We confirmed
the loss of COP, NFOL and MFOL types with age in situ (Fig. 3¢,d and
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Fig.3|Ageing-enriched MOL clusters are observed in hindbrain. a, UMAP of
allOPCandoligodendrocyte transcriptomes coloured by supertype, age and
major brainstructure.b, Constellation plot representing OPCand oligodendrocyte
clusters using UMAP coordinates shownina. ¢, Spatial locations of OPC-Oligo
supertypesfromrepresentative samplesin theisocortex from RSTEL.

d, Quantification of OPC-Oligo supertype cell density in the isocortex. Density
quantifications for three other regions are shownin Extended Data Fig. 8d. e, Bar
graphs of each OPC-Oligo cluster by major brainstructure, sex, donor and age
(top) and dot plots of marker genes for each cluster (bottom). f, In situ spatial
localization of ageing-enriched MOL clusters 816 and 819 in representative
samples of aged and adult hindbrain from RSTE1. g, Quantification of density
of MOL clusters 816 and 819 across four brainregions fromRSTE1. CTX, isocortex;
STR, striatum. Significance between changesin density fromd and g are tested
using atwo-sided Mann-Whitney U-test. h, Zoom-in view of cells highlighted in

Extended DataFig.8d), suggesting diminished production of new MOLs
withage. We observed expected expression of OPC marker genes such
as Cspg4 and Pdgfrain all OPC clusters, Arhgap24 in COP, Cemip2in
NFOL, SynprinMFOL and Apod and Prr5lacross MFOL and MOL clusters
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816 MOL
819 MOL

Other MOL
Other cells

fshowing precise spatial locations of mRNA molecules of Apod, Opalin, Hopx
and Art3.1, Quantification of expression of genes showninhacross allMOL
clusters. Significance between clusters was tested using an analysis of variance
and Tukey’s honestly significant difference test.j,k, Select GO terms enriched
inage-DE genes of MOL clusters 816 (j) and 819 (k). Resultsind, gand irepresent
n=3-4replicates from RSTE1 per sex, age and region examined over one
experiment. Forgandi, only samples with more thanten cells of that cluster
wereincluded in the analysis, resulting in certain cell types per sex and/or age
that have fewer than four replicates shown. For allboxplots, the minimum, centre
and maximumbound of the box represent the 25th, 50th and 75th percentile of
thedatashown, respectively. The upper and lower whiskers represent the largest
and smallest value within 1.5 times above or below the interquartile range,
respectively.Scalebars,200 pm (c), 100 pm (f).

(Fig.3e). Asexpected, Mbp expression s higher in maturing and mature
cells thanin OPCs.

The two ageing-enriched MOL clusters, 816 and 819, are mostly
derived from hindbrain regions, as is their closest, unbiased MOL



cluster, 815, which all express unique markers that are absentin other
MOL clusters, including Hopx, Nkx2-9 and Anxas (Fig. 3b,e). Clusters
815 and 816 do not express Opalin, a gene commonly considered as a
MFOL-and MOL-specific marker. The ageing-enriched clusters 816 and
819 have specific marker genes unique to them, including Ar¢3, Adgrgé,
Prkag3and Slc9b2. Cluster 816 also shows unique expression of the cell
senescence marker Cdknla. Whereas senescent astrocytes and micro-
gliahave been observedinthe ageingbrain, whether oligodendrocytes
undergo cellular senescence with ageing remains unclear to date®,

Across the four regions profiled (isocortex, striatum, midbrain,
hindbrain), we identified an enrichment of cells mapping most simi-
larly to ageing clusters 816 and 819 in the aged hindbrain samples,
consistent with hindbrain enrichment observed from scRNA-seq data
(Fig. 3f,g). There are more 816 cells than 819 cells in the spatial data,
similar tothoseinthe scRNA-seq data. Itis worth noting that whereas
819 appears to be a male-biased cluster in the scRNA-seq data, the
in situ cells most closely mapping to it are detected in both male and
female animals. Marker gene levels in the spatial data resemble those
inscRNA-seq, including low Opalin expressionin 815and 816, expres-
sionof Hopxinhindbrain-enriched clusters, aswell asArt3and Cdknal
expression in 816 (Fig. 3h,i).

GO enrichment analysis on marker genes specificto clusters 816 and
819 separately revealed broad terms of system development and cell
differentiation enriched in both sets of marker genes (Fig. 3j,k). For 816,
thereisaunique enrichment of genes involved in the caveolar macro-
molecular signalling complex, including Cav1 and Cav2 (Fig. 3e), and
anenrichment of genesrelated to plasma membrane raft assembly. For
819, there is an enrichment of neuronal structure (dendrite, axon and
synapse) genes, as well as an enrichment of genesrelated to gliogenesis.

Altogether, these results confirmthe previously observed decrease
inMOL development with age and identify two previously undescribed
ageing-enriched MOL clusters that are predominantly found in the
hindbrain, one of which is Opalin-negative and shows markers of cel-
lular senescence.

Changes in ependymal cells and tanycytes with age

Two cell types showing the greatest transcriptomic changes with age
areependymal cells and tanycytes (Fig. 2d), which are small populations
of specialized glia that line specific ventricles in specific regions of the
brain. They arerelated to astrocytes and belong to the Astro-Epen class
inthe ABC-WMB atlas (Fig. 4a). Ependymal cells are ciliated glia that
line all the ventricles within the brain and the central canal of spinal
cord and assistin the circulation of cerebrospinal fluid throughout the
ventricular system®, Tanycytes line the ventral and ventrolateral sides
of V3 in the hypothalamus and possess a single long protrusion that
projectsinto the nearby parenchyma®’. Tanycytes have been shown to
contribute to various functionsin the hypothalamus, including forming
theblood-brainbarrier at circumventricular organs (CVOs, regions of
the brain characterized by the presence of highly permeable vessels
with fenestrated endothelium)**¢°, regulating nutrient sensing and
hormonesignalling®, as well as showing adult neurogenic ability that
may actas anadaptive mechanismin response to external factors such
as physical activity and diet®"**. We found similar sets of age-DE genes
and GO terms enriched with age in these two subclasses, but not the
other Astro-Epensubclasses (Fig. 4b). We spatially identified tanycytes
and ependymal cells lining V3 (Fig. 4c). There is a dorsal-to-ventral
transition between the two cell subclasses based on marker genes
Gpr50 for tanycytes and Tm4sfI for ependymal cells (Extended Data
Fig.11a), allowing us to visually confirm and interrogate gene expres-
sion changes with age.

In ependymal cells and to a lesser extent in tanycytes, there is
increased expression with ageing of many interferon-response genes,
such as Ifi27, Ifit1, Ifit3 and Oasl2 (Fig. 4b). We confirmed increased
expression of Oasl2 and [fitl inependymal cells in situ (Fig. 4d). There

isalsoincreased expression in genes involved in the MHC-I response,
including B2m, Bst2, H2-K1 and H2-D1, across both cell subclasses but
more strongly in ependymal cells (Fig. 4b). These age-DE genes con-
tribute to an enrichment of GO terms related to immune response,
MHC-Iprotein complex, as well as interferon-mediated signalling that
is unique to ependymal cells (Extended Data Fig. 11b).

Among genes with the strongest decrease in expression with
ageing in both cell subclasses are the cell cycle gene Ccnd2 and
cadherin-associated protein gene Ctnna2, which were also con-
firmed in situ (Fig. 4b,d). Ccnd2 has been shown to play an important
role in adult neurogenesis®. Ctnna2is involved in the regulation of
neuron migration and neuron projection development®*. GO analy-
sis revealed enrichment of terms with decreased gene expression
related to neurogenesis, neuron differentiation, dynein complex and
microtubule-based movement in tanycytes (Extended Data Fig. 11b),
suggesting a decrease in neurogenic potential in tanycytes with ageing.

Toinvestigate changes with age at the finer cell-type level, we further
clustered both tanycytes and ependymal cells. Because our original
tanycyte scRNA-seq dataset was unbalanced towards alarger number
of aged cells, we added adult cells from the ABC-WMB atlas dataset®
that were originally excluded because they came from mice housed
under reversed light/dark cycle (Methods). We confirmed that there
isnosignificant effect of light/dark cycle on tanycyte clusteringin uni-
form manifold approximation and projection (UMAP) space (Extended
DataFig.11c).

After clustering, we defined six tanycyte and three ependymal clus-
ters (Fig. 4e). The six tanycyte clusters showed unique sets of marker
genes (Extended Data Fig. 11d) mostly aligning with different known
subtypes of tanycytes®, To estimate the spatial location of each tany-
cyte cluster, we examined cluster labels from the adult tanycyte cells
and their annotated locationsin the ABC-WMB spatial atlas® (Extended
DataFig.11e). We found representation of nearly all adult whole-brain
tanycyte clusters: cluster 792 represents tanycytes from rostral V3,
clusters 794 and 795 represent the most dorsal al subtype (aligned
with the dorsomedial (DMH) and ventromedial (VMH) nuclei of the
hypothalamus), 793 represents the a2 subtype (aligned with dorsal
and mostly posterior ARH), 796 represents the 1 subtype (aligned
with the ARH) and 797 probably represents a mixture of subtypes 31
and 2 (aligned with the median eminence, ME) (Fig. 4f and Extended
DataFig.11e). Using these annotations, our correlation mapping of the
RSTE3 data revealed concordance of some of these clusters in situ in
both aged and adult tissue, supported by consistent tanycyte marker
gene expression (Extended Data Fig. 11d,f). Specifically, we consistently
detected clusters 795,796 and 797 in RSTE3 (Fig. 4g), but not clusters
792,793 and 794 due to the probable rarity of these types in the par-
ticular RSTE3 sections. Among the major tanycyte clusters detectedin
RSTE3, we found variationin age-DE gene expression along the dorsal-
ventral axis. The most ventral cluster 797, which is made up of mostly
B2tanycytes, shows agreaterincreasein expression of H2-K1, whereas
the more dorsal 795 (a1) and 796 (B1) clusters show a stronger increase
in expression of Ifi27 (Fig. 4h,i).

Amongthe tanycyte clusters, one cluster, 794, probably representing
asubset of al tanycytes, appears to be depleted in aged tissue (Fig. 2b
and Extended Data Fig. 11d). Cluster 794 expresses a glutamate trans-
porter gene Slc17a8, regarded as a marker for a1 tanycytes®. This is
the only tanycyte subtype that may have full neural stem cell or neuro-
spherogenic potential®®®, soloss of SlcI7a8with age may be indicative
ofloss of neurogenic potential. Furthermore, GO terms enriched in the
genes unique to this cluster are related to neuron structure, synapse,
projection, and morphogenesis (Extended Data Fig. 11g). However,
we did not find evidence of a loss of this cluster with age in situ. This
could be due to inconsistent sampling of tanycyte clusters across the
anterior to posterior axis of the V3 area.

The three ependymal cell clusters show unique gene markers and
were isolated from different regions of the brain, with cluster 800
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Fig.4|Age-associated changesin tanycytes and ependymalcellslining
theV3.a, UMAP of all Astro-Epen cell subclasses coloured by subclass and major
brainstructure. b, Heatmap of age effect sizes of top age-DE genesin tanycytes
and ependymal cells. The asterisk denotes statistical significance (see subclass
level criteriain the Methods). ¢, Tanycyte and ependymal cell body locationsin
select samples from RSTE3. Brain section with anatomical parcellationis adapted
from Allen Mouse Brain CCFv3. d, Spatial localizationin representative samples
from RSTE3 and corresponding gene expression quantification of Oasl2, Ifit1,
Ccnd2and Ctnna2across ependymal cells and tanycytes in V3. Only samples
withmorethan 20 cells of each subclass areincluded in the quantification.

e, UMAP of tanycyte and ependymal cell transcriptomes with extra adult cells
from ABC-WMB atlas included, coloured by cluster, subclass, age and brain
structure. f, Constellation plot of tanycyte clustersin e, correlated with classical
tanycytesubtypes. g, Spatiallocalization of tanycyte subtypesin V3 inexample

found in both midbrain and hindbrain, 798 found in mostly midbrain
and hypothalamus, and 799 mostly found in midbrain (Extended
Data Fig. 11h). Cluster 799 consists almost entirely of aged cells, and
thusis assigned ageing-enriched (Fig. 2b and Extended Data Fig. 11h).
Unique marker genes for this cluster include interferon-response genes
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samples from RSTE3. h-i, Zoomed-inimages (left) of boxed areas (g) and
quantification (right) of gene expression of H2-K1 (h) and Ifi27 (i) in each subtype
fromRSTE3.j, Spatial localization ofimmune cells around V3 in example samples
from RSTE3.k, Mean cellnumber of BAMs and microglialocalized within150 pm
of different V3 celltypes. Significance between ages for spatial gene expression
was tested using a two-sided Mann-Whitney U-test.Resultsind, h,iand k
representn =4biological replicates from RSTE3 per sex and/or age from
hypothalamusregion. Only samples with more than ten cells of that cluster were
includedin the analysis, resulting in certain cell types per sex and/or age that
have fewer than four replicates shown. For all boxplots, the minimum, centre
and maximum bound of the box represent the 25th, 50th and 75th percentile
ofthe datashown, respectively. The upper and lower whiskers represent the
largest and smallest value within 1.5 times above or below the interquartile
range, respectively.Scalebars, 100 pum (c,g), 50 pm (h), 150 pm (j).

ligp1,Irf7, Ifi44 and H2-Q4, all genes that areinvolved ininnate immune
response, immune response to virus, cytokine signalling, and other
similar GO terms (Extended DataFig. 11h,i), suggesting an upregulation
ofimmune response with ageingin a distinct group of ependymal cells
mostly located in the midbrain.



Given the upregulation of immune response genes in ependymal
cells and tanycytes at V3, we next assessed if there is an increase in
recruitment of immune cells to this area with ageing. We used spatial
dataset RSTE3 and calculated the total number of microgliaand BAMs
within a150 pm distance of each cell lining V3, grouping them into
broad categories from dorsal to ventral positioning: ependymal cells,
tanycyte clusters 795,796 and 797. Although we did not find significant
changein numbers of microglialocalized around different parts of V3,
thereisasignificantincreaseinlocalization of BAMs near cluster 797,
the most ventral cells (B2 tanycytes) located in the median eminence
(Fig. 4j,k). Coupled with previous observations of increased microglia
and BAM activation in CVOs compared to other brain regions, even
in normal adult tissue®, this suggests that CVOs such as the median
eminence may be areas that drive increased inflammationin the brain
with ageing.

Hypothalamic neuronsin energy homeostasis and
ageing

Next, we examined changesin neurons with age. Asmentioned above,
the greatest numbers of age-DE genes and Augur predictive scores
were seen in hypothalamic neurons, as well as a handful of other neu-
ron subclasses (Figs. 1f,g and 5a). There are five classes of hypotha-
lamic neuronsinour ageing scRNA-seq dataset, thatis, CNU-HYa Glut,
CNU-HYa GABA, HY GABA, HY Glut and HY MM Glut (MM standing
for medial mammillary nucleus), which are confirmed by Sic17a6 and
Slc32al expression (Fig. 5b and Extended Data Fig. 12a). Under these
classes, there are 29 subclasses that show unique marker gene expres-
sion (Extended Data Fig. 4 and Supplementary Table 2), altogether
capturing the vast cell-type complexity reported in the adult mouse
hypothalamus®. The subclasses with the greatest numbers of age-DE
genes are those in hypothalamic regions proximal to V3, including
ARH, DMH and PVH (Fig. 5a,c). Many of these subclasses show spe-
cificexpression of transcription factors 7hx3and Otp (Extended Data
Fig.12b).

We further investigated these neurons at the cluster level, spe-
cifically those in the six subclasses each with more than 50 age-DE
genes (Fig. 5c,d and Extended Data Fig. 12b,c). Neurons in the ARH
and DMH are known for, among many functions, their critical role in
regulating energy homeostasis and satiety response. Many clusters
within these subclasses have highly specific expression of neuropep-
tides, neuropeptide receptors and hormone genes that are involved
infood intake, energy metabolism, satiety and endocrine signalling
pathways. For example, cluster 325_DMH-LHA Gsx1 Gaba has high
expression of Lepr (leptin receptor) and GlpIr (glucagon-like peptide
1receptor), cluster 331_TU-ARH Otp Six6 Gaba has high expression of
Agrp (agouti-related peptide) and Npy (neuropeptideY), and cluster
374_ARH-PVp Tbx3 Glut has high expression of Pomc (proopiomelano-
cortin) (Fig. 5d and Extended Data Fig. 12b). The well-characterized
AgRP-POMC signalling circuit is localized to the ARH. Agrp/Npy and
Pomc neurons stimulate or inhibit food intake, respectively®®’° and
are among the neuronal types that show the greatest numbers of
gene expression changes under diet perturbation, including fasting
and high-fat diets”.

We found that among the clusters with the greatest numbers of
age-DE genes are the Lepr’/Glplr* cluster 325_DMH-LHA Gsx1 Gaba,
the Agrp'/Npy' cluster 331_TU-ARH Otp Six6 Gaba, cluster 350_ARH-PVp
Tbx3 Gaba, which shows high expression of Npy5r, a receptor of neu-
ropeptide Y, and cluster 387_PVH-SO-PVa Otp Glut, which shows spe-
cific expression of Crh, a gene that encodes corticotropin-releasing
hormone (Fig.5d and Extended Data Fig.12b). The stress hormone Crh
isamajor player in the hypothalamic-pituitary-adrenal axis that can
become dysregulated with age”.

Amongthe GO terms enriched with age-DE genes from the Agrp*/Npy*
neuron cluster, 331_TU-ARH Otp Six6 Gaba, we saw enrichment of genes

involved in various neuromodulatory pathways, including serotonin
receptor (Htr1b), cannabinoid receptor 1(CnrI) and histamine H3 recep-
tor (Hrh3) (Fig. 5e). We also observed upregulation of circadian rhythm
genes (forexample, Bhlhe40, Bhlhe41,Nr1d2, Per3) and downregulation
of genes involved in neuronal structure and synaptic signalling (for
example, Grm8, Grikl, Gabra5) with ageing. Whereas cell clusters of this
subclass are found in both ARH and the tuberal nucleus (TU), cluster
331isspecifically localized to ARH (Fig. 5f). The increased expression of
circadianregulator gene Bhlhe41and decreased expression of cell cycle
gene Ccnd2 and metabotropic glutamate receptor Grm8 with ageing
was confirmed in situ (Fig. 5g and Extended Data Fig. 12d).

In the Lepr'/Glpir' cluster, 325 DMH-LHA Gsx1 Gaba, we found
increased expression of MHC-I genes (for example, B2m, H2-K1, H2-D1I)
inaged brains, as well as anincrease in expression of genes related to
steroid and cholesterol metabolism (for example, Abcal, Idi1, Ldlr,
Msmol, Srebf2) and neuropeptide hormone activity (for example, Gal,
Oxt, Vgf) (Fig. Sh). Significant differential expression of these genesis
limited to cluster 325 and not other DMH-LHA clusters, demonstrating
the highly specialized nature of these age-associated changes to this
small cluster of cells. Among the three DMH-LHA Gsx1 Gaba clusters,
325is localized to the DMH and shows in situ confirmed increased
expression of H2-K1and B2m, genes associated with MHC-I response
(Fig.5i,j). Whereas expression of MHC genes is most commonly associ-
ated withnon-neuronal cells, particularlyimmune cells, there are some
reports of MHC-1 gene expression in neurons, mostly associated with
viralinfections and neurodegenerative disease”. To our knowledge it
hasnotyet beenreported inthe context of normal ageing in neurons.

Curious whether other neuron clusters in the hypothalamus also
demonstrate an increase in MHC activity, we examined GO terms
from all clusters and found a strong increase in MHC-I gene expres-
sionin cluster 389_PVH-SO-PVa Otp Glut_4 (Extended Data Fig. 12e).
Clusters 389 and 390 in PVH-SO-PVa Otp Glut 4 supertype are highly
localized to the retrochiasmatic supraoptic nucleus (rSO) (Extended
DataFig.12f), have strong expression of neuropeptide genes Avp (argi-
nine vasopressin) and Oxt (oxytocin), respectively (Fig. 5d), and both
show increased expression of H2-K1with ageinginsitu (Extended Data
Fig.12g). Coincidentally, all the clusters that show anincreasein MHC-I
activity also show distinctive expression of Glp1r (Fig.5d), anintriguing
result considering recent studies reporting anti-inflammatory effects
of Glp1lonvarious tissues including the brain™.

Hindbrain neuron types sensitive to ageing

Inadditionto the above hypothalamic neuron types, the greatest num-
bers of age-DE genes and Augur predictive scores are also seenina
handful of other neuron subclasses, including L4 RSP-ACA Glut and
PRP-NI-PRNc-GRN Otp Glut (Figs. 1f and 5a, Extended Data Fig. 13a).

The hindbrain neuron subclass PRP-NI-PRNc-GRN Otp Glut shows
strong and specific expression of transcription factors Otp and Evx2
(Extended Data Fig.13b). Neuronsinthis subclass are located in specific
nucleiinboth ponsand medulla, but because we did not profile medulla
inthis study, we only observed the supertypes localized to the nucleus
incertus (NI) and caudal pontine reticular nucleus (PRNc) in pons, which
include supertypes 2-4 (Extended Data Fig. 13b). Among the GO terms
enrichedinage-DE genes observed in this subclass, we saw adecrease
in synaptic signalling and neuronal structure genes, similar to many
otherneurontypes, aswell as decreased expression of genesinvolved
inephrinreceptor signalling (Epha3, EphaS$, Epha?) and kainate selec-
tive glutamate receptor signalling (Grik3, Grik4), which are uniquely
enriched in only this subclass (Extended Data Fig. 13¢,d). Although
we did not see a specific cluster within this subclass that drives these
changes (probably due to small cell numbers), the largest age effect
sizes were observed in clusters 692 and 694, which also express genes
related to food intake and energy homeostasis including Lepr and Npy
(Extended Data Fig.13b,d).
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Fig.5|Hypothalamic neurontypesshowing the greatest age-associated
changesareinvolvedin energy homeostasis. a, Relationship between the
number of age-DE genes and Augur AUC score for each neuronal subclass. Linear
modelwith 95% confidenceinterval of fitis shown by the light grey shading.

b, UMAP of all hypothalamic (HY) neurons coloured by class and age. ¢, Same
UMAP fromb with only the six subclasses having more than 50 age-DE genes
highlighted, and the spatial locations of these subclasses taken from the ABC-
WMB atlas in comparison with the HY subregion delineation in Allen Mouse
Brain CCFv3.d, Dot plot of expression of the canonical genesinvolved in feeding
behaviourand energy homeostasis for clusters from hypothalamic neuron
subclasses with the greatest numbers of age-DE genes. e, Select GO terms
enrichedinage-DE genes from cluster 331_TU-ARH Otp Six6 Gaba (left) and
heatmap of age effect sizes for select genes belonging to major enriched GO
terms for all TU-ARH Otp Six6 Gaba clusters (right). Asterisks denote significant
changes. f, Spatial localization of all TU-ARH Otp Six6 Gaba clustersin
representative samples from RSTE4. g, Zoomed-in view of boxed areasin f
coloured by cluster or expression of Agrp and Ccnd2 (left), and quantification

Reduced IEG response in L4 RSP neurons with ageing

Oneof the neuronal subclasses having the greatest numbers of age-DE
genes and Augur predictive scores is L4 RSP-ACA Glut, a distinctive
type of cortical area-specific excitatory neurons that reside in RSP
and, toalesser extent, ACA (Fig. 5a and Extended Data Fig.13a,e). This
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of expression of these two genes from RSTE4. h, Select GO terms enriched in
age-DE genes from cluster 325_DMH-LHA Gsx1Gaba (left) and heatmap of age
effectsizes forselect genesbelonging to majorenriched GO terms for all
DMH-LHA Gsx1Gaba clusters (right). i, Spatial localization of all DMH-LHA Gsx1
Gabacclustersinrepresentative samples from RSTE3. j, Zoomed-in view of
boxedareasinicolouredby cluster or expression of H2-K1and B2m (left), and
quantification of expression of these two genes from RSTE3. Significance
between ages for spatial gene expression was tested using atwo-sided Mann-
Whitney U-test. Results represent n = 4 biological replicates per sexand/or age
from RSTE4 (g) and RSTE3 (j), respectively. Only samples with more thanten
cellsof that cluster were included in the analysis, resulting in certain clusters
per sex/age that have fewer than four replicates shown. For all boxplots, the
minimum, centre and maximumbound of the box represent the 25th, 50th and
75thpercentile of the datashown, respectively. The upper and lower whiskers
represent the largest and smallest value within1.5 times above or below the
interquartile range, respectively. Scale bars, 100 pm (f,j), 50 pum (g), 200 um (i).

subclass hasbeen shown as amidline-projecting neurontype involved
inthe mouse default mode network (DMN) that mediates resting state
cortical activity”. The GO terms with the greatest enrichment in L4
RSP-ACA Gluthave adecreasein genesinvolvedinvisual system devel-
opment, microRNA transcription and collagen network, and there is
adecreased expression of Pde7b (Extended Data Fig.13e). Notably, an



unusually large number (17) of immediate early genes (IEGs), a suite
of genes activated rapidly in response to awide variety of stimuli (see
Supplementary Table 3 for acompletelist), are mostly decreasing with
agein L4 RSP-ACA Glut neurons (Extended Data Fig. 13f). Furthermore,
amongnon-lIEG age-DE genesin L4 RSP-ACA Glut, thereis an enrichment
of downregulated genes that aretargets of an IEG, £grI (Extended Data
Fig.13g). Althoughwe cannot rule out the potential technical confounds
for IEG activation during tissue preparation of scRNA-seq libraries,
the fact that L4 RSP-ACA cells have more substantial IEG changes with
age than other cell types, and that they were implicated in a highly
connected part of the mouse DMN”, suggest that these changes may
reflect biological changesin DMN activity with ageing.

Common signatures of ageing across cell types

Finally, to reveal common biological processes that are changing
(driven by either increased or decreased gene expression) across
many cell types in all profiled brain regions, we clustered the most
common GO terms thatare enriched across all neuron subclasses and
non-neuronal supertypes and visualized themin amatrix coloured by
significance score of each term (Fig. 6a and Supplementary Table 5).

We observed many common biological processes that are enriched
across several cell types. For example, there is a decrease in expres-
sion of genes related to collagen network and extracellular matrix,
mostly driven by different collagen genes (for example, Col4a2, Colla2
and Col3al) in pericytes, SMCs and VLMC supertype 2 (Extended Data
Fig.14a), consistent with decreased structural integrity and collagen-
ous remodelling observed in brain vasculature with age’™. There are
also certain biological terms that change in opposite directions for
different cell types. For example, GO terms related to cholesterol and
lipid metabolism show decreased expression with ageing of associated
genes in MOLs but increased expression in the hypothalamic neuron
subclass DMH-LHA Gsx1 Gaba (Extended DataFig.14b). These terms are
partially drivenby overlapping sets of genes, including Dhcr24, Hmgcs1
and/dil, as well as genes that are uniquely changing in one type or the
other.Adecreaseinlipid biosynthesis with ageing is consistent with a
loss of lipid-rich myelin integrity and productionin MOLs”’. Although
itis unclear what this may mean in DMH-LHA Gsx1 Gaba neurons, the
fact that this subclass shows a strong age response (Fig. 5a), contains
clusters with strong Lepr and Glp1r expression (Fig. 5d), and is one of
the only few neurontypes showingincreased MHC-1 activity with age-
ing (Fig. 5d,h-j) is intriguing.

Across most non-neuronal cell types, terms related to immune
response and cell migration are highly enriched in genes withincreased
expression with ageing, particularly inimmune cells including micro-
glia and BAMs (Fig. 6a). Within these immune terms, we identified
specific changesin MHC-1or MHC-Il antigen-presentation response that
overlap in many cell types: both non-neuronal and neuronal. Specifi-
cally, thereis asignificant upregulation of MHC-Iresponse in microglia,
tanycytes, ependymal cells, endothelial cells,and DMH-LHA Gsx1 Gaba
neurons, whereas there is a strong upregulation of MHC-1lin BAMs
and ABCs (Fig. 6b). MHC-1and MHC-Il upregulation s partially driven
by an upregulation in histocompatibility (H2) genes (Fig. 6b). MHC-I
responses appear to be driven by different H2 genes in different cell
types. Allbut one of the cell types that have increased MHC-I responses
show anincrease in H2-D1 and H2-K1 expression with ageing, whereas
only endothelial cell MHC-I response is driven by H2-Q4, H2-Q6 and
H2-Q7,and ependymal cells are the only type that shows a significant
increase in H2-T23. By contrast, MHC-Il activities in BAMs and ABCs
are largely driven by the same H2 genes (for example, H2-Aa, H2-Ab1,
H2-DMb1, H2-Eb1 and H2-DMa).

Across neurons, the most common GO terms enriched in age-DE
genes arerelated toneuron development, function and structure (for
example, neurogenesis, neuron development, presynapse, postsyn-
apse, axonguidance, and dendrite). These terms are primarily enriched

ingeneswith decreased expression with ageing. Asthese termsare very
broad and span many different gene sets that cover various functional
pathways, weinterpreted them as being indicative of general neuronal
function. Specifically, we found 16 different neuron subclasses with
enrichment of one or more ‘neuronal function’ terms, with the greatest
numbers of neuron types coming from the cortex and hypothalamus
(Extended DataFig.14c). We also observed a decrease in neuronal func-
tion terms in some non-neuronal types, that is, MOLs, VLMC super-
type 1, ependymal cells, tanycytes and certain astrocyte supertypes
(Extended Data Fig. 14¢).

Last, atindividual gene level, we found certain neuronal genes that
are downregulated across a handful of neurontypes, including Robol
and Semaéd, both of which code for axon guidance proteins (Fig. 6c).
However, most genes are uniquely downregulated in individual neu-
rontypes (Fig. 6¢), further demonstrating that most neurons possess
unique ageing signatures.

Discussion

A gradual loss of homeostasis across many aspects of cellular and
organismal function occurs with ageing. Many of these themes, or hall-
marks, of ageing, including genomic instability, epigenetic alteration,
chronicinflammation, cellular senescence, and deregulated nutrient
signalling, have been observed in many invertebrate and vertebrate
species?. However, the mechanisms that govern systemic ageing at
the organismal level across complex tissue types and organ systems
remain unclear. Furthermore, it is poorly understood if certain cell
types are more vulnerable than others to specific aspects of ageing.

In this study, we present a large-scale, comprehensive single-cell
transcriptomic atlas and comparative analysis of young adult and
aged mouse brains. Large cellnumbers, high quality of transcriptomes
and detailed annotation of cell types using the ABC-WMB atlas ena-
bled us to precisely pinpoint the regions and cell types in the brain
vulnerable to ageing. Consequently, we identified a large set (2,449)
of genes showing age-associated differential expression in specific
celltypes throughout the brain (Fig. 1f,h and Supplementary Table 3).
Some of these gene expression changes are strong enough to drive
the emergence of transcriptionally distinct cell clusters that are either
enriched or depleted in the aged brain, including small populations
of IMNSs, astrocytes, tanycytes, ependymal cells, oligodendrocytes
and microglia (Fig. 2b).

We find evidence supporting some of the established hallmarks of
brain ageing, while pinpointing specific cell types in the aged mouse
brainas main contributors to these hallmarks (summarizedin Fig. 6d).
Theseinclude (1) stem-cell exhaustion as seen through the depletion of
IMNs and certainastrocyte populationsin regions of adult neurogenesis
(Fig.2c-e), (2) increased immune response and inflammation as shown
by the ageing-enriched pro-inflammatory microglia clusters (Extended
DataFig. 10) and increased expression of genes involved inimmune
response, inflammationand MHC antigen presentation across various
non-neuronal and neuronal types (Fig. 6a,b), (3) deteriorated neuronal
network structure and activity asindicated by an observed decreasein
new myelination due to the depletion of immature oligodendrocyte
celltypes and altered gene expressionin MOLs (Fig. 3), and decreased
expression of genes involved in neuronal signalling and structural
integrity inalarge number of neuronand astrocyte types (Fig. 6a,c), and
(4) dysregulated nutrient signalling and energy homeostasis through
changesin gene expression related to both neuronaland immune func-
tions observed in tanycytes, ependymal cells and neurons localized
around the V3 of the hypothalamus (Figs. 4 and 5).

Dysregulated nutrient sensing and the gradual loss of energy
homeostasis is a main area of ageing and longevity research. Moreo-
ver, caloric restriction and intermittent fasting have been shown to
delay ageing-associated structural and functional decline and increase
longevity across several animal species’. The cell types with the most
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each GO term, with positive or negative scores assigned toincreased or decreased
gene expression withageingin each term. Boxed areas show groups of related
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MHC-Iand MHC-11 activity (left) and age effect sizes of select H2 genes (right)
forselectcell types. Asterisks denote significant age-DE genes as defined by
adjusted P< 0.01and abs(age effect size) greater than one. ¢, Distribution of
the number of cell types for which agene belonging to a neuronal signalling or
structure termis significant.d, Summary of major trends in ageing-associated
geneexpression changes, includingincreasedimmune response and decreased
neuronal functionin different cell types. Schematic in d was created using
BioRender (https://biorender.com).
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prominentage-related gene expression changes around the V3, includ-
ing tanycytes, Agrp” neurons, Crh* neurons, Lepr* neurons and Glp1r*
neuronsall play distinctive roles inthe brain’s ability to integrate nutri-
entand hormonalsignals from therest of the body. CVOs containamore
permissive blood vascular system than the rest of the brain, allowing
nutrients and hormones from blood to interact more freely with neu-
rons and glialocally”.

Tanycytes are a key integrator of nutrient and sex hormone sig-
nalling within the brain® and have adult neurogenic and gliogenic
potentials, possibly in response to changesin diet® . AgRP neurons are
part of the melanocortin AgRP/POMC neuron signalling network that
control feeding behaviour and satiety response®’°. CRH neurons and
AgRP neurons are key neurons in the hypothalamic-pituitary-adrenal
axis®, a neuroendocrine signalling network in the brain that con-
trols stress response and can become dysregulated with ageing”and
contribute to age-associated frailty, loss of psychological resilience
and decreased emotion regulation®. LepR neurons in DMH respond
to circulating leptin, a key hormone synthesized mostly in adipose
tissue that regulates satiety response. These neurons also regulate
diurnal feeding behaviour in mice®. GLP1R neurons bind GLP1, another
satiety-controlling peptide that is mimicked by semaglutide-based
diabetes drugs that have shown effectiveness at treating obesity
through appetite suppression®‘. In our dataset, Lepr'/GIp1r' neurons
around the V3, as well as the Aup*/Oxt" neurons, are among the only
neuron types with anincrease in MHC antigen-presentation activity
with ageing (Fig. 5h-jand Extended Data Fig.12e-g), pathways that are
predominantly associated withimmune cells. Thereis also anincrease
in MHC activity in other non-immune non-neuronal cells including
tanycytes and ependymal cells (Figs. 4 and 6b). Taken together with
recent studies that highlight anti-inflammatory properties of GLP1
(ref. 74), our results indicate that there may be ameaningful and thera-
peutically actionable interaction between inflammation and satiety
that contributes to ageing-associated maladaptive phenotypesin
the brain.

The identification of a variety of robust and highly significant
gene expression changes with ageing across many neuronal and
non-neuronal cell types throughout the brain demonstrates the power
and necessity of single-cell approaches in revealing the mechanisms
that govern complex systemic phenotypes like ageing. Extensive
experimental validations will be needed to link these gene expres-
sion changes with physiological and functional changes in the animal
brain during ageing. Theresults and insights from this work will serve
as afoundational resource for the neuroscience and ageing research
communities to facilitate detailed investigation of age-associated phe-
notypesinthebrainandthebody and theinteraction between ageing
and various diseases.
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Methods

Mouse breeding and husbandry

All procedures were carried out in accordance with Institutional Ani-
mal Care and Use Committee protocols at the Allen Institute for Brain
Science. Mice were provided food and water ad libitum and were main-
tained on aregular 14/10 h day/night cycle at no more than five adult
animals of the same sex per cage. Ambient temperature of the vivarium
was maintained between 21.1and 22.78 °C (70-73 °F) and humidity was
maintained between 40 and 45%. Mice were maintained on the C57BL/6)
background. We excluded any mice with dermatitis, anophthalmia,
microphthalmia, seizures or abdominal masses.

We used 44 aged mice (20 female, 24 male) and 64 young adult mice
(31female, 33 male) to collect cells for 10xv3 scRNA-seq. All young adult
mice were also included in the ABC-WMB atlas®. Aged animals were
euthanized at P540-553 (roughly 18 months) and young adult animals
were euthanized at P53-69 (roughly 2 months). No statistical methods
were used to predetermine sample size. Alldonor animals used in this
study are listed in Supplementary Table 1. The Zeitgeber time of the
light/dark cycle was similar (within a3 hwindow) for all the tissue col-
lections. We did not keep track of the oestrous cycle for female mice.

Weisolated a total of 287 libraries from 108 animals: each animal con-
tributed1-6 libraries. All libraries are listed in Supplementary Table 1.
Transgenicdriver lines were used for fluorescence-positive cell isolation
by FACS to enrich for neurons. Roughly halfthelibraries (n = 145) were
sorted for neurons fromthe pan-neuronal Snap25-IRES2-Creline (JAX
strain no. 023525) crossed to the Ail4-tdTomato reporter (JAX strain
no. 007914)%5%¢ (Supplementary Table 1). For unbiased sampling (librar-
ies that were not enriched for neurons), we used Snap25-IRES2-Cre/
wt;Ail4/wt mice, Ail4/wt mice or in very few cases wild-type C57BL/6)
mice. Unbiased sampling methodsinclude libraries stained and sorted
for Hoechst+, Calcein+/Hoechst+ or unstained libraries that were not
sorted at all (no FACS). No FACS cells make up roughly 25% of the final
high-quality dataset. The transgenic Snap25-IRES2-Cre line was back-
crossed to C57BL/6) for at least ten generations before crossing and
canbe considered congenic. The transgenic Ai14 line was backcrossed
to C57BL/6J for at least five generations before crossing and can be
considered incipient congenic. Example images of gating strategies
used for FACS are shown in Extended Data Fig. 2.

10x scRNA-seq

Single-cellisolation. We used the CCFv3 (RRID: SCR_002978) ontol-
ogy? (http://atlas.brain-map.org/) to define brain regions for profil-
ing and boundaries for dissection. We covered all selected regions of
the brain by sampling at top-ontology level with judicious joining of
neighbouring regions. These choices were guided by the fact that mi-
crodissections of smallregions are difficult. Therefore, joint dissection
of neighbouring regions was sometimes necessary to obtain sufficient
numbers of cells for profiling.

Single cells were isolated by adapting previously described proce-
dures?®®, The brain was dissected, submerged inartificial cerebrospinal
fluid (ACSF), embedded in 2% agarose and sliced into 350-pm coronal
sections on a compresstome (Precisionary Instruments). Block-face
images were captured during slicing. ROl were then microdissected
fromtheslices and dissociated into single cells. Fluorescent images of
eachslice before and after ROl dissection were taken at the dissection
microscope. These images were used to document the precise loca-
tion of the ROl using annotated coronal plates of CCFv3 as reference.

Dissected tissue pieces were digested with 30 U ml™ papain (Wor-
thington, catalogue no. PAP2) in ACSF for 30 min at 30 °C. Owing to
theshortincubation periodinadry oven, we set the oventemperature
to 35 °C to compensate for the indirect heat exchange, with a target
solution temperature of 30 °C. Enzymatic digestion was quenched
by exchanging the papain solution three times with quenching
buffer (ACSF with 1% fetal bovine serum and 0.2% bovine serum

albumin (BSA)). Samples wereincubated onice for 5 min before tritura-
tion. Thetissue pieces in the quenching buffer were triturated through
afire-polished pipette with a 600 pum diameter opening roughly 20
times. The tissue pieces were allowed to settle and the supernatant,
which now contained suspended single cells, was transferred to anew
tube. Fresh quenching buffer was added to the settled tissue pieces,
and trituration and supernatant transfer were repeated using 300 and
150 um fire-polished pipettes. The single-cell suspension was passed
through a70 pmfilterinto a15 mlconical tube with 500 pl of high BSA
buffer (ACSF with 1% fetal bovine serum and 1% BSA) at the bottom
to help cushion the cells during centrifugation at 100g in a swinging
bucket centrifuge for 10 min. The supernatant was discarded, and
the cell pellet was resuspended in the quenching buffer. We collected
1,508,284 cells without performing FACS. The concentration of the
resuspended cells was quantified, and cells were immediately loaded
onto the 10X Genomics Chromium controller.

To enrich for neurons or live cells, cells were collected by FACS
(BD FACSAria Il or FACSAria Fusion, with FACSDiva v.8 software)
using a 130 um nozzle. Cells were prepared for sorting by pass-
ing the suspension through a 70 pm filter and adding Hoechst or
4,6-diamidino-2-phenylindole (DAPI) (to a final concentration of
2 ng ml™). The sorting strategy was as previously described>*, with
most cells collected using the tdTomato-positive label. Then, 30,000
cellsweresorted within 10 mininto a tube containing 500 pl of quench-
ing buffer. We found that sorting more cells into one tube diluted the
ACSF in the collection buffer, causing cell death. We also observed
decreased cell viability for longer sorts. Each aliquot of sorted 30,000
cellswas gently layered on top of 200 pl of high BSA buffer and imme-
diately centrifuged at 230g for 10 min in a centrifuge with a swing-
ing bucket rotor (the high BSA buffer at the bottom of the tube slows
down the cells as they reach the bottom, minimizing cell death). No
pellet could be seen with this small number of cells, so we removed the
supernatant and left behind 35 pl of buffer inwhich we resuspended the
cells.Immediate centrifugation and resuspension allowed the cells to
be temporarily stored in a high BSA buffer with minimal ACSF dilution.
The resuspended cells were stored at 4 °C until all samples were col-
lected, usually within 30 min. Samples from the same ROl were pooled,
cell concentration quantified and immediately loaded onto the 10x
Genomics Chromium controller.

Complementary DNA amplification and library construction. For
10xv3 processing, we used the Chromium Single Cell 3’ Reagent Kit v.3
(1000075,10x Genomics). We followed the manufacturer’sinstructions
for cell capture, barcoding, reverse transcription, complementary
DNA amplification and library construction. We targeted a sequenc-
ing depth 0f 120,000 reads per cell; the actual average achieved was
77,743 £ 36,025 (mean + s.d.) reads per cell across 287 libraries (Sup-
plementary Table1).

Sequencing data preprocessing. All libraries were 10xv3 samples
and processed as previously described®*. Alllibraries were sequenced
on lllumina NovaSeq6000 and sequencing reads were aligned to the
mouse reference (mm10/gencode.vM23)%8 using the 10x Genomics
CellRanger pipeline (v.6.0.0) with the —include introns argument to
includeintronically mapped reads. This resulted in an scRNA-seq data-
set containing 2,777,165 cells.

To remove low-quality cells, we used a stringent QC process. Cells
were first filtered by abroad set of quality cut-offs based on gene detec-
tion, QCscore and doublet score. As we previously described?, the QC
score was calculated by summing the log-transformed expression
of a set of genes, whose expression level is decreased significantly
in poor-quality cells. Briefly, these are housekeeping genes that are
strongly expressedin nearly all cells with avery tight coexpression pat-
ternthatis anticorrelated with the nucleus-enriched transcript Malat1.
We use this QC score to quantify the integrity of cytoplasmic messenger
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RNA (mRNA) content. Doublets were identified using a modified ver-
sion of the DoubletFinder algorithm®. For this preliminary round of
filtering, we included cells with gene detection greater than 1,000, a
QCscoregreater than 50 and adoublet score less than 0.3. Using these
thresholds, 1,999,976 cells remained in the dataset (Extended Data
Fig. 3a). Mixing of cell types by library and other metadata categories
is visualized in Extended Data Fig. 6f.

Clustering scRNA-seq data. Following the initial round of filtering
described above, adult and aged single-cell transcriptomes were co-
clustered over two rounds of clustering. The goal for the first round of
clustering was to assign a cell class identity to every unlabelled (aged)
cell and filter out low-quality (noise) clusters. The goal of the second
round of clustering was to assign a subclassidentity to every unlabelled
(aged) cellandfilter out extralow-quality clusters. Alladult cellsin the
dataset already had labels because they are also part of the ABC-WMB
cell-type taxonomy?>. For both rounds, clustering was performed in-
dependently with the in-house developed R package scrattch.bigcat
(v.0.0.1) as was previously described? (available through https://github.
com/AllenInstitute/scrattch.bigcat), which is a version of R package
scrattch.hicat? that can cluster large datasets. Detailed functionality of
scrattch.bigcat was discussed in our previous paper®. We used the auto-
maticiterative clustering method, iter_clust_big, to perform clustering
in atop-down manner into cell types of increasingly finer resolution.
This method performs clustering without human intervention, while
ensuring thatall pairs of clusters, even at the finest level, were separa-
ble by differential gene expression criteria (ql.th = 0.4, q.diff.th=0.7,
de.score.th =300, min.cells = 50, min.genes = 5) for both rounds of
clustering. Following each round of clustering usingiter_clust_big, we
used the function merge_clto merge clusters based on total number and
significance of shared differentially expressed genes. For round 1, the
criteriaused for merge_clwereidentical tothose previously described
for clustering. For round 2, the criteria used for merge_cl were almost
identical with the exception of increasing min.cells =100.

Finer resolution analysis was performed on microglia, BAMs, tany-
cytes and ependymal cells and as such, further clustering was per-
formed on only these cell types as follows:

Microglia and BAMs. Microglia and BAMs were separately clustered
using the same parameters as used in round 2 of clustering for the
larger dataset except with min.cell = 50 and min.genes = 3. Clusters
were mapped to the Hammond et al. dataset.

Tanycytes and ependymal cells. Because tanycytes were one of the
cell types with the greatest sensitivity to age, they are arelatively rare
population of cells compared to other types and in our original dataset
there were far fewer adult tanycytes sampled by 10xv3 than aged, we
included extratanycytes fromthe ABC-WMB atlas dataset to even out
the cellnumbers. These extraadult tanycytes mostly came fromlibrar-
ies that were prepped under the reversed light/dark cycle conditions
compared to all other libraries in this study (Extended Data Fig. 11c).
Tanycytes and ependymal cells were then clustered separately using
the same conditions as described above for round 2 of clustering for
the larger dataset.

Label transfer by means of mapping. Because the adult cells have
been previously published and annotated, only the cells from the aged
libraries did not have annotations. We mapped all aged cells to the
ABC-WMB reference taxonomy as previously described’. Briefly, we
assigned their cell-type identities by mapping them to the nearest
cluster centroid in the reference taxonomy using the corresponding
Annoy index using the same method asimplemented at presentin the
R package scrattch.mapping. We also used this approach for assigning
cell-type identities for cells segmented from Resolve spatial data to
the ABC-WMB cell-type taxonomy or external datasets as reference,
using different gene lists based on the contexts. For mapping to the
microglia dataset from Hammond et al.*, we used a list of 72 genes

that was assembled on the basis of prominent marker genes from each
reference cluster. When a mapping confidence score was needed, we
sampled 80% genes from the marker list randomly and performed
mapping 100 times. We define the fraction of times a cell is assigned
toagiven cell type as the mapping probability to that type.

Assigning labels to aged cells and removing low-quality clus-
ters. We observed 2,467 clusters after the first round of clustering. At
this point, all cells were assigned a cell category (Glut, GABA, Dopa,
Sero, IMN or NN), which matched labels from an older version of the
ABC-WMB reference taxonomy. As the adult cells have been previously
published and annotated, cell annotations for aged cells were assigned
on the basis of cluster membership with annotated adult cells. Spe-
cifically, clusters that contained more than 5% of annotated adult cells
were assigned that cell category. Median gene detection (GC,,.4) and
median QCscore (QC,,.q) Were calculated for each cluster. Clusters that
belonged to non-neuronal and IMN categories with GC,,.4 < 2,000 and
QC,..q <100 wereremoved from the dataset. Clusters that belonged to
neuronal categories with GC,,.q < 3,000 and QC,,.4 < 250 were removed
from the dataset. Clusters with more than 80% contribution from a
single library were also filtered out to minimize donor bias in the final
dataset. Clusters with less than 5% adult cells were retained in the data-
set and carried over into the next round of clustering. Because adult
cellsthat were previously deemed to be low quality were alsoincluded
in clustering, clusters with the most low-quality cells were also filtered
out. Intotal, 1,197 clusters were removed based on these criteria after
thefirstround of clustering (n = 796,126 cellsremoved). This resulted in
the dataset 0f 1,203,850 cells, which were carried over into the second
round of clustering (Extended Data Fig. 3a).

After the second round of clustering, we observed 928 clusters.
All clusters were then assigned supertype identities using majority
membership from the final version of annotations from the ABC-WMB
atlas. Annotated clusters were then filtered out using class-level qual-
ity metrics as following: clusters that belong to Immune, Vascular and
Astro-Epen classes with GC,,.; <2,000 or QC,,.4 < 150; clusters that
belong to OPC-Oligo, OB-CR Glut, DG-IMN Glut and OB-IMN GABA
class with GC,,.4 <3,000 or QC,,.q <150; clusters that belong to remain-
ing neuron classes with GC,.q < 5,500 or QC,,.q <300 (Extended Data
Fig. 2a). After this second round of cluster-level filtering, 85 clusters
wereremoved (n = 41,776 cellsremoved) and 1,162,074 cells remained
in the dataset. After including immune cell clusters and ependymal
and/or tanycyte clusters that underwent separate rounds of cluster-
ingasdescribed above, the final number of clustersin the dataset was
847.These remaining cells and resultantannotations were used for all
downstream analysis (Extended Data Fig. 3a).

Off-target cell types were also collected because of dissection vari-
ability, andifincluded in the analysis, may result in bias of age analysis if
certainlibraries contained more off-target cells than others. Toidentify
and remove these cell types from downstream analysis, we performed
the following. First, using all the scRNA-seq data from the ABC-WMB
atlas, we calculated the number and proportion of cells in that super-
type that originated from the 16 regions included in this ageing study
(Fig. 1a) versus other regions. Second, supertypes with less than 30%
of cells originating from the 16 regions and have fewer than 500 cells
from the 16 regions (based on the ABC-WMB atlas dataset) were not
included in downstream analysis. A list of these supertypes found in
the ABC-WMB atlas that were excluded due to off-target concerns are
listedin Supplementary Table 2. Briefly, they consist of supertypes that
aremostly found in the thalamus, medullaand olfactory regions, which
were regions not intentionally targeted in this study.

Identifying age-associated differentially expressed genes.
Age-associated differentially expressed genes were calculated using
the R package MAST? (v.1.20.0), a widely used statistical framework
designed for modelling biological effects from scRNA-seq data.
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Differentially expressed genes were calculated at the subclass, super-
typeand cluster levels (Supplementary Table 3). For all tests, only genes
that were expressed atafrequency of more than 10% were tested (that
is, only genes expressed in at least 10% of query cells were included).
Only subclasses with atleast 50 aged and 50 adult cells were evaluated
for differentially expressed genes. To decrease running time, for large
subclasses, we subsampled them to amaximum of 2,000 cells per age.

Atthe subclass level, we used the following statistical model to model
the effect of age on gene y including various covariates:

Model:y~age + sex + z(log(gc)) + z(log(qc)) +intercept

where age and sex are all categorical variable each with two levels,
and gene detection (gc) and QC score (qc) are log transformed and
then z-score normalized, and the tilde (-) means distributed as. We
included both gene detection and QC score in each model to account
for potential effects that various FACS population plans had onlibrary
quality (Extended DataFig. 6e,f). Alikelihood ratio test was computed
between each model withand without the age term to generate Pvalues.
These Pvalues were corrected for multiple hypothesis testing with
the Bonferroni correction. The effect size estimate for the age term
foreachmodel canbeinterpreted as the log,(fold change) (log,FC) of
each gene with covariate adjustment that we refer to as ‘age effect size’
throughout the main body of the text.

Augur cell-type ranking analysis. Cell types at the subclass (for neu-
ronal) and supertype (for non-neuronal) levels were ranked by R pack-
age Augur® (v.1.0.3), an analysis framework that prioritizes cell types
most responsive to biological perturbations or conditions in single-cell
genomics data. Briefly, the method selects the most variable genes from
asetofsingle-cell data, withholds a set of cells for testing, trains classi-
fiers with remaining cells for each cell type, and predicts withheld labels
using the trained model. Thisis repeated over severaliterationsand an
AUCisreportedforeachiterationand cell type. An AUC of 1 represents
aperfectly predictive model, and an AUC of 0.5 represents amodel that
predicts no better than random guessing. Mean AUC values generally
correlated well with the number of age-DE genes per group and are
reported in Figs. 1g, 2d and 5a and Supplementary Table 2.

For AUC analysis on both neurons and non-neuronal cells, we used
the following Augur parameters: feature_perc = 0.8, var_quantile = 0.9,
subsample_size =100 for non-neuronals and subsample_size =200 for
neurons. We also modified Augur’s select_variance() function (which
selects the highest variance genestoinclude in the model) to calculate
dispersion (variance/mean) per gene rather than the calculation that
was implemented by Augur’s original function (mean/s.d.).

Pseudo-bulk analysis. We also performed differentially expressed
gene analysis at the pseudo-bulk level with R package EdgeR* (v.3.32.1).
Mean gene expression was calculated for each cell type and library
combination. We fit a simple model modelling gene expression as a
function of age using EdgeR’s likelihood ratio testimplemented using
default parameters using function glmFit() and glmLRT(). Examples
oflogFCs calculated from EdgeR are shown in Extended Data Fig. 6a,b
and correlations with age effect sizes estimated from MAST are sum-
marized in Extended Data Fig. 6¢.

Cluster odds ratio analysis. To assess whether clusters were made up
of moreaged or adult cells than expected by chance, we calculated OR
using the numbers of aged and adult cells per cluster (Supplementary
Table2):

OR=(a/c)/(b/d)

where a is the number of aged cells in the cluster, b is the number of
adultcellsinthecluster, cis the number of aged cellsin the class minus
aand disthe number of adult cells in the class minus b. For tanycytes,

band dwere calculated at the subclass level rather than the class level
due to inclusion of extra cells from the ABC-WMB atlas that were not
included for other cell types.

The log,OR values for non-neuronal clusters are summarized in
Fig.2b. Positive log,OR indicate clusters that are more biased towards
aged cells than expected by chance (that is, age-enriched), whereas
negative log,0OR indicated clusters that are more biased towards young
adult cellsthan expected by chance (that is, age-depleted). We highlight
clusters with abs(log,OR) > 2.5.

UMAP projection. We used principal components calculated from
principal component analysis (PCA) to calculate UMAPs for different
groups of cells®. For UMAPs with more than 100,000 cells, we per-
formed PCA based on the imputed gene expression matrix of genes
based on top marker genes from each cluster within each grouping of
cells. For UMAPs with fewer than100,000 cells, noimputation was used.
Three parameters that canbe adjusted when generating UMAPs include
(1) the number of principal components that are used to calculated
projections; (2) nn.neighbours, the size of the local neighbourhood
of cells the UMAP will look at when trying to learn the structure of the
data and (3) md, the minimum distance apart that cells are allowed
in low-dimensional resolution. For all UMAPs, the top 150 principal
components were thenselected, and principal components with more
than 0.7 correlation with the technical bias vector (defined as log,(gene
count) for each cell) were removed. Each PCA was run with a unique
genelistand each UMAP was runwith a different set of nn.neighbours
and md parameters. The parameters used for each PCA/UMAP were
as follows: 6,446 genes, nn.neighbours =20, md = 0.5 for the global
UMAP (Fig.1); 984 genes, nn.neighbours =20, md = 0.5 for the OPC-
Oligo UMAP (Fig. 3); 1,884 genes, nn.neighbours =5, md = 0.5 for the
Immune UMAP (Extended DataFig.10);1,806 genes, nn.neighbours=20,
md=0.5forthe Astro-Epen UMAP (Fig. 4); 401 genes, nn.neighbours =5,
md = 0.5for the tanycyte and ependymal cell UMAP (Fig.4);1,169 genes,
nn.neighbours =5and md = 0.5 for the HY (hypothalamus) neuron
UMAP (Fig. 5).

Constellation plots. The global relatedness between cell types was
visualized with constellation plots, which we had implemented previ-
ously*?°. To generate the constellation plot, each transcriptomic cluster
was represented by a node (circle), whose surface areareflected the
number of cells within the subclass in log;, scale. The position of each
node was based on the centroid position of the corresponding cluster
inUMAP coordinates. Therelationships between nodes were indicated
by edges that were calculated as follows. For each cell, 15 nearest neigh-
boursinreduced dimension space were determined and summarized
by cluster. For each cluster, we then calculated the fraction of nearest
neighbours that were assigned to other clusters. The edges connected
twonodesinwhichatleast one of the nodes had more than 5% of nearest
neighboursinthe connecting node. The width of the edge at the node
reflected the fraction of nearest neighbours that were assigned to the
connecting node and was scaled to node size. For allnodesin the plot,
we then determined the maximum fraction of ‘outside’ neighbours
and set this as edge width that was 100% of node width. The function
for creating these plots, plot_constellation included in the R package
scrattch.bigcat.

GO enrichment analysis. GO term enrichment was performed us-
ing the R package gprofiler2 (ref. 91) (v.0.2.2). The function gost was
implemented using parameter ‘ordered = T’ to perform enrichment
analysis using a hypergeometric test followed by correction for mul-
tiple testing on positive and negative age-DE genes separately. We
queried all databases included in gprofiler’s default implementation
(GO:molecular function, GO:biological process, GO:cellular com-
ponent, KEGG, Reactome, TRANSFAC, miRTarBase, Human Protein
Atlas, Human Phenotype Ontology). Only GO terms were shown in



Article

main figures here, but all significant terms from all databases are in-
cluded in Supplementary Table 4. An adjusted P value cutoff of 0.01
was used to determine significant terms. Multiple testing correction
was performed using gprofiler2’s default algorithm g:SCS (set counts
andsizes), whichaccounts for the dependency of multiple testsin the
context of enrichment analysis by taking into account the overlap of
functional terms. Itis more conservative than false discovery rate, but
less strict than the Bonferroni correction®.. All enrichment analysis
Pvaluesreportedinthe figures have been adjusted using this method.
GOsignificance scores shownin Fig. 6 represent the -log,,(Pvalue) for
each term. Positive scores were enriched in genes observed to be in-
creasing with age and negative scores were enriched ingenes observed
to be decreasing with age.

Resolve spatial transcriptomics

Resolve Molecular Cartography overview. All in situ spatial RNA
data shown here were generated by Resolve Biosciences with their
commercially available Molecular Cartography platform. Four total
Molecular Cartography experiments were performed (RSTE1-4), each
with adifferent panel of 100 genes and targeting different region(s) of
the brain (Extended Data Fig. 5). For RSTE], four different regions of
the brain (cortex, striatum, midbrain and hindbrain) were imaged in
both sexes and both ages (2 and 18 months), with two replicate brains
per condition and two technical replicates per brain. The technical
replicates were plotted and analysed as independent replicates in all
figures. For RSTE2, the RSP and hippocampus were imaged in both
sexes and ages, with four replicate brains per condition. For RSTE3
and RSTE4, the hypothalamus wasimaged in both sexes and both ages,
with four replicate brains per condition. Brain dissection and cryo-
sectioning for Molecular Cartography experiments were performed
at the Allen Institute for Brain Science in Seattle, WA, samples were
stored at —80 °C for 1-3 days, and then shipped overnight to Resolve
Biosciences in San Jose, CA, USA where the Molecular Cartography
protocol was performed. Spot data were then made available 1-2 weeks
after receipt of tissue. Data analysis was performed at the Allen Institute
using methods detailed below. Briefly, transcript data were segmented
into cells, cells were filtered based on quality metrics generated from
segmentation and mapping, and downstream analysis and visualiza-
tion was performed.

Brain dissection and freezing. Mice used for spatial experiments
were housed and keptin same conditions as those used for scRNA-seq
described above. Mice were transferred from the vivarium to the pro-
cedureroom with efforts to minimize stress during transfer. Mice were
anaesthetized with 5% isoflurane. A grid-lined freezing chamber was
designed to allow for standardized placement of the brain within the
block to minimize variation in sectioning plane. Chilled optimal cutting
temperature compound (OCT) was placed in the chamber, and a thin
layer of OCT was frozen along the bottom by brief placement of the
chamberinadryiceand ethanol bath. The brain was rapidly dissected
andplacedintothe prechilled OCT for roughly 2 minto acclimateto the
coldbefore freezing. The orientation of the brain was adjusted undera
dissecting scope, and the freezing chamber containing OCT and brains
was placedintoadry ice and ethanol bath for freezing. After freezing,
the brains were vacuum sealed and stored at -80 °C.

Cryosectioning. The fresh-frozen adult and aged brains were sec-
tioned at 10 um on Leica 3050 S cryostats. The OCT block containing
afresh-frozen brain was trimmed in the cryostat until reaching the
desired region of interest. Sections were placed onto coverslips pro-
vided by Resolve Biosciences. Two replicate sections were collected
sequentially: one as the primary sample and the other as a backup.

Gene panel design. The Molecular Cartography platform allows
100 genes per experiment for spatial RNA profiling. Each of the four

Molecular Cartography experiments we ran was designed to target dif-
ferentregions and cell types in the adult and aged brains. Therefore, for
each experiment we used different gene panels, which were compiled
through a combination of automated and manual processes. Gluta-
matergic and GABAergic neuronal class markers Slc17a7, Slc17a6, Gadl
and Gad2 and major non-neuronal subclass markers Agp4, Apod, Sox10,
Pdgfra, Enpp6, Opalin, Dcn, Pecaml, Ctss, Mrc1, Kcnj8, Pdgfrb and Acta2
were included for all four Resolve experiments. The remaining genes
ineach panel were then customized for each of the four experiments.
RSTEI1 targeted non-neuronal types in different major brain structures.
RSTE2 primarily targeted neuronsin the isocortex and hippocampus, as
well as certain non-neuronal types. RSTE3 primarily targeted tanycytes
and ependymal cellsaround the V3 of the hypothalamus. RSTE4 primar-
ily targeted the neurons around the V3. The function select_N_markers
includedin the R package scrattch.hicat was used to select markers for
allrelevantsubclasses and clustersineach experiment. The top age-DE
geneswere alsoincluded for relevant subclasses within each panel, as
well as more genes of interest selected from previous literature.

Cell segmentation. Cells were segmented using a combination of
open-source software Cellpose® (v.2.1.0) and Baysor®? (v.0.6.2). Cell-
pose uses a generalist algorithm for segmenting cells from images of
cellular stains as input. Baysor uses a transcript-driven algorithm to
draw cell boundaries based on transcript data alone while also having
the option of integrating previous knowledge from stained images
into the process. First, images of DAPI stains from each of the tissue
samples were used asinput for Cellpose using the following parameters:
--pretrained_model = nuclei, --diameter = 0. The output of Cellpose was
savedasaTIF fileand used as a prior for the Baysor segmentation algo-
rithm. Baysor was run with the following input parameters:-m 30, -s 50.

In situ data preprocessing. All segmented cells were mapped to
the ABC-WMB cell-type taxonomy with the same method used for
scRNA-seq data as described above. The four RSTE datasets were fil-
tered for high-quality cells using acombination of thresholds for map-
ping confidence score, segmentation confidence score (from Baysor),
number of transcripts and gene detection. Owingto the variable gene
panels and brain regions across the four RSTE datasets, we used a dif-
ferentset of filter criteria for each experiment. For RSTE1, neurons with
between more than 50 and fewer than 3,000 transcripts, more than 0.9
average segmentation confidence and three or more unique genes were
retained; non-neuronal cells and IMNs between more than 10 and fewer
than1,000 transcripts, more than 0.9 average segmentation confidence
and three or more unique genes were retained. For RSTE2, neurons with
between more than 50 and fewer than 3,000 transcripts, more than 0.9
average segmentation confidence, three or more unique genes and
more than 0.4 mapping correlation score were retained; non-neuronal
cellsbetween more than 10 and fewer than 1,000 transcripts, more than
0.9 average segmentation confidence, three or more unique genes and
more than 0.4 mapping correlation score were retained; IMNs between
more than 100 and less than 1,000 transcripts, more than 0.9 aver-
age segmentation confidence, three or more unique genes and more
than 0.4 mapping correlationscore were retained. For RSTE3, neurons
with more than100 transcripts, more than 0.95 average segmentation
confidence and three or more unique genes were retained; tanycytes
with more than 300 transcripts, more than 0.95 average segmentation
confidence and ten or more unique genes were retained; astrocytes
with more than 50 transcripts, more than 0.95 average segmentation
confidence and ten or more unique genes were retained; remaining
non-neuronal cells with more than 30 transcripts, more than 0.95 av-
erage segmentation confidence and three or more unique genes were
retained. For RSTE4, neurons withmore than 50 transcripts, more than
0.95average segmentation confidence and three or more unique genes
wereretained; non-neuronal cells withmore than 20 transcripts, more
than 0.95 average segmentation confidence and three or more unique



genes wereretained. Cell counts for each experiment before and after
quality filtering are shown in Extended Data Fig. 5. Quantification of
select cell-type densities (Extended Data Fig. 8) was performed across
Resolveimagetiles. Asingleimagingtile is equivalent to 296 x 296 pum.
Theranges of number of tilesimaged per region per RSTE dataset are
listed in Extended Data Fig. 5.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Primary and processed scRNA-seq data have been deposited to the Neu-
roscience Multi-omic Data Archive (NeMO), https://nemoarchive.org/,
and can be accessed at https://assets.nemoarchive.org/dat-61kfys3.
Primary spatial transcriptomics data have been deposited to Brain
Image Library (BIL), https://www.brainimagelibrary.org/, and can be
accessed at https://doi.org/10.35077/g.1157.Source data are provided
with this paper.

Code availability

Analysis methods used in the paper from R packages scrattch.hicat
and scrattch.bigcat are available at https://github.com/AllenInstitute/
scrattch.hicatand https://github.com/AllenInstitute/scrattch.bigcat.
Allthe analysis scripts used inthis study are available at https://github.
com/Allenlnstitute/mouse_aging_scRNAseq.
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Extended DataFig.1|Comparison of this study to other published mouse
aging scRNA-seq datasets. (a) Scatter plot of meangene detection plotted
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Extended DataFig. 5| Summary of spatial transcriptomics datasets.
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Extended DataFig. 8| Changesin density of major non-neuronal cell types
asestimatedinsituinspatial transcriptomics datasets. (a-d) Density
changes of major Astro-Epen (a), Vascular (b), Immune (c), and OPC-Oligo (d)
supertypeswithageinisocortex (CTX), striatum (STR), midbrain (MB) and
hindbrain (HB), calculated from RSTE1. Each point represents one replicate
image. Significance between ages was tested with a two-sided Mann-Whitney U
test. Resultsinall panels mostly represent n =4 replicates from RSTE1 per sex/

age/region (2biological replicates and 2 technical replicates per brain) examined
over one experiment. Male aged CTX and male aged MB have n =3 replicates
due to technical errors duringimaging process. For allboxplots, the minimum,
center,and maximum bound of the box represent the 25, 50™, and 75" percentile
ofthe datashown, respectively. Theupperand lower whiskers represent the
largest and smallest value within1.5 times above or below the interquartilerange,
respectively.
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Extended DataFig.9|Non-neuronal GO terms. (a-b) Select GO terms enriched
inage-DE genes from Astro-Epen (a) and Vascular (b) supertypes, split by genes
thatincrease (light grey) or decrease (dark grey) with age. (c) Visualization and
quantification of expression of Cd209a and Cd209bin BAMs from in situ RSTE2.
(d) Select GO terms enriched inage-DE genes from BAMs. (e) Visualization and
quantification of expression of UpkIbin microgliafrom RSTE2. (f) Select
GOtermsenrichedinage-DE genes from microglia. (g) Visualization and
quantification of expression of Nré6al and Mafin OPCs from RSTEL. (h) Select
GOtermsenrichedinage-DE genes from OPCs. (i) Select GO terms enriched
inage-DE genes from MOLs. Enriched GO terms were identified using
hypergeometric testand corrected for multiple testing as described in the
Methods. All enrichment analysis was performed across all non-neuronal
supertypes and neuronal subclasses. Terms that are unique to one cell type
onlyare highlighted with ared border. Significance between ages for spatial

gene expression was tested using atwo-sided Mann-Whitney U test. Resultsin
panelscand erepresentn =4 biological replicates per sex/age from RSTE2
collected over one experiment. Only samples with >2BAM cells (c) or >20
microglia (e) wereincluded in the analysis, resulting in certain clusters per sex/
agethathave <4 replicates shown.Resultsin panelgrepresentn=4replicates
from RSTE1 per sex/age/region (2 biological replicates and 2 technical replicates
perbrain) examined over one experiment. Only samples with >20 cells of that
cluster wereincluded in the analysis, resultingin certain celltypes per sex/age
that have <4 replicates shown. For all boxplots, the minimum, center, and
maximum bound ofthe box represent the 25™, 50", and 75 percentile of the
datashown, respectively. The upper and lower whiskers represent the largest
and smallest value within1.5times above or below the interquartile range,
respectively.
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Extended DataFig.10|Microglia clusters. (a) UMAP of all microgliaand BAM
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microgliaand BAM clusters organized inadendrogram calculated from cluster
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sex, age, and mapping label from Hammond et al. 2019 dataset. (e-f) Select GO
termsenrichedin marker genes computed fromage-enriched clusters 842 _
Microgliaand 843_Microglia. Enriched GO terms were identified using
hypergeometric testand corrected for multiple testing as described in the
Methods.
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Extended DataFig.11|Tanycyte and ependymal cell clusters. (a) Tanycyte
and ependymal cellbody locationsinselect samples fromin situ spatial dataset
RSTE3, colored by subclass label and relative expression of marker genes Gpr50
and Tm4sf1. (b) Select GO terms enriched in age-DE genes from tancyytes and
ependymal cells split by genes withincreased (light grey) or decreased (dark grey)
expression with age. Termsthatare unique toonecell type only are highlighted
witharedborder. Enriched GO terms were identified using hypergeometric
testand corrected for multiple testing as described in the Methods. (c) UMAP
oftanycytes and ependymal cells with additional tanycytes included from the
ABC-WMB atlas that were collected inareversed light/dark cycle. (d) Marker
geneexpressionintanycyte clusters organized inadendrogram calculated

from cluster DE genes. Bar plots show breakdown of each cluster by brain
structure, sex, and age. (e) Bar plot summaries for each cluster colored by brain
structure, sex, age,and adult cell label from the ABC-WMB atlas and corresponding
locationoftanycyte clustersinthe ABC-WMB atlas MERFISH data. (f) Representative
marker gene expression for adult tanycyte subtypes from RSTE3. (g) GO term
enrichmentin marker genes fromage-depleted cluster 794 _Tanycyte.

(h) Ependymal cell clusters broken down by major brainstructure, sex, and age
with marker gene expression for each cluster. (i) GO term enrichment in marker
genes fromage-enriched cluster 799_Ependymal. Enriched GO terms were
identified using hypergeometric test and corrected for multiple testing as
described inthe Methods.
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Extended DataFig.12 |Hypothalamic neuronal clusters. (a) UMAP of all
hypothalamic neuronsinthe dataset colored by class, Slc17a6 expression
(labelling glutamatergic neurons), and Slc23al expression (labelling GABAergic
neurons). (b) Expression of select transcription factors, enzymes, neuropeptides,
hormones, and receptors (mostly related to energy homeostasis signaling)
across hypothalamic neuron clusters from select hypothalamic neuron
subclasses that show the greatest numbers of age-DE genes. (c) Dot plot of age
effect sizes of all genes from select hypothalamic neuron clusters (same ones
asshowninb).Significantage-DE genes are colored. Clustersare ordered from
the most to the least number of significant age-DE genes. (d) Zoomed-in view of
areas similar to the boxed areas shown in panel f colored by cluster or gene
expression of Bhlhe41 and Grm8 (left), and quantification of expression of
these two genes fromall samples fromin situ dataset RSTE4. (e) Select GO
termsenriched in age-DE genes from cluster 389_PVH-SO-PVa Otp Glut_4 (top)
and heatmap of age effect sizes for select genes belonging to major enriched

GO terms for all PVH-SO-PVa Otp Glut clusters. Asterisks denote significant
changes. (f) Spatial localization of all PVH-SO-PVa Otp Glut clusters in
representative adult and aged samples from RSTE3. (g) Zoomed-in view of
boxedareasin fcolored by cluster or gene expression of (top), and quantification
of expression of H2-K1fromall samples frominsitu dataset RSTE3. Enriched
GOtermsinewereidentified using hypergeometric testand corrected for
multiple testing as described in Methods. Significance between ages for spatial
gene expression was tested using atwo-sided Mann-Whitney U test. Results in
panelsdand grepresent n =4 biological replicates from per sex/age from
RSTE3 and RSTE4, respectively. Only samples with>10 cells of that cluster were
includedinthe analysis, resultingin certain clusters per sex/age that have <4
replicates shown. For allboxplots, the minimum, center, and maximumbound
oftheboxrepresent the 25", 50", and 75" percentile of the datashown,
respectively. The upper and lower whiskers represent the largest and smallest
valuewithin1.5times above or below the interquartile range, respectively.
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Extended DataFig.13|Age-DE genes across neuronal subclasses.

(a) Summary of the number of age-DE genes for each neuronal subclass. Far
right: The total number of age-DE genes within each subclass, colored by cell
classand ordered based on broad categories. Left and center: Bar graphs
summarizing the breakdown of each subclass by major brainstructure, age,
and sex. (b) Cluster marker gene expression and supertype localization from
the ABC-WMB atlas for PRP-NI-PRNc-GRN Otp Glut hindbrain neuron subclass.
(c) Select GO termenrichment in age-DE genes from PRP-NI-PRNc-GRN Otp
Glutsubclass. Allterms are enriched in genes that have decreased expression
with age. Terms that are unique to only PRP-NI-PRNc-GRN Otp Glut are
highlighted with red border. (d) Heatmap of age effect sizes of certaingenes
belonging to certaintermsshownincatthe subclass and cluster levels.
Asterisks represent significant age-DE genes as defined by adjusted p < 0.01&
abs(age effect size) >1. (€) Summary of age-DE gene changes in L4 RSP-ACA Glut

neurons, including in situ localization of cells and expression of Pde7b visualized
fromselect samples from RSTE3. Also shown are select top GO enrichment
termsinage-DE genes from L4 RSP-ACA Glut. (f) The subclasses with greatest
numbers of primary response immediate early genes (PRGs) within original
age-DE genelist (the summary inahas removed PRGs). (g) Top transcription
factor motifs from the TRANSFAC database enriched within age-DE genes
from L4 RSP-ACA Glut neurons. Resultsin panel e representn =2 biological
replicates from RSTE3 per sex/age from the RSP region. For all boxplots, the
minimum, center,and maximum bound of the box represent the 25", 50, and
75" percentile of the datashown, respectively. The upper and lower whiskers
represent the largest and smallest value within 1.5 times above or below the
interquartile range, respectively. Enriched GO terms from cand e and
transcription factor motifsin g were identified using hypergeometric testand
corrected for multiple testing as described in Methods.
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Extended DataFig.14 | Term enrichmentscores for GO terms related to that have significant enrichment of terms (i.e., neurogenesis, neuron
neuronal function and structure. (a) Heatmaps of GO significance scores of development, neuron differentiation, presynapse, postsynapse, axon
termsrelated to collagen network (left) and age effect sizes of select collagen development, axon guidance, axonogenesis, dendrite, and dendritic tree) are
genes (right) for pericytes, SMCs, and VLMC supertype 2. (b) Heatmaps of GO includedinthis figure,and GO enrichmentscores are plotted in the heatmap
significance scores of termsrelated to lipid metabolism (left) and age effect here. Negative (blue) values represent terms enriched from genes with
sizes of select lipid metabolismgenes (right) for MOLs and DMH-LHA Gsx1 decreased expression withage; positive (red) values represent terms enriched
Gabaneurons. (c) GO term enrichment was performed across all non-neuronal fromgeneswithincreased expression with age. Atermenrichedinboth

supertypesand neuronal subclasses, using hypergeometric testand corrected  negatively and positively changing genes froma cell subclass or supertypeis
formultiple testing as described in Methods. Cell subclasses or supertypes denoted with an asterisk, and the direction with the lowest p-value is shown.
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Data collection  scRNA-seq data was collected using the 10x Genomics Chromium Single Cell 3' v3 kit. Sequencing was performed on the lllumina
NovaSeq6000.
Flow cytometry data were acquired on a BD FACSAria Il or FACSAria Fusion running FACSDiva v8 software.
Resolve spatial transcriptomics data were acquired using the Molecular Cartography platform.

Data analysis Raw scRNA-seq fastq files were aligned to the mouse reference (mm10/gencode.vM23) using the 10x Genomics CellRanger v6.0.0 pipeline.
scRNA-seq iterative clustering and differential gene expression analysis was performed in R using the scrattch.bigcat package (https://
github.com/Alleninstitute/scrattch.bigcat), v0.0.1, which also contains many functions to visualize the data together with the scrattch.vis
package (https://github.com/Alleninstitute/scrattch.vis).

Age-associated DE genes were calculated using the R package MAST v1.20.0 (https://github.com/RGLab/MAST), and compared with the DE
genes computed at the pseudo-bulk level using edgeR v3.32.1 (https://bioconductor.org/packages/release/bioc/html/edgeR.html). Augur
v1.0.3 (https://github.com/neurorestore/Augur) was used to prioritize cell types at subclass and supertype levels that are most responsive to
age-associated effects. Gene ontology (GO) term enrichment was performed using the R package gprofiler2, v0.2.2.

Raw Resolve data were segmented using a combination of open-source software Cellpose v2.1.0 (https://www.cellpose.org/) and Baysor
v0.6.2 (https://github.com/kharchenkolab/Baysor). Filtering of low quality cells and mapping to scRNASeq taxonomy was performed using
custom made scripts in R. Additional downstream analysis was conducted using custom scripts in R.

All the analysis scripts used in this study, including examples using the tools mentioned above, are available at https://github.com/
Alleninstitute/mouse_aging_scRNAseq.
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Primary and processed single cell RNA seq data have been deposited to the Neuroscience Multi-omic Data Archive (NeMO), https://nemoarchive.org/, and can be
accessed at https://assets.nemoarchive.org/dat-61kfys3.

Primary spatial transcriptomics data have been deposited to Brain Image Library (BIL), https://www.brainimagelibrary.org/, and can be accessed at https://
doi.org/10.35077/g.1157.
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Sample size Sample size calculations were not performed. For scRNA-seq data and spatial transcriptomics data, sample size was determined based on

extensive prior experience using these technologies in brain and resource availability, with balance in sex and age groups. The scRNA-seq data
for each ROl were generated from 10-30 independent samples.

Data exclusions  Cells from scRNA-seq data and segmented cells from Resolve data that did not pass the QC processes described in Methods and
supplementary tables were excluded.

Replication The scRNA-seq data were generated from a total of 284 libraries from 96 animals, with multiple animals used for each of the 16 ROls at each
of the aged and adult age groups. The scRNA-seq data were obtained from at least two males and two females per ROl per age group, except
for ROIs ACA (3M 1F in the adult group), PL-ILA-ORB (2M 1F in the adult group), and STRv (5M 1F in the adult group). The Resolve data were
generated from at least 2 biological replicates per ROl per sex per age group.

Randomization  Randomization of animals to different groups was not relevant to our study design. There were no experimental vs. control groups.

Blinding Experiments were not blinded in this study as all results presented are based on quantitative analysis and not subject to human biases.
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Laboratory animals Laboratory animals Mus musculus, males and females, wild-type or Cre transgenic, in the C57BL/6J strain, in two age groups - adult
(P53-P69) and aged (P540-P553).

Wild animals This study did not involve wild animals.
Reporting on sex For each brain ROl and each age, both male and female mice were used to collect scRNA-seq data.
Field-collected samples  This study did not involve field-collected samples.

Ethics oversight All experimental procedures related to the use of mice were approved by the Institutional Animal Care and Use Committee of the
Allen Institute for Brain Science, in accordance with NIH guidelines.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Seed stocks This study does not involve plants.

Novel plant genotypes ~ N/A

Authentication N/A

Flow Cytometry

Plots

Confirm that:
X The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

X The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
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X A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation Sample preparation was done according to protocols: Allen Institute for Brain Science 2021, Slice Preparation with Tissue
Dissociation - Mouse Protocol. protocols.io https://dx.doi.org/10.17504/protocols.io.bgéwmzfe; and Allen Institute for Brain
Science 2020, FACS Single Cell Sorting. protocols.io https://dx.doi.org/10.17504/protocols.io.bedcjgsw.

Single cells were isolated by adapting previously described procedures. The brain was dissected, submerged in ACSF,
embedded in 2% agarose, and sliced into 350-um coronal sections on a compresstome (Precisionary Instruments). Block-face
images were captured during slicing. Regions of interest (ROls) were then microdissected from the slices and dissociated into
single cells as previously described. Fluorescent images of each slice before and after ROI dissection were taken at the




Instrument
Software
Cell population abundance

Gating strategy

dissection microscope. These images were used to document the precise location of the ROIls using annotated coronal plates
of CCFv3 as reference.

Dissected tissue pieces were digested with 30 U/ml papain (Worthington PAP2) in ACSF for 30 minutes at 30°C. Due to the
short incubation period in a dry oven, we set the oven temperature to 35°C to compensate for the indirect heat exchange,
with a target solution temperature of 30°C. Enzymatic digestion was quenched by exchanging the papain solution three times
with quenching buffer (ACSF with 1% FBS and 0.2% BSA). Samples were incubated on ice for 5 minutes before trituration. The
tissue pieces in the quenching buffer were triturated through a fire-polished pipette with 600-um diameter opening
approximately 20 times. The tissue pieces were allowed to settle and the supernatant, which now contained suspended
single cells, was transferred to a new tube. Fresh quenching buffer was added to the settled tissue pieces, and trituration and
supernatant transfer were repeated using 300-um and 150-um fire polished pipettes. The single cell suspension was passed
through a 70-um filter into a 15-ml conical tube with 500 pl of high BSA buffer (ACSF with 1% FBS and 1% BSA) at the bottom
to help cushion the cells during centrifugation at 100 x g in a swinging bucket centrifuge for 10 minutes. The supernatant was
discarded, and the cell pellet was resuspended in the quenching buffer. We collected 1,508,284 cells without performing
FACS. The concentration of the resuspended cells was quantified, and cells were immediately loaded onto the 10x Genomics
Chromium controller.

To enrich for neurons or live cells, cells were collected by fluorescence-activated cell sorting (FACS) (BD FACSAria Il or
FACSAria Fusion, running FACSDiva v8 software) using a 130-um nozzle. Neuronal enrichment was achieved by sorting RFP+
cells from Snap25-IRES2-Cre/wt;Ail4/wt transgenic mice counterstained with DAPI to exclude dead or dying cells. To enrich
for live cells, samples were stained and sorted for Hoechst+ or Calcein+/Hoechst+ signal. Cells were prepared for sorting by
passing the suspension through a 70-um filter. Sorting strategy was as previously described (Tasic et al 2018). 30,000 cells
were sorted within 10 minutes into a tube containing 500 ul of quenching buffer. We found that sorting more cells into one
tube diluted the ACSF in the collection buffer, causing cell death. We also observed decreased cell viability for longer sorts.

FACSAria Il or FACSAria Fusion
FACSDiva v8
Abundance of sorted cell populations for 10x scRNA-seq were determined by hemocytometer post-FACS.

For sorting RFP+ cells, the morphology gate (SSC-A vs FSC-A) included all events that passed FSC threshold to allow profiling
of all possible RFP+ cells. SC-FSC and SC-SSC were used to exclude doublets, and RFP+ cells were sorted from the rest of the
cells based on the RFP+ DAPI- phenotype. Gating strategy for RFP+ mouse neurons is described in more detail here: Allen
Institute for Brain Science 2020, FACS Single Cell Sorting, protocols.io https://dx.doi.org/10.17504/protocols.io.be4cjgsw.

Live cells were sorted using a similar strategy. The morphology gate included all events that passed FSC threshold to allow
profiling of all possible live cells. SC-FSC and SC-SSC were used to exclude doublets, and live cells were sorted from the rest of
the cell population based on the Hoechst+ or Calcein+/Hoechst+ phenotype.

E Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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