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Aging isacomplex process involving transcriptomic changes associated
with deterioration across multiple tissues and organs, including the brain.
Recent studies using heterochronic parabiosis have shown that various
aspects of aging-associated decline are modifiable or evenreversible. To
better understand how this occurs, we performed single-cell transcriptomic
profiling of young and old mouse brains after parabiosis. For each cell
type, we cataloged alterations in gene expression, molecular pathways,
transcriptional networks, ligand-receptor interactions and senescence
status. Our analyses identified gene signatures, demonstrating that
heterochronic parabiosis regulates several hallmarks of aging in a cell-
type-specific manner. Brain endothelial cells were found to be especially
malleable to this intervention, exhibiting dynamic transcriptional changes
that affect vascular structure and function. These findings suggest new
strategies for slowing deterioration and driving regeneration in the aging
brain through approaches that do not rely on disease-specific mechanisms
or actions of individual circulating factors.

Agingisacomplicated process thatis far frombeing completely under-
stood, although a number of hallmarks have been recognized'. The
brain itselfis affected substantially by aging, with processes such as
cellular respiration, protein synthesis, oxidative stress, neurotrans-
mission, myelination, neurogenesis, inflammation and blood flow
being compromised®*. None the less, a series of recent observations
demonstrate that several aspects of aging can be delayed or even

reversed by a variety of interventions, including exercise*?, caloric
restriction®, elimination of senescent cells”®, administration of rapa-
mycin’ or metformin', transient cell reprogramming and youngbone
marrow transplantation’.

One of the most robust methods of improving the function of
aging tissues is that of heterochronic parabiosis, a surgical proce-
dure whereby young and old mice are joined together so that they
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shareacommon circulatory system™*, Multiple publications have led
to the surprising conclusion that exposure of old mice to the young
circulatory environment improves the function of various tissues
and organs”?, including the central nervous system (CNS)?* . In the
CNS specifically, studies from our lab*? and others***** have shown
thatcirculating factors in young blood stimulate functional improve-
ment in aged and diseased brains. Conversely, it has been shown that
systemic factors in old blood drive aging phenotypes in young tis-
sues??"*? including the brain. The molecular underpinnings of these
changes remain to be fully elucidated, but a great deal of recent work
has focused on measuring age-related changes in serum blood pro-
teins®, primarily based on the hypothesis that function-improving fac-
tors decline with age. Although thisis a plausible approach??42343¢ jt
ignores nonprotein factors (blood cells®, exosomes, lipids) and factors
thateither do or do not change in unexpected directions with aging.

Following our previously published work employing single-cell
RNA-sequencing (scRNA-seq), which describes changes that occur
in the brain during aging®, we have now quantified changes in the
transcriptomes of young and old mouse brains after parabiosis. The
comprehensive single-cell datasets we generated allowed us to detect
braincelltypes, the transcriptional states of which are affected by para-
biosis. We alsoidentified changes ininter-/intracellular molecular path-
ways, generegulatory networks, cell-cell interactions and senescence.
Endothelial cells (ECs) were found to be highly affected by parabiosis,
exhibiting strong dynamic changesin their transcriptome, with several
ofthese validated by orthogonal assays. Overall, this work shows that
heterochronic parabiosis regulates several canonical hallmarks of
aging'’ by shifting aging-induced changes of the transcriptome in a
cell-type-specific manner.

Results

Single-cell profiling to study rejuvenation and aging
acceleration

We employed high-throughput scRNA-seq to examine the transcriptional
profiles of young and old mouse brains after parabiosis (Fig. 1a,b). We gen-
erated heterochronic pairs inwhich 3- to 4-month-old mice were joined
with20-to 22-month-old mice. We also generated age-matchedisochro-
nic pairs of young and old mice as controls. All pairs were maintained for
4-5weeksbeforetissue collection and analysis. We confirmed successful
parabiosis and establishment of blood crosscirculation as previously
described®® (Extended DataFig.1). We dissociated the brain tissues using
our recently developed protocol” and analyzed the transcriptomes of
158,767 single cells (Extended Data Figs. 2 and 3). On stringent filtering
and batch effect examination (Methods), we retained 105,329 cells, of
which 67,992 cells derived from 34 parabionts (7 isochronic young (YY),
9 heterochronicyoung (YO), 7 isochronic old (O0), 11 heterochronic old
(0Y)) and 37,337 cells derived from 16 unpaired animals (8 young (YX)
and 8 old (OX)) (Fig.1and Extended Data Figs. 4 and 5).

Single-cell atlas reveals that cell types are preserved by
parabiosis

By combining cells in unpaired and parabiotic brains and using cell
markers from our previous work®, we identified 31 major cell types

with distinct expression profiles (Fig. 1c). For acomplete list of cell
types and abbreviations, see Methods and Supplementary Table 1.

We then examined the major markers for each cell type to ensure
robustness of their transcriptional signatures. Each cell type expressed
markers that match its cellular identity, as previously characterized”
(Fig. 1d,e). Unsupervised clustering also showed that the identified
cell populations were represented in all batches and animal types
(Extended Data Figs. 4a,b and 6), indicating that cell identity is pre-
served in parabiotic mice. We found that the proportions of each cell
typerepresentedineachgroup were only slightly smaller for the isoch-
ronic brains, which may be due to the smaller number of contributing
animals (Extended Data Fig. 7). We quantified the difference in the total
number of cells for each cell population by comparing the animal types
using analysis of variance (ANOVA) with a threshold of P< 0.05, con-
firming that parabiosis does not significantly alter the number of cells
per cell population between animal types, except for dopaminergic
neurons (DOPA) in young heterochronic versus young unpaired mice
(P=0.002) (Fig. 1f, Extended Data Figs. 4c and 7 and Supplementary
Table 2). However, data analysis of cell proportion changes should be
cautiously considered in single-cell sequencing studies, especially
when tissue dissociation is used. Across the different types of cells,
we observed the largest number of total detected genes in epend-
ymocytes (EPCs), choroid plexus epithelial cells (CPCs), GABAergic
neurons (GABA), glutamatergic neurons (GLUT), neuroendocrine cells
(NendCs)* and arachnoid barrier cells (ABCs) (Fig. 1g).

For further investigation, we performed high-resolution sub-
clustering analysis to uncover the heterogeneity of these cell types.
To reduce the effects of drastically different cell identities, we first
grouped the identified cells into five distinct classes based on their
expression profile, lineage, function and anatomical organization
(Fig.2). We delineated 75 distinct cell populations in accordance with
the literature and our previous results® (Fig. 2a—e). As with the major
cell populations, all the identified subpopulations were representedin
each animal type (Extended DataFig. 6). For instance, we identified five
subpopulations of ECs (Fig. 2f,g): ECs only expressing classic markers
such as CldnS (EC_1), which represent the largest fraction of ECs; ECs
positive for astrocytic markers, such as SlcIa3 (EC_2)*, potentially
due to the presence of adherent RNA-containing astrocytic endfeet;
ECs expressing the mitogenic/neovascularization marker Lrgl (ref. *°)
(EC_3); ECs positive for the olfactory marker Omp (EC_4), possibly
reflecting RNAin olfactory axonsstill attached to ECs; and ECs denoted
by the expression of Plvap, known to be expressed in fenestrated ECs
inthe choroid plexus* and circumventricular regions (EC_5). Although
EC_2 has been characterized by others, EC_2 and EC_4 may be conse-
quences of the mild dissociation protocol used (Fig. 2h). As found in
our previous study* and by others**?, we did not observe distinct sepa-
ration of arterial, capillary and venous ECs. However, select markers
exhibited azonation effect that further highlights the heterogeneity of
ECs derived from different vascular beds (Extended DataFig. 8). More
specifically, as shownin Fig. 2i, probabilistic programming of cell class
assignment using arterial/capillary/venous markers characterized in
recent studies”**similarly displayed a clear zonation of ECs along the
arteriovenous axis (Extended Data Fig. 8).

Fig.1| Overview of the single-cell sequencing analysis. a, Schematic
representation of the animal types used in the present study. Sequencing data
fromisochronic (YY and OO) and heterochronic (YO and OY) parabiosis pairs were
generated and integrated with sequencing data from young (YX) and old (OX)
unpaired mice from our previous work” which were generated simultaneously
with those of the parabionts. b, Schematic representation of the experimental
workflow (see Methods for details). c, UMAP projection of 105,329 cells across
31clusters derived from 34 parabionts (7YY, 9 YO, 7 00 and 11 OY) and 16 unpaired
animals (8 YX and 8 OX). For the cell-type abbreviations please see the text

and Methods (Supplementary Table 1). d, UMAP projection of five major cell
populations showing the expression of representative, well-known, cell-type-

specific marker genes (OLGs: Cldn11; ASCs: Gjal; NEUR: Syt1; ECs: Cldn5; MGs:
Tmem1I19). The numbers reflect the number of nCount RNA (UMI) detected for the
specified gene for eachcell. e, Violin plot showing the distribution of expression
levels of well-known, representative, cell-type-enriched, marker genes across all
31distinct cell types. f,g, Boxplot showing the distribution over n = 50 biologically
independent animals of the number of detected cells per cell type (f) or number of
detected genes per cell type (g). Boxplot minimum is the smallest value within
1.5x theinterquartile range (IQR) below the 25th percentile and maximumis
thelargest value within 1.5x the IQR above the 75th percentile. Boxplot center is
the 50th percentile (median) and box bounds are the 25th and 75th percentiles.
Outliersare >1.5x and <3x the IQR. Panel b was created with BioRender.com.
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mature. f, UMAP subpopulation analysis of EC clusters (n = 6,218 cells).
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Parabiosis reprograms the transcriptional landscape of brain
celltypes

Adult mouse tissues experience structural and functional improvement
when exposed to young blood and deterioration when exposed to old
blood. Our previous work detailed transcriptional changes that take
placeinbrain cells during aging”, but not all these changes are necessar-
ily of functional consequence. Heterochronic parabiosis might provide
afirst-passfilter to help identify those aging-related genes that drive the
reversal of aging in the brain. We performed differential gene expres-
sion (DGE) analysis to identify the gene changes that are associated with
the rejuvenation process in old heterochronic parabionts or with the
aging acceleration process in young heterochronic parabionts. Inthe
analysis, we attempted to compensate for the effects of the parabiosis
surgery itself. We used a pseudobulk approach (Methods) to allow for
chained pairwise comparisons of parabiosis-induced rejuvenation (RJV)
oragingacceleration (AGA) with respect to the parabiosis surgery and
the physiological aging process***¢. We also completed all relevant
pairwise comparisons to directly compare the transcriptomes of any
two animal types. Overall, our data allowed us to identify signatures
thateither shifted more toward reversal (RJV) or acceleration (AGA) of
aging. More specifically, the RV DGE dataset lists the old heterochronic
genes (OY) taking into account isochronic mice (OO) and are associ-
ated withatransition to a‘more youthful’ state with respect to normal
aging (OX-YX). Conversely, the aging AGA DGE dataset lists the young
heterochronic genes (YO) taking into accountisochronic mice (YY) and
are associated with a transition to a ‘more aged’ state with respect to
normal aging (YX-0X) (Methods).

Ofthe 20,905 total detected genes, 700 were significantly changed
with aging in at least one cell type (false discovery rate (FDR) < 0.05),
whereas 442 were significantly changed in RJV and 155 in AGA (Sup-
plementary Tables 3-11). As expected, we did not capture significant
transcriptional changesinalltheidentified cell types, potentially dueto
thelow number of cells sequenced in some populations and the low levels
of detected transcriptionand dropoutsinherent to scRNA-seq analysis”.
Nonetheless, our analysis also showed that the proportions of total DGEs
per cluster that were common to aging and RJV varied from cell type to
cell type, as did those that were common to aging and AGA (Extended
DataFig.9). The DGEs in common between R}V and aging and AGA and
aging, along with genes unique to each paradigm, demonstrate that not
all effects of aging are reversed or accelerated by parabiosis and that
heterochronic parabiosis may also work through genes and pathways
independent of the aging process (Supplementary Tables 12 and 13).

Onexamination of the DGE datasets, aclear pattern of gene expres-
sionchangesinRJVand AGA (FDR < 0.05) was evidentamong our large
cell populations (>5,000 cells) (Fig. 3 and Supplementary Tables 3-11),
potentially due to higher statistical power. Specifically, oligoden-
drocytes (OLGs), astrocytes (ASCs), GLUT, GABA, ECs and microglia
(MGs)yielded the largest number of putative DGEs (Figs. 3 and 4aand
Supplementary Tables 3-11). Although OLGs had the largest number
of cells, the number of DGEs normalized to the total number of OLGs
in R}V, AGA and aging were 0.461, 0.00587 and 0.896, respectively.
Conversely, ECs, an average cluster in size, had the third highest per-
centage of normalized RJV DGEs (1.0936) behind only NendCs (1.229)
and GLUT (1.190), and had the highest percentage of AGA (0.836) and
aging (2.638) DGEs. These dataindicated that the EC population, most
directly exposed to circulating factors, is highly affected in both the
RJV and the AGA paradigms. This is in accordance with our previous
observations showing improvements in the brain vasculature after
heterochronic parabiosis® and after growth differentiation factor
(GDF)11treatment?, and further emphasizes the key role that ECs play
inregulating communication between blood and the brain®.

Parabiosis shifts gene signatures associated with RJV and AGA
Tofind genesthat are dysregulated across multiple cell types, we looked
for key gene signatures that change in opposite directions in RJV and

AGA. Acrossall cell types, atotal of 41 unique genes was found to change
their expression levels bidirectionally in RJV and AGA. Specifically,
34 genes were downregulated in RJV and upregulated in AGA (Fig. 4b
and Supplementary Table 14). To identify cell types that change the
direction of expression of the same genes in the parabiosis-induced
RJV process and/or the parabiosis-induced AGA process, we created
higher-dimensional Venn diagrams through upset plots (Fig. 4c,d). This
analysisidentified certain pairs of cell types that shared multiple DGEs
in the same directionin RJV (such as ECs-MGs and OLGs-ASCs) and
AGA (ECs-pericytes (PCs) and ECs-MGs) (Fig. 4c,d and Supplementary
Tables 15 and 16). In multiple cell types in RJV, two major apolipopro-
teins (Apoe and Clu) were dysregulated, similar to findings in neurode-
generative diseases such as Alzheimer’s disease**~° (Supplementary
Tables15and 16).

ECsagain demonstrated the greatest number of genes that change
direction of expression (log(fold-change) (log(FC))) betweenRJV and
AGA, further highlighting their susceptibility to the aging process and
their potential for manipulation. Overall, a substantial percentage of
genes with expression that was increased with aging decreased their
ECs after heterochronic parabiosis. For example, the transcription
factor (TF) Maff, which is highly upregulated with aging in ECs, was
found to be downregulated in R}V and upregulated in AGA (Fig. 4e
and Supplementary Table 14). Similarly, the aging-upregulated genes
Hsp90aal and Hspala, which encode heat shock response proteins,
Adamsts1, whichisinduced on shear stress™, Apold1, whichis respon-
sive to hypoxia/ischemia®” and lipopolysaccharide treatment’®, Cyré1,
which encodes an extracellular matrix protein involved in angiogen-
esis*’, and Dusp1, which participatesin EC migration** along with Stmn2,
a gene involved in the microtubule organization®”*’, were all down-
regulated in RJV and upregulated in AGA (Fig. 4e and Supplementary
Table 14). There were only two genes with expression that changed in
the opposite direction—down with aging and up after heterochronic
parabiosis. One is Aup, ahormone that has been known for some time
tosignal tobrain ECs, which, however, were not known to secreteit. The
otheris/unslab,knownto stabilize the cytoskeletoninsome cell types
and protect from cell death induction due to actin destabilization®
(Fig. 4e and Supplementary Table 14). The DGE analysis also showed
that the TF KIf6, which was one of the most upregulated genes with
agingin ECs, was differentially downregulated in R}V, as wasits down-
stream target Smad” (Supplementary Tables 3 and 4). Considering
that KIf6 expression is known to be regulated by vascular injury***,
we further characterized its transcriptional changes by RNA in situ
hybridization. As shownin Fig. 5a,b, KIf6 expression wasindeed found
to be highly upregulated with aging in ECs (PecamI’). Heterochronic
parabiosis reversed this change in the old parabionts, bringing its
transcriptional levels of KIf6 close to those seen in young ECs (Fig. 5b).

Taken together, our computational analysis identified numerous
aging-related genes across multiple cell types, including ECs, with
expression restored in old mice and/or disrupted in young mice after
heterochronic parabiosis, suggesting their potential involvement
in the rejuvenation and/or aging acceleration process, respectively.
These data are again consistent with the notion that parabiosisis likely
toactin part by regulating processes important to vascular structure
and health.

Heterochronic parabiosis reverses aging-induced pathways

We next performed animplementation of gene set enrichment analysis
(GSEA)*®to reveal biological processes and molecular pathways asso-
ciated with aging, RJV and AGA. Composite ranks were calculated for
eachgenebased on FDR and log(FC). Aswith our previous study on old
and young animals”, the ranking metric used yielded many significant
terms for most cell types (Supplementary Table 17). Specifically, in
the RJV model, the most gene sets were observed in oligodendrocyte
precursor cells (OPCs), OLGs, olfactory ensheathing glia (OEGs), ASCs,
GABA, GLUT, NendCs, ECs and MGs, whereas, in the AGA model, only
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by descending log(FC), with OLGs (n =156 RJV and n =2 AGA) (a), ASCs (n =49 R}V
and n=48AGA) (b), GABA (n=39RJVandn=20AGA) (c), GLUT (n=61RJV and
n=6AGA) (d),ECs (n=68RJVandn=52AGA) (e) and MGs (n=63RJVandn=37
AGA) (f) inrespective order. The color bar of the heatmap reflects the z-score,
from negative (blue) to positive (magenta). The batch is denoted in the top
annotation bar and animal type in the second annotation bar.

OPCs, OLGs and PCsyielded significant terms. This further reinforced
our observation that heterochronic parabiosisinduces stronger aging-
related gene signature changesin the old parabionts.

Among the key ontologies that were downregulated inaging and
upregulatedinRJV across multiple cell types were pathways related to
mitochondrial activity, such as gene ontology (GO) oxidative phospho-
rylation, and GO electron transport chain, as well as oxidative stress
homeostasis and metabolism pathways, such as GO detoxification,
GO generation of precursor metabolites and energy and reactome

metabolism of amino acids, and derivatives followed this trend
(Fig. 4f and Supplementary Table 17). RJV-downregulated pathways
such as GO DNA conformation change and GO peptidyllysine methyla-
tion further demonstrated that the epigenetic machinery is function-
ally perturbed in various cell populations with parabiosis (Fig. 4f and
Supplementary Table17).

In addition to the above ontologies, ECs displayed a clear pat-
tern of normalized enrichment score (NES) sign reversal between
aging and R}V, corresponding to our DGE profiling. Changes in
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Fig.4 | DGE characterization across cell types. a, Rose diagrams (circular
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FDR <0.05, colored by direction of log(FC) (up magenta, downblue). b, Venn
diagram of RJV and AGA DGEs across all cell types, demonstrating bidirectional
log(FC) changes between the comparisons (depicted with arrows). ¢,d, Upset
plot of FDR = 0.05 DGE with positive log(FC) (upregulation) and negative log(FC)
(downregulation) inboth RJV (c) and AGA (d). The top bar height reflects the
number of DGEs in the intersection (in common between the barbells below),

and the side bar width reflects the magnitude of the set size. e, ECRJV and AGA
DGE Venn diagram split by log(FC) sign, revealing genes that reverse direction
between comparisons. The arrows point to listed bidirectional genes. f, GSEA
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adjustment for significance. P values for OY-YX: 0.473 (95% confidence interval
(CI)-1.588,0.737); OY-00:5.328 x 10™ (95% C1-10.260, -6.620), OY-OX:
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25thand 75th percentiles. Outliers are >1.5x and <3x the IQR. ¢, Representative
RNA images of mouse cortices showing Hspala punctain Pecaml' ECsin YX, OY,
00 and OX mice. Scale bars, 20 pm. d, Violin and boxplot representation of RNA
quantification (n = 4 biologically independent animals) by two-tailed Welch’s
t-test with no multiple comparison adjustment for significance. Pvalues for
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mitochondrial and metabolic pathways were found in RJV. Processes
that were downregulated include inflammatory pathways such as hall-
mark tumor necrosis factor « (TNFA) signaling via nuclear factor-kB
(NF-kB), and apoptosis and the senescence-associated hallmark P53
pathway. Likewise, proteostasis-associated pathways, such as Reac-
tome HSF1 activation and GO de novo protein folding, were found

to be upregulated with aging and downregulated in RJV (Fig. 4f and
Supplementary Table 17). Collectively, these data suggested that
heterochronic parabiosis changes the metabolic profile, improves
proteostatic machinery and reduces aging-associated apoptosis or
senescence to improve EC function, consistent with recent findings
inaortic ECs*.

Nature Aging | Volume 3 | March 2023 | 327-345

334


http://www.nature.com/nataging

Resource

https://doi.org/10.1038/s43587-023-00373-6

We then focused on further exploring the decline of proteostasis,
an acknowledged hallmark of aging, in ECs. Our pathway analysis
revealed upregulation of several stress-inducible pathways in ECs that
are presumably activated in response to misfolded protein accumula-
tioninagingandsuppressedinRJV (Fig.4fand Supplementary Table17).
For example, we examined the gene expression levels of Hspala, which
encodes a stress-inducible heat shock protein. At the DGE level, as
mentioned above, Hspala was found to be upregulated in aging and
downregulatedinRJVin ECs (Supplementary Tables 3 and 4). To verify
this change, we performed RNA in situ hybridization. As shownin Fig.
5c,d, we detected a significant decline in the number Hspala puncta
expressed by ECs in heterochronic parabionts.

Parabiosis activates global remodeling of GRNs

In an attempt to identify key regulatory TFs involved in RJV or AGA
independent of changes in their own expression levels, we utilized the
SCENIC approachto detect generegulatory networks (GRNs) compris-
ing TFs and their downstream effector genes®®. Each animal type was
profiled individually to identify putatively active GRNSs, stratified by
cellclass. The young unpaired and youngisochronic animals had fewer
cell types with higher frequencies (>100) of higher (>1) GRN activity
scores than young heterochronic animals (Fig. 6a). Vascular smooth
muscle cells (VSMCs), arecently identified perivascular-like cell type
of the brainvasculature®, frequently had high activity across all animal
types (Fig. 6a).In old heterochronic animals, vascular leptomeningeal
cells (VLMCs), NEUT, ASCs and DOPA had higher frequencies of high
(>1) GRN activity scores than old unpaired animals (Fig. 6a and Supple-
mentary Table 18). These putative changesin GRN activity may suggest
anincrease in global remodeling in the old and young heterochronic
mice to reflect RJV and AGA, respectively.

RJVviaparabiosis has adistinct transcriptional landscape that fol-
lows the opposite direction of expressionin AGA. The signed absolute
differenceinlog(FC)identifies TFsthat are bidirectional between RJV
and AGA, meaningthat they haveincreased expressionin RJV and down-
regulationin AGA, or vice versa. DOPA demonstrated the most extreme
instances of TFs that change direction, followed by VLMCs, then ECs
(Fig. 6b and Supplementary Table 14). Considering that ECs displayed
many bidirectional TFs, we further explored their entire transcrip-
tional landscape. Of the EC TFsin old and young heterochronicbrains,
most demonstrated opposite regulation in RJV and AGA (Fig. 6¢).
TFs in common between old heterochronic and young unpaired ECs
that reflect RJV included essential regulators of EC function such as
Thx3 (refs. °%) and Foxo4 (ref.®®),amember of the FOXO family of TFs
thatare components of afundamental aging regulatory pathway, Patz1,
which has been implicated in regulating p53 levels and senescence in
ECs®*, and Arnt, which participatesin aryl hydrocarbon receptor sign-
aling and is involved in several aspects of vascular biology® (Fig. 6d).
Likewise, young heterochronic and old unpaired ECs that reflect the
AGA construct shared the hypoxiaresponse genes Atf1, Atf2and Hifla,
indicating a stressed EC profile, as well as A¢f4 which has been impli-
cated in angiogenesis®® (Fig. 6€).

Parabiosis alters intercellular communication networks

Alteredintercellular communication is one of the hallmarks of aging'.
Although many studies have examined the actions of blood-borne fac-
tors on CNS cells, few have looked at factors secreted by the CNS cells
themselves and how they are modified by aging. Theimportance of such
secreted factors has been shown to be dysregulated in inflammation
and degeneration” 7°. To analyze changes inintercellular communica-
tion within the brain we used CellChat”. We first measured the total
number of interactions for each animal type to elucidate the number
of cell-cell communication connections (Fig. 7a and Supplementary
Table 19). We found that the old heterochronic parabionts exhibited
fewer putative connections than the old unpaired and old isochronic
animals, whereas the young heterochronic parabionts exhibited more

putative connections than in the young unpaired and youngisochro-
nic animals (Fig. 7a). In R}V, we discovered connections triggered by
VLMCs and ABCs, both of which act physiologically as barrier cells.
For example, we found that VLMCs and ABCs potentially signaled
to ASCs, ECs and MGs, whereas they received signals from neural
stem cells (NSCs), neuronal-restricted precursors (NRPs) and VSMCs
(Fig. 7b and Supplementary Table 19). Conversely, in AGA, more sign-
aling was triggered by CPCs. Specifically, CPCs signaled to OPCs and
various neuronal cell types (DOPA, GLUT, cholinergic neurons (CHOL)),
whereas they received signals from VSMCs and GLUT. In this paradigm,
we also observed more signaling triggered by EPCs, which are cells that
also act physiologically as barriers because they form the epithelial
lining of the ventricles (Fig. 7b and Supplementary Table 19). Taken
together, this computational analysis highlighted the prominent roles
for various barrier cells in the brain parenchyma, as well as CPCs, in
processes accompanying or mediating the effects of parabiosis.
Following our previously published approach®, we pursued
ligand-receptor interactions determined by encapsulating FDR and
log(FC) as the metric for putative association. This computational
analysis showed that there are certain aging-induced changesin cell-
cellcommunication that were reversed in the old heterochronic para-
bionts and/or potentiated in the young heterochronic parabionts.
As an example, we detailed interactions involving EC ligands, which
are known to secrete signals that regulate neurogenesis’ in NRPs
and, recently, were reported to be implicated in signaling networks
with OLG lineage cells”. We delineated a clear pattern of connection
direction reversal between aging and RJV for most ligands, as well as
betweenRJVand AGA, with AGA exhibiting a direction similar to aging
(Extended Data Fig. 10). Specifically, we identified several secreted
factors that could mediate theseintercellular relationships, including
cytokines/inflammatory mediators suchas CXCL12 (ref.”*) and growth
factors such as brain-derived neurotrophic factor”. Another way of
investigating the data is to look for aging/RJV-dependent changes in
thelevels of cellular receptors. We applied this analysis to ECs, known
to be highly influenced by factors found in blood and recognized to
be subject to interactions with PCs and ASCs. The genes encoding EC
receptors found in the cell-cell communication analysis are shownin
Fig.7c,demonstrating the log(FC) reversal between aging and R}V, and
same log(FC) direction between aging and AGA, in many receptors.
Our computational analysis identified numerous cell-cell com-
munication networks that are perturbed during the aging process and
modified on heterochronic parabiosis, and highlighted the significance
of ECs as a potential target for therapeutics, because its intercellular
interactions are affected by both aging and heterochronic parabiosis.

Heterochronic parabiosis regulates the senescence state

The effects of parabiosis on cellular senescence are beginning to be
recognized’”’. To explore this in more detail, we performed animple-
mentation of GSEA with a reference gene set of literature-defined,
senescence-associated genes (Supplementary Table 20)7*”® against
the preranked aging, RJV and AGA gene sets to determine functional
enrichment of senescence in these paradigms, and their directions.
Across 20 of the 29 examined cell populations, we observed direc-
tionality reversal between aging and RJV based on NES (Fig. 8a and
Supplementary Table 21). In the vast majority of cell types, aging was
associated with increased senescence consistent with previous stud-
ies”’, whereas RJV resulted in reduced senescence. The NES direction
was the sameinaging and AGA for 20 cell types, indicative of recapitula-
tion of the aging process in AGA (Fig. 8aand Supplementary Table 21).
To confirm the effects of parabiosis on senescence, we performed
RNA insitu hybridization to evaluate the expression levels of Cdknla,
awell-known senescence-associated gene. Specifically, we observed
asignificantdecrease in Cdknlaexpressionin ECs (PecamI”) inthe old
heterochronic parabiotic brains compared with the old isochronicand
old brains (Fig. 8b-c).
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Fig. 6| Generegulatory analysis reveals transcriptionally active cell types
and GRN reversals between RJV and AGA. a, Rose diagrams of GRN scores per
celltypeacross YX, YY, YO, OX, 00 and OY. The color scale from blue to magenta
reflects the degree of GRN activity (Methods). b, Difference heatmap of active
GRN TFs corresponding to RJV/AGA log(FC) change sign. Magnitude is the
absolute magnitude of the difference, and direction is positive for upregulation

inRJV (magenta) and negative for upregulation in AGA (blue). ¢, Heatmap
of EC-active GRN TFs plotted by RJV and AGA log(FC), with upregulation
magenta, downregulation blue, clustered with Euclidean distance, average
linkage. d,e, Venn diagrams of ECRJV (d) and AGA (e) animal frameworks’
active GRN TFs. The arrows point to those TFs in common between OY and
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identified only in the rejuvenation model of OY and YX (Venn diagram inset,
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and OX mice. Scale bars, 20 pm. ¢, Violin and boxplot representation of RNA
quantification (n = 6 biologically independent animals) by two-tailed Welch’s
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t-test with no multiple comparison adjustment for significance. Pvalues: OY-YX:
0.810 (95% C1-0.930,1.190); 0Y-00: 0.0484 (95% C1-1.670, -0.006); OY-OX:
0.0000874 (95% C1-3.063,-1.025); and 00-0X: 0.0251 (95% C1-2.260, -0.151).
NSP>0.05,'P<0.05,"P<0.01, "P<0.001and ""P<0.0001. Boxplot minimumi s
the smallest value within 1.5x the IQR below the 25th percentile and maximumiis
the largest value within 1.5x the IQR above the 75th percentile. Boxplot center is
the 50th percentile (median) and box bounds are the 25th and 75th percentiles.
Outliers are >1.5x and <3x the IQR.

Our computational analysisindicates that heterochronic parabio-
sismodulates the senescence signature in multiple brain cell types and
suggests the possibility that the cellular senescence regulation itself
may contribute, at least partly, to the positive and negative effects
of parabiosis in the brains of old and young parabionts, respectively.

Discussion

Over the past few years, many studies have demonstrated that aging
isahighly dynamic and malleable process, with several types of treat-
ment reported to rejuvenate tissues and organs and, in turn, extend
organismal healthspan and lifespan®®®'. Among these interventions,

heterochronic parabiosis appears to be one of the most effective.
Despite this, the mechanism(s) by which parabiosis acts at the cel-
lular and molecular levels toimprove tissue function remains elusive.
Inthe present study, we present acomprehensive single-cell survey of
the gene expression changes that occurin the aged and young mouse
brain after heterochronic parabiosis as a step toward understanding
how parabiosis improves brain function.

We first assessed the cellular complexity of the parabiotic brains
and showed that cell identity and composition were largely retained.
Thus, functional changes associated with parabiosis are probably
due, at least substantially, to changes in the gene expression profiles
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of CNS cells. A limitation of the present study is that, as tissue disso-
ciationisaninherent part of the single-cell sequencing workflow, this
might have resulted in nonuniform sampling problems®. Therefore,
we cannot completely rule out shifts in the numbers of certain cell
populations??®, Future studies employing single-nuclei sequencing
approaches® and spatially resolved transcriptomics®** may shed
more light on this matter.

We further explored the gene expression changes associated with
aging and heterochronic parabiosisin allidentified brain cell types to
discover genes and pathways that are implicated in the rejuvenation
and aging acceleration. To this end, we identified the primary cell
types exhibiting these changes and revealed the common and cell-
type-specific, aging-induced signatures and transcriptional programs
that wererescued after parabiosis in the old brainsand/or disruptedin
theyoungbrains. As corroborated by recent reports, our data provide
evidence that heterochronic parabiosis effectively modulates multiple
manifestations of canonical aging hallmarks, including altered intercel-
lular communication®, loss of proteostasis®®, defects in mitochondrial
dysfunction®***? and cellular senescence’®”?"2,

Our analyses suggest that the modulation of the aging process is
mediated by reprogramming of the associated transcriptional signa-
tures across multiple brain cell types. In support of this notion, aging-
induced changes in the epigenetic status of the aged mouse brain®,
aswellas of the aged liver and blood tissues’, were recently reported
to be reversed after heterochronic parabiosis. The reprogramming
of the transcriptome presented in the present study is somewhat
similar to the reprogramming recently reported to take place in rats
subjected to caloric restriction®. These findings raise the exciting
possibility that both interventions could promote tissue rejuvenation
by mitigating the appearance of similar aging-associated epigenetic
alterations, and consequently their induced transcriptional changes.
Thus, future studies investigating the exact epigenetic regulators and
mechanisms that are responsible for these types of changes will be of
high importance®®,

Parabiosis is a complex process and stimulates a number of
changes—positive and negative—in both parabionts”. It is interest-
ing that it can be argued that the positive effects of young blood
factor exposure can overcome not only aging-driven changes in
gene expression, but also processes such as systemic inflamma-
tion and stress stimulated by the parabiosis surgery itself'**%. Our
data support the view that parabiosis also exerts effects independ-
ent of the aging process, an aspect incorporated into our analysis.
Moreover, parabiosis-driven effects may be mediated through means
other than reversing the effects of normal aging. In recognition of
this possibility, we designated the DGEs from the chained pairwise
comparisons that have no overlap with aging DGEs (Supplementary
Tables 12 and 13).

One ofthe primary discoveries of our study is that the EC transcrip-
tomeis dynamically regulated by both aging and heterochronic para-
biosis. We found that ECs, when compared with other brain cell types,
exhibited one of the highest fractions of aging-related genes that were
rescued after heterochronic parabiosis in the old brain and, similarly,
the highest fraction of aging-related genes that were disrupted after
heterochronic parabiosis in the young brain. This finding supports our
previous research that the vasculature is strongly affected by aging and
disease and is capable of regrowth after heterochronic parabiosis*
or systemic GDF11 treatment?. We observed that a subset of ECs was
classified as mitogenic, expressing high levels of Lrgl and Lcn2 (Fig.
2f,g),and it is reasonable to speculate that the growth of these cells, the
growthofwhichis probably prevented or suspended by the inflamma-
tory environment of the aged brain, may be among the cell populations
that respond to these interventions. Although proteostasis in brain
ECs has not been thoroughly investigated, they are apparently long-
lived cells***° and, like neurons, might therefore accumulate protein
aggregates with age'’’, potentially compromising their function. As

previously shown, ECs become senescent with age'*'*?, but parabiosis
may reverse that phenotype as well. Taken together, these findings
underline the strong susceptibility and malleability of ECs, which are
directly exposed to secreted factors in both brain parenchyma and
blood, to adapt to changes in their microenvironment, which is con-
sistent with pervious observations from our lab>?® and others>**%¢,
Therefore, ECs, despite comprising <5% of the total number of brain
cells'®®, are apromising and accessible target for the treatment of aging
and its associated diseases'*.

Collectively, our computational matrices and web portals
provide unprecedented data that can be further explored to form
working hypotheses for future studies. Similar to other recent
reports®1%1% our study advances fundamental understanding of
the mechanisms underlying the aging process and potential inter-
ventions that go beyond descriptive studies of cell states. Our work
extends current knowledge about the effects of heterochronic para-
biosis on the aging process and supports the key role of the brain
vasculature in mediating these effects. Effectively, in one, albeit
complex procedure, parabiosis improves many of the individual
processes, such as mitochondrial dysfunction, proteostasis col-
lapse and cellular senescence, which are usually targeted separately
by therapeutic interventions. Based on data in this article, future
work aimed at developing therapeutics might focus on individual
processes in specific cell types, on regulating levels of regulatory
factors secreted from within the CNS or even onregulating the tran-
scriptional states of cells in the brain.

Methods

Animals

C57BL/6) inbred male mice (JAX no. 000664; CD45.1 CD45.2%) and
B6.SJL-Ptprc? Pepc®/Boy) male mice (JAX no. 002014; CD45.1'CD45.2°)
were housed in the Harvard Biolabs Animal Facility under standard
conditions. All experimental procedures were approved inadvance by
the Institutional Animal Care and Use Committee of Harvard University
(AEP no.10-23) and are in compliance with federal and state laws. On
the day of sacrifice, young mice were aged 3-4 months (13-15 weeks)
and old mice were 20-22 months (80-87 weeks), analogous to human
ages18-20 and 65-70 years, respectively'”.

Parabiosis

Parabiosis surgeries were performed as previously described®'* with
afewmodifications. In brief, mice were sedated with controlled isoflu-
rane anesthesia and placed on heating pads to prevent hypothermia.
Ophthalmic ointment was applied to prevent dryness of the eyes. The
lateral sides of the mice were then carefully shaved and aseptically
prepared. Matched skinincisions were made to the shaved sides and the
knee and elbow joints were tied together with nonabsorbable sutures
(Relino.SK7772) to facilitate coordinated movement. Surgical wound
clips (BD Autoclips 9 mm, no. 427631) and absorbable sutures (Ethi-
con no.J385H) were then used to join the skins together. On surgery,
parabionts were injected subcutaneously with the anti-inflammatory
enrofloxacin (5 mg kg™) to prevent infection and the analgesics car-
profen (10 mg kg™) and buprenorphine (0.1 mg kg™) to manage pain
(singleinjectionevery12 hfor up to3 d post-surgery).In eachinjection,
0.5 ml of prewarmed 0.9% (w:v) sodium chloride was also provided to
preventdehydration. Pairs were then keptin clean cages and placed on
to heating pads for up to 24 post-surgeries to maintain body tempera-
ture. Throughout the surgery and postoperative recovery, each pair
was monitored continuously and potential signs of pain and distress
were recorded, although several physical characteristics were also
analyzed, including pair weights. After 15 d post-surgery, pairs were
sedated again briefly to allow removal of the surgical wound clips and
remnants of the absorbable sutures. Parabiotic pairs were maintained
for4-5weeks (mean31.5 d; Extended Data Fig. 2) before processing for
tissue collection and subsequent analysis.
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Blood chimerism analysis

To evaluate blood crosscirculation we followed the same approach
as previously described®, in which the presence in both partners of
heterochronic pairs of blood cells bearing congenic markers from
both the aged (CD45.2") and the young (CD45.1") parabionts is dem-
onstrated. Specifically, in the heterochronic pairs we used young mice
carrying the congenic marker CD45.1 (JAX no. 002014) and old mice
carrying the congenic marker CD45.2 (JAX no. 000664), whereas in
the young isochronic pairs we used mice carrying either CD45.1 or
CD45.2. For the blood chimerism analysis, spleens were extracted
from the mice and single cells were mechanically isolated by passing
the spleen through a 40-pm filter. Erythrocytes were lysed with ACK
lysis buffer (Thermo Fisher Scientific, catalog no. A1049201) for 3 min
oniceandsingle cells were resuspended in Hanks Balanced Salt Solu-
tion (Thermo Fisher Scientific, catalog no. 14025-134) containing 2%
fetal bovine serum. Splenocytes were then filtered through a 40-pm
filter and stained with an antibody cocktail (Pacific Blue anti-CD45.1
(BioLegend, catalog no.110722;1:100 dilution), APC anti-CD45.2 (Bio-
Legend, catalog no.109814;1:100 dilution), PE anti-TER-119 (Thermo
Fisher Scientific, catalog no.12-5921-82;1:200)) and the fixable viabil-
ity dye Zombie Aqua (BioLegend, catalog no. 423101; 1:300 dilution)
for 30 min on ice in the dark. Cells were then washed and fixed in
1% paraformaldehyde before analysis. Cells were gated on physical
parameters to identify singlets followed by gating on the Zombie
Aqua“TER-119” population toidentify live nonerythroid cells. These
cells were subsequently gated as CD45.1" or CD45.2* to measure the
frequency of donor-derived blood cells from one partnerinthe spleen
of the other partner. Flow cytometry analysis was performed using a
BD LSRIIflow cytometer (BD Biosciences) and datawere analyzed with
FlowJo software (v.10). We found that the partner-derived cells rep-
resented 30-50% of splenocytes (mean 41.3%; Extended Data Fig. 1),
consistent with successful establishment of parabiotic crosscircu-
lation®. This analysis could not be applied to old isochronic mice,
because old mice carrying the congenic marker CD45.1 were not avail-
able for purchase; however, the crosscirculation in old isochronic mice
has been well characterized previously®.

Brain tissue dissociation

Braintissue collection was performed at the same time of day (9-10am),
processing one pair of mice per day, thus limiting circadian variation'®”.
Brain tissue dissociation was performed as previously described”.
Briefly, mice were CO, anesthetized and then rapidly decapitated.
Brains were extracted and hindbrain regions removed. The remaining
tissue was mechanically and enzymatically dissociated into single cells
and kept onice for nolonger than1h until further processing.

ScRNA-seq

For the scRNA-seq experiments, 8 YX,9YO,9YY,80X,110Y and 1200
brains were analyzed, with two animals (one pair) sacrificed per day as
mentioned above. Briefly, after dissociation, cells were diluted in ice-
cold phosphate-buffered saline (PBS) containing 0.4% bovine serum
albumin at a density of 1,000 cells pl™. For every sample, 17,400 cells
were loaded into a Chromium Single Cell 3’ Chip (10x Genomics) and
processed following the manufacturer’sinstructions. SCRNA-seq librar-
ieswere prepared using the Chromiumv.2 Single Cell 3’ Library and Gel
Beadkitv.2and i7 Mutiplex kit (10x Genomics). Libraries were pooled
based on their molar concentrations. Pooled libraries were then loaded
at2.07 pMand sequenced onaNextSeq 500 instrument (Illumina) with
26 bases for readl, 57 bases for read2 and 8 bases for Index1. Cell Ranger
(v.2.0) (10x Genomics) was used to perform sample de-multiplexing,
barcode processing and single-cell gene unique molecular identifier
(UMI) counting, whereas a digital expression matrix was obtained for
each experiment with default parameters, mapped to the 10x reference
for mm10, v.1.2.0. After the initial sequencing, the samples in each
pool were re-pooled based on the actual number of cells detected by

Cell Ranger (Extended Data Fig. 2a), aiming to sequence each sample
to a similar depth (number of reads per cell) (mean 43,107 reads per
cell; Extended Data Fig. 3c). Multiple NextSeq runs were conducted
to achieve >70% sequencing saturation as determined again by Cell
Ranger (median: 75%).

Raw data processing and quality control for cell inclusion
Basic processing and visualization of the scRNA-seq data were per-
formed using the Seurat package (v.3.2.1.9002)"°inR (v.3.6.1). The ini-
tial dataset contained 158,767 cells with data for 21,876 genes (Extended
Data Fig. 3) The average number of UMI (nCount_RNA) and nonzero
genes (nFeature_RNA) are 2828.298 and 1206.153, respectively. The
data were log(normalized) and scaled to 10,000 transcripts per cell.
Variable genes were identified with FindVariableFeatures() function
with the following parameters to set minimum and maximum aver-
age expressions and minimum dispersion: mean.cutoff(0.00125, 3),
dispersion.cutoff(1,Inf). Next, principal component analysis (PCA) was
carried out and the top 50 PCs were stored. Clusters were identified
with FindNeighbors() by constructing a K-nearest neighbor (KNN)
graph and clustered with the Louvain algorithm with FindClusters()
atresolution2, represented by Uniform Manifold Approximation and
Projection (UMAP). All clusters with only one cell were removed and
clusters with >8% mitochondrial genes, clusters with min nCount_RNA
<1,000 and clusters with min nFeature_RNA 500 were flagged for
exclusion, resulting in 80 initial clusters. Animals with low average
number of genes >0 (<700), percentage mitochondria >1.5 and not
having cell contribution to each cluster were assessed for exclusion.
In total, five isochronic old and one isochronic young were removed
from the dataset (to retain eight YX, seven YY, nine YO, eight OX,
seven OO and eleven OY animals), and the above clustering steps
were performed at resolution 2. For quality control (QC) filtering, we
selectively removed clusters with minimum percentage mitochondria
0, maximum percentage mitochondria 5%, min_nFeature_RNA 250,
max_nFeature_RNA 6000, min_nCount_RNA 200, max_nCount_RNA
30000, min_cells=5. After the second round of QC, we retained 130,889
cells and 20,905 genes. The average nCount_RNA, nonzero genes,
percentage mitochondrial RNA and percentage ribosomal RNA were
2736.187,1368.007,1.149 and 5.135, respectively. We re-clustered at
resolution 2 to identify 69 clusters. The final preprocessing step was
to remove probable doublet artifacts arising from the cocapture of
multiple cellsin one droplet. After aninitial round of cluster identity
determination as assessed in the next section, we employed adoublet-
finding technique by searching for the top differential markers of each
identified cluster/subcluster with the FindMarkers() function, and
marked doublets/multiplets as any cluster in which >40% of its cells
express seven of the top ten genes specific to an initially identified
celltype and any other outside of the class of the cell type with which
itis associated. These clusters were removed from the downstream
analysis and clustering was again performed at resolution 2, repre-
senting 105,329 cells with similar retention to other studies®*" and
69 clusters across 20,905 genes. We examined the UMAP space and
all clusters are represented by all batches, so no further correction
was warranted (Extended Data Fig. 4a,b).

Determination of cell-type identity

We used multiple cell-specific/enriched gene markers that have been
previously describedin the literature to assist in determining cell-type
identity”. We identified 31 major cell types with distinct expression
profiles: OPCs, OLGs, OEGs, NSCs, astrocyte-restricted precursors
(ARPs), ASCs, EPCs, hypendymal cells (HypEPCs), tanycytes (TNCs),
CPCs, NRPs, immature neurons (ImmNs), GABA, DOPA, GLUT, CHOL,
NendCs¥, ECs, PCs, VSMCs, hemoglobin-expressing vascular cells (Hb-
VCs)¥, VLMCs, ABCs, MGs, monocytes (MNCs), macrophages (MACs),
dendriticcells (DCs), NEUT, T cells (T_cell), natural killer (NK) cells and
B cells (B_cell) (Fig. 1c and Supplementary Table 1).
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Wethenarranged allthe identified cell types based on their expres-
sion profile, lineage, function and topology into five classes of cells
(OLG lineage and OEGs, astroependymal cells and NSCs, neuronal
lineage, vasculature cells and immune cells). For each group, we re-
clustered the subcategorized cell types using top 50 PCs at resolution
5. The annotation of the subclusters was performed similar to the
identification of the main cell clusters.

DGE analysis

After initial QC preprocessing and determination of cellular identi-
ties, we utilized the muscat package (v.1.0.0) in R (v.3.6.1) to perform
pseudobulk DGE analysis with edgeR’s quasi-likelihood F (QLF) test**.
Seurat objects were exported to SingleCellExperiments and reads
were collapsed per animal to ‘sum’based on‘counts’. The ‘rejuvenation
framework’ RJV follows the design contrast (OY-0X)-(00-YX), assign-
inginthe design matrix: OY:1,00:-1; 0X:-1; YX:1. The ‘aging accelera-
tion framework’ AGA follows the design contrast (YO-YX)-(YY-0X),
assigning in the design matrix: YO: 1; YY: -1; YX: -1; OX: 1. Pairwise
comparisons for OXvYX, OYvOX, OYvOO, OOvOX, YOvYX, YOvYY and
YYvYX were also computed. Via muscat, edgeR generates a log(FC),
log(counts per min), F, p_val (Pvalue), p_adj.loc and p_adj.glb. We used
the Benjamini-Hochberg-adjusted g value p_val.locin alldownstream
thresholding. Our ability to establish a baseline level of transcription
is reliant on the number of cells measured and thus larger clusters’
variation can be more adequately modeled. HypEPCs and TNCs did
not contain enough cells over multiple animals to successfully derive
statistics. For all mouse types, raw normalized transcript per million
(TPM) values were calculated and percentage of expression per animal
type. For heatmap representations, the log,(z-score) of each animal’s
TPMintherejuvenation or aging acceleration process was calculated
gene-wise (by row).

Pathway analysis

GSEA was performed with the fgsea R package (v.1.12.0)"% Using the
protocol previously implemented™, for each cell population and DGE
comparison, genes were ranked by multiplying —log,,(p_val) with the
sign of the log(FC) and converted to Homo sapiens orthologs using
biomaRt (v.2.46.2). From MSigDB, we used five gene sets: Hallmark
pathways, GO biological process, Kyoto Encyclopedia of Genes and
Genomes (KEGG), BioCarta and Reactome. In fgsea, 1,000 permuta-
tions were performed with minimum gene set size of 15 and maxi-
mum 500. Gene sets with FDR < 0.25 were considered significantly
enriched. Term annotations and grouping of those overrepresenting
the same pathway were derived from Cytoscape software (v.3.5.1) and
the AutoAnnotate app (v.1.2) as previously described”. The NES direc-
tionality was used to collate cell-type pathways per DGE comparison.
Dot-plot representations are acomposite of FDR and NES.

GRNs

We employed SCENIC to assess GRNs and score their activity, using the R
implementation (v.1.1.2-2)°°. Each animal type was analyzed with respect
to eachlineage. Briefly, we used GENIE3 to identify genes that are coex-
pressed with TFs. Then, RCisTarget prunes these coexpressionmodules
tocreate GRNs (regulons). The direct targets of each TF are found using
cis-regulatory motif analysis. AUCell scores each regulon’s activity,
binarized to on/off at threshold 0.7. The regulon activity per animal type
per lineage is graphed with rose diagram histograms. Regulons with
TFs that change log(FC) direction between RJV and AGA are identified
and those regulons changing direction in at least eight cell clusters are
furtherinvestigated. The magnitude of the log(FC) difference between
RJV and AGA can take the form of the absolute difference, with the sign
of the difference positive if rejuvenation is >0 and aging acceleration is
<0, negativeifagingaccelerationis >0, and rejuvenationis <0 or zeroed
out if they are in the same direction. Regulon matrices of each animal
typeacrossall clusters, along with row-wise regulon count, are reported.

Cell-cell communication

Cell-cell communication between cell types per animal type was
assessed using the CellChat tool”. The number of interaction graphs
per animal were thresholded at interactions reaching P< 0.05 and
graphed with netVisual_circle. Rejuvenation-associated construct
graphs were the subset of unique receptor:ligand:source:target com-
binations of interactions occurring only in OY and YX, and aging-
associated construct graphs were the same combination occurring
onlyin YO and OX, graphed via the circlize package (0.4.13.1001)"*. EC
receptorsinall sixanimal types were collapsed into a master list, with
DGE P,4/log(FC) graphed via ggplot2. EC receptor graphs per animal
type were constructed via CellChat netVisual_aggregate.

Cell-cell communication per comparison was also conducted
as previously described” using the CCInx package (0.5.1). Per-com-
parison plots were generated between ligand-receptor pairs using
the CCInx tool.

Cellular senescence analysis

Cellular senescence was investigated using functional enrichment on
preranked genes againstknown senescence marker genes as described
inthe literature’’®, Briefly, the preranked (-log;(p_val)) multiplied by
the sign of the log(FC) aging, RJV and AGA gene lists were permuted
1,000x against the gene set using the fgsea algorithm implemented
in ClusterProfiler (v.3.14.3). The NES and P, (Benjamini-Hochberg)
arereported.

EC class assignment

EC ‘zonation’ was assessed through deep learning using the CellAssign
framework™ (v.0.99.21, tensorflow_2.2.0.9000). Gene markers from
Zhaoetal.” and other sources” **were used to define arterial-venous-
capillary markers. The learning rate used was 1 x 102, withamin_delta
of 0.25 and 10 runs on a V100 graphics processing unit hosted on the
FAS Cannon cluster.

RNA insitu hybridization

RNA in situ hybridization was performed on fresh-frozen brain tissue
from at least three mice for each relevant condition (YX, OY, OO, OX).
For sample preparation, mice were sacrificed via cervical dislocation
and the brains wererapidly extracted and embedded in optimal cutting
temperature (OCT; Tissue Tek) ondryice, and subsequently stored at
-80 °C until further processing. Brains were divided into 14-pum cry-
ostat sections and RNA in situ hybridizations were carried out using
the RNAinsitu Multiplex Fluorescent Manual Assay kit (Advanced Cell
Diagnostics (ACD)) per the manufacturer’sinstructions. Briefly, thawed
sections were fixed in 4% paraformaldehyde in PBS and dehydrated in
sequentialincubations with ethanol, followed by a30-min Protease IV
treatmentand washingin1x PBS. Appropriate combinations of hybridi-
zation probes were incubated on tissue for 2 h at 40 °C, followed by
fouramplification steps. Sections were subsequently stained with DAPI
and mounted with Prolong Gold mounting medium (Thermo Fisher
Scientific, catalog no. P36930). Brain regions were selected based on
areas of high expression levels of assessed examined genes, accord-
ing to the Allen Brain Atlas". Commercially available and validated
probes for Cdknla (ACD, catalog no. 408551), Hspala (ACD, catalog
no.488351), KIf6 (ACD, catalog no.426901) and Pecam1 (ACD, catalog
no. 316721) were utilized per the manufacturer’s instructions. For
eachmouse andtissue, three Bregma-matched sections were imaged.
Images (four per tissue section) were acquired with a Zeiss LSM 880
Confocal Microscope withidentical settings across sections and repre-
sented as maximum intensity projections of acquired confocal z-stacks.
Analysis was done using a script within CellProfiler software (v.4.2.1),
in which Cdknla, Hspala or KIf6 puncta with a diameter between 1
and 12 pixels located within the perinuclear space (100 pixels of DAPI-
positive nuclei) were identified and quantified. Cells with two or more
Pecam1’ punctawere designated PecamlI®ECs. For Hspala and Cdknla
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experiments, the EC marker Pecam1 was labeled by fluorophore Atto
647, whereas target probes were labeled by Atto 488 (Hspala) and Atto
550 (Cdknla). For KIf6 experiments, Pecami was labeled by the fluo-
rophore Alexa Fluor-488 whereas Kifé6 was labeled by the fluorophore
Atto 550. Lipofuscingranules largely associated with aged brain tissue
were avoided utilizing the 1- to 12-pixel cutoff for identifying puncta.
For eachanimal, an unstained tissue was imaged as a negative control
and to assess levels of background fluorescence.

Statistics and reproducibility

No statistical methods were used to predetermine sample sizes; our
samples sizes were determined iteratively. No randomization was
performed. Data collection and analysis were not performed blind to
the conditions of the experiments. Animals with low average number
of genes >0 (<700), percentage mitochondria>1.5 and not having cell
contribution to each cluster were assessed for exclusion. In total, five
00 and one YY were removed from the dataset. Further, clusters of
poor quality, over percentage mitochondria = 5%, under nFeature_
RNA =250, over nFeature_RNA = 6,000, under nCount_RNA =200, over
nCount_RNA =30,000, fewer than 5 cells were removed (see Methods
for full details). All statistical analyses were performed with R (v.3.6.1).
To generate P values for cell counts, ANOVA was conducted between
animal types per cell type (rstatix 0.6.0). For validation of gene expres-
sion changes by RNA insitu hybridization, two-tailed Welch'’s t-test was
conducted asindicated (rstatix 0.6.0). Datadistribution was assumed
to be normal with equal variance, but this was not formally tested.

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

Data availability

Raw data are available on the Gene Expression Omnibus under acces-
sion no. GSE222510. Data exploration of this scRNA-seq study is
currently available at https://rubinlab.connect.hms.harvard.edu/
parabiosis and on the Broad Single Cell Portal at https://singlecell.
broadinstitute.org/single_cell/study/SCP2011/aging-mouse-brain-
parabiosis. Source data are provided with this paper.

Code availability
Code is available upon request: https://github.com/kmh005/
rubin_parabiosis.
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
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Our web collection on statistics for biologists contains articles on many of the points above.
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Data is available in GEO under accession:

GSE222510 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE222510)
in the Broad Single Cell Portal:
https://singlecell.broadinstitute.org/single_cell/study/SCP2011/
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Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender There were no human subjects in this experiment.

Population characteristics There were no human subjects in this experiment.
Recruitment There were no human subjects in this experiment.
Ethics oversight There were no human subjects in this experiment.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size scRNA-seq was conducted on 56 animals (16 unpaired and 40 parabionts). No statistical methods were used to predetermine sample sizes;
our sample sizes were determined iteratively.

Data exclusions  Data from 6 parabionts were excluded for poor quality scRNA-seq reads (including low average number of genes above 0 (<700), percentage
mitochondria > 1.5, and not having cell contribution to each cluster). Clusters of poor quality over percent mitochondria=5%, under
nFeature_RNA=250, over nFeature_RNA=6000, under nCount_RNA=200, over nCount_RNA=30000, less than 5 cells were removed.

Replication Parabiosis is a lengthy and costly procedure. We provided an ample sample size with which to make statistical inferences.

Randomization  Mice were unpaired young, unpaired old, isochronic parabiosis old, isochronic parabiosis young, or from the young or old heterochronic
parabiosis pairs. No randomization was performed, but animals were distributed evenly among 5 scRNA-seq batches.

Blinding There was no blinding, given the nature of the parabiosis procedure.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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n/a | Involved in the study

|Z |:| ChiIP-seq
|:| |Z Flow cytometry

Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms

Dual use research of concern

Antibodies used

Validation

Pacific Blue anti-CD45.1 (Biolegend no. 110722)
https://www.biolegend.com/en-us/products/pacific-blue-anti-mouse-cd45-1-antibody-3105

APC anti-CD45.2 (Biolegend no. 109814)
https://www.biolegend.com/en-gb/products/apc-anti-mouse-cd45-2-antibody-2759

PE anti-TER-119 (Thermo Fisher Scientific, no. 12-5921-82)
https://www.thermofisher.com/antibody/product/TER-119-Antibody-clone-TER-119-Monoclonal/12-5921-82

Zombie Aqua (Biolegend no. 423101)
https://www.biolegend.com/en-us/products/zombie-aqua-fixable-viability-kit-8444?GrouplD=BLG2181

All the above antibodies are well characterized commercial antibodies. For each one, the specificity has been tested by the
manufacturer and verified independently by previous published studies. Validation profiles and relevant citations can be found in the
links provided.

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in

Research

Laboratory animals

Wild animals
Reporting on sex
Field-collected samples

Ethics oversight

C57BL/6J inbred male mice (JAX no. 000664; CD45.-CD45.2+) and B6.SJL-Ptprca Pepcb/Boy) male mice (JAX no. 002014; CD45.1+
CD45.2-) were housed in the Harvard Biolabs Animal Facility under standard conditions. On the day of sacrifice, young mice were 3-4
months (13-15 weeks) of age, and old mice were 20-22 months (80-87 weeks) of age.

There were no wild animals.

All mice were male.

There were no field-collected samples.

|l experimental procedures were approved in advance by the Institutional Animal Care and Use Committee of Harvard University (AEP
no. 10-23) and are in compliance with federal and state laws.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Flow Cytometry

Plots
Confirm that:

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

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).

All plots are contour plots with outliers or pseudocolor plots.

A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation
Instrument

Software

For the flow cytometry experiments we used single cell suspensions of spleens derived from the young and old parabionts
BD LSR Il Flow Cytometer (BD Biosciences)

Data were analyzed using the FlowJo software (version 10)
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Cell population abundance Total sorted cells per spleen: 120,000-150,000 CD45.1+ splenocytes: 20-35,000 cells CD45.2+ splenocytes: 20-35,000 cells

Gating strategy Gates were set manually by using compensation beads and appropriate control samples

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

>
Q
]
(e
D
1®)
O
=
o
<
-
(D
1®)
O
=
5
(@]
wn
(e
3
=
Q
A




	Heterochronic parabiosis reprograms the mouse brain transcriptome by shifting aging signatures in multiple cell types

	Results

	Single-cell profiling to study rejuvenation and aging acceleration

	Single-cell atlas reveals that cell types are preserved by parabiosis

	Parabiosis reprograms the transcriptional landscape of brain cell types

	Parabiosis shifts gene signatures associated with RJV and AGA

	Heterochronic parabiosis reverses aging-induced pathways

	Parabiosis activates global remodeling of GRNs

	Parabiosis alters intercellular communication networks

	Heterochronic parabiosis regulates the senescence state


	Discussion

	Methods

	Animals

	Parabiosis

	Blood chimerism analysis

	Brain tissue dissociation

	ScRNA-seq

	Raw data processing and quality control for cell inclusion

	Determination of cell-type identity

	DGE analysis

	Pathway analysis

	GRNs

	Cell–cell communication

	Cellular senescence analysis

	EC class assignment

	RNA in situ hybridization

	Statistics and reproducibility

	Reporting summary


	Acknowledgements

	Fig. 1 Overview of the single-cell sequencing analysis.
	Fig. 2 Characterization of cell types and subpopulations.
	Fig. 3 DGE across major cell types revealed RJV DGEs and aging AGA genes.
	Fig. 4 DGE characterization across cell types.
	Fig. 5 RNA in situ hybridization assays showing aging and RJV reversal of key aging-associated genes.
	Fig. 6 Gene regulatory analysis reveals transcriptionally active cell types and GRN reversals between RJV and AGA.
	Fig. 7 Cell–cell communication is affected by aging and parabiosis.
	Fig. 8 Senescence status demonstrated shifts in aging and RJV.
	Extended Data Fig. 1 Confirmation of blood chimerism.
	Extended Data Fig. 2 Sample metrics.
	Extended Data Fig. 3 Sequencing metrics.
	Extended Data Fig. 4 Distribution of 50 animals across 5 sequencing batches, with respect to cell clusters, and cell count.
	Extended Data Fig. 5 Primary data analysis.
	Extended Data Fig. 6 Representation of each animal type’s distribution within each cell type.
	Extended Data Fig. 7 Cell type composition and cell count from each animal type.
	Extended Data Fig. 8 Animal type distribution and machine learning approaches to explore EC arteriovenous zonation.
	Extended Data Fig. 9 Composition of DGEs per cell type between Aging-RJV, and Aging-AGA.
	Extended Data Fig. 10 Intercellular communication networks between EC-OLG and EC-NRP revealed aging-related interactions that were modified by heterochronic parabiosis.




