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Cellular age explains variation in age-related
cell-to-cell transcriptome variability

Ming Yang,1 Benjamin R. Harrison,1 and Daniel E.L. Promislow1,2

1Department of LaboratoryMedicine and Pathology, University of Washington School of Medicine, Seattle, Washington 98195, USA;
2Department of Biology, University of Washington, Seattle, Washington 98195, USA

Organs and tissues age at different rates within a single individual. Such asynchrony in aging has been widely observed at mul-

tiple levels, from functional hallmarks, such as anatomical structures and physiological processes, to molecular endopheno-

types, such as the transcriptome and metabolome. However, we lack a conceptual framework to understand why some

components age faster than others. Just as demographic models explain why aging evolves, here we test the hypothesis that

demographic differences among cell types, determined by cell-specific differences in turnover rate, can explain why the tran-

scriptome shows signs of aging in some cell types but not others. Through analysis of mouse single-cell transcriptome data

across diverse tissues and ages, we find that cellular age explains a large proportion of the variation in the age-related increase

in transcriptome variance. We further show that long-lived cells are characterized by relatively high expression of genes asso-

ciated with proteostasis and that the transcriptome of long-lived cells shows greater evolutionary constraint than short-lived

cells. In contrast, in short-lived cell types, the transcriptome is enriched for genes associated with DNA repair. Based on these

observations, we develop a novel heuristic model that explains how and why aging rates differ among cell types.

[Supplemental material is available for this article.]

In his poem “The Deacon’s Masterpiece,” Oliver Wendell Holmes
described a carriage so artfully constructed that it ran flawlessly for
100 years, at which time every single part failed simultaneously
(Holmes 1891). The real world of organismal aging is, of course,
very different. As animals age, different organs and functions fail
at different rates and in different ways (Rando and Wyss-Coray
2021). In humans, hair color, reproductive capacity, and heart
function all decline faster than cognitive and gastrointestinal
function (Khan et al. 2017). Heterogeneity in aging among organs
is observed not only in terms of structural and functional changes
but also at the molecular level. For example, in mice, the timing
and degree of age-related change in the transcriptome differ
among organs (Schaum et al. 2020). Similar among-organ differ-
ences are seen in the aging of the proteome (Ori et al. 2015).
However, these observations are based on analysis of bulk tissue,
which masks variation among cells within tissues (e.g., Ibañez-
Solé et al. 2022). Analysis of aging in single-celled organisms has
established transcriptome-wide effects of cellular age, including
declining coordination among genes expressed within cells, and
increased discordance in gene expression profiles among cells
(Rando and Wyss-Coray 2021).

Studies using single-cell transcriptomics have made substan-
tial contributions to our understanding of variation in aging
among organs and cells. In particular, through analysis of single-
cell transcriptome data among cell types within and across organs,
researchers have found strong evidence of cell-specific differences
in the way that age impacts gene expression levels (Mathys et al.
2019; Menon et al. 2019; Ma et al. 2020; Wang et al. 2020;
Yamamoto et al. 2022; Buckley et al. 2023), gene expression vari-
ability, and cell-to-cell heterogeneity (Bahar et al. 2006; Enge
et al. 2017; Martinez-Jimenez et al. 2017; Salzer et al. 2018;
Angelidis et al. 2019; Kimmel et al. 2019; Ximerakis et al. 2019;

Zhang et al. 2021; Ibañez-Solé et al. 2022). For example, in
mice, age-related changes in gene expression occur in natural
killer cells in the lung and spleen but occur to a much lesser
extent in B cells from the same organs (Kimmel et al. 2019).
Although the relationship between asynchronous variation in
the transcriptome and functional decline among organs is specu-
lative, this variation among cell types may, in turn, help us to un-
derstand variation in rates of aging among tissues and organs
(Cohen et al. 2022).

Despite the potential for single-cell analysis to uncover the
asynchrony in tissue and organ aging, we lack a compelling expla-
nation for why transcriptome variation changes with age in some
organs but not in others. Prior studies have proposed that tran-
scriptome variation builds from age-driven “noise” in gene expres-
sion, whichmay be caused by somatic mutation (Enge et al. 2017),
epigenetic drift (Fraga et al. 2005), or other damage to gene expres-
sion programs (Warren et al. 2007; Levy et al. 2020; Schumacher
et al. 2021). Others have argued that properly regulated age-depen-
dent gene expression, some ofwhichmayprevent or repair cellular
damage, is an important component as well (Perez-Gomez et al.
2020; Ibañez-Solé et al. 2022). Some of these potentially causal
processes are known to differ among cell types (Enge et al. 2017;
Li et al. 2021; Moore et al. 2021). But the root cause of this varia-
tion might actually be related to the underlying population dy-
namics of different cell types. In particular, Warren et al. (2007)
suggested that asynchrony in transcriptome variation, rather
than being a direct reflection of organ aging, might instead be ex-
plained by differences in cell turnover rates.

Cells from slowly-renewing tissues aremore likely to have cel-
lular ages similar to the organism’s age, whereas fast-turnover cells,
being constantly replenished, stay relatively young throughout
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the life of an organism. If cell age is associated with transcriptome
variability, then older cells should accumulate more gene expres-
sion noise and show higher transcriptome variability than do
short-lived cells (Warren et al. 2007). This explanation is
consistent with the observation that age-related increases in trans-
criptome variability have been detected in low-turnover cardio-
myocytes (Bahar et al. 2006) but not in high-turnover
granulocytes, naive B and T cells, or endothelial cells of the lung
(Warren et al. 2007; Kimmel et al. 2019; Ibañez-Solé et al. 2022).

Cell turnover rate varies by orders of magnitude among cell
types, from fast turnover rates in blood or gut epithelial cells,
which are renewed every day (Richardson et al. 2014; Sender and
Milo 2021), to very slow turnover in neurons, whose renewal dur-
ing an individual’s lifetime might only occur in specific regions of
the brain, if at all (Spalding et al. 2013). Such a broad spectrum of
cell turnover has led to investigations of gene expression patterns
associated with cell longevity (Seim et al. 2016; Castillo-Morales
et al. 2019). Here, we took a conceptually different view and inves-
tigated the relationship between cell turnover and organismal ag-
ing, treating cell turnover as a parameter governing cell population
dynamics.We focus specifically on testing the hypothesis that cel-
lular age explains the degree of age-related change among cell
types within an individual organism.

The distribution of ages in a population of cells of a given type
depends both on cell turnover rate and on the age of the organism.
To investigate the relationship between cellular age and transcrip-
tome variability, we first developed a cell demographymodel to es-
timate the age distribution of a population of cells of a given cell
type within an individual of a particular age. We then examined
gene expression variability across cell types with single-cell tran-
scriptome data. To test our hypothesis, we estimated the effect of
cellular age on transcriptome variation across cell types at each
of three mouse ages. We then tested whether the increased tran-
scriptome variation over cellular age that manifests across tissues
at a givenmouse agewas also truewithin each cell type. To explore
candidate mechanisms underlying the differential aging signals
among cell types, we examined the expression pattern of gene
groups associated with the hallmarks of aging (López-Otín et al.
2013). We also looked for signs of evolutionary constraint within
the transcriptome as a function of cellular longevity. Finally, we
have proposed a heuristic model integrating our findings and pre-
vious studies on aging, showing the various strategies that short-
lived and long-lived cells might use to ensure cell function over
the course of an organism’s life, and some of the evolutionary im-
plications of variation in cellular longevity and turnover for organ-
ismal fitness. These results provide a novel perspective on how
“cellular demography” can influence patterns of aging, as well as
the mechanisms different cells use to ensure maximal fitness
with age.

Results

Cell turnover explains asynchronous trajectories of transcriptome

variation with age

To investigate the relationship between transcriptome variation
and cellular age across different cell types, we integrated cell
type–specific cellular life span data in mice from Sender and
Milo (2021), with single-cell transcriptome data from the mouse
aging atlas, Tabula Muris Senis (TMS) (Almanzar et al. 2020;
Zhang et al. 2021). Together, this yielded 39 combinations of
mostly postmitotic tissue:cell types, within their tissue context,

with both life span estimates and age-specific transcriptome pro-
files (Methods) (Fig. 1A; Supplemental Table S1). We used pub-
lished measures of cell life span (T) to estimate the mean age of
each cell type in mice of different ages. Making the simplifying as-
sumption that cell turnover rates are constant with age, we can es-
timate the cell turnover rate, b=1− e−1/T (Methods) (Supplemental
Methods). Given that a cell cannot be older than the organism in
which it is found, the distribution of cellular agewill be a truncated
exponential function determined by cell turnover rate and organ-
ismal age. We can then use organismal age to calculate the mean
age of a population of cells with turnover b. This cellular demogra-
phy model illustrates the degree to which cellular age increases
with organismal age. For cell types with relatively slow cellular
turnover, the mean cellular age increases concomitantly with or-
ganismal age. At the extreme, a cell that has no turnover will al-
ways be the same age as the organism in which it is found. In
contrast, cells with very fast turnover will never be more than a
few days old, and barring any changes in turnover rate with host
age, the age distribution for that cell typewill be constant through-
out the life of the organism (Fig. 1B; Supplemental Figs. S1, S2;
Supplemental Methods).

To quantify cell type–specific transcriptome variability with
the TMS data, we initially chose data from the FACS platform
frommalemice, given its higher sequencing depth andmore com-
prehensive tissue:cell type coverage (Methods) (Supplemental Fig.
S3).Wemeasured the variability of individual genes among cells of
a given tissue:cell type combination at young and old age sepa-
rately using the coefficient of variation (CV). To minimize con-
founding effects of the mean-variance correlation on gene
expression (Eling et al. 2018), we limited our analysis to the
16%–83% of genes that are not differentially expressed with age
within each of the 39 tissue:cell type combinations (P>0.1;
Methods) (Martinez-Jimenez et al. 2017). Using a mixed model
to account for variation owing to gene and to repeated measures
within each mouse, we found that gene-level variance increased
with age in 22 of 39 tissue:cell type combinations (FDR<0.05)
(Supplemental Fig. S5). Thus,most cell types show at least some in-
crease in transcriptome variability with organismal age, consistent
with previous work (Bahar et al. 2006; Enge et al. 2017; Angelidis
et al. 2019; Kimmel et al. 2019; Wang et al. 2020; Luo et al. 2022).

Although there was no effect of cellular age on transcriptome
variation in young mice (r2 = 0.01, P=0.610), we found a striking
positive association as mice aged, from r2 = 0.26 (P=0.021) in
18-mo-old mice to cell age explaining fully half of the variation
in CV in 24-mo-old mice (r2 = 0.52, P<0.001) (Fig. 2A); thus, tran-
scriptomevariation accumulated in oldermice in a pattern predict-
ed by cellular age. To confirm that this finding did not depend on
our metric of transcriptome variability, we applied two alternative
metrics (Angelidis et al. 2019; Levy et al. 2020) and found the same
pattern (Methods) (Supplemental Fig. S8). Additionally, although
data from female mice were limited to mice at ages 3 and 18 mo,
the same relationship was true in cells from 18-mo-old female
mice (Supplemental Fig. S9). These results support the hypothesis
that cellular age is a strong predictor of transcriptome variation
among tissues in mice.

We then asked if the pattern seen across cells at a givenmouse
age was true as a given cell type aged. More specifically, given the
estimates of the age of a cell type in mice of different ages, we can
ask if the extent of transcriptome variation across mouse ages is as-
sociatedwith the degree of increase inmean cell age over that time.
To estimate the effect of mouse age on transcriptome variability,
we fitted a mixed model, treating age as a fixed predictor and
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both gene and individual mouse as random effects (Methods;
Supplemental Fig. S4). After model fitting, the coefficient associat-
ed with age was extracted and used as a quantity for the effect of
age on transcriptome variation (βage), which was plotted over the
age increase for each cell type (Fig. 2B; Supplemental Methods,
Equation 9). Here we found a striking positive correlation, with al-
most half of the increase in transcriptome variation among cells
of 3-mo-old mice versus 24-mo-old mice explained by the
age increase of each respective cell type (Pearson’s r=0.702; P=
2.7 ×10−4). The increase in cellular age between young and old
micewas also a strong predictor of variationmeasured by two alter-
nativemetrics of transcriptome variation, and it held up in females
and in males (Fig. 2B; Supplemental Table S2; Supplemental Figs.
S8, S9). Taken together, our results show that a substantial propor-
tion of the age-related changes in gene expression variation among
cell types can be explained by cellular age.

Cell life span estimates were derived for distinct cell types by
Sender andMilo (2021), and inmany cases, a given cell type is dis-
tributed across different tissues (e.g., we have TMS data for B cells
found in brown adipose, mesenteric adipose, and subcutaneous
adipose tissue). This allowed us to consider the effect of tissue
microenvironment on transcriptome variation. There are tissue-
specific turnover estimates for 15 of the 39 tissue:cell type combi-
nations in male mice, whereas the remaining 24 tissue:cell type
combinations correspond to seven distinct cell types that lack tis-
sue-specific turnover estimates (Methods) (Fig. 1). To avoid pseu-
doreplication in our main analysis, we made the simplifying
assumption that when tissue-specific turnover was not known,
then transcriptome variation βage is best estimated at the cell

type level by taking its mean within that cell type across tissues.
Tissuemicroenvironment, however, may affect transcriptome var-
iation, and indeed, when we considered the βage of the same cell
type in different tissues, we found that the effect of mouse age
on the transcriptome appears to vary by tissue (Supplemental
Fig. S10A). However, this variation may be driven by effects of tis-
sue microenvironment on cell turnover, rather than by direct ef-
fects of microenvironment on transcriptome variation. In
support of this conclusion, among endothelial cells, the only cell
type for which we had estimates for both tissue-specific turnover
rate and tissue-specific transcriptome variation, βage can be almost
entirely explained by tissue-specific age increases of these cells
(Supplemental Fig. S10B).

Cell life span associates with signatures of proteostasis

and selection

Transcriptome variation is a hallmark of cellular aging and could
be an indication of cellular damage and/or dysregulation
(Warren et al. 2007; Martinez-Jimenez et al. 2017; Hernando-
Herraez et al. 2019). Given the deleterious and cumulative effects
of other hallmarks of aging, like somatic mutation, misfolded pro-
teins, and dysfunctional mitochondria, as organisms age (López-
Otín et al. 2013), we asked if long-lived cells show increased expres-
sion of corresponding repair or maintenance processes in their
transcriptome. Using Gene Ontology (GO) terms related to DNA
repair, proteostasis, and autophagy, we calculated the expression
of each GO term in each cell, as well as the mean of these values
for all cells in a cell type (Methods).

A B

Figure 1. The distribution of cell life span data used in this study and of mean cell age distributions during organismal aging. (A) Summary of cellular life
span data used in this study. The cellular life span data in rodents (Sender and Milo 2021) were aligned with cell types in the TMS data (see Supplemental
Table S1; Almanzar et al. 2020; Zhang et al. 2021). The left-side texts show cell type names; the right-side texts, tissue names: (BAT) brown adipose tissue,
(GAT) gonadal adipose tissue, (MAT)mesenteric adipose tissue, and (SCAT) subcutaneous adipose tissue. Filled circles indicate the 15 cell types with tissue-
specific life span data; open circles, without tissue-specific life span estimates that correspond to seven distinct cell types. Note that in two cases, the stat-
istical model used by Sender and Milo (2021) gives life span estimates that exceed the maximum life span of laboratory mice, highlighted with an asterisk
for neuron and atrial myocytes. However, these values lead tominimal effects on themean cell age during organismal aging. (B) Mean cell age as a function
of cell turnover rate. The black line denotes the theoretical expectation for a cell with an exponential survival function in an infinitely long-lived organism.
More realistically, we assume that cell age follows a truncated exponential distribution, such that the mean cell age is constrained by organismal age. We
show the analytical solution of the mean cell age as a function of cell turnover rate for a 3-mo-old mouse (blue) and a 24-mo-old mouse (yellow), using the
model in Equation 8 (Supplemental Methods).
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Consistent with our hypothesis, we found that expression of
two or three out of the four GO terms associated with chaperone-
mediated processes, including protein folding, protein complex
assembly, and autophagy, were positively correlated with cell life
span in old and young mice, respectively, as was “autophagy
of mitochondria” (absolute Kendall’s τ> 0.34, FDR<0.05) (Fig. 3;
Supplemental Fig. S11). Counter to our expectation, the expres-
sion of two of the six GO terms associated with DNA repair, al-
though not associated with cell life span at young age, was
negatively associated with cell life span at old age (absolute
Kendall’s τ>0.38, FDR<0.05) (Fig. 3; Supplemental Fig. S11).
That is, in older mice, short-lived cells are more likely than long-
lived cells to express genes involved in DNA repair.

Our results point to the importance in long-lived cells
of maintaining proteostasis through chaperone expression
(Labbadia andMorimoto 2015) and are consistent with the associ-
ation between cell longevity and the expression of chaperones in
humans (Castillo-Morales et al. 2019). Proteins vary in their de-
pendence on chaperones. As previous work has shown, chaperone
clients tend to be less stable than proteins that are not chaperone
clients, and they carry higher levels of nonsynonymous codon var-
iation, indicating less evolutionary constraint (Taipale et al. 2012).
In light of these findings, wemight expect that expression profiles
in long-lived cells have evolved to reduce their proteostatic burden
by expressing proteins that are, on average, more stable, with
relatively low dN/dS ratios (where dN is the nonsynonymous substi-
tution rate, and dS is the synonymous substitution rate)
(Drummond and Wilke 2008; Sikosek and Chan 2014). Within
each cell, we took the median dN/dS values of cell type–specific
genes, with one-to-one rat orthologs, and then used the mean of
dN/dS across cells to represent cell type–specific dN/dS (Methods).
Consistent with our expectation, we found that dN/dS ratios in
the expression profiles of cells from young and old mice
were negatively correlated with cell life span (Pearsons’s r<
−0.58, P<5.0 × 10−3) (Fig. 4A,B). This result remained unchanged
after removing the 76 genes that were more likely to be under re-
current positive selection (dN/dS > 1) (Supplemental Fig. S13;

Kryazhimskiy and Plotkin 2008), and was also observed using
dN/dS ratios based on the more distant mouse–human orthologs
(Pearsons’s r<−0.63, P<1.6 ×10−3) (Supplemental Fig. S14). In ad-
dition, we found that the association became stronger as we limit-
ed the analysis to genes with increasing cell type–specific
expression patterns (Methods) (Fig. 4C).

Discussion

It has long been recognized that the dynamics of aging—its onset,
rate, and magnitude—vary across species (Promislow 1991;
Gorbunova et al. 2014) and among individuals within species
(Kirkwood 2005). But it is also clear that even within individual or-
ganisms, different structures and functions age at different rates.
Little work has been performed to describe this variation (but
see, e.g., Hayward et al. 2015), and we lack a clear framework to ex-
plain why some elements age faster than others. A recent evolu-
tionary model posits that those systems under stronger selection
—that is, systems that contribute more to organismal fitness—
should age faster than others (Moorad and Ravindran 2022), but
the theory has yet to be tested, requiring estimates of the age-spe-
cific marginal effects on fitness of different components within an
organism. Based on observations of cell-specific transcriptome var-
iation with age in just four cell types, Warren et al. (2007) hypoth-
esized that the degree to which the transcriptome shows signs of
aging in a particular cell type is positively associated with the life
expectancy of that cell type.

Herewe provide the first comprehensive test ofWarren et al.’s
(2007) hypothesis. We show that inmice, the amount of age-relat-
ed increase in transcriptome variation not only is greater in long-
lived cells, such as neurons andmuscle cells, relative to short-lived
cells likemonocytes and gut epithelial cells but also is strongly pre-
dicted by the rate atwhich cellular age increaseswith increasing or-
ganismal age. Although the functional consequences of gene
expression variability remain an open question, it appears that dif-
ferences in aging among cell types, as measured by transcriptome
variation among cells within each type, are driven in part by

A B

Figure 2. Cellular age dynamics predict the increase in transcriptome variability in aging mice. (A) The average log10 coefficient of variation (CV) of each
cell type at each of three organismal ages (in months) is plotted over their respective mean cell ages (in days). The colored lines show ordinary least square
regressions, with shading indicating 95% confidence intervals, each corresponding to one age group. (B) The mean change in transcriptome variability
(βage; Methods) observed in cells over a 21-mo period, from 24-mo-old mice compared with cells from 3-mo-old mice, is correlated with the change in
estimated mean cell age for 22 cell types (Pearson’s r=0.702, P=2.7 × 10−4). The black line shows an ordinary least square regression, with shading indi-
cating 95% confidence intervals. Filled circles indicate the 15 cell types with cell- and tissue-specific life span data; open circles, the seven cell types without
tissue-specific life span estimates, and so their βage is the mean from all tissues in which they are detected (see Methods).
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cellular age. Moreover, we show that expression profiles of longer-
lived cells are enriched for pathways involved in homeostasis, in-
cluding chaperone-mediated processes and mitochondrial turn-
over. We cannot be sure if higher expression of chaperone
processes or mitophagy supports long cellular life span or if longer
life span leads to greater opportunity for protein damage or mito-
chondrialmalfunction, thereby inducing expression of genes asso-
ciated with proteostasis or mitophagy. In support of the former
interpretation, the proteins expressed in longer-lived cells tend
to have evolved under stronger selective constraints.

Our results point to amajor role of cell age in influencing age-
related changes in cell variability. The underlying mechanisms of
this relationship are unknown, however, but likely include both
cell autonomous and cell nonautonomous factors, including ag-
ing of stem cells (Jones and Rando 2011) and age-related changes

in the cellularmicroenvironment (Brunet et al. 2023), somaticmu-
tation, changes to epigenetic structure, oxidative and other dam-
age, loss of mitochondrial function, diminution of homeostatic
mechanisms, and apoptotic cell death (Elliott and Ravichandran
2016; Gladyshev et al. 2021). We consider each factor in light of
our results.

First, age-related changes occur in the structure and function
of the tissue microenvironment, or cellular niche (Brunet et al.
2023). How the niche affects cellular life span and transcriptome
variation across an organism is unknown, but in each instance
in which a niche-specific cellular age is available in our study, it
is strongly predictive of the effect of age on transcriptome varia-
tion (Supplemental Fig. S10B).We speculate that in cells of a given
type that occur in diverse organs, variation in rates of aging across
different niches is driven by the effect of the niche on rates of

Figure 3. Cell life span correlates with chaperone-mediated processes, mitochondrial autophagy, and DNA repair in mice. Themean expression of genes
in each GO term in 22 cell types at young age (3mo), and old age (24mo) correlates with the life span of those cell types. Panels with filled circles showGO
terms with a significant correlation with cell life span (the absolute Kendall’s τ>0.34, FDR<0.05).
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cellular turnover rather than directly on rates of increase in tran-
scriptome variation.

Second, there is support for the hypothesis that variation in
stemcell dynamics can influence traits associatedwith aging, espe-
cially cancer (Jones and Rando 2011; Tomasetti and Vogelstein
2015). However, our results find little support for a major role for
stem cell aging as a driver of transcriptome variation among short-
versus long-lived cells. Instead, we see the greatest age-related in-
crease in transcriptome variation among cells with the slowest
turnover, in which there is relatively little stem cell activity, con-
trary to what one might expect if stem cell aging drives transcrip-
tome variation. However, stem cell dynamics could potentially
influence patterns that we observe in high-turnover cells. Cell
turnover rate should be associated with clonality, owing to clonal
expansion among stem cells and their descendants, particularly
later in life (Fabre et al. 2022; Mitchell et al. 2022). The prevalence
of such clonality across tissues and its effect on transcriptome var-
iation are yet to be systematically assessed, but it is possible that
clonality reduces transcriptome variance among high-turnover
cells, particularly later in life (Yermanos et al. 2021).

Third, factors intrinsic to the cell, including somatic muta-
tion, cell death, and damage to other biomolecules, to cellular ho-
meostatic mechanisms, and to repair mechanisms, have all been
implicated in aging (Gladyshev et al. 2021; Schumacher et al.
2021). Little is known about the degree towhich cells differ in their
baseline rates of certain kinds of damage, such as free radical dam-
age to biomolecules. However, single-cell genomic analyses have
found significant heterogeneity in somatic mutation rates
across cell types and organs in both proliferating cells (e.g.,
Martincorena et al. 2018) and postmitotic cells (Bae et al. 2018;
Li et al. 2021; Moore et al. 2021). Somatic mutation, other damage
to DNA, and age-related changes to the epigenome and to tran-
scriptionmechanisms are all associated with transcriptional varia-
tion, and so, each could potentially contribute as drivers of the
transcriptional variation that accompanies cellular aging
(Schumacher et al. 2021; Bozukova et al. 2022; Debès et al. 2023;
Gyenis et al. 2023; Ibañez-Solé et al. 2023). We further note that

mutation, DNA damage, and epigenetic change need not directly
affect the expression of genes in cis, but rather, any indirect effects
on gene regulatory mechanisms or cell state may be sufficient to
drive genome-wide transcriptional variation within a cell type
(Schumacher et al. 2021).

Additionally, programmed cell death (PCD), triggered by cel-
lular damage, directly contributes to cell turnover. This creates op-
portunities for selection within populations of cells, as we describe
below, and should affect transcriptome variation. PCD is critical to
maintaining tissue function and preventing cancer and so has re-
ceived a great deal of attention (Pistritto et al. 2016). And yet,
because of the complexity and variety of apoptotic mechanisms
and their associated biomarkers, we lack a comprehensive picture
of the rates and regulation of apoptotic cell death across cell types
(Elliott and Ravichandran 2016).

A heuristic model

We found compelling evidence that cells with relatively slow turn-
over rates have a much greater age-related increase in trans-
criptome variance and that this variation is best predicted by the
degree to which cell age increases as an organism ages, and
we identified additional correlates that point to potential
mechanisms that could account for this pattern. In Figure 5, we
present a heuristic model to help us integrate our findings and to
reconcile observations that might seem, on the face of it, to be
contradictory.

As cells age, we might expect deleterious changes in the tran-
scriptome owing to genetic damage, including somatic mutation
and epigenetic drift (Bahar et al. 2006; Schumacher et al. 2021),
all of which are counteracted or avoided by repair and mainte-
nance processes (Yousefzadeh et al. 2021; Gyenis et al. 2023).
Changes to the transcriptome could also be caused by improper
gene regulation because of loss of cellular homeostasis, and cells
have evolved elaborate systems to maintain homeostasis through
protein chaperones, autophagic recycling of cell components,
and so forth (Santra et al. 2019; Lima et al. 2022).

A B C

Figure 4. Cell life span predicts evolutionary constraint among expressed genes. The relaxation of evolutionary constraint (dN/dS) of genes expressed in 22
cell types in young (A) and old (B) mice is negatively correlated with cell life span (Pearson’s r=−0.588, P=3.9×10−3 and Pearson’s r=−0.586, P=4.1×10−3
for young and oldmice, respectively). Themedian dN/dS is measured per cell, using cell type–specific genes (median dN/dS of genes above specificity score>2,
n=116 to 971 genes; seeMethods). The average dN/dS of a cell type is themean of dN/dS across cells (n=56 to 2251 cells; seeMethods). The line in each figure
shows an ordinary least square regression with shading of 95% confidence intervals. (C) Correlation between dN/dS and cell life span for transcriptomes of
increasing cell type specificity (see Methods). The blue or yellow dots corresponding to the left axis show the correlation strength. The gray dots correspond
to the right axis and show the number of expressed genes per cell type at each level of specificity.
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In cells, all of these factors—mutation, oxidative damage,
heat stress, etc.—will lead to the gradual accumulation of variation
in the transcriptome with age (Fig. 5A). Increased expression of
genes associated with proteostasis and mitophagy, as well as ex-
pression of proteins with relatively high stability, appear to be
ways that long-lived cells mitigate this damage (Castillo-Morales
et al. 2019).

Notably, we observe that the expression levels of genes asso-
ciated with DNA repair are highest not in the longer-lived cells but
in short-lived ones. Although this observation might seem to con-
tradict our model, we believe it provides valuable insight. Many
different factors lead to DNA mutation and damage, and mitotic
division plays a major role (Tomasetti and Vogelstein 2015).
Cells with little turnover are protected from this source of damage.
Although fully differentiated short-lived cells have little time to ac-
cumulate DNA errors, they could inherit DNA damage passed
down by the long-lived progenitor stem cells from which they
are derived.

When considering these various sources of accumulated er-
ror and damage, we are not suggesting that short-lived cells are
immune to their effects. In fact, it is possible that short life
span goes hand in hand with a higher rate of accumulation of
damage and failure, which we depict in our model by the faster
rate of accumulation of variation within individual short-lived
cells compared with long-lived cells (Fig. 5B). Regardless, rapid
turnover and replacement of short-lived cells means that most
cells in a population of short-lived cells are very young, with little
damage. Thus, short-lived cells can avoid much of the cost of
maintaining homeostasis and repairing damage, benefitting
from simply being replaced through stem-cell division, with se-
lection removing unfit cells through PCD (Goodell and Rando
2015). This, we suggest, explains the only modest age-related in-
crease in transcriptome variation observed in populations of
shorter-lived cells (Fig. 5B).

An evolutionary perspective

Howmight an individual organism benefit from cells of vastly dif-
ferent life expectancies, like neutrophils, which live for days
(McCracken and Allen 2014), versus neurons, which live for de-
cades? There are interesting and potentially important microevo-
lutionary consequences of their differences.

Our results focus primarily on ways that organisms maintain
functional long-lived cells, but from an evolutionary perspective,
there are several ways that short-lived cells could benefit the organ-
ism. For example, organisms might counter the cost of rapid accu-
mulation of damage within short-lived cells with the benefit of
limiting major investment in cellular repair and maintenance in
those cells (Fig. 5B). Moreover, organisms can facilitate processes
that enhance selective removal of these cells (Krakauer and
Plotkin 2002). By selectively removing unfit cells, an organism
can thus ensure that this population of rapidly aging cells remains
healthy, no matter what the age of the organism. Very long-lived
cells, like neurons, have little opportunity for such selective re-
moval and replacement, and they instead require investment in in-
trinsic cellular maintenance. From the organismal perspective, we
can think of short cell life span as a strategy that minimizes dam-
agewithin organswhile limiting the burden of having tomaintain
cell function for more than a few days.

The idea that short cellular life spans lead to faster rates of aging
mirrors Medawar’s “mutation accumulation” theory of aging, in
which older individuals carry late-acting deleterious alleles, albeit
not to anyone’s benefit (Medawar 1952). Following on from
Medawar’s model, Williams (1957) argued in his “antagonistic
pleiotropy” theory that genes with beneficial effects early in
life would be favored by natural selection, even if they had cata-
strophic effects at late ages. Any cost of these late-acting deleterious
effects is deeply discounted owing to the relatively weak force
of selection at late age. Although Williams was thinking about

A B

Figure 5. Models of cellular aging and cell type–specific transcriptome variation. Here we present a model depicting the accumulation of transcriptome
variation with cellular age. (A) As a cell ages, it accumulates genetic damage (light blue) and cellular homeostasis becomes increasingly imbalanced (pink),
either of which can directly or indirectly increase transcriptome variation. The rates of accumulation of damage and loss of homeostasis are counteracted by
repair and maintenance processes, which in turn slow the rate of increase in transcriptome variation. As cellular transcriptome variation increases, so does
the likelihood of triggering cell death (rightward arrow) (Tower 2015). (B) The model of cellular aging when applied to populations of long-lived cells (slow
turnover) and short-lived cells (fast turnover) describes the accumulation of transcriptome variation among a cell type (green). Long-lived cells age together
with the organism, and transcriptome variation accumulates among these cells as the organism ages. In short-lived cells, damaged cells are frequently
replaced by new cells, which prevents accumulation of variation at the cell type level. Cartoons were createdwith BioRender (https://www.biorender.com).

Yang et al.

1912 Genome Research
www.genome.org

 Cold Spring Harbor Laboratory Press on June 20, 2026 . Published by genome.cshlp.orgDownloaded from 

https://www.biorender.com
https://www.biorender.com
https://www.biorender.com
https://www.biorender.com
http://genome.cshlp.org/
http://www.cshlpress.com


fitness effects of genes on individuals within a population, we can
also apply this thinking to the evolution of cell types within organ-
isms, which leads to another potential benefit to the organism of
producing short-lived cells. If cellular products or functions are ben-
eficial to the organism in the short term but cause problems for the
cell in the long run (Labbadia and Morimoto 2015; Santra et al.
2019), a short-lived cell might be able to explore a greater range of
the possible phenotypic space, further maximizing tissue function
without having to face the long-term costs of those traits. In this
sense, short-lived cells might benefit an organism because they
are subject to fewer antagonistically pleiotropic effects.

Caveats

There are several limitations to this study worth considering. First,
we restricted our analysis to postmitotic cell types to avoid the con-
founding effect of mitotic division such as cell self-renewal, differ-
entiation, and senescence, as these cellular processes are associated
with stem cells or progenitor cells and might be under different
regulatory controls or experience different selection pressures
(Seim et al. 2016; Derényi and Szöllősi 2017; Brunet et al. 2023).
Whethermitotic cells show a similar pattern to the onewe observe
is an open question. Second, although we did not observe age-re-
lated changes in the transcriptomes of short-lived cells when com-
paring young and old mice, this does not prove that short-lived
cells do not experience aging within their short lifetimes. In
short-lived cells, the great majority of cells are consistently young,
regardless of organismal age (Fig. 1). But given that we cannot dis-
tinguish young from old cells whose ages differ by just a matter of
days, we lack the resolution to observe patterns of transcriptome
variation that might vary with cellular age in those cell types.
What is clear is that when comparing the transcriptome in a pop-
ulation of short-lived cells in young versus old mice, these mostly
young cells show little difference in transcriptome variation across
mouse age. Third, our cell demographymodelmakes simplified as-
sumptions about cellular dynamics, not accounting formore com-
plex tissue architecture (Derényi and Szöllősi 2017), or clonal
dynamics, which vary by tissue and might affect the rate of tran-
scriptome variation among cells (Sandén et al. 2020; Sankaran
et al. 2022). Fourth, we focused on data from the mouse because
of the limited availability of cellular life span estimates and aging
atlas-level single-cell transcriptome data in other species. Should
data become available, future studies could evaluate the predic-
tions of our theory across more species. Lastly, for simplicity, we
assume that the rates of cell turnover do not vary with age, and
yet, there is evidence that cell turnover can vary with age and
may do so in a cell type–specific manner (for review, see Tower
2015). We lack information on age-related cellular turnover and
so examining its effect on transcriptome variation is not currently
possible. However, our results indicate that the effect of cell turn-
over on the aging transcriptome is clearly predicted by estimating
cellular age.

Methods

Mouse transcriptome data

We used the TMS data set (accessed from https://figshare.com/
articles/dataset/tms_gene_data_rv1/12827615), which provides
an integration of transcriptional profiles of multiple tissues at
the single-cell level across the life span of mice in both sexes
from either a FACS platform (acquired by cell sorting in microtiter
well plates followed by Smart-seq2 library preparation) or droplet

platform (derived from microfluidic droplets) (Almanzar et al.
2020; Zhang et al. 2021). Our study focused on the TMS FACS
data, as they have a higher sequencing depth, which facilitates
gene expression variability analysis and has amore comprehensive
coverage of tissues and cell types (Supplemental Fig. S3). In our
main results, we focused on male mice from 3-mo-old and
24-mo-old age groups as these two age groups have the largest
number of animal individuals and the number of cell types
(Supplemental Fig. S3). We also analyzed the data from other age
groups as well as from female mice to further support our findings.

We obtained fluorescence-activated cell-sorting Smart-seq2
profiles of multiple tissues from young (3-mo-old) and old
(24-mo-old) male mice from the TMS database. We selected cell
types with at least 40 cells in both young and old mice, which
gave 62 cell types among 22 tissues, resulting in transcriptomepro-
files from 49,819 total cells. Some cell types are detected in multi-
ple organs (e.g., endothelial cells), and so, together the filtered data
set contained 84 combinations of tissue:cell type. To account for
differences in total captured transcript counts across cells, all cells
were down-sampled to have an equal number of transcripts in the
two age groups for each tissue:cell type. After removing genes ex-
pressed in <10% of cells in each tissue:cell type and cells that ex-
press fewer than 100 genes, 49,539 cells remained in our data set.

Cell type–specific life span data

Weobtained cell life span data, in which a cell’s life span is defined
as the number of days since its last division until its death, from
fully differentiated postmitotic cell types in the available tissue:
cell type contexts in mice (Sender and Milo 2021). Twenty-two
cell types with available life span estimates in Sender and Milo
2021’s study corresponded to 39 tissue:cell type combinations in
the TMS (Supplemental Table S1). All but one cell type have life
span estimates based on mice, whereas an estimate for neurons
in the nervous system was only available from human studies
(Supplemental Table S1; Spalding et al. 2013; Sender and Milo
2021). Life span estimates in the work of Sender and Milo (2021)
involved tracking radiolabeled cells over time, and fitting the
data to a model to estimate cellular life span. This statistical frame-
work may give life span estimates that exceed an animal’s typical
longevity (Sender and Milo 2021). Of the 39 tissue:cell type com-
binations in the TMS, 15 have life span estimates that were specific
to both the cell type and its tissue context, such as endothelial cells
in brain, heart, or muscle. The remaining seven cell types lacked
context-specific estimates, and so, each shares a life span estimate
across the tissues in which they were found. For example, skeletal
muscle satellite cells in limbs and in the diaphragm share the same
life span as estimated for skeletal muscle satellite cells (Sender and
Milo 2021). It is possible that these cells do, in fact, have different
life spans. Our simplifying assumption of common life span is a
conservative one, as it adds error to our estimates and is likely to
reduce the magnitude of any real statistical relationship.

Modeling cell population dynamics

We were able to obtain data on mean cell longevity. However, we
recognize that the distribution of cellular ages in an animal of a
given age will be a function both of cell turnover rates and of
that individual’s chronological age. Because themaximumcellular
age cannot exceed the organism’s age, we used a truncated expo-
nential distribution with an upper bound set by the organismal
age. The mean life span of a population of cells can be calculated
as the first moment of a truncated exponential distribution.

We first transformed cellular life span of each cell type in days
into a finite survival rate per day (Supplemental Methods,
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Equation 1). We then built a demographic model of cell popula-
tion dynamics with a two-compartment tissue architecture (Sup-
plemental Methods, Equations 2–4). Assuming constant cell
population size, we derived cell type–specific turnover rate (Sup-
plemental Methods, Equation 5), the cellular age distributions
(Supplemental Methods, Equations 6, 7), and the analytical solu-
tion of the mean cellular age (Supplemental Methods, Equation
8). We plugged in various values of cell type–specific survival rates
and the two mouse ages into Equation 8 of the Supplemental
Methods to obtain the age increase of each cell type shown in Fig-
ure 2 (Supplemental Methods, Equation 9).

Transcriptome variation analysis

We implemented a pipeline to estimate transcriptome variation at
a cell type level and to quantify the age effect on transcriptomevar-
iation using a linear mixed model framework accounting for indi-
vidual mouse effect (Supplemental Fig. S4).

In estimating transcriptome variation, we need to control for
the confounding effects of the mean-variance relationship on ex-
pression abundance (Eling et al. 2018). To address this issue when
evaluating the variation of individual genes in young and old an-
imals, we took a conservative strategy and restricted our analysis to
genes whose expression did not change significantly with age, an
approach used before in studying the effect of age on immune cells
(Martinez-Jimenez et al. 2017).We used a linearmodel to quantify
the age effect on gene expression level using the MAST package in
R (Finak et al. 2015). We removed genes with a P-value <0.1 for a
given tissue:cell type and then calculated the CV at each age for
each of the remaining genes.

Another critical factor to be taken into account when estimat-
ing transcriptome variation is the individual mouse effect, as cells
from the same individual share commongenetic and environmen-
tal backgrounds and hence are not statistically independent
(Zimmerman et al. 2021). Treating cells of a given type as individ-
ual observations irrespective of their animal origin leads to pseu-
doreplicates in statistical analysis and has been shown to inflate
a false-discovery rate and lead to spurious results in differential
gene expression analysis (Squair et al. 2021). In TMS FACS data,
the 3-mo age group and the 24-mo age group each contain four
mouse individuals. To account for the effect of an individual
mouse, we calculated CV for each gene in each individual mouse
and then tested for effects of age onCVusing a linearmixedmodel
with age as a fixed effect and gene andmouse ID as random effects
(lmer(log(CV2) age+ (1|gene) + (1|mouse)), using the lme4 package in
R (Bates et al. 2015). After model fitting, we express the change in
transcriptome variability captured by this approach as the coeffi-
cient β associated with the effect of age (βage).

To analyze the level of transcriptome variability at the cellular
level, we estimated the similarity in gene expression profiles
among cells using twometrics: Spearman’s rank correlation coeffi-
cient (Angelidis et al. 2019) and global coordination level (GCL)
(Levy et al. 2020). The Spearman’s rank correlation coefficient (ρ)
was calculated on the expression matrices in all pairwise cell com-
parisons using cells from each mouse individual (15 or more cells)
per tissue:cell type combination.We then used 1 – ρ as ameasure of
cell-level transcriptome variation for every cell pair (Supplemental
Fig. S6). We took the median of 1 – ρ values within each mouse in-
dividual and then used themean acrossmice of the same age group
to represent cell type–level transcriptome variability measure-
ment.We express the change in transcriptome variability captured
by this measure as log2(O/Y), where the transcriptome variability
in the young sample is Y and that of the old is O.

The second method, GCL, randomly splits genes into two
sets and quantifies their mutual dependence via a distance corre-

lation metric between cell samples evaluated on the two gene
sets. This metric was shown to capture both linear and nonlinear
gene correlations and is robust to noise in single-cell data
(Vaknin et al. 2021). Highly correlated gene expression patterns
among cells give a high GCL, whereas a low GCL value indicates
low levels of similarity in gene expression profiles. We first mea-
sured GCL using cells from each mouse individual (15 or more
cells) per tissue:cell type combination and then transformed
GCL into a metric describing the lack of gene coordination, or
gene discoordination (1−GCL). Specifically, we randomly split
the transcriptomes of cells from each mouse individual per tis-
sue:cell type into halves 100 times and extracted the median val-
ue of the resulting 1−GCL values to represent the mouse
individual-specific discoordination value (Supplemental Fig.
S7). We used the mean of mouse individual-specific discoordina-
tion values of the same age group to represent cell type–level
transcriptome variability measurement. We express the change
in transcriptome variability captured by this measure as
log2(O/Y), where the transcriptome variability in the young sam-
ple is Y and that of the old is O.

Cell type–specific GO term expression

Weextracted all 12,545GO terms in the biological process (BP) cat-
egory in mice via the R package org.Mm.eg.db (version 3.14.0)
(https://bioconductor.org/packages/release/data/annotation/html/
org.Mm.eg.db.html). Searching all these GO terms using “chaper-
one,” “DNA repair,” and “autophagy” as the key words, we retained
41 GO terms, 17 of which contained at least six gene members
(Supplemental Fig. S11). We calculated a GO term expression for
these GO terms for each cell as the proportion of expression abun-
dance among genes in each GO term of the total expression abun-
dance in that cell. Expression levels came from a cell × gene matrix,
normalized by the total number of UMIs in each cell and scaled by
106 to counts per million (CPM). In this way, every cell has an ex-
pression for each GO term that represents the relative expression
of genes in each GO term. We took the mean expressions of cells
of a given cell type to represent a cell type–levelGO termexpression.
We calculated the nonparametric correlation between cell life span
and GO term expression via Kendall’s τ.

Evolutionary constraint analysis

We retrieved dN/dS ratios of 14,185 one-to-one mouse–rat ortho-
logs gene pairs (Supplemental Fig. S12) and 13,532mouse–human
orthologous gene pairs, from the Ensembl BioMart (v.99)
(Supplemental Fig. S14; Yates et al. 2020). To evaluate dN/dS among
cell type–specific genes, we identified cell type–specific genes us-
ing the specificity score approach (Sonawane et al. 2017).

For gene j in cell type k, the specificity score, skj , is calculated as

skj =
med(ekj )−med(eallj )

IQR(eallj )
,

where med(ekj ) is the median expression level of gene j in cell
type k from a cells × genes matrix, normalized by the total num-
ber of UMIs in each cell and scaled by 106 to yield CPM;
med(eallj ) is the median of gene j in all cells; and IQR is the inter-
quartile range.

To measure dN/dS of the cell type–specific genes in each cell,
we took themedian dN/dS of the corresponding genes. At each spe-
cificity score cutoff, only cells that express at least 100 correspond-
ing cell type–specific genes would be included in the analysis. To
represent the evolutionary constraint for each cell type, we took
the mean of the dN/dS value of all cells per cell type.
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Software availability

Statistical analysis was performed in statistical software R version
4.1.3 (R Core Team 2022). All source code and analyses are avail-
able as Supplemental Code and at GitHub (https://github.com/
mingwhy/cell.dynamics_aging.asynchrony).
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