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Abstract

Aging is accompanied by a host of social and biological changes that correlate with behavior,
cognitive health and susceptibility to neurodegenerative disease. To understand trajectories of
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brain aging in a primate, we generated a multiregion bulk (V=527 samples) and single-nucleus
(V=24 samples) brain transcriptional dataset encompassing 15 brain regions and both sexes in

a unique population of free-ranging, behaviorally phenotyped rhesus macaques. We demonstrate
that age-related changes in the level and variance of gene expression occur in genes associated
with neural functions and neurological diseases, including Alzheimer’s disease. Further, we show
that higher social status in females is associated with younger relative transcriptional ages,
providing a link between the social environment and aging in the brain. Our findings lend insight
into biological mechanisms underlying brain aging in a nonhuman primate model of human
behavior, cognition and health.

Aging in animals is characterized by changes in physiology and behavior and is
accompanied almost universally by declines in cognition, health and longevity. Additionally,
the risk of developing neurodegenerative diseases, including Parkinson’s disease and
Alzheimer’s disease (AD), increases with age, indicating that age-associated changes in

the brain may underlie disease pathogenesis and that their identification may provide targets
for designing earlier and more effective interventions!. Our knowledge of aging trajectories
in the brain and their links to neurodegenerative diseases and environmental risk factors is
currently limited to studies in laboratory animal models with substantially shorter lifespans
and less complex neuroanatomy than humans and postmortem studies in humans where
sampling and other aspects of experimental design are difficult to control. These limitations
underscore the need to examine basic mechanisms of brain aging in a more systematic
manner in a species with a closer evolutionary affinity to humans.

Rhesus macaques are the best-studied nonhuman primate model species in medicine and
neuroscience and recapitulate many aspects of human aging, including declines in bone
mineral density and muscle mass, increases in circulating proinflammatory cytokines and
increases in impairment of behavioral, sensory and cognitive function?. Critically, the
individuals in our study lived under naturalistic conditions with minimal human interference
before being humanely killed as part of necessary population control measures®. This
allowed us to characterize aging in a natural cross-section of healthy adults, incorporate
detailed behavioral and demographic information and sample high-quality tissues in a
consistent manner. In doing so, we were able to experimentally control for autopsy biases?
and postmortem artifacts® common to human studies.

Here, we leveraged a unique free-ranging rhesus macaque study system and profiled 36
animals (20 female and 16 male) over 15 cortical and subcortical brain regions (combined
N =527 samples) to quantify age-associated differences in cellular and molecular function
across the brain and to test for associations with disease and the social environment. We
also used single-nucleus RNA sequencing (RNA-seq) to profile cell-type heterogeneity in
aging, concentrating on the dorsolateral prefrontal cortex (dIPFC) in a sample of 24 female
animals. We identified thousands of genes showing age-associated transcriptomic changes,
including roughly 1,000 that show highly consistent changes across sampled brain regions.
We also found broad similarity in signatures of aging between humans and macaques

and, drawing on detailed behavioral records, demonstrated that high social rank in female
macaques is associated with decelerated transcriptomic aging in free-ranging macaques.
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Results

A multiregion atlas of transcriptional aging in the brain

We first generated bulk tissue RNA-seq data from a total of 527 samples from 36 individuals
(mean = 9.72 years old; range = 5.07-19.89 years; Supplementary Table 2) across 15
diverse brain regions (Fig. 1a, Extended Data Fig. 1 and Supplementary Table 1). Across
our dataset, samples from the same broad anatomical unit (for example, cerebral cortex)
were transcriptionally more similar to one another (Fig. 1b and Extended Data Fig. 2),

and a median of 34.8% of transcriptional variance across genes was explained by brain
region, the greatest proportion of any tested variable (Fig. 1c and Supplementary Fig.

3a). Biological variables such as age (median = 0.19%) and sex (median = 4.2 x 107 7%)
explained much smaller proportions of variance in our global dataset. The explanatory
power of age increased substantially when we examined each brain region alone, with

age explaining the greatest proportion of transcriptional variance (0.6-6.4%) of all tested
variables (Supplementary Fig. 3b). To benchmark these findings, we compared these values
to estimates from our analysis of human brain transcriptomic data from the Genotype—
Tissue Expression (GTEx) Consortium V8 dataset8, following a nearly identical pipeline
(Methods). We found that age explained similar proportions of variance in human brain
gene expression (median of 0.26% across 10 brain regions and 0.3-4.2% within regions;
Extended Data Fig. 3).

We next characterized non-linear aging trajectories across 12,332 detectibly expressed genes
and clustered these trajectories into eight distinct transcriptional aging patterns (Fig. 1d).
Diverse brain regions exhibited similar trajectories within each cluster, qualitatively similar
to age-associated trajectories across organs in the mouse’, and were implicated in important
biological processes (see Supplementary Table 4 for detailed enrichment results). Three
clusters that decreased in expression with age (clusters 3, 6 and 8) were broadly involved in
neural signaling and synaptogenesis. One cluster (cluster 4) that increased in expression with
age was broadly enriched for genes involved in the immune response and the oxidation—
reduction process, which may reflect increasing levels of inflammation and reactive oxygen
species, respectively, that characterize aging®®.

After identifying global transcriptional trajectories of aging across the brain, we next
examined the effect of aging on the expression of individual genes within each of the

15 brain regions using linear mixed models controlling for genetic relatedness1?, sex,
dominance rank and technical covariates (Methods). Because our analyses were performed
in parallel across 15 tissue types, we leveraged information across tissues to refine estimates
of shared and unshared effects of age on expression!! and to estimate local false sign rates
(LFSRs), which measure confidence in the directions of effect estimates while controlling
for multiple tests2. Our age effect estimates were concordant with estimates from our
analysis of human brain data (GTEx V8 (ref. 6); Methods), revealing strong parallels
between macaque and human transcriptomic signatures of aging. We found significant
positive correlations (Spearman’s p = 0.036-0.464; false discovery rate (FDR) < 0.001)
between standardized age effect estimates of rhesus macaques and humans among one-to-
one orthologous genes across eight overlapping brain regions (Supplementary Table 18),
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suggesting a high utility and relevance of macaques for modeling molecular aging in the
human brain.

Overall, we identified 7,873 age differentially expressed genes (aDEGSs), which exhibited
significant differences in gene expression with age in at least one brain region (LFSR

< 0.2; Fig. 2a), accounting for 63.8% of all measured genes. The region with the most
aDEGs was the amygdala (AMY; 5,708 aDEGs), followed by the caudate nucleus (CN;
5,607 aDEGS) and cornu ammonis 3 of the hippocampus (CAS3; 5,402 aDEGSs), with strong
majorities (67.8—73.4%) of these genes decreasing in expression with age. The relative
rankings of brain regions according to the number of aDEGs were robust to LFSR thresholds
(Extended Data Fig. 4c). These regions showing the broadest molecular changes with age
are also among the first to be affected by age-associated neurodegenerative diseases314,
suggesting that neurodegenerative disease pathologies in these regions may in part derive
from cumulative changes occurring in these genes during normal aging. Our multiregion
approach also allowed us to quantify the shared or specialized nature of the effects of age

on the brain by distinguishing genes that are uniquely associated with age in one or a

subset of regions from those that exhibit similar age-related changes across multiple regions
(Fig. 2b and Extended Data Fig. 5). These classifications have important implications for
understanding the molecular causes and consequences of neurological disorders of aging in
a region-specific manner. Indeed, while the majority of aDEGs were shared among at least
two regions, a sizable fraction (13.8%) exhibited directional changes that were unique to one
brain region, suggesting that some aging mechanisms are region specific.

Another sizable fraction of aDEGs was robustly identified as significant in almost all

brain regions, suggesting that these aDEGs play a universal role in aging across the

brain (Supplementary Table 5). We identified 1,007 whole-brain aDEGs (whaDEGS) that
exhibited shared directional changes (LFSR < 0.2) in at least 13 of the 15 brain regions

in this study, accounting for 12.8% of age-associated genes and 8.2% of all genes in this
study. Among the most strongly supported wbaDEGs (LFSR < 0.005 in =13 regions; N/ =
13 genes) increasing in expression with age were the genes FKBP5 (Fig. 2¢), a regulator
of glucocorticoid receptor sensitivity whose increase has been linked to depression®,
schizophrenial6 and AD pathologyl?, and SERPINA1, a risk marker for Parkinson’s
disease® and amyotrophic lateral sclerosis (ALS)°. One of the most strongly supported
wbaDEGs decreasing in expression with age was ARPP21, which plays a protective role in
the brain by inhibiting neural apoptosis and reducing inflammation of astrocytes?? and has
also been linked to ALS neurodegeneration??.

To assess whether age-associated mMRNA changes were linked to changes in protein
expression22:23, we focused on one brain region, the dIPFC, and the gene FKBP5, which
encodes the protein FKBP5 and was identified as a wbaDEG in this study and in our
analysis of human brain data (GTEx V8 (ref. 6); #> 0 and LFSR < 0.05 in all tested regions;
Methods). FKBP5 protein levels in the dIPFC increased with age (Fig. 2d, Supplementary
Fig. 8 and Supplementary Table 22; linear model: A= 0.014; /= 16) and were significantly
correlated with FKBP5 mRNA expression measured in the same individuals (Fig. 2e;
Pearson’s r=0.666, 2= 0.005; /= 16). Using immunohistochemistry, we then assessed

the cellular localization of FKBP5 expression differences in one young (7 years old) and
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one old (22 years old) captive macaque. We found a 4.34-fold increase in the fraction of
FKBP5"NeuN* double-labeled neurons (Fig. 2f; Fisher’s exact test, £< 0.001), indicating
that increases in FKBP5 expression are attributable at least in part to changes involving
neurons.

Biological processes and disease in the aging transcriptome

We found roughly twice as many wbaDEGs that decreased in expression with age

relative to those that increased in expression with age (380 increasing wbaDEGs and

627 decreasing wbaDEGS). The age-increasing wbaDEGs were enriched for biological
processes related to small-molecule biosynthesis, lipid metabolism and oxidationreduction
(FDR < 0.05; Supplementary Fig. 5d and Supplementary Table 6). The age-decreasing
whaDEGs were involved in biological processes related to cell communication, synaptic
signaling, neurogenesis, behavior and locomotion (FDR < 0.05; Supplementary Fig. 5d
and Supplementary Table 6), suggesting that these genes may play roles in declines in
neurological function with age. These age-decreasing whaDEGs were also enriched for
genes associated with mental disorders, including schizophrenia, autism, bipolar disorder
and attention deficit hyperactivity disorder (FDR < 0.05; Supplementary Fig. 5d and
Supplementary Table 8). Genes that are downregulated or upregulated in clinical cases of
AD?4 were also significantly enriched among age-decreasing (odds ratio (OR) = 1.67) and
age-increasing whaDEGs (OR = 1.95), respectively, indicating that changes in expression
over the course of normal aging mirror those associated with AD and in shared directions.
Parallel changes between age and AD were replicated in region-wise analyses for age-
decreasing aDEGs in all 15 regions and age-increasing aDEGs in 9 of 15 regions (FDR <
0.05; Supplementary Table 10).

The ubiquitous age-associated declines in expression in wbaDEGs may result from reversals
of expression patterns that increase in development and peak in early adulthood?5, which
is the lower age limit of animals in our study. Indeed, the promoters of negative wbaDEGs
were enriched for predicted binding site motifs (FDR < 0.01; Supplementary Table 11)
that included an overrepresentation of homeobox-family (FDR-adjusted 2= 0.006) and
Sox-family transcription factors (FDR-adjusted 2= 0.006; Supplementary Table 12). Both
homeobox and Sox transcription factors are key transcription factors involved in the
development of a myriad of tissues, including the brain26:27, and Sox transcription factors
are also involved in adult neurogenesis and brain homeostasis. Our findings thus suggest
that broad age-related decreases in gene expression may reflect regulatory decoherence of
developmental pathways that continue to function into later life (for example, continued
roles in neuron maturation and identity) and/or declining neurogenesis?8 and gliogenesis in
older adults.

Shared signhatures of aging between macaques and humans

Overall, we found broad similarities in age-related transcriptional changes between humans
and macaques (Fig. 3), but this relationship was not isomorphic. We thus examined

which aspects of the brain aging process were shared (or not) across species, indicating
evolutionary conservatism (or divergence) and potentially highlighting the components of
macaque neural aging that most closely model those in humans. Interestingly, out of
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9 whaDEGs in this study with the most robust support across regions (13 genes with

LFSR < 0.005 in =13 regions; 9 of these have 1:1 orthologs in the human genome), 7
(77.8%) showed parallel age-associated changes across the vast majority of tested brain
regions (LFSR < 0.2 in =290% of regions; Methods); these included FKBPS5, SERPINAI

and ARPP21. We found that functional pathways exhibiting evolutionary conservatism

(that is, functional groups of genes with highly concordant age effects in macaques and
humans) outnumbered those exhibiting evolutionary divergence by over threefold in all
overlapping regions (FDR < 0.05; Supplementary Tables 20 and 21). Among the pathways
showing the greatest aging conservatism across regions were chemical synaptic transmission
(shared across five regions), negative regulation of neurogenesis (three regions) and positive
regulation of the proinflammatory cytokine tumor necrosis factor (three regions). Among the
pathways showing the greatest aging divergence across regions was electron transport chain/
oxidative phosphorylation (four regions). Interestingly, human neurodegenerative diseases,
such as Parkinson’s disease (four regions), Huntington’s disease (three regions) and AD
(one region), were associated with some of the most diverged gene sets, suggesting

that, despite associations between macaque signatures of aging and human signatures of
neurodegenerative disease reported here, normative trajectories of aging among some of
these pathways may have diverged in the human lineage. These findings could potentially
help explain the unique pathobiology of some neurodegenerative diseases in humans29-31

(Fig. 3).

Age-dependent increases in transcriptional variability

Aging and disease etiology are not solely characterized by monotonic changes in the mean
values of biological phenotypes. Age-associated diseases can also be due to a decline in the
control of molecular phenotypes, leading to increased variance and hence dysregulation

in those phenotypes in older individuals32:33, To test this hypothesis, we used double
generalized linear models (DGLMs) to jointly model the mean and dispersion of gene
expression as a function of age and pooled information across tissues to refine estimates of
shared effects among tissues (Fig. 4a and Methods). We focused primarily on genes with
significantly increased variance of expression in older animals (Fig. 4b) to identify probable
indicators of age-associated dysregulation (LFSR < 0.2). We found the largest number of
these ‘age dysregulatory’ genes (/= 235) in a group of regions including the primary
visual cortex (V1), AMY, CA3, dentate gyrus (DG) and CN, with a smaller number of
genes (V= 86) detected in all of these regions and the ventrolateral PFC (VIPFC; Fig. 4a,
Supplementary Fig. 7 and Supplementary Table 13). These genes were enriched for only two
biological processes (FDR < 0.05), inflammatory response and axonemal dynein complex
assembly (Supplementary Table 15), indicating that age-associated dysregulation may be
strongest in inflammatory and dynein-mediated cell transport mechanisms in the brain, both
of which have been implicated in the progression of AD34:3% and other neurodegenerative
diseases36:37. Genes increasing in variance with age were also significantly enriched

with genes differentially expressed in AD38 (Supplementary Table 17), consistent with
age-associated dysregulation as a potential mechanism in AD pathogenesis.
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Cell-type heterogeneity in signatures of aging

Bulk tissue gene expression data limit our ability to identify age-associated differences in
gene expression in a cell-type-specific manner. To examine how aging in the brain varies
among cells, we generated 71,863 single-nucleus RNA-seq transcriptomes from the dIPFC
of 24 females spanning the full age range (Fig. 5a and Supplementary Table 3). We chose
the dIPFC due to its homology between macaques and humans and its roles in cognitive
decline and AD3%-41, W first classified these nuclei into eight broad cell types based on
marker gene expression (Supplementary Table 23) and harmonization with reference mouse
and human brain single-cell RNA-seq data from the Allen Brain Map (Supplementary Fig.
11 and Supplementary Tables 24 and 25)*2. Next, we used unsupervised clustering with
the Leiden algorithm to identify a total of 26 distinct cell types and subtypes in the dIPFC
(Supplementary Fig. 10). Oligodendrocytes were the only broad cell type that significantly
changed in proportion with age (Fig. 5b and Supplementary Table 28). These cells
increased in relative abundance (Bonferroni-adjusted 2= 0.043), corroborating histological
observations in rhesus macaques®3. We further found that myelin basic protein (MBP), a
canonical oligodendrocyte marker, increased in both bulk gene and protein expression in
the dIPFC (Fig. 5¢, Supplementary Fig. 8 and Supplementary Table 22), consistent with
age-associated increases in oligodendrocyte density and myelination. Among the 26 cell
subtypes, however, we identified a significant age-related increase (Bonferroni-adjusted P
= 0.024) and decrease (Bonferroni-adjusted 2= 0.014) in proportions of two subtypes of
excitatory neurons (Extended Data Fig. 6 and Supplementary Table 29), which correspond
most closely to layer 2 LINC00507/GLRAS3 excitatory neurons and layer 2/layer3 RORB/
RTKNZ excitatory neurons, respectively.

To investigate if age is associated with gene expression changes in specific cell types, we
first combined our single-nucleus gene expression data into cell-type-specific pseudobulk
counts per animal. We then modeled mean differences in cell-specific pseudobulk expression
using a similar approach to that of our bulk tissue analysis. We identified 483 aDEGs in at
least one cell type (LFSR < 0.2; Fig. 5d and Supplementary Table 31), and, of the subset
analyzed in both our bulk and pseudobulk datasets (/= 390), 69.5% of cell-type aDEGS
were also identified as aDEGS in at least one region of our bulk RNA-seq analysis. The
lower number of aDEGs identified in our pseudobulk analyses relative to our bulk tissue
analyses reflects decreased statistical power due to smaller sample size in terms of regions
(V=1 compared to 15 in the bulk dataset) and animals (A= 20 compared to 36). Notably,
of the cell-type aDEGs overlapping with the bulk RNA-seq analysis, only 38.7% were also
identified as aDEGs in the dIPFC. This large proportion of aDEGs newly identified by our
pseudobulk analyses likely reflects cell-type-specific changes with age that are masked when
measured in a heterogeneous tissue, as is typical for bulk RNA-seq. Consistent with this
hypothesis, we found that the highest proportion of uniquely identified aDEGs was detected
in microglia, one of the rarest cell populations (Extended Data Fig. 7d). We found that,
while controlling for estimated cell-type proportions resulted in similar aDEG counts with
highly correlated effect estimates (Extended Data Fig. 8a,b), an average of 38.6% (+9.1%)
of aDEGs across regions did not meet our thresholds (LFSR < 0.2) to qualify as aDEGs
following cell-type deconvolution (Extended Data Fig. 8c). Our results thus suggest that
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age-associated changes at the bulk tissue level are driven both by cellular shifts in expression
and compositional changes in cell proportion.

We identified biological processes that were enriched among age-associated increases or
decreases in cell-type-specific expression (nominal 2< 0.001; Supplementary Table 32),
indicating altered functions over the course of normal aging within cell populations. We
found, for instance, that genes related to glutamatergic synaptic signaling are downregulated
with age in excitatory neurons, as are genes regulating the modulation of excitatory
postsynaptic potential in astrocytes. In oligodendrocytes, genes related to adenylate
cyclase-activated G-protein-coupled receptor signaling, which induces oligodendrocyte
differentiation?4, were downregulated. In microglia, genes related to regulation of DNA
damage checkpoint, and immune response activation via cell surface receptor signaling were
downregulated, while cellular response to interferon-y was upregulated, consistent with age-
and disease-associated priming of microglia to a proinflammatory state4>:46,

Aging is associated with variation in the social environment

While health declines are an inevitable feature of aging, evidence in humans and other
social species suggests that variability in the risk, onset and progression of age-related
morbidities?”8 is explained in part by variation in social adversity4°. In female macaques,
for instance, low dominance rank, an index of social adversity, is associated with increased
mortality®0, and its effects on peripheral blood transcriptomes recapitulate the transcriptional
signatures of aging®L. We next aimed to determine whether social adversity is associated
with accelerated transcriptomic signatures of aging in the macaque brain.

We first tested if low dominance rank recapitulated the effects of aging on the brain
transcriptome. Using behavioral observations of dyadic agonistic interactions, we calculated
each individual’s dominance rank as the percentage of same-sex groupmates outranked>2
(Methods). We found that, even without imposing any precision-based filters on effect
estimates, 7 of 15 brain regions in our analysis (dIPFC, anterior cingulate cortex gyrus,
primary motor cortex (M1), V1, AMY, DG and CN) exhibited significant positive
correlations between aging and social adversity (low dominance rank) effects for all genes in
our analysis (Bonferroni-adjusted 2 < 0.05). These shared effects strengthened across all 15
regions when we excluded genes failing increasingly stringent significance thresholds (Fig.
6a and Supplementary Fig. 13). While thresholding genes by nature focuses on stronger
effects, both positive and negative, it should only increase correlations in the presence of true
shared effects between older ages and lower dominance ranks. Our results thus demonstrate
that the gene expression signatures of aging and social adversity parallel one another.

We next identified functions most associated with shared signatures of aging and social
adversity across brain regions by repeating our analysis across biological processes and
pathways (FDR < 0.05; Supplementary Tables 33 and 34). We found that among the
pathways showing the most robust sharing across regions were the proteasome (four regions)
and oxidative phosphorylation (three regions) as well as neurodegenerative diseases,
including Parkinson’s disease (three regions), Huntington’s disease (three regions), AD
(three regions) and ALS (two regions). The brain regions with the strongest statistical
support among neurodegenerative disease gene sets were the M1, DG and CN, all
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of which are associated with motor or cognitive function and have previously been

linked to AD and other neurodegenerative diseases®3-55. Our results suggest that, while
neurodegeneration pathways in humans are relatively divergent from macaques in their
aging profiles in some regions, they nevertheless exhibit strong overlap with social adversity,
paralleling epidemiological links in humans between social adversity and neurodegenerative
diseases®6-58,

We next tested if the social adversity of low dominance rank is associated with accelerated
aging using a broad measure of brain transcriptomic aging. To do so, we developed two
age prediction models, one based on model coefficients of wbaDEGs (LFSR < 0.005

in =13 brain regions) averaged over all brain regions and the other based on elastic

net regression. Both models predicted age in held-out samples with significant accuracy
(wbaDEGs: A= 1.08 x 10739; elastic net: 2= 7.66 x 10732; Fig. 6b, Supplementary

Fig. 14 and Supplementary Table 35). From these transcriptional age predictions, we
characterized individual samples as either younger or older than their chronological age
by calculating a ‘relative transcriptomic age’ (eage), which we defined as the residuals of
the linear regression relating chronological age and predicted age. We did not find support
for the prediction that low dominance rank is associated with positive eage Using either
our wbhaDEGs (P = 0.407) or elastic net regression models (P= 0.165). We hypothesized,
however, that a true effect of dominance rank on a subset of age-associated genes could

be masked if a substantial fraction of age-predictive genes selected by our models are only
weakly linked to social environmental effects on aging.

To test this hypothesis, we iteratively filtered our dataset to exclude genes with relatively
weak dominance rank effects and reran model site selection and age predictions. When

we focused on genes that were more strongly associated with dominance rank (LFSRRank

< 0.0001), we found that low-ranking individuals had transcriptionally older brains as
measured by eage This effect was robust to our choice of thresholds (Supplementary Fig.

16 and Methods) and was driven by females (Bonferroni-adjusted £ = 0.033; Fig. 6c,
Supplementary Fig. 15 and Supplementary Table 36), which may reflect the relative lifetime
stability of dominance rank in female macaques, who inherit their ranks from their mother
and, for the most part, remain at those ranks throughout their lives. This contrasts from

the pattern in males, who disperse from their natal groups and typically enter their new
groups at the bottom of the hierarchy before rising in rank as their tenure in the new group
lengthens®®. The effect of rank on transcriptional age was particularly driven by decelerated
age phenotypes in high-ranking females (Fig. 6d, Supplementary Fig. 15 and Supplementary
Table 37), suggesting that associations between increased rank and slower aging are not
expressed linearly along the social hierarchy but instead are specific to females with the
highest ranks, who may reap advantages including increased access to resources, more
predictable environments and decreased harassment from groupmates.

Discussion

Here, we profiled transcriptional aging across 15 cortical and subcortical brain regions
in a representative cross-section of healthy adult rhesus macaques living in naturalistic
conditions (V= 36 animals and V=527 samples). We complemented these data with single-
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nucleus transcriptional measures in the dIPFC in 24 females spanning the macaque lifespan
(V= 71,863 nuclei). We found evidence for both tissue-specific and shared signatures of
aging and cell-type-specific signatures of aging. Notably, the transcriptional signature of
macaque brain aging broadly recapitulates major features of human brain aging. We also
found that age-associated changes in mean expression or variability of expression involve
genes associated with neurodegenerative diseases, including AD. Together, our findings
provide a detailed transcriptional resource cataloging brain aging in a model nonhuman
primate in naturalistic environments.

These atlases and findings provide valuable targets for future studies in a tractable, clinically
important model of human health and aging. Moreover, we found evidence for a putative
molecular link between social adversity and accelerated aging in the brain, complementing
similar findings from the peripheral blood immune system in humans®1:60-62_ This link
potentially has a causal explanation; the chronic stress of social adversity, for instance,

has been proposed to accelerate aging by downregulating glucocorticoid receptor sensitivity
and promoting chronic inflammation®3. In support of this hypothesis, social manipulation
experiments in rhesus macaques have demonstrated a causal relationship between low
dominance rank, attenuated glucocorticoid sensitivity and altered immune regulation in
peripheral blood mononuclear cells455, Given the correlative nature of our study, we are

at present unable to determine if social adversity accelerates aging in the brain or if the
correlation is explained by other factors; for instance, both aging and dominance rank

could be correlated with a third variable. Given that female macaque ranks are inherited
matrilineally and remain stable throughout life, it is more plausible that the benefits of high
social status in females lead to slower aging than vice versa. Our work demonstrates that
the aging transcriptome may be influenced by variation in naturalistic environments and
underscores the importance of the social environment as a modifier of aging and health.

Study population and sample

The rhesus macaques of Cayo Santiago were introduced to the island of Cayo Santiago
(Extended Data Fig. 1a), PR, in 1938 and have been the subjects of nearly continuous study
ever since8. Apart from being provisioned with commercial feed and subject to occasional
capture and release, macaques on Cayo Santiago live in naturalistic circumstances largely
free from human interference. Under these conditions, they form social groups and
relationships that mirror those of rhesus macaques in the wild. Female macaques on

Cayo Santiago, for instance, form stable linear dominance hierarchies in which dominance
ranks are inherited genealogically through matrilines8?, while male macaques form unstable
dominance hierarchies by which dispersing males obtain the lowest dominance ranks after
immigrating to new social groups and increase in rank over their tenures®®. The macaques of
Cayo Santiago also maintain an outbred population structure despite decades of isolation®.

The rhesus macaques on Cayo Santiago are maintained by the Caribbean Primate Research
Center (CPRC). The average annual growth rate of the Cayo Santiago population far
surpasses that of rhesus macaques in the wild, making capture and removal of animals
necessary as a means of population control3. In 2016, the CPRC began selectively removing
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entire social groups as part of an updated population management strategy. Concurrently,

the Cayo Biobank Research Unit (CBRU) was created to maximize the research potential
from these activities by collecting and archiving postmortem tissues and data from animals
removed by CPRC. The data in this manuscript are derived from the CBRU’s archive.

All procedures related to capture, removal and euthanasia were conducted by CPRC in
accordance with protocols approved by the animal use committee of the University of Puerto
Rico (protocol number 338300).

Because entire social groups (one social group per season) were removed over the course
of a 3-month season, there were no trapping-related selection biases among individuals (for
example, bias in health or age status).

Bulk RNA-seq samples were collected from 36 animals (20 females and 16 males) who
were removed by CPRC in 2016. All individuals were from a single social group (HH)

and were representative of the natural adult (after sexual maturation) age distribution in

this population (median = 9.18 years and range = 5.08-19.89; Extended Data Fig. 1b,c and
Supplementary Table 2). Notably, the age distribution of free-ranging macaques on Cayo
Santiago skews far younger than that of captive rhesus macaques?, the latter of which are
subject to husbandry practices that have substantially prolonged rhesus macaque lifespans in
laboratory environments®%. Our sample is representative of ages among removed adults and,
given the exhaustive removal of entire social groups, therefore captures the true distribution
of adult ages of free-ranging macaques on Cayo Santiago.

Given that median life expectancy in captive rhesus macaques is reported to be around

25 years (ref. 79), the free-ranging macaques of Cayo Santiago would not be considered

old by laboratory standards. Of 11,659 animals monitored in the history of the Cayo
Santiago colony (as of March 2021), only 33 (0.28%) survived to 25 years, underscoring
the compressed lifespan of naturalistic macaques. Cayo Santiago macaques, however, show
several indicators of accelerated aging, including a geriatric appearance attained at younger
ages’1, premature reproductive senescence’2 and accelerated rates of degenerative joint
disease and restricted mobility”3. Moreover, hazard rates from published demographic
models? demonstrate that Cayo Santiago animals experience elevated risks of mortality well
within the age range of our sample (Extended Data Fig. 1e). These findings are consistent
with theoretical and empirical evidence that, despite greater exposure to extrinsic mortality,
senescence is widespread in wild populations®, particularly among primates’®. Given our
representative sampling design, the evidence indicates that our sample captures normative
trajectories of aging in this naturalistic population of macaques.

Single-nucleus RNA-seq samples were collected from 24 animals (all female) from Cayo
Santiago who were removed by CPRC in 2016 and 2018. Individuals were from two social
groups (HH and KK) and were selected to uniformly sample the natural age distribution
and to minimize social group effects by sampling evenly between groups (median = 12.01
years and range = 0.18-25.88; Extended Data Fig. 1d and Supplementary Table 3). Seven
individuals from social group HH were sampled in both our bulk and single-nucleus RNA-
seq datasets.
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Behavioral data collection

We collected behavioral data from all animals for this study in the 3 months before
removal. Methods for behavioral data collection as well as dominance rank inference in this
population for these sampling years are described by Testard et al.>2. We followed Testard
et al. in creating two measures of dominance rank: (1) percent dominance ranks, calculated
as the percentage of same-sex groupmates that an individual outranks, and (2) categorical
dominance ranks, calculated by classifying animals as high (rank = 80%), mid (50% < rank
< 80%) or low ranking (rank < 50%) based on their percent dominance ranks. We modeled
categorical dominance ranks as an ordinal variable for all differential expression analyses
using the ordered factor class in R”6. We modeled percent dominance ranks as continuous
variables.

Sample collection

Brain collection procedures and, crucially, the interval between euthanasia and sample
cryopreservation were standardized across all animals to minimize postmortem artifacts in
the data. Following veterinary euthanasia, a necropsy was immediately performed during
which the brain was perfused by transcardial perfusion with sterile saline. The brain was
then removed from the cranium and sagittally sectioned into left and right hemispheres.
The left hemisphere was fixed in 10% formalin and not used for this study’’. The

right hemisphere was further sectioned before cryopreservation. First, the cerebellum was
separated from the cerebrum. The cerebrum was then placed on a custom mold and
sectioned coronally into 11 approximately 0.5-cm-thick slices. All 12 slices (including
the cerebellar hemisphere) were individually stored in Whirl-pak bags and flash-frozen

in a dry ice/ethanol bath immediately before storage in ultralow (—80 °C) freezers. The
interval between euthanasia and storage of frozen tissue averaged 51.09 min, with a standard
deviation of 5.84.

The brain regions in this study (Fig. 1a and Supplementary Table 1) were dissected under
sterile, RNase-free conditions on dry ice to minimize RNA degradation. Briefly, anatomical
regions were identified using neuroanatomical landmarks’8. For bulk RNA-seq analysis,
six 1-mm tissue biopsies were then collected by biopsy punch (Integra, 3331AAP/25)

and transferred to a frozen 2.0-ml microcentrifuge tube. For single-nucleus RNA-seq
analysis, six 2-mm tissue biopsies were collected from the dIPFC by biopsy punch (Integra,
3331P/25) and transferred to a frozen 1.5-ml microcentrifuge tube.

Bulk RNA-seq data generation and quality control

RNA extraction.—Total RNA was extracted using a TRIzol-chloroform gradient followed
by column isolation of RNA using the Quick-RNA Microprep kit (Zymo Research). Briefly,
1 ml of TRIzol (Invitrogen) was added to each 2-ml sample tube, along with a sterile 5-mm
stainless steel grinding bead (QIAGEN, 69989). Samples were then homogenized using

the Tissuelyser 11 system (QIAGEN) at 20 Hz in two sets of 2 min each with rotation in
between, and the lysate was transferred to a new tube. Chloroform (200 pl) was added

to each sample, which was then vortexed at full speed for 15 s and incubated at room
temperature for 2 min. The sample was then centrifuged at 12,000g for 15 min at 4 °C.
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After centrifugation, the aqueous layer was transferred to a new tube and mixed with

600 ul of 70% ethanol to precipitate RNA. The resulting solution was transferred to
Quick-RNA Microprep columns (Zymo Research). The remainder of the protocol followed
manufacturer’s instructions for the Quick-RNA Microprep kit. Total RNA was eluted in

60 pl of RNase-free water. RNA yield was quantified by Qubit 3 using the Qubit RNA

HS assay kit (Invitrogen), and RNA quality was estimated by electrophoresis using either
the TapeStation High-Sensitivity RNA ScreenTape (Agilent) or the Fragment Analyzer HS
RNA kit (AATI/Agilent). RNA quality metrics from the TapeStation (RINe) and Fragment
Analyzer (RQN) systems were standardized by applying corrections from previously
published comparisons of RNA quality metrics’® (Supplementary Table 2).

Library preparation.—We prepared bulk RNA-seq libraries using the NEBNext Ultra
I1 RNA library prep kit for lHlumina (New England Biolabs, E7770L) with an initial
MRNA isolation step using the poly(A) mRNA magnetic isolation module (New England
Biolabs, E7490L). We followed the manufacturer’s instructions and guidelines for library
preparation. We used 200 ng of starting RNA and set the enzymatic fragmentation time
(10 min), first-strand synthesis incubation time (50 min at 42 °C) and bead cleanup volume
ratios for a target insert size of 400 base pairs (bp). Libraries were amplified using 10
cycles of PCR and eluted in a final volume of 20 pl of RNase-free water. Libraries were
quantified by Qubit 3 using the Qubit DNA HS assay kit (Invitrogen), and library quality
was assessed using the Fragment Analyzer HS NGS kit (AATI/Agilent). Libraries were
pooled in equimolar quantities before sequencing.

Sequencing.—Libraries were sequenced on Illumina NovaSeq S2 or S4 flow cells using
2 x 50 bp (S2) or 2 x 101 bp (S4) sequencing at the University of Washington Northwest
Genomics Center core sequencing facility.

Sequence data analysis and quality control.—Gene expression counts were
quantified from RNA-seq reads using the pseudoalignment method implemented in
kallisto80. Pseudoalignment was performed using the most recent rhesus macaque reference
genome (Mmul_10)8L, Estimated counts and transcripts per million (TPM) values were then
imported into R v4.0.2 (ref. 76) and summarized to genes using the tximport package®2.

We then transformed our estimated counts into log, (count) values using voom from the
limma package83 and removed all lowly expressed genes with an average TPM of <10 in all
regions.

For exploratory data visualization, we removed technical covariates (batch, RNA integrity
and number of mapped reads) from the log, (count) expression values by running a

linear model including the aforementioned technical covariates along with age, sex and
dominance rank. We then extracted partial residuals from this model to produce a corrected
expression matrix that retains the effects of biological covariates while eliminating the
effects of technical variation. We visualized latent relationships among our samples in

two dimensions by performing a uniform manifold approximation and projection (UMAP)
analysis (n_neighbors = 50 and min_dist = 0.5 (ref.84): Fig. 1b and Supplementary Figs. 1
and 2). We also used hierarchical clustering to explore relationships among brain regions in
our analysis (Extended Data Fig. 2). First, we zscored expression within each gene across
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all 527 samples from our corrected expression matrix. Next, we calculated mean zscores for
each gene within each region and performed hierarchical clustering of Euclidean distances
using the complete method. To visualize uncertainty in the clustering, we performed 1,000
bootstrap replicates in which we resampled with replacement libraries within each region
and repeated mean z-score calculations and hierarchical clustering as described above

for each replicate. Dendrograms including bootstrap replicates were visualized using the
densiTree function from the phangorn package8°.

To explore the contributions of technical (that is, batch, read counts and RNA integrity) and
biological covariates (that is, brain region, age, sex, dominance rank and individual identity)
on global gene expression, we performed variance partitioning on our voom-normalized
global gene expression matrix using the variancePartition R package (Supplementary Fig.
3a). We also repeated variance partitioning on our corrected expression matrix (that is, with
technical covariates regressed out) for both the combined dataset (Fig. 1c) and for each
region separately (Supplementary Fig. 3b).

To explore effects of age on global gene expression patterns, we performed a principal
components analysis for each region on Pearson’s correlations among samples, thereby
standardizing variables across our analysis. We regressed the resulting principal components
against age and focused on significant age-related differences in principal components
explaining >99% of the total variance in gene expression (Supplementary Fig. 4).

All exploratory analyses were performed in R.

Genotyping.—We genotyped individuals using the RNA-seq data to estimate genetic
relatedness among individuals. For each sample, we mapped reads to the rhesus macaque
reference genome using the splice-aware algorithm STARBS® to generate alignment files in
BAM format. We then pooled mapped reads for each individual across all brain regions
using SAMtools8” to maximize read depth for each individual. We used the Genome
Analysis Toolkit (GATK)8:89 to mark duplicates (MarkDuplicates), split reads spanning
splice events (SplitNCigar-Reads) and recalibrate base quality scores (BaseRecalibrator
and Apply-BQSR). We then called variants using GATK HaplotypeCaller with a standard
minimum confidence threshold for calling of 20.0 and filtered variants using GATK
VariantFiltration with a window size of 35, a cluster size of 3 and the filters FS > 30.0
and QD < 2.0. We removed variants that failed these filters and further filtered single
nucleotide variants using VCFtools? to a minimum distance of 100 kilobases (kb) between
sites, a minor allele frequency of 0.3 and a minimum completeness of 0.9 (no more than
10% missing data) to generate the final genotypes.

We used IcMLkin®! to compute a relatedness matrix among individuals from the filtered and
thinned variants using Phred-scale genotype likelihoods (PL) denoted in the VCF file.

Estimation of age trajectories from bulk gene expression

We calculated age trajectories from our bulk gene expression dataset using an approach
based on that of Schaum et al.”. For this analysis, we used the log, (count) gene expression
matrix after removing technical effects described earlier and calculated mean z scores
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separately for each brain region. To estimate global age trajectories across the 15 sampled
brain regions in our study, we assigned a single expression value for each animal for each
gene, calculated as the median zscore across all sampled brain regions. We then modeled
the assigned median zscores by fitting a LOESS model with age as the predictor. We then
used the LOESS model to predict gene expression for age values spanning our sample age
distribution in 0.5-year intervals (5.5-19.5 years). We next performed hierarchical clustering
of Euclidean distances using the complete method on the resulting age trajectory matrix and
assigned genes to k= 8 clusters (Fig. 1d). We determined optimal & based on visualization of
the clusters.

For each cluster, we tested for enriched biological processes by performing a Gene Ontology
(GO) enrichment analysis using topGO92:93, which corrects for the correlated nature of

the underlying GO graph structure. We used GO annotations from Ensembl (release 101)
obtained using the biomaRt package® and limited GO terms to the biological process (BP)
ontology and eliminated terms with fewer than 10 associated genes (nodeSize = 10). We
then implemented hypergeometric tests (statistic = “fisher’) using the ‘parentchild” algorithm
to identify overrepresented GO processes. We calculated g values using a Benjamini—
Hochberg correction® to correct for multiple hypothesis testing (Supplementary Table 4).

Estimation of linear age effects on mean bulk gene expression

Linear mixed modeling.—For each region, we modeled gene expression values using
efficient mixed model association (EMMA) models10:% to control for relatedness among
individuals in our dataset (Extended Data Fig. 4). The EMMA algorithm fits a linear mixed
model with population structure or relatedness included as a random effect. We ran EMMA
models separately for each region.

For each region, we first excluded all genes previously identified as having a mean TPM

of <10 in that region. We then modeled log, (count) values with sex, age, dominance rank,

RNA integrity scores, mapped read counts and library batches included as fixed effects. We
also included a & (relatedness) matrix estimated using IcMLkin as described earlier as well

as a zmatrix for assigning libraries to genotypes. EMMA models were implemented in the
EMMREML package in R.

Multivariate adaptive shrinkage (MASH).—To integrate information across brain
regions, increase statistical power and refine our understanding of shared and region-specific
effects, we used MASHL implemented in the mashr package to adjust 3 estimates (that

is, the effect sizes). MASH pools information across conditions and estimates a data-driven
covariance matrix to improve power and to refine effect size estimates across conditions. As
input, we used g estimates and standard errors of the g estimates from the age term from

our EMMA models across all 15 brain regions in our analysis. Where values were missing
due to our region-specific TPM filters, we set gto 0 and the standard error of gto 1,000
following recommendations of the mashr authors and others®’.

We first ran a simple condition-by-condition analysis in mashr to identify an initial set
of genes passing a significance threshold of 0.05 (the ‘strong’ set). We then randomly
sampled half of all expressed genes to produce a null gene set (the ‘random’ set). We
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estimated data-driven covariance matrices from the ‘strong’ set of genes using the principal
components analysis and extreme deconvolution methods implemented in mashr. We then
ran a MASH model on the ‘random’ set of genes with the two covariance matrices estimated
above as inputs to fit a mixture model. We ran a final MASH model on the full set of
genes using the previously learned mixture model as input. We extracted posterior mean
B estimates, posterior standard deviations of gand LFSRs12 from the MASH model. We
considered genes with LFSR < 0.2 to be aDEGs (Fig. 2a and Extended Data Fig. 4).

Gene set enrichment.—We tested for enrichment of biological processes and diseases
associated with age effects detected in (1) each region separately and (2) age effects
universally shared across brain regions. We used a common threshold (LFSR < 0.2) but
otherwise different significance criteria for the two approaches. For the first approach
(region-by-region aDEGS), we considered genes to be significant for each region if they
passed our threshold in that region. For the second approach (wbaDEGs), we considered
genes to be universally significant across regions if they passed our threshold and shared
the sign of their effect sizes in at least 13 of the 15 brain regions sampled in this study
(Supplementary Table 5). We performed enrichment tests separately for each region for
the first approach and once for the entire brain for our second approach. For all tests, we
separately tested for enriched categories associated with positive g, indicating increased
expression with age, and associated with negative g, indicating decreased expression with
age.

We used topGO92:9 to test for age-related enrichment of biological processes using the
two approaches described above. As with our trajectory analysis described earlier, we used
Ensembl GO annotations obtained from biomaRt%* and limited GO terms to the biological
process ontology and eliminated terms with fewer than 10 associated genes (nodeSize =
10). We tested for significance using hypergeometric tests (statistic = fisher) using the
parentchild algorithm to identify overrepresented GO processes and calculated ORs by
dividing the number of significant genes by the number of expected genes calculated by
topGO (Supplementary Fig. 5a,d and Supplementary Tables 6 and 7). Notably, while P
values are corrected for the GO graph structure by topGO, ORs are not.

We used gene—disease associations from the DISEASES database8 to test for age-related
enrichment of diseases, again in region-by-region aDEGs and whaDEGs. We used protein
names and Ensembl identifiers along with orthology information in biomaRt% to link
disease associations to one-to-one orthologous genes in the rhesus macaque genome. We
retained all non-redundant gene—disease associations and ran Fisher’s exact tests to test for
enrichment in R (Supplementary Fig. 5b,d and Supplementary Tables 8 and 9).

Finally, we tested for age-related enrichment of genes that are differentially expressed in
individuals with AD. We used previously reported DEGs from a meta-analysis of three
RNA-seq studies38 (the MSBB??, ROSMAP190 and MayoRNAseq10® studies) obtained from
the AMP-AD Knowledge Portal?4 and encompassing seven brain regions, the cerebellum,
temporal cortex, frontal pole, inferior frontal gyrus, parahippocampal gyrus, superior
temporal gyrus and dIPFC. We used orthology information in biomaRt% to link AD
DEGs to one-to-one orthologous genes in the rhesus macaque genome. We then used a
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Fisher’s exact test to test for an overrepresentation of AD DEGs among region-wise aDEGs
and whaDEGs. We separately tested for overrepresentation of AD DEGs with positive or
negative estimates among aDEGs/whaDEGs of the same sign (Supplementary Table 10).

For all enrichment analyses, we adjusted Pvalues using a Benjamini-Hochberg correction®.

Transcription factor motif enrichment.—We used HOMER v4.11 (ref. 102) to test

for enrichment of vertebrate transcription factor-binding site motifs in the promoters of
aDEGs. We used loadGenome.pl to add the latest version of the rhesus macaque genome
(Mmul_10)81 and used findMotifs.pl to find motifs in the regions +2 kb from transcription
start sites of genes. For this analysis, we considered genes to be age associated if they passed
an LFSR threshold of 0.05 in at least one brain region. We ran HOMER separately for genes
that increased in expression with age and genes that decreased in expression with age (note
that there is a small degree of overlap between these two sets due to the possibility that some
genes increase significantly with age in some regions and decrease significantly with age in
other regions). For each analysis, we set as the background all non-overlapping genes that
passed our initial TPM filters in at least one brain region and considered motifs enriched if
they passed a threshold of FDR < 0.01 (Supplementary Fig. 5¢ and Supplementary Table
11).

We next tested for an overrepresentation of age-associated transcription factor-binding
motifs belonging to particular transcription factor families. We restricted this analysis to
transcription factor families with at least 10 associated motifs in our dataset and, as with
before, considered motifs enriched if they passed a threshold of FDR < 0.01. We tested for
enrichment using one-sided Fisher’s exact tests and adjusted P values using a Benjamini—
Hochberg correction® (Supplementary Table 12).

Estimating age effects on variance of gene expression

We tested the prediction that age-related declines in gene regulatory mechanisms could
result in increased variance of gene expression in older animals. To model age-related
changes in variance, we ran DGLMs using the dglm packagel®3 in R. DGLMs are a
two-stage model in which the means and variance are modeled, respectively, by GLMs.
The dispersion is typically modeled with a gamma error distribution. We ran DGLMSs using
the same covariates as our EMMA model. We modeled means using a Gaussian error
distribution and modeled the dispersion using a gamma distribution with a log link function
and setting age as the predictor.

Because each brain region was modeled separately, we used a similar MASH-based strategy
to pool information across tissues and to refine our effect estimates and precisions (Fig.

4a and Supplementary Fig. 7). Our MASH pipeline for modeling dispersion effects was
identical to our pipeline for mean effects, with one exception. To identify an initial data-
driven set of significant genes (the ‘strong’ set), we selected only genes that passed a g value
(FDR-adjusted Pvalue) threshold of 0.05 in five regions (one-third of all tissues) or more (N
= 1,940 genes; Supplementary Table 13).
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While our focus was on age-related increases in variance of gene expression, we also
detected age-associated decreases in variance of gene expression across regions (Fig. 4a
and Supplementary Fig. 7). We hypothesized that these results could be attributed in part
to global decreases in mean gene expression, which could decrease variance by driving
expression to or near zero in older adults. To test this hypothesis, we performed a Fisher’s
exact test on a region-wise basis, testing the prediction that genes decreasing in expression
with age would be enriched among genes decreasing in dispersion with age (LFSR < 0.2
for both; Supplementary Table 14). Our results supported this prediction, particularly in
brain regions for which the majority of aDEGs had negative signs. We therefore proceeded
with our main focus on genes increasing in variance with age as putative signatures of
age-associated dysregulation.

We tested for enrichment of biological processes and diseases among genes increasing

in variance with age. Similar to our analysis of aDEGs, we tested for enrichment of

GO biological processes using topGO (Supplementary Fig. 7d and Supplementary Table
15), enrichment of diseases using the DISEASES database (Supplementary Table 16) and
enrichment of AD genes using gene lists obtained from the AMP-AD Knowledge Portal?4,
as detailed earlier (Supplementary Table 17). Because of the relative paucity of significant
genes in this analysis after FDR correction, however, we used threshold-independent
Kolmogorov—Smirnov (KS) tests to test for enrichment. We ran KS tests using standardized
estimates from our MASH model results, calculated by dividing the posterior estimates by
the standard deviation of the posterior estimates (standard error). We performed KS tests
separately on each brain region and also performed a summary analysis across the brain

by averaging standardized beta estimates across all regions in our analysis. For each GO or
disease term, we tested the alternative hypothesis that genes associated with each term had
significantly more positive standardized beta estimates than other genes. We ran KS tests in
topGO using the ‘weight01” algorithm. For all other analyses, we ran KS tests using custom
code in R.

Comparison of brain aging signatures to human bulk RNA-seq data

To validate the aging signatures in our bulk gene expression data and provide a comparison
to aging signatures in an orthogonal human dataset, we obtained and analyzed bulk RNA-
seq data from the GTEx V8 dataset®. For our analysis, we used as input raw and TPM count
matrices from GTEx and retained data from all regions of ‘Brain’ origin with the exception
of ‘Brain - Spinal cord (cervical c-1)’. Altogether, we analyzed 2,483 samples from the
GTEX dataset, representing 376 individuals (82 females and 233 males; median age = 59.41
years and range = 23-70) and 12 brain regions of similar neuroanatomical scope to our
macaque dataset.

Using the same preprocessing pipeline used for our macaque brain data, we transformed raw
GTEX counts into log, (count) values using voom from the limma package®3 and removed
all lowly expressed genes without an average TPM = 10 in any region, leaving 11,088 total
genes.

To compare the relative contributions of age and other biological variables in the human
and macaque brain datasets, we performed variance partitioning on the GTEX dataset
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following nearly identical methods to those described for our macaque data. To control for
potentially differing effects of technical variation between datasets, we first removed effects
of technical covariates (RNA integrity (SMRIN), genotype/expression batch (SMGEBTCH)
and ischemic time (SMTSISCH)) by running linear models on each region separately and
extracting partial residuals. Because the GTEX dataset includes two tissue types (‘Brain —
Cortex’” and “‘Brain — Cerebellum’) that are dissected separately but are otherwise essentially
technical replicates of other regions in the dataset (‘Brain - Frontal Cortex (BA9)” and
‘Brain - Cerebellar Hemisphere’, respectively), we excluded these two regions to more
accurately model the contributions of brain region to overall gene expression. We then ran
variance partitioning using the variancePartition package in R, with brain region (SMTSD),
age (AGE), sex (SEX) and individual identity (SUB-JID) included as biological variables
(Extended Data Fig. 3a). We also ran variance partitioning on each brain region separately to
exclude the contribution of region—region variation (Extended Data Fig. 3b).

To compare estimated age effects at the gene level, we modeled gene expression separately
for each of the 12 brain regions in our analysis of GTEXx data. Because relatedness
information was not available, we modeled gene expression and calculated differential
expression statistics using ImFit and eBayes from the limma package®3. We included age
(AGE), sex (SEX), RNA integrity (SMRIN), genotype/expression batch (SMGEBTCH) and
ischemic time (SMTSISCH) as covariates. We then used multivariate shrinkage to refine
age effect estimates (), standard errors and LFSRs across the 12 brain regions in mashr,
following identical procedures to those described earlier for our macaque brain analysis.

Because we wished to compare GTEX results to previously identified wbaDEGs in our
macaque analysis and because our TPM filtering removed a large fraction of these genes,
we reran limma and mashr on a small subset of genes (nine macaque whaDEGs with LFSR
< 0.005 in =13 regions and having 1:1 orthologs in the human genome) without removing
any lowly expressed genes. Using the same covariance matrices estimated from the mashr
analysis immediately above, we ran a final model on otherwise-identical gene-by-tissue
matrices with this small number of added genes. After examining posterior statistics for
the nine genes of interest, we reverted to results from the previous models for downstream
analyses.

To determine whether gene expression in rhesus macaque and human brain tissues changes
with age in a largely parallel manner, we retained and combined posterior statistics from
overlapping brain regions for 8,289 genes that were identified as one-to-one orthologs based
on Ensembl annotations1%4 retrieved using biomaRt%4. We compared eight brain—region
pairs that overlap between datasets (Supplementary Table 18).

For each brain—region comparison, we compared standardized g estimates (calculated by
dividing S by their standard errors) by performing correlation tests using Spearman’s

rank correlation coefficient (o). We corrected for multiple comparisons by calculating FDR-
adjusted Pvalues (g values; Fig. 3 and Supplementary Table 18).

To determine whether signatures of aging parallel one another between macaques and
humans at the pathway level, we performed gene set enrichment analysis on wbaDEGs and
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region-wise aDEGs identified from our analysis of GTEx data and compared the results to
those described earlier from our enrichment analysis from macaque data. Apart from using
GO annotations for the human (rather than rhesus macaque) genome, we otherwise followed
exactly the same procedures described for our macaque analysis.

For 4,013 GO biological process terms that were analyzed in both the macaque and human
analyses, we compared enrichment ORs for macaque and human aDEGs identified for all
eight overlapping regions and wbaDEGs. We performed comparisons separately for analyses
of age-increasing and age-decreasing DEGs (Supplementary Fig. 6 and Supplementary
Table 19).

Finally, we aimed to determine whether any components of the macaque and human aging
phenotypes either mirrored one another (indicating evolutionary conservatism in aging) or
differed from one another (indicating evolutionary divergence in aging) to a greater extent
than predicted by chance.

To make this comparison, we estimated sharing within predefined gene sets based on both
GO and Kyoto Encyclopedia of Genes and Genomes (KEGG) annotations19%, For analysis
of GO terms, we used GO annotations as previously described and restricted our analysis to
GO biological processes. For analysis of KEGG pathways, we retrieved all KEGG pathways
for the rhesus macaque (‘mcc’) genome using KEG-GREST. For both GO and KEGG
analyses, we excluded all terms or pathways represented by fewer than 10 genes in our
dataset.

For each pathway within each of the eight overlapping brain regions, we characterized
sharing as the fraction of genes with shared signs between their estimated age effects
between macaques and humans for that region. We estimated significance through
permutation. For each permutation iteration, we randomly sampled without replacement

an equal number of genes and recalculated the fraction of genes with shared signs from the
randomly sampled gene set. We calculated Pvalues as the fraction of null estimates with
higher values than the true estimates for each pathway. We performed 10,000 iterations for
each pathway/region. We calculated g values using a Benjamini-Hochberg correction® to
correct for multiple hypothesis testing and considered pathways enriched for a given region
if they passed a threshold of FDR < 0.05 (Supplementary Tables 20 and 21).

Western blotting

For a subset of animals from our bulk RNA-seq dataset (V= 16), we generated bulk

protein lysates from additional frozen 2-mm biopsy punches sampled from the dIPFC
(Supplementary Table 22). Biopsy punches were lysed in RIPA buffer (0.05 M Tris-HCI (pH
7.4), 0.5 M NacCl, 0.25% deoxycholic acid, 1% Triton X-100 and 1 mM EDTA; Millipore)
supplemented with 0.1% SDS, protease inhibitor cocktail (Sigma-Aldrich) and phosphatase
inhibitor cocktail Il and I11 (Sigma-Aldrich). Lysates were cleared by centrifugation, and
protein concentration was quantified via the Bio-Rad protein assay (Bio-Rad) using bovine
serum albumin as a standard. Equal amounts and volumes of protein were denatured under
reducing conditions, separated by SDS—-PAGE gels and blotted to PVDF membranes (Bio-
Rad). Blots were blocked with 5% low-fat milk in TBS containing 0.1% Tween 20 (TBST)
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for 1 h at room temperature and incubated overnight at 4 °C with primary antibodies in

4% bovine serum albumin in TBST. The primary antibodies used were anti-FKBP5 (Cell
Signaling Technology, 8245; 1:500), anti-MBP (Abcam, ab7349; 1:1,000) and anti-GAPDH
(Cell Signaling Technology, 2118S; 1:1,000). After washing with TBST, membranes were
incubated with donkey anti-rabbit horseradish peroxidase-conjugated secondary antibodies
in 5% milk in TBST for 2 h at room temperature. Blots were washed with TBST, and
detection was performed with SuperSignal West Pico chemiluminescent substrate (Thermo
Scientific). Exposure was manually done in a dark room on radiographic film.

After imaging, film was scanned at high resolution and converted to TIFF format. We then
used ImageJ to convert to 8-bit, invert the colors and calculate the integrated density of
relevant bands (FKBP5 = ~50 kDa, MBP = ~10-30 kDa and GAPDH = 37 kDa). Equally
sized boxes were manually drawn around bands of interest and a blank region of the blot.
Each sample lane was background corrected by subtracting the value for the blank region
from its respective blot. Blots were mildly stripped and reprobed for the loading control
GAPDH. We normalized expression values of MBP and FKBP5 against GAPDH to obtain
final values (Supplementary Table 22). Whole blots were optimized for brightness and
contrast in Adobe Photoshop (Supplementary Fig. 8).

Immunohistochemistry

We used previously collected formalin-fixed, paraffin-embedded tissue from the dIPFC of
two captive macaques (one 7-year-old female and one 22-year-old male) that had been
housed at the University of Pennsylvania. Animals were transcardially perfused with 10%
formalin, and the brains were immersion fixed for 1-7 d. Sections were dehydrated,
embedded in paraffin and sectioned at 4 um thickness. Before staining, sections were
rehydrated and underwent antigen retrieval in a solution containing Tris-EDTA (pH 9.0)
that was incubated at 85 °C for 20 min. Sections were then washed with PBS before

being blocked in a buffer containing 0.1% Triton X-100 and 5% normal donkey serum in
PBS. Next, samples were incubated in a primary antibody solution containing antibodies

to NeuN (Millipore, MAB377; 1:1,000) and FKBP5 (Cell Signaling Technology, 8245;
1:300). Sections were then rinsed and incubated in a secondary antibody solution containing
anti-mouse Alexa Fluor 568- and anti-rabbit Alexa Fluor 647-conjugated antibodies and
DAPI (Sigma-Aldrich, 10236276001; 1:1,000) diluted in blocking solution. Tissue was
rinsed in PBS and cover-slipped for microscopic analysis. Images were collected on a Zeiss
LSMB800 laser-scanning confocal microscope using the same acquisition parameters and
were optimized equally for brightness and contrast in Adobe Photoshop (Fig. 2f).

Single-nucleus RNA-seq data generation and quality control

We used sci-RNA-seq3 (ref. 196) to generate single-nucleus 3° RNA-seq data. The sci-RNA-
seq3 protocol uses three rounds of barcoding on intact cells or nuclei to tag transcripts

with unique combinatorial indices. The three successives indices are then used to assign
transcripts to nuclei, with a low multiplet rate that can be calibrated by controlling the
number of nuclei loaded in the experiment and the number of barcodes used in each round of
indexing106:107,
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Nuclei isolation.—We generated nuclei suspensions from frozen tissue biopsies following
methods described by Cao et al.196, with the following modifications. We first homogenized
samples by thoroughly grinding samples with a prechilled disposable pestle (Fisher
Scientific, 12-141-364) in 50 pl of cell lysis buffer on ice. We brought the volume to

1 ml with ice-cold cell lysis buffer and filtered the mixture using a 70-um cell strainer
(pluriSelect, 43-10070-70). The nuclei were then fixed in 4% paraformaldehyde (6-ml
reaction volume) for 15 min with gentle mixing, washed once in 1 ml of ice-cold nuclei
wash buffer and resuspended in 200 pl of nuclei wash buffer. After counting a small

aliquot with a 1:1 trypan blue stain using the Countess Il system, nuclei were allocated in
1-million-nuclei aliquots and flash-frozen in liquid nitrogen.

Library preparation and sequencing.—Methods for sci-RNA-seq3 library preparation
and sequencing followed those described by Cao et al.19. Briefly, nuclei were thawed in

a 37 °C water bath for 5 min, centrifuged at 500g for 5min and incubated in 400 pl of
permeabilization buffer (nuclei wash buffer supplemented with 0.2% Triton X-100) for 3
min. Nuclei were washed, sonicated for 12 s on low power mode (Diagenode), washed

and resuspended in 100 ul of nuclei wash buffer. The sci-RNA-seq3 preparation followed
the Cao et al. methods for paraformaldehyde-fixed nuclei with the following modifications:
samples were counted with the ImageExpress Pico System (Molecular Devices), 2 pl of
oligo(dT) primers were added to each well with 80,000 nuclei for reverse transcription, a
Quick Ligation kit (New England Biolabs) was used in place of T4 ligase, and tagmentation
was performed using 1/40 pl per well of i7-loaded TDE1 enzyme prepared at the Brotman
Baty Institute at the University of Washington following published protocols!®8. Libraries
were sequenced on Illumina NovaSeq S4 flow cells at the University of Washington
Northwest Genomics Center core sequencing facility with the following cycles: read 1,

34 cycles; read 2, 100 cycles; index 1, 10 cycles; index 2, 10 cycles.

Sequencing data processing.—Single-nucleus RNA-seq reads were processed
following the methods described by Cao et al.1% to produce a matrix of unique molecular
index (UMI) counts, where rows correspond to genes and columns correspond to unique
index combinations, which mainly delineate transcripts from single nuclei but also include
a small fraction of multiplets. Our pipeline was modified for the most recent rhesus
macaque reference genome (Mmul_10)8! and annotation obtained from Ensembl (version
101). Haplotype sequences were removed from the genome FASTA to avoid mapping
inefficiencies due to multimapping, and the 3”-untranslated region annotations of genes and
transcripts were extended in the reference transcriptome (GTF file) by 500 bp to avoid
misclassifying genic reads as intergenic. We proceeded with the remainder of the Cao et

al. sci-RNA-seq3 pipeline for demultiplexing, mapping, deduplication and count matrix
generation using the 3’-untranslated region extended GTF file as input. We used monocle 3
(ref. 106) to generate a cell dataset (cds) object.

Genotyping.—Similar to our bulk RNA-seq analyses, we inferred genotypes from sci-
RNA-seq3 reads to estimate relatedness among animals. We combined all non-redundant
reads (reads with unique combinatorial indices and UMIs) per animal after first trimming
adapter and barcode sequences from the reads. We then mapped reads to the rhesus macaque
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reference genome using STARS®. Because high duplication rates and the lower abundance
of nuclear transcripts limit read depths relative to bulk RNA-seq, we inferred genotypes
using ngsRelate2, a method incorporating genotype uncertainty that performs well even
with low sequencing depth109110 \We used ANGSDI!! to estimate allele frequencies

and generate genotype likelihoods, estimating major and minor alleles from the data

and using a minimum minor allele frequency (minmaf) of 0.05 and a P value threshold
(SNP_pval) of 1 x 1078, We then ran ngsRelate2 using the resulting allele frequencies and
genotype likelihoods. We used resulting estimates of pairwise relatedness (rab)112 to build a
relatedness matrix.

Quiality control and filtering.—We performed an initial filtering of our gene x cell UMI
matrix by excluding from our analysis nuclei with fewer than 100 UMIs or greater than 10%
of reads mapping to the mitochondrial genome (Supplementary Fig. 9a-c). We then used
Scrublet!13 to identify multiplets on a per-sample basis. For each sample, we visualized the
distribution of A-nearest neighbor (kNN) scores as a density plot and manually set thresholds
to remove likely multiplets (Supplementary Fig. 9d). To validate multiplet removal,

we performed preprocessing, UMAP dimensionality reduction and Leiden clustering in
monocle 3 (ref. 106) to ensure clean separation and clustering of distinct types. Additionally,
we performed preprocessing, UMAP dimensionality reduction and Leiden clustering on

the entire dataset, assessed KNN score distributions across clusters and manually removed
clusters with noticeably high kNN score distributions (Supplementary Fig. 9e,f). After
removing all likely multiplets, we performed a final UMAP dimensionality reduction and
Leiden clustering (k= 20) on the entire dataset containing 71,863 unique indices (Fig. 5a
and Supplementary Fig. 10), which we refer to henceforth as nuclei.

Cell type and cell subtype identification.—We assigned nuclei to one of eight broad
brain cell types using previously described marker genes!14 and from top marker analysis
of published single-nucleus RNA-seq datasets'1® (Supplementary Table 23). We manually
assigned cell types to each cluster by visualizing the specificity and breadth of expression
of each marker gene. To validate our cell-type assignments, we used the data integration
workflow in Seurat v3 (ref. 116) to harmonize our data with a subset of 200,000 randomly
sampled cells from the Allen Brain Map Mouse Whole Cortex and Hippocampus 10x
dataset117-119 as well as 76,533 cells from the Allen Brain Map human M1 10x dataset#2.
We then used SingleR120 to perform label transfer on the integrated data space. The
integrated labels largely corroborated our cell-type assignments (Supplementary Fig. 11 and
Supplementary Tables 24 and 25).

To identify cell subtypes, we subset the gene x cell UMI matrix for each cell type separately
and reperformed UMAP dimensionality reduction and Leiden clustering (k= 5) in monocle
3. We designated each resulting cluster as a distinct cell subtype (Supplementary Fig. 10a).

For both cell types and cell subtypes, we determined marker genes using top_markers from
monocle 3 (ref. 106), We summarized each cell type or subtype by selecting the top 20
markers based on the pseudo- A2 statistic1?1 (Supplementary Tables 26 and 27).
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Estimating age effects on cell-type proportions.—For each individual, we
calculated cell proportions as the number of nuclei assigned to each cell type or subtype
divided by the total number of nuclei for that individual. We then modeled cell proportions
using linear models with age and social group as covariates (Fig. 5b, Extended Data Fig. 6b
and Supplementary Tables 28 and 29). We calculated Bonferroni-adjusted P values to correct
for multiple hypothesis testing.

Cell-type deconvolution of bulk gene expression

To distinguish between age-associated changes in mean expression within cells and age-
associated changes in cell-type composition of our bulk RNA-seq dataset, we used our
single-nucleus RNA-seq dataset as a reference dataset for cell-type deconvolution via the

R package BRETIGEA22, To determine cell-type marker genes, we used top_markers

from monocle 3 (ref. 106), selecting the top 50 markers for each cell cluster (cell subtype)
based on the pseudo- /2 statistic12L. Finally, for each brain region, we performed principal
components analysis on resulting estimates of bulk RNA-seq library cell-type proportions
(derived by summing proportion estimates across all subtypes), retaining the first A/ principal
components that together explained greater than 90% of the variance. We included these
principal components as covariates and repeated our EMMA and MASH pipelines to
estimate age effects from our deconvoluted bulk RNA-seq data on a per-brain-region basis.
We found that age effects were highly correlated between the analyses with and without cell-
type deconvolution, with slightly weaker effect sizes with cell-type deconvolution reflecting
some age-associated changes in cell-type proportion (Extended Data Fig. 8b).

Estimating linear age effects within cell types

To model age-associated differences in gene expression among cell types, we
bioinformatically converted our single-cell dIPFC data into pseudobulk libraries by summing
gene-wise UMI counts within seven broad cell classes: excitatory neurons, inhibitory
neurons, astrocytes, oligodendrocytes, oligodendrocyte precursor cells, microglia and
endothelial cells. We excluded pericytes from subsequent analyses because only 266 nuclei
were assigned to this cell type, with two individuals lacking any assigned pericytes.

Similar to our bulk tissue RNA-seq analysis, for each cell type, we excluded all genes
having a mean counts per million of <10 in that cell type and calculated log, (count) values
using voom from the limma package®3. We observed, however, that cells experiencing
age-related changes in cell proportion also exhibited global differences in normalized gene
expression (Supplementary Fig. 12), which is likely an artifact due to higher degrees of zero
inflation in lower-coverage pseudobulk libraries generated from less-abundant cell types. We
thus instead normalized our pseudobulk expression data with geometric mean of pairwise
ratios (GMPR), a normalization method developed for zero-inflated microbiome sequencing
count datal23, Unlike other techniques for mitigating zero inflation artifacts, GMPR does
not assume that zeroes are due to undersampling and is flexible for datasets with high

count variabilityl23. These qualities are particularly salient for pseudobulk analyses of single
cell types, where zeroes may also be explained by true lack of expression, and high count
variability can be driven by differential cell abundance and by real biological processes.

Nat Neurosci. Author manuscript; available in PMC 2023 June 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Chiou et al.

Page 26

After normalizing our data with GMPR, we confirmed the absence of spurious relationships
between cell proportion and global gene expression changes (Supplementary Fig. 12).

We modeled GMPR-normalized log, (count) values using EMMA models%.9 implemented
in R using EMMREML (Extended Data Fig. 7a). For all models, we included age, social
group and extraction batch as fixed effects and used the custom kinship matrix generated
for this dataset described previously as random effects. We then used MASH to pool
information across cell types and to refine our estimates of effect size and precision (Fig. 5d,
Extended Data Fig. 7b and Supplementary Table 31).

We tested for enrichment of GO biological processes (Supplementary Table 32) among
effects estimates for single cell types using topGO92:93, In contrast to our bulk tissue
analysis, however, we tested for significance using threshold-independent KS tests because
the smaller sample size of this analysis resulted in fewer genes passing thresholds. We ran
KS tests in topGO using the weight01 algorithm.

To replicate our bulk tissue RNA-seq results, we summed gene-wise UMI counts for each
individual (that is, combining across all cell types) to generate pseudobulk libraries at the
tissue level, which we processed and modeled using the same pipeline described for each
cell type separately. We then plotted corresponding model estimates for all genes from our
true bulk and pseudobulk dIPFC analyses (Extended Data Fig. 9c).

Estimation of shared effects between social adversity and aging

To test for shared effects of aging and social adversity, we compared effect sizes of age and
dominance rank on regional gene expression. We estimated effect sizes of dominance rank
using MASH! following the procedures described earlier to pool information across tissues
and refine effect size estimates and LFSRs for the dominance rank term from our EMMA
model.

Because we predict parallel changes with older age and higher social adversity (that is, lower
dominance rank), we reversed the signs for the ordinal dominance rank effect sizes before
comparison so that genes with higher expression in low-ranking animals had positive values.
Positive effect sizes from our models thus indicate increased expression with older age and
lower rank, respectively.

For each region, we estimated the degree of sharing between aging and social adversity by
calculating Spearman’s correlation (o). Because determining the degree of sharing requires
a tradeoff between the number ofgenes included and the statistical precision of the effect
size estimates, we repeated this analysis across a range of LFSR thresholds (&) from 0 to
1in 0.01 increments for which we only included genes with an LFSR of <& for both age
and dominance rank (Fig. 6a and Supplementary Fig. 13). For each estimate, we used 1,000
bootstrap iterations to calculate 95% confidence intervals (Supplementary Fig. 13b).

To characterize shared effects between aging and social adversity at the pathway level, we
followed an approach similar to our comparison of macaque (this study) and human (GTEXx
study) age effects but modified to compare aging and dominance rank effects within the
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macaque dataset. We estimated sharing within predefined gene sets based on both GO and
KEGG annotations and filtered as described previously for our comparison to GTEX data.

For each pathway within each brain region, we characterized sharing as the fraction of genes
with shared signs between their estimated age and dominance rank effects for that region.
We then calculated Pvalues and FDR-adjusted P values (g values) through permutation.

We considered pathways enriched for a given region if they passed a threshold of FDR

< 0.05 (Supplementary Tables 33 and 34). Notably, our permutation-based estimation of
significance is conservative due to background positive correlations between aging and
dominance rank effects across most of our dataset (Fig. 6a and Supplementary Fig. 13).

Dominance rank effects on transcriptomic age

We tested the prediction that experiencing social adversity (that is, having low dominance
rank) accelerates aging, resulting in an older transcriptomic age phenotype than predicted by
chronological age. To test this prediction, we used two approaches to predict transcriptomic
age, which we refer to here as our ‘wbaDEGs’ and ‘glmnet” approaches.

For the first (wbaDEGS) approach, we used our age coefficients estimated by EMMA
models and refined by MASH. To develop a universal transcriptomic age predictor across all
brain regions, we kept only genes that passed an LFSR threshold and whose effect estimates
shared signs in at least 13 of 15 regions. After selecting the most universally age-predictive
genes, we constructed age predictors by averaging effect estimates across all 15 regions

for each gene and calculated transcriptomic ages from our zscored gene expression matrix
using the equation given by Peters et al.124, previously used by our group on peripheral
blood data?. We repeated this procedure across a range of LFSR thresholds and selected the
threshold at which average mean absolute error was minimal (LFSR < 0.005; Supplementary
Fig. 14b). We thus obtained a set of 13 genes fulfilling these criteria. We then used leave-
one-out cross-validation (LOOCYV) to ensure independence of our training and evaluation
data. For each LOOCYV iteration, we excluded all samples from one animal from our
analysis and reran our EMMA and MASH models following procedures described above.
We then recalculated our 13 age predictors as described above and calculated unscaled
transcriptomic age predictions from the zscored expression matrix of all samples from

the animal withheld from model training. We converted unscaled age predictions from all
samples estimated in this manner into transcriptomic age predictions by scaling values to the
known age distribution in our population!24 (Fig. 6b and Supplementary Fig. 14a).

As an additional proof of concept, we used our wbaDEGs age prediction coefficients from
13 genes to predict ages from our pseudobulk bulk tissue dIPFC libraries (Extended Data
Fig. 9d).

For the second (glmnet) approach, we used an elastic net regression model to predict ages
from our zscored gene expression matrices containing libraries from all regions. We fit
elastic net models using the glmnet package!2® in R using a Gaussian error distribution and
a = 0.5 to evenly balance ridge and lasso regularization. We ran an initial elastic net model
with 10-fold cross-validation to estimate the A parameter. For each region, we ran elastic
net models with an animal-wise version of LOOCYV to predict ages. For each iteration, we
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withheld all libraries from an animal as our test sample and trained our model from all
libraries from the remaining animals. We predicted ages on our test samples using the A
values estimated from the initial model (Supplementary Fig. 14).

For both approaches, we originally estimated aging phenotypes for each individual as

the difference between its predicted transcriptomic age and its known chronological age
(absolute error). We refer to this difference as Aage. Because we found that for both
approaches, the range of transcriptomic age predictions was narrower than the chronological
age range of our sample, our Aage estimates had strong non-zero relationships with
chronological age. We therefore instead estimated aging phenotypes by first fitting a linear
least-squares regression and using the residuals of the model as an alternative to Aage (ref.
126) The resulting measure eliminates any confounding relationship with chronological age.
We call this measure eage.

We tested the prediction that social adversity accelerates aging by regressing eage for each
sample against percent dominance rank and categorical dominance rank, separately, using
linear mixed models controlling for individual-level random variation and the fixed effect of
brain region. We adjusted Pvalues for one-sided hypothesis testing using the zdistribution
for all tests.

Chosen genes that are identified as extremely predictive for either age prediction approach
are not necessarily linked to putative dominance rank effects on aging and may represent
a relatively miniscule component of the overall aging landscape. We reasoned that genes
demonstrating strong relationships with both dominance rank and chronological age are
more likely to be functionally linked to possible dominance rank effects on aging. We
developed an approach in which we iteratively implemented increasingly strict dominance
rank-based filters to limit an initial gene list and reran both our wbaDEGs and glmnet age
prediction pipelines (including LOOCYV) to predict ages only from these initial gene lists
with increasingly well-supported dominance rank effects. This approach necessarily requires
a tradeoff between our confidence/precision in dominance rank effect estimates and the
age-predictive performance of the models, which by definition decreases with increasingly
strict thresholds because greater numbers of age-predictive genes that would otherwise be
selected are withheld from the model.

For our wbaDEGs models, we imposed filters within the range LFSRrank < (0.01, 0.001,
0.0001). For genes passing each filter, we averaged age effect estimates across all 15 brain
regions and used these coefficients to predict age as described earlier. For our gimnet
models, we imposed filters within the range LFSRRrank < (0.2, 0.1, 0.05) and reran glmnet
model training and prediction as described earlier. For both approaches, we retained genes
if they passed a given threshold in any brain region (Fig. 6¢,d, Supplementary Fig. 15 and
Supplementary Tables 36 and 37).

Given that increasingly strict filtering comes with a cost to predictive performance, it is
plausible that filtering could eventually exhaust any biological signal, resulting in noisy

age predictions with unreliable residuals. To rule out this possibility while simultaneously
ensuring that observed patterns were robust to thresholding, we repeated our analyses across
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a greater range of LFSRRank thresholds. For our wbaDEG models, we tested all thresholds
10~/ where /ranged from 0 to 8 in 0.5 increments. For our glmnet models, we tested all
thresholds 10/, where /7ranged from 0 to 2 in 0.1 increments. For each iteration, after
predicting ages as described above, we performed (1) a Pearson’s correlation test assessing
the strength of correlation between chronological and predicted ages and (2) a linear mixed
model assessing the relationship between percent dominance rank and residual age, as
described earlier. We then jointly visualized results from these two tests to confirm that there
is sufficient biological signal across a range of thresholds (Supplementary Fig. 16).
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Extended Data Fig. 1 1. Sample and study design.
(a) Location of Cayo Santiago off the southeastern coast of Puerto Rico. (b) Age distribution

of individuals sampled for the bulk tissue RNA sequencing dataset. Selected individuals
span the natural adult age distribution and are evenly balanced between sexes. (c) Age
distribution of individuals per brain region (excludes samples not passing laboratory or
bioinformatic quality control). (d) Age distribution of females sampled for the single-
nucleus RNA sequencing dataset. Selected individuals span the natural age distribution
and are evenly balanced between two naturally occurring social groups (HH and KK) on
Cayo Santiago. (e) Hazard rates from a previously published demographic model of Cayo
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Santiago macaques (ref. 2) demonstrate that individuals in the age range of our sample
experience age-associated increases in mortality risk (V= 11,659 biologically independent
animals). Error bars represent the mean hazard rate + the standard error.
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Extended Data Fig. 2 1. Global similarity of gene expression across brain regions.
(a) Dendrogram showing hierarchical clustering results on averaged expression for each

brain region. (b) The same dendrogram visualized over 1000 bootstrap replicates in which
libraries were randomly sampled with replacement before calculating average expression
and repeating hierarchical clustering. (¢) Dendrogram showing hierarchical clustering results
on all libraries. Terminal branches are colored by brain region.
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Extended Data Fig. 31. Comparison of variance partitioning of age between macaques and
humans.

(a) Age explains similar proportions of variance in global gene expression across diverse
brain regions between macaques from this study (left) and humans from the GTEXx study
(right). Median variance explained by age was 0.19% (interquartile range [IQR] = 0.04—
0.51%) in this study (V=527 biologically independent samples) and 0.26% (IQR =
0.07-0.82%) in the GTEx study (N = 2,642 biologically independent samples). Effects

of technical covariates were first removed to facilitate this comparison. (b) Age explains
similar proportions of variance in gene expression within individual brain regions. Median
variance explained by age ranged from 0.6-6.4% across brain regions from this study (V=
36 biologically independent animals, left) and ranged from 0.3-4.2% across brain regions
from the GTEX study (V= 382 biologically independent individuals, right). Box plots
depict the median (center), and IQR (bounds of box), with whiskers extending to either the
maxima/ minima or to the median £1.5xIQR, whichever is nearest.
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Extended Data Fig. 4 1. Analysis of age-associated effects on gene expression levels.
(a) Quantile-quantile (QQ) plots of Pvalues from initial efficient mixed model association

(EMMA) tests show enrichment of low Pvalues across nearly all brain regions tested

(all EMMA tests are two-sided). (b) A multivariate adaptive shrinkage (MASH) approach
substantially improves statistical power by leveraging shared patterns between tissue
datasets, resulting in a greater number of genes passing a threshold (local false sign

rate [LFSR] < 0.2) relative to a similar threshold applied to our EMMA results (false
discovery rate [FDR] < 0.2). (c) The number of significant genes visualized over a range
of LFSR thresholds shows extremely stable rank order of brain regions. (d) Whole-brain
age-differentially expressed genes (whaDEGS) cross-referenced with our gene trajectory
results (Fig. 1d) demonstrate that the vast majority of wbaDEGs fall into four clusters,
marked by asterisks (***). Most whaDEGs decreasing in expression with age fall into
trajectories associated with signaling-related functions, while most wbaDEGs increasing in
expression with age fall into a trajectory associated with the immune response. In the bottom
panel, the percentage of genes assigned to wbaDEGs is plotted on the y axis.
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Extended Data Fig. 51. Similarities of age effects across brain regions.
(a) Proportion of aDEGs with shared magnitude between brain regions. aDEGs share

magnitude between regions when they share signs and their effect estimates are within a
factor of 2 from one another. These conditions for sharing are more stringent than those

in Fig. 2b, which does not require the latter criterion. For each pair of regions, genes are
included if they were significant (LFSR < 0.2) in either region. (b) Upset plot highlights
brain region combinations with the greatest number of aDEGs with shared signs. Note that
among the top region combinations are single-region-specific aDEGs as well as wbaDEGs.
(c) Proportion of aDEGs that exhibit (top) shared signs or (bottom) shared magnitudes
across variable numbers of brain regions. These distributions reveal that subcortical regions
sampled exhibited slightly broader sharing than cortical regions. For this analysis, genes are
included if they were significant (LFSR < 0.2) in any region.
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Extended Data Fig. 6 I. Cell-type marker genes and proportional changes with age.
(a) Expression of top 5 marker genes (according to the pseudo-/Z statistic) for 8 assigned

cell types. (b) Age plotted against cell cluster percentages. Asterisks in cluster titles indicate
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a significant effect of age on cell cluster percentages based on a linear model (two-sided
test, excitatory neurons 6: Bonferroni-adjusted 2= 0.014; excitatory neurons 10: Bonferroni-

adjusted P=0.024).
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Extended Data Fig. 7 |. Age-associated differencesin gene expression within single cell types.
(a) QQ plot of EMMA tests on pseudobulk data show a strong enrichment of low P values

(all EMMA tests are two-sided). (b) Comparison of model estimates from EMMA (FDR
<0.2) and MASH (LFSR < 0.2) show similar numbers of significant genes. (c). Cell-type
aDEG counts (MASH) classified according to overlap with expressed genes and aDEGs
from bulk RNA-seq analysis of the dIPFC. (d). Percentages of aDEGs overlapping with
aDEGs from bulk RNA-seq analysis of the dIPFC (excluding genes not expressed in both
modalities). (€) Rank order of significant genes per cell type are robust across a range of
significance (LFSR) thresholds. (f) Upset plot shows rank order of cell type combinations
with the greatest number of genes exhibiting significant age-associated differences in

expression.
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Extended Data Fig. 81. Cell-type deconvolution of bulk tissue RNA-seq data.
(a) After adjusting for cell type composition and repeating our EMMA and MASH models,

similar numbers of genes per brain region pass our significance thresholds (LFSR < 0.2).
(b) Standardized age effect estimates from analyses controlling and not controlling for
cell-type composition are strongly positively correlated, but slopes < 1 in most brain
regions suggest that some age effects identified in our bulk gene expression results are

due to age-related changes in cell proportion. (c) The majority of aDEGs belonging to

four clusters with pronounced age-associated directional changes (Fig. 1d) met our criteria
(LFSR < 0.2) as aDEGs after controlling for heterogeneous tissue compositions using
cell-type deconvolution (CD) analysis. Substantial fractions, however, did not, providing
further evidence that some results at the bulk-tissue level are driven by age-related changes
in cell proportion.
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Extended Data Fig. 9 1. Exploratory analyses of single-cell-type pseudobulk data from the dIPFC.
UMAP plots of pseudobulk libraries reveal that the latent structure is driven primarily by

(a) cell type and not (b) age. (c) Single-nucleus libraries were aggregated across all cell
types to approximate bulk tissue RNA sequencing libraries. Age effects from pseudobulk
dIPFC libraries were then compared to age effects from bulk dIPFC libraries, showing a
strong positive correlation. Colors denote whether age effects were considered significant for
both datasets (EMMA test uncorrected £ < 0.05). Error bands represent the 95% confidence
interval of linear model predictions. (d) Similarly, age prediction on pseudobulk libraries
using the wbaDEGs model (see Methods) developed from analysis of bulk RNA-seq data
shows a similar positive correlation (linear model statistics are presented) and accuracy to
predictions on bulk tissue libraries. Error bands represent the 95% confidence interval of
linear model predictions.
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Fig. 1 1. Experimental design and global expression patterns.
a, Brain regions sampled (A= 15 regions); dmPFC, dorsomedial PFC; dIPFC, dorsolateral

PFC; vmPFC, ventromedial PFC; vIPFC, ventrolateral PFC; ACCg, anterior cingulate cortex
gyrus; M1, primary motor cortex; STS, superior temporal sulcus; V1, primary visual cortex;
AMY, amygdala; CA3, cornu ammonis 3; DG, dentate gyrus; CN, caudate nucleus; Pu,
putamen; LGN, lateral geniculate nucleus; VMH, ventromedial hypothalamus. b, UMAP
plot reveals the latent structure among bulk tissue RNA-seq libraries driven primarily by
brain region, with distinct separation of the striatum, thalamus, cerebral cortex and other
subcortical regions (hippocampus, AMY and hypothalamus). ¢, Age explains a relatively
small percentage (median = 0.19%) of global variation in gene expression across the brain
(V=527 biologically independent samples). Box plots depict the median (center) and
interquartile range (IQR; bounds of the box), with whiskers extending to either the maxima/
minima or to the median+1.5x IQR, whichever is nearest. d, Clustering by age changes
reveals eight clusters of genes with distinct trajectories. Within each cluster, expression

was averaged across all genes and summarized separately by region (thin lines, colored by
region) and combined across regions (thick black line). Clusters are labeled with high-level
biological processes enriched within each cluster (see Supplementary Table 4 for detailed
results), with italics indicating that the top processes did not pass a significance threshold
(FDR < 0.2). The number of genes (1) assigned to each cluster is indicated.
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Fig. 21. Age broadly influences mean transcription levels across the brain.
a, Number of aDEGs across brain regions (LFSR < 0.2) ordered by number of genes. b,

Proportion of aDEGs with shared signs between brain regions. For each pair of regions,
genes are included if they were significant (LFSR < 0.2) in either region. c, The stress
response gene FKBP5, considered a wbaDEG by our study, strongly increases in expression
with age across nearly all brain regions. Error bands represent the 95% confidence interval
of linear model predictions. d, Western blotting of bulk lysates from the dIPFC (M= 16
biologically independent samples) reveals an age-associated increase in FKBP5 protein
expression normalized to GAPDH expression when partitioning animals into old versus
young categories using a threshold of 10 years (1.53-fold increase; one-sided Student’s
ttest, P=0.010; left) and when analyzing continuous chronological ages (linear model
including sex as a covariate, A= 0.014; right). Error bars represent the mean + 1 s.d. Error
bands represent the 95% confidence interval of linear model predictions. TPM, transcripts
per million. e, Significant positive correlation between normalized FKBP5 gene expression
(xaxis) and normalized FKBP5 protein expression () axis; two-sided Pearson’s correlation
test, r=0.666, A= 0.005). Error bands represent the 95% confidence interval of linear model
predictions. f, Representative confocal images of the dIPFC (left) sampled from young (7
years old) and old (22 years old) captive macaques after immunostaining for FKBP5 (green),
the pan-neuronal marker NeuN (red) and the nuclear marker DAPI (blue). After sampling
200 NeuN-labeled cells from each brain, we counted (right) 32 FKBP5*NeuN* neurons
(16.0%) in the young macaque compared to 139 FKBP5"NeuN* neurons (69.5%) in the

old macaque (one-sided Fisher’s exact test, P< 2.2 x 10716): scale bar = 25 um. Yellow
arrowheads indicate FKBP5"NeuN*cells. White arrowheads indicate FKBP5~ NeuN*cells.
Points represent percentage estimates, and error bars represent 95% confidence intervals
surrounding the estimate, which were estimated using the binomial distribution.
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Fig. 3 1. Parallel age-associated transcriptional signatures between macaques and humans.
Scatter plots depicting positive relationships between age effects estimated from macaques

from this study (xaxis) and humans from the GTEX study ()/axis) in overlapping brain
regions (GTEX regions are shown in parentheses). wbaDEGs, which show the most robust
support for shared effects across macaque brain regions, are highlighted in red.
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Fig. 4 1. Age-associated changesin variance of transcription acrossthe brain.
a, Number of genes with significant age-associated changes in dispersion of gene expression

(LFSR < 0.2). b, Example of a gene (USP?) increasing in variance of expression with age in
a group of brain regions, including CN, V1, DG, AMY, CA3 and vIPFC (N = 36 biologically
independent animals). Animals were classified into young or old categories based on the
midpoint of the sample age distribution. Data are presented as mean + variance of gene

expression.
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Fig. 51. Agealtershboth brain cell proportions and cell-type-specific expression.
a, UMAP of 71,763 single-nucleus transcriptomes from the dIPFC depicts broad neural

cell classes. b, Oligodendrocytes are the only cell type showing a significant change

in proportion with age (linear model, two sided; Bonferroni-corrected 2= 0.043). Error
bands represent the 95% confidence interval of linear model predictions; Bonf., Bonferroni;
Olig, oligodendrocyte. c, Bulk analysis of the oligodendrocyte marker MBP from the
dIPFC demonstrates strong age-associated increases in both normalized gene (left) and
protein (right) expression, providing additional support for age-associated increases in
oligodendrocyte density and myelination. Error bands represent the 95% confidence
interval of linear model predictions. d, Number of aDEGs per cell type (LFSR < 0.2);

Exc., excitatory neurons; Inh., inhibitory neurons; Astr., astrocytes; Opc, oligodendrocyte
precursor cells; Micr., microglia; End., endothelial cells.
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Fig. 6 1. Social status signatures of the aging transcriptome.
a, Correlations between age and dominance rank effects robustly increase at more stringent

statistical thresholds, indicating similarities between older ages and lower dominance rank.
For each threshold, effect estimates were retained when LFSRage and LFSRRank both passed
the threshold on the x axis. Lines correspond with brain regions and follow colors in b. b,
An age prediction model robustly predicts chronological age across brain tissue types. All
predictions were run using wbhaDEG coefficients. Error bands represent the 95% confidence
interval of linear model predictions. Prediction results using elastic net (*glmnet’) models
showed similar results (Supplementary Fig. 14). ¢, Age prediction models filtered to genes
with increasingly well-supported dominance rank effects on gene expression reveal stronger
support for dominance rank effects on relative transcriptomic age (éage). Samples from all
individuals and brain regions are plotted together. Error bands represent the 95% confidence
interval of linear model predictions. d, Comparison of categorical dominance ranks reveals
that dominance rank effects on female aging are driven primarily by younger relative ages

in high-ranking females. Samples from all individuals and brain regions are plotted together
(N =291 biologically independent samples). Results are shown for predictions filtered first
to genes with LFSRRank < 0.001 but were similar across multiple thresholds (Supplementary
Fig. 15 and Supplementary Table 37). Box plots depict the median (center) and IQR (bounds
of box), with whiskers extending to either the maxima/minima or to the median = 1.5x IQR,

whichever is nearest.
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