The Rhythm of Aging:
Stability and Drift in the Individual Rate of Senescence

Silvio C. Patricio*

Interdisciplinary Center on Population Dynamics
University of Southern Denmark

Abstract

Human aging is marked by a steady rise in the risk of
dying with age—a process demographers call senes-
cence. Over the past century, life expectancy has
risen dramatically, but is this because we are aging
slower, or simply starting it later? Vaupel hypothe-
sizes that the pace at which individuals age may be
constant, with gains in longevity coming from the
delayed onset of senescence rather than its slowing
down. We test this idea using a new framework that
decomposes the pace of senescence into three compo-
nents: a biological baseline, a long-term trend, and
the cumulative impact of period shocks. Applying
this to cohort mortality data from 12 countries, we
find that once period shocks are accounted for, there
is no statistical evidence of a long-term trend, con-
sistent Vaupel’s hypothesis. Rather than indicating
a change in the process that drives senescence, these
variations are consistent with echoes of shared histor-
ical events. These results suggest that while longevity
has shifted, the rhythm of human aging may be con-
served.
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1 Introduction

Aging is the gradual decline in physiological function-
ing—what we see as graying hair, slower steps, and
growing vulnerability to illness and injury. Beneath
these visible signs lies senescence, the biological pro-
cess that drives aging. We focus on actuarial senes-
cence—the age-related rise in mortality risk—which,
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in most adult populations, shows an almost perfect
exponential increase in mortality with age, well de-
scribed by the Gompertz law (Gompertz, |1825).

In this representation, the Gompertz slope b mea-
sures how quickly risk accelerates as deterioration ac-
cumulates. Though not a direct biological measure,
b is widely used as a proxy for the rate of aging (OI-
shansky and Carnes| 1997} Finch, [1990)). A higher b
means mortality rises more steeply with age; a lower
b suggests a slower pace of senescence. Our concern
is with the individual rate of aging, defined as the
rate at which an individual’s mortality risk acceler-
ates with age. For brevity, we will refer to this as the
rate of aging or the pace of senescence.

Over the last century, more people have survived to
older ages: life expectancy is higher; the age at which
most deaths occur has moved to older ages; and later
life is, for many, healthier (Oeppen and Vaupel, 2002}
Vaupel et all |2021). We live longer; the question is
whether this reflects a slower or later aging.

Vaupel (2010) framed this as a testable hypoth-
esis: the rate at which the individual risk of dying
increases with age for humans may be a basic bio-
logical constant that is very similar and perhaps in-
variant across indiwviduals and over time. From this
perspective, gains in life expectancy would reflect de-
layed aging, not a change in the underlying process
of senescence. But if the rate of aging is truly chang-
ing, it would mean that the biology of aging itself
may be evolving—or being changed by the environ-
ment, behavior, or historical events (Finch and Crim-
mins, [2004; |Crimmins and Beltran-Sanchez, 2011
Kirkwood and Austad, [2000)).

Empirical tests of this hypothesis have yielded
mixed findings: [Barbi et al| (2003) found that es-



timates of b for Italian cohorts varied significantly
depending on the statistical method used, raising the
possibility that apparent changes could reflect model
sensitivity rather than shifts in senescence. Similarly,
Zarulli et al.| (2012);|Zarulli| (2013) analyzed the after-
math of large mortality shocks—such as famine and
wartime captivity—and found a flattening of the ag-
ing rate at the population level, likely due to selective
survival rather than a biological response.

Other studies tested the constancy of b more di-
rectly. Salinari and De Santis| (2014) rejected the hy-
pothesis that b is constant across countries, sexes, and
cohorts, though the differences they observed were
modest. In a subsequent paper, |[Salinari and De San-
tis (2020) suggest that b might even vary with age,
rising before leveling off. However, their parameter b
is a cohort-level quantity shaped by selection, not the
individual rate of aging itself. Besides this conceptual
gap, their model does not separate cohort and age ef-
fects, which makes it hard to interpret whether the
observed variation reflects fluctuations across cohorts
or changes in the aging process.

This may suggest that the variations in b are his-
torically driven. Period events—such as wars, pan-
demics, and economic crises—strike multiple cohorts
at once, just at different ages (Vallin and Meslé,
2004), and their lasting consequences can subtly
distort the mortality patterns within each exposed
cohort through cumulative shifts (Horiuchi, [2003;
Zarulli et al.;|2012). As a consequence, when we esti-
mate b cohort by cohort, we may be tracing not a pure
signal of the aging process, but the lasting effects of
these shared historical events. As these shocks accu-
mulate over time, they can produce variations that
mimic a change in the slope of mortality, even if the
underlying biological rate is perfectly stable (Zarulli
et al., 2012; [Salinari and De Santis, [2014; Horiuchi
and Wilmoth), 1998]).

These kinds of latent effects accumulate gradually,
move in one direction for a while, then turn (Nel-
son and Plosser, 1982)). These resemble statistical
processes, such as random walks, where movements
accumulate over time. If period-driven shocks follow
this pattern, they could mimic a changing b, even
when the biology of aging holds steady (Yashin et al.)
2000). As |Alter and Riley| (1989) noted, trajecto-

ries of frailty and mortality are often shaped not just
by individual biology, but by shared historical condi-
tions.

We ask whether cohort-to-cohort variation in the
Gompertz slope b reflects a shift in the pace of aging
or the effects of period shocks. We decompose b into
a baseline and a latent process. We model the latent
process as a random walk with drift, the drift being
the cohort trend.

A zero drift would suggest that cohort differences
in b are consistent with period shocks whose effects
persist but cancel on average; a nonzero drift points
to a sustained cohort trend. This keeps b inter-
pretable and provides a direct test of whether gains
in longevity reflect slower or later aging.

2 Methodology

To estimate the pace of senescence, we model mortal-
ity at advanced ages, where deaths are more likely to
reflect intrinsic aging processes than external causes.
That is why analysis considers mortality after age
80, where the influence of non-senescent mortality
diminishes, and the effects of selection and hetero-
geneity become defining features of the observed mor-
tality pattern (Thatcher et al., 1998; Horiuchi and
Wilmothl|, [1998; |[Rau et al., |2008]).

Vaupel's hypothesis is mathematically grounded in
the gamma-Gompertz model, where the exponential
increase in the hazard of death due to aging is modu-
lated by unobserved individual frailty (Vaupel et al.,
1979; Vaupel and Missov}, 2014). In this framework,
even when populations become more heterogeneous,
the rate of individual aging remains constant.

We use the gamma-Gompertz framework to rep-
resent individual aging dynamics within a heteroge-
neous population. Each individual is assumed to fol-
low a Gompertz force of mortality:

(x| Z = 2) = z - ae®,
where a is the baseline mortality, b is the Gompertz
slope, and z is an unobserved frailty term. The model
assumes that Z follows a gamma distribution across
individuals, with mean 1 and variance ~ (e.g., Vaupel



et al.l 11979), which leads to the cohort-level hazard:
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This expression describes how the aggregate force
of mortality reflects both the exponential rise in indi-
vidual risk with age and the dampening influence of
selection: frailer individuals tend to die earlier, shift-
ing the distribution of survivors with increasing age.
The parameter b, which is assumed to be invariant
across individuals, represents the underlying rate at
which the individual risk increases with age. In this
sense, b captures an individual process that is inferred
from population mortality, and we interpret it as the
individual rate of aging within the cohort. This as-
sumption is the foundation of the model and allows
for a direct test of whether the rate of aging is con-
stant (Vaupel et al., [1979; Steinsaltz and Wachter),
2006; [Vaupel and Yashin, [1985]).

2.1 Decomposing Variation in b

When we estimate the rate of aging, b, separately for
each birth cohort, we often get a series that fluctu-
ates without a clear trend, as illustrated for Danish
female cohorts in Figure|l| (left panel). While the se-
ries itself appears non-stationary, the series of its log-
differences (right panel) shows a stationary process H
This statistical pattern, where a series becomes sta-
tionary after differencing, is the classic signature of a
random walk.

This statistical structure mirrors the demographic
process itself. Historical events like wars, pandemics,
or medical breakthroughs can be seen as ”shocks”
whose effects persist and accumulate, causing the es-
timated rate of aging to drift unevenly across cohorts.
The average of the differences seen in Figure [1] (right
panel) represents the long-term drift of this process.
A drift of zero would suggest that historical shocks

1Stationarity was formally confirmed using a suite of tests at
the 5% significance level. The Augmented Dickey-Fuller (ADF)
and Phillips-Perron (PP) tests both strongly reject the null
hypothesis of a unit root (p < 0.01), while the Kwiatkowski-
Phillips-Schmidt-Shin (KPSS) test fails to reject the null hy-
pothesis of stationarity (p > 0.10). Together, these results
provide robust evidence that the series of log-differences is sta-
tionary.
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Figure 1: Estimated b across Danish female cohorts and
cohort-to-cohort log-difference. The log-difference series is sta-
tionary, as confirmed by unit-root and stationarity tests (ADF
and PP: p < 0.01; KPSS: p > 0.10)

cause short-term fluctuations but no lasting direc-
tional change in the pace of aging across cohorts.
This insight motivates our choice to model these dy-
namics explicitly.

To formalize this idea, we model the log rate of
aging for cohort t as:

log by = log b + X4, (2)

with

Xt = X1+ B+ wy, (3)

where:
e b is the baseline rate of aging,
e X; is a latent random walk,

e (3 is the drift term—capturing any long-run di-
rectional change,

e w; is white noise with E(w;) = 0 and variance

Orw-

Parameter interpretation

In this setup, X; captures the accumulated impact of
historical shocks—a stochastic process that can drift
over time. The key implication is that E[logb;] =
log b+ ft: any change in b; over time comes through
the drift. This avoids problems with separating
the trend from the cumulative effects and keeps the
model simple and interpretable.



Our model is designed to test whether period
shocks alone can explain the observed variation in the
rate of aging. It is built under the assumption of a
fixed biological baseline (b), meaning that any persis-
tent directional change across cohorts—whether from
cumulative historical effects or a genuine biological
trend—is explicitly captured by the drift parame-
ter, 8. It measures whether the cumulative impact
of period shocks—both negative (wars, pandemics,
economic crises) and positive (medical progress, im-
proved nutrition, sanitation)—pushes the observed
rate of aging in a consistent direction over the long
run.

The interpretation of 3 is therefore central:

e If we find that § = 0, it implies that period
shocks, while causing cohort-to-cohort fluctua-
tions, have no net directional effect over time.
This result would provide strong evidence that
there is no long-term trend, either historical or
biological, in the rate of aging.

e If we were to find that 5 # 0, it would suggest
a persistent trend in the rate of aging. For in-
stance, if § < 0, it would suggest that the net
effect of positive historical forces like medical ad-
vances consistently outweighs negative shocks,
driving the observed rate of aging downward. If
B > 0, it would suggest that the impact of neg-
ative shocks has been dominant.

This model structure allows us to formally test the
parsimonious hypothesis that a single, stable biolog-
ical rate of aging is sufficient to explain the data
once stochastic, non-directional period effects are ac-
counted for. A finding of 8 # 0 would reject this
simple model, indicating a persistent directional force
at play. However, it is crucial to note that the
model cannot definitively distinguish a purely histori-
cal trend from a true change in the underlying biology
of senescence. If human biology were evolving toward
slower aging, this effect would also be captured in the
B term. Therefore, while a non-zero 8 would confirm
a change in the rate of aging, it could not, by itself,
disentangle a historical cause from a biological one.

This structure lets us separate a stable biological
rate (logb) from the gradual buildup of shared period

effects (X;), and to test whether that accumulation
includes a long-term drift (3). By estimating these
components, we can ask whether the changes we see
in b; reflect a true shift in the process that drives
aging, or just the long memory of historical shocks.

2.2 Model Specification

To estimate the cohort-specific rate of senescence, we
model observed death counts as Poisson-distributed
events (Brillinger, 1986):

Dy ~ Poisson(A(z,t) - Ey ),

where D, ; is the number of deaths at age = for co-
hort t, E + is the corresponding exposure, and A(z, t)
is the force of mortality, modeled using the gamma-
Gompertz hazard in Equation

We use weakly informative priors on the model pa-
rameters:

a; ~ half-Normal(0, 1)
v ~ Gamma(l,1/2)
X; ~ Laplace(Xi—1 + B, 0rw)
logb ~ N(0,10)
g~ N(0,10)
orw ~ half-Normal(0, 10)

For the parameters a;, and o.,, we use Half-
Normal distributions. This follows modern recom-
mendations for such parameters, as these priors offer
robust regularization while avoiding the known prob-
lems of inverse-gamma distributions (Gelman, 2006).
For the heterogeneity parameter +;, we instead use a
Gamma prior, as recent evidence suggests this spec-
ification helps identify whether heterogeneity is sup-
ported by the data (Patricio and Missov, [2023).

The choice of a Laplace distribution for the innova-
tions of the random walk X;—(X;_1+0), is motivated
by the nature of period shocks: its heavier tails can
accommodate rare, large-magnitude events like wars
or pandemics, while its sharp peak at zero reflects
a belief that most cohort-to-cohort shifts are small.



The magnitude of the shocks is captured by the scale
parameter of this distribution, o;..

For the main parameters of interest, logb and 3,
we use Normal priors centered at zero, reflecting no
initial assumption about the direction or magnitude
of the baseline rate or its trend.

2.3 Estimation Process

We implemented the model in a Bayesian frame-
work using Stan, accessed via its R interface RStan
(Stan Development Team, 2025)). Four independent
Markov chains were run with 6,000 iterations each,
discarding the first 4,000 as warm-up and retaining
the remaining 2,000 per chain, yielding 8,000 pos-
terior samples. Convergence was assessed using the
R diagnostic, which remained below 1.02 for all pa-
rameters (Vehtari et al., [2021)). We report maximum
a posteriori (MAP) estimates and summarize uncer-
tainty using 95% Highest Posterior Density (HPD)
to assess the credible interval.

2.4 Model Validation

To evaluate model adequacy, we conducted posterior
predictive checks based on the alignment between ob-
served and replicated death counts. Rather than rely-
ing on a single summary statistic, we assessed model
fit using the full quantile structure of the data.

For each observed death count y;, we computed
its empirical quantile and compared it to the poste-
rior predictive distribution of replicated counts y;>.
This quantile-wise comparison is used as a diagnos-
tic tool that evaluates whether the posterior distribu-
tion reproduces the shape and spread of the observed
data. When the model fits well, the posterior quan-
tiles closely track the empirical quantiles, resulting
in a QQ-plot that aligns with the identity line. De-
viations from this line, such as systematic curvature,
would indicate model misfit—for example, underdis-
persion or structural bias in the predictions.

Such distributional diagnostics are supported in
the Bayesian literature as flexible and interpretable
checks of model calibration (Gelman et al., {1996,
2000, [2013). They are valuable when the goal is
not hypothesis testing but assessing whether the data

look plausible under the fitted model-—an approach
that has been advocated in broader statistical mod-
eling contexts (Berkhof et al., [2000; [Kruschke] [2021]).

2.5 Data

We apply our decomposition model to cohort mortal-
ity data from the Human Mortality Database (HMD)|
2025). The analysis includes male and female birth
cohorts from 12 countries: the Nordic countries (Den-
mark, Finland, Norway, and Sweden), Western and
Southern Europe (France, Italy, the Netherlands,
and England & Wales), and selected non-European
countries with extensive historical data (Australia,
Canada, Japan, and the United States).

To ensure reliable estimation of late-life mortality
patterns, we include only cohorts with at least 10
age groups observed above age 80. These countries
were chosen for their consistent coverage of cohort
mortality, allowing us to trace the rate of aging with-
out the confounding effects of missing data or abrupt
changes in registration systems. The cohort series
generally begin in the mid- to late-19th century and
extend through the end of the 20th century, offering
a rich window into long-term demographic change.
The specific cohorts included—by country, sex, and
range—are listed in Table in the Appendix.

3 Results

We applied the random-walk decomposition model
to estimate three components of the Gompertz
slope—the biological rate of aging (b), the drift term
(8), and the variance of the period effect (o), for
both males and females across the 12 countries. Fig-
ure [2| presents the posterior estimates, while the full
numerical results with 95% credible interval are pro-

vided in Tables and

Cross-Country Consistency in b

The estimates of b are relatively consistent across
countries. For males, they typically center around
0.102; for females, around 0.107. These differences
are small, and in most cases, the intervals overlap,
suggesting no statistical difference in the estimated
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Figure 2: Posterior estimates of the rate of aging (b, left),
the drift (8, center), and the variance of the period effect (orw,
right) for males (blue) and females (red) across 12 countries.
Horizontal bars represent 95% credible interval. The drift es-
timates are tightly centered around zero, and the period effect
is larger in countries affected by major period shocks, such as
France, Italy, and Japan.

rates of aging across sexes. In the U.S., Japan, and
France, however, the male and female intervals do
not overlap, suggesting a statistically higher rate of
aging for females. Countries with larger populations
and longer cohort series, such as Japan and the U.S.,
tend to produce narrower intervals, while smaller or
data-limited settings, such as Finland, yield wider
ones.

Across all countries and both sexes, the estimated
drift terms are centered close to zero, with credible
intervals that include zero—suggesting no statisti-
cally significant trend. This suggests that once period
shocks are accounted for, there is no evidence of long-
term change in the Gompertz slope. The width of the
intervals for 8 varies across countries, reflecting dif-
ferences in cohort coverage, population size, and the
underlying volatility introduced by period shocks.

What Drives the Variation?

The variance of the latent period effect, oy, differs
across countries. Higher values imply bigger vari-
ability in b; due to shocks in calendar time, and are
most pronounced in countries like France, Italy, and
Japan—populations that experienced major disrup-
tions during the World Wars. These events can re-

shape the age-pattern of mortality through compet-
ing demographic mechanisms, intensifying processes
such as selective survival (Zarulli, 2013} |Steinsaltz
and Wachter, 2006} Vaupel et al [1979).

This selective survival mechanism directly impacts
the Gompertz slope. A lower b means that for the
surviving cohort, the force of mortality accelerates
with age. This happens because the population-level
death rate is an average over all survivors. When the
most vulnerable individuals have been removed by a
shock, the remaining ones comprise a more robust
population that has a lower average risk of dying at
each subsequent age, making the slope of the mortal-
ity curve less steep (Vaupel et al., [1979)).

This shift in the apparent tempo of aging reflects
a well-known demographic pattern: at very old ages,
the continual loss of frailer individuals slows the rise
in mortality for the survivors (Horiuchi and Wilmoth|,
1998). The o,y parameter captures the overall vari-
ability introduced by these long-term, overlapping ex-
posures to period shocks. In contrast, countries such
as the Nordics show lower variance estimates, point-
ing to more stable cohort trajectories over time.

A Stable Rate Across Countries

Across the 12 countries, the results follow a consistent
pattern: the rate of aging, b, stays within a narrow
range, while the variance of the period effect, oy,
varies in ways that reflect historical and demographic
differences. In every case, the drift term, 3, remains
around zero, providing no statistical evidence of a
sustained directional shift in the rate of aging. This
supports the most parsimonious explanation: a sta-
ble rate of aging shaped by the accumulation of non-
trending period shocks.

The sex difference in b is consistent with the overall
picture of stability. Males typically experience higher
mortality at younger and middle ages, mainly due
to biological and behavioral factors (Beltran-Sanchez
et al) 2015). This more intense early-life selection
can act as a’
individuals and leaving a more robust and homoge-
neous group of male survivors at high ages. As a re-
sult, the surviving group often has a lower b (Vaupel
et all [1979). By contrast, females experience lower

"winnowing” process, removing frailer



mortality throughout most of adulthood, may carry
a wider range of underlying frailty into old age, re-
sulting in a steeper observed rate of aging as selection
continues to operate on a more diverse population.

This sex difference does not contradict our main
finding of stability across cohorts. For males and fe-
males, the rates of aging show no statistical evidence
of a trend, and the variation in b; is small compared
with the volatility introduced by the cumulative pe-
riod effect. Together, these results suggest that varia-
tion in b; reflects exposure to events in calendar time
rather than changes in the aging process.

3.1 Model Diagnostics and Supplemen-
tary Estimates

Figure 3| shows the posterior predictive QQ-plots for
males and females across all 12 countries. In both
cases, the predicted quantiles align closely with the
observed ones, falling along the identity line with only
minor variation. This indicates that the model repli-
cates the shape and spread of the empirical death
count distribution well—mot just on average, but
across its full range.

QQ-Plot
Female
1.00 -
- - .
0.75 ~ United States
- -~ Sweden
0.50
— - Norway
% 0.25 — Netherlands
] -
8’ 0.00 »~ Japan
] Male Italy
E .00 — France
1% - )
& 0.75 — Finland
— England & Wales
0.50 _~
~ Denmark
025 - T Canada
0.00 » = Australia

0.00 0.25 0.50

Observed Quantile

0.75 1.00

Figure 3: Posterior predictive QQ-plots comparing observed
and simulated quantiles of cohort death counts across 12 coun-
tries, separately for females (top) and males (bottom). Colored
lines show posterior means by country; the black line represents
the 45-degree identity line. The close alignment indicates that
the model accurately captures the distribution of the observed
data across its full range.

These results support the adequacy of the random-
walk specification and the assumption that cohort-

level estimates of the Gompertz slope can be ex-
plained by baseline, drift, and period components.
Country-specific decompositions of these components
are provided in Appendix [A2]

4 Discussion

This study set out to revisit Vaupel’s hypothesis that
the rate of aging, b, is constant. We test whether
fluctuations in b reflect changes in the rate of aging
or echo shared historical shocks. Our findings are
consistent with the latter. Once fluctuations driven
by period shocks are accounted for, the estimates of b
show no clear trend. This suggests that what appears
to be a change in the pace of aging may not reflect
a shift in this underlying process itself, but rather
the cumulative impact of the historical environment
experienced by different cohorts.

At the same time, the results do not point to a
universal constant across all populations. The esti-
mated values of b varies slightly between countries
and sexes. These differences are small—close enough
that they could reflect model specification or data
limitations—but they are inconsistent with the idea
of a single invariant value, as suggested by Vaupel’s
hypothesis. What the evidence supports, then, is not
strict universality but a narrow range of stability, in
which modest variation coexists with a broadly con-
served demographic rhythm of aging.

Support from Past Studies

Vaupel’s hypothesis gains new support from this de-
composition. The stable component of b that our
model identifies aligns with his original claim (Vau-
pel, [2010), while the observed variation is consistent
with the accumulation of historical shocks. Where
Barbi et al.| (2003)) saw model sensitivity, we interpret
this sensitivity as a structured drift that reflects these
historical shocks. And while Zarulli et al.| (2012]) and
Salinari and De Santis| (2014)) interpreted cohort fluc-
tuations as potential biological change, our results
suggest those shifts may reflect shared exposures in
calendar time. As|Alter and Riley| (1989) noted, mor-
tality is embedded in historical context; what appears
biological may instead reflect social history.



The idea that the rate of senescence is a stable
and underlying biological parameter is supported by
comparative research. A comprehensive study by
Colchero et al.| (2021), testing the “invariant rate
of aging” hypothesis, found that the Siler model’s
rate of aging parameter remains stable in primates,
a pattern they link to species with slow life histories.
This distinction between a stable rate of senescence
and more variable, environmentally driven mortal-
ity is also observed in other species; for example, a
study on Hazel Dormice found that while overall ag-
ing patterns responded to environmental conditions,
the rate of senescence itself did not vary (Berg et al.,
2025). On a broader scale, a survey across 101 wild
mammal species found high variability in aging rates,
with local conditions driving overall mortality pat-
terns, yet the underlying pace of senescence remained
stable (Lemaitre et al., 2020).

This interpretation is supported by recent theoreti-
cal models that explain why the Gompertz slope may
be stable. Work by Nielsen et al. (2024), for exam-
ple, shows that an exponential increase in mortality
is a natural, emergent property of any complex or-
ganism with many interconnected parts (like the cir-
culatory, nervous, and immune systems). Similarly,
Flietner et al.| (2024) uses network theory to show
that the same mortality patterns can arise from ran-
dom failures in networks structured like those found
in biology.

Work by Hansen and Strulik (2025) reinforces this
distinction. In their model, mortality rises as the
compound result of two processes: the exponential
accumulation of health deficits, and a power-law re-
lationship between those deficits and death. The pace
of aging remains fixed; it is the inputs that shift. In
this sense, our findings parallel theirs: the onset of
senescence can shift, even if its tempo remains con-
stant.

The hallmarks of aging framework (Lopez-Otin
et al., [2013, 2023)) highlights core processes—like
telomere attrition and genomic instability—that op-
erate consistently across species. Our finding of a
stable demographic tempo of aging is consistent with
the idea that these core biological mechanisms may
also be highly conserved over time, even as overall
mortality patterns shift. At the same time, con-

stancy holds within each country—sex subpopulation,
but not uniformly across all subpopulations. There
is little evidence that the Gompertz slope is identical
everywhere; still, the observed variation is modest,
and far smaller than would be expected if the under-
lying rate of aging were truly changing.

Onset vs. Tempo of Senescence

If the pace of aging does not change but its onset
does, the timing of senescence may be influenced
by early-life conditions, cumulative exposures, or
broader social trajectories. Like|Finch and Crimmins
(2004) and |Crimmins and Beltran-Séanchez (2011)),
our findings suggest that aging’s timing may respond
to environmental forces, even if its tempo does not,
and the widening gaps in healthy life expectancy un-
derscore the unequal ways in which this timing plays
out (Crimmins and Saito, [2001)).

Evidence from Patricio and Missov| (2024) supports
this view: the demographic onset of senescence—the
age when mortality driven by senescence begins to
dominate over extrinsic risks—has shifted to later
ages. Although not a direct biological measure, this
onset identifies the point at which age-related dete-
rioration becomes the main force shaping population
mortality.

The difference between when aging begins and
how fast it proceeds may change how we interpret
gains in lifespan, whether they extend healthspan,
and whether morbidity is being compressed or redis-
tributed. A stable rate of aging means the pace is
remarkably consistent, but the clock starts at differ-
ent moments.

Implications for Longevity Forecasting

Standard methods for forecasting mortality, such as
the Lee-Carter model, implicitly allow the demo-
graphic rate of aging—the slope of the log-mortality
curve—to drift over time. This occurs because the
model’s time-varying index (k;) interacts with the
age-specific component (b;), causing the entire age
profile of mortality to "rotate” and change its steep-
ness from year to year. Our results, however, suggest
that this flexibility may be unnecessary. The stabil-
ity of b observed in our study suggests that future



gains in life expectancy may continue to come from
postponing the onset of senescence (lowering baseline
mortality), rather than from slowing the rate of aging
itself. Therefore, incorporating our findings into fore-
cast models—either by constraining the Gompertz
slope to be constant over the long term or by model-
ing its short-term fluctuations as a stochastic process
(such as a random walk)—could potentially produce
more plausible and robust long-term projections of
human longevity.

Challenges and Directions from Geroscience

Still, our findings are not definitive, and new biologi-
cal insights continue to challenge the notion of an im-
mutable aging rate, highlighting the contrast between
a stable demographic slope and emerging evidence of
a malleable aging pace.

From a demographic perspective, a way to connect
these views is to see the Gompertz slope b as a ro-
bust, system-level property of aging that is relatively
constant. In this view, individual-level biological in-
terventions might primarily influence the timing or
heterogeneity of frailty accumulation, shifting the in-
tercept of the Gompertz curve rather than its slope.

Recent studies using new biomarkers claim to
quantify an individual’s pace of aging and show its
susceptibility to lifestyle interventions (Belsky et al.|
2020)). While these tools measure a biological pace of
aging, our results raise the question of whether they
map directly onto the rate of mortality acceleration
or if they primarily track the accumulation of damage
that influences the onset of senescence.

Furthermore, the burgeoning field of senolytics,
which involves selectively removing senescent cells
(Chaib et al., 2022)), offers a more direct biological
intervention. A successful therapy that removes accu-
mulated damage might be expected to lower the force
of mortality, shifting the mortality schedule to later
ages and thereby delaying the onset of senescence.
An intervention that fundamentally alters core cellu-
lar repair mechanisms, however, would be required to
change the Gompertz slope—a parameter our analy-
sis suggests is highly conserved.

These findings invite a re-evaluation of the de-
bate about the primary goals of anti-aging research.

Instead of focusing on altering a rate that appears
highly conserved, perhaps the most fruitful interven-
tions are those that postpone the onset of senescence
or reduce the frailty individuals carry into old age.

Improving the Model

We assume that the variance of the period effect is
constant across cohorts, which helps keep the model
simple and interpretable. The tradeoff is between
capturing more of the variation in the data and keep-
ing a parsimonious model that robustly identifies the
long-term trend in the rate of aging. The current ap-
proach prioritizes the stability and interpretability of
the core Gompertz slope, recognizing that excessive
flexibility could blur rather than clarify the underly-
ing trend in mortality acceleration.

A model extension with time-varying volatility
(e.g., a GARCH structure) could test whether the
magnitude of historical shocks has changed over time,
but our results show that even a simple random walk
is sufficient to absorb the variation previously inter-
preted as a trend. A different line of future research
could use causal inference frameworks to disentangle
the impact of specific period events on cohort mortal-
ity trajectories, but would face the well-known identi-
fication problem in age-period-cohort models, which
complicates the separation of these distinct effects.

Extending to Subgroups

Our results suggest that disparities in healthy
longevity between socioeconomic groups may, at least
in part, reflect different exposures to period effects
rather than differences in intrinsic aging rates.

This perspective offers a possible explanation for
the stark inequalities documented in recent studies.
In Denmark, Strozza et al.| (2025)) report a widening
gap in survival to retirement age between the highest
and lowest socioeconomic groups, driven by stagnat-
ing mortality improvements among the most disad-
vantaged. In the U.S., Bergeron-Boucher et al. (2024)
show that the intersection of sex, race, education, and
marital status can produce lifespan differences of up
to 18 years, with disadvantage accumulating across
multiple social dimensions.



Our findings suggest a potential mechanism for
this: while entire birth cohorts experience the same
historical shocks—such as wars, pandemics, or eco-
nomic recessions—the impact of these shocks is not
uniform. Instead, it is heavily stratified by social
position (Phelan et al., [2010). For example, dur-
ing a war, men are more likely to face combat, while
during a pandemic, frontline workers from disadvan-
taged backgrounds face greater exposure to infection
(Hooper et al.l [2020). This differential vulnerability
to period effects, compounded by accumulated disad-
vantage, may explain a significant portion of health
disparities (Elol 2009), suggesting they stem less from
intrinsic differences in the rate of aging and more
from the unequal consequences of shared history.

Understanding aging as the interplay between a
fixed rhythm and a variable historical context pro-
vides a framework for studying health inequality.
This perspective also helps contextualize findings
such as those by (Graf et al|(2024), which show that
higher education is linked to slower epigenetic aging.
Whether this reflects a direct effect on the aging pro-
cess or fewer negative period shocks shaping these
measures remains an open question.

Prior work suggests that adverse exposures can
accelerate epigenetic aging (Kim et al., 2023 [Shen
et al.l 2023)), but it is still unclear whether these dif-
ferences are biological or the result of unequal expo-
sure to shocks. Testing these dynamics could be a
next step. A stable aging rate across socioeconomic
groups would support the hypothesis of a shared un-
derlying process, while finding a different rate could
suggest that disparities are driven by unequal expo-
sures and cumulative disadvantage.

Clarifying What Changes—and What Does
Not

To our knowledge, this is the first study to decompose
the variation in b into a latent period effect. In doing
so, we provide a framework that aims to separate the
stable component of aging from the noise of period
events, using a model that is both parsimonious and
grounded in demographic theory.
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5 Conclusion

By focusing on late-life mortality and accounting for
the accumulation of shared period effects, our analy-
sis finds no statistically significant long-term trend in
the Gompertz slope, b, across cohorts. This suggests
that the underlying tempo of aging is stable, with the
observed variation being consistent with the cumula-
tive result of historical shocks.

While our findings are consistent with Vaupel’s hy-
pothesis, they also highlight the importance of con-
necting it with emerging evidence of a malleable ag-
ing pace and the persistent disparities in longevity
across socioeconomic groups. Our work suggests that
the rhythm of aging may be highly conserved, but
brings into focus the crucial questions of when, how,
and for whom the clock starts.

In the end, our framework suggests that what often
appears as a shift in aging may not be a change in
the intrinsic rate of senescence, but rather the echo of
history written in mortality patterns. By attempting
to distinguish this underlying trend from historical
noise, we can better understand what has—and has
not—changed in the story of human longevity.
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Appendix Table A2: Estimate and 95% credible interval for the
individual rate of aging (b)

Country Sex Estimate Lower C.I.  Upper C.I.
Australia Male 0.1080 0.1005 0.1133
Female  0.1095 0.1062 0.1135
Canada Male 0.1026 0.0972 0.1073
This appendix provides supplementary material Female  0.1059 0.1006 0.1099
to support the analyses presented in the main  Denmark Male 0.1095 0.1031 0.1142
K . . . Female  0.1064 0.1037 0.1087
text. Section [AT] lists the cohorts considered in  pypang Male 0.0963 0.0902 0.1092
the analysis and reports country-specific parame- Female  0.1072 0.1022 0.1138
. . . . . France Male 0.0999 0.0960 0.1039
ter estimates with credible intervals, and Section Fomale 01107 01066 01149
contains the model diagnostics. Ttaly Male 01000 0.0961 0.1041
Female  0.1105 0.1078 0.1132
Japan Male 0.0931 0.0857 0.0979
Female  0.1043 0.0984 0.1069
Netherlands Male 0.1006 0.0971 0.1047
Female 0.1010 0.0970 0.1053
Norway Male 0.1064 0.1015 0.1115
Female  0.1091 0.1050 0.1121
Sweden Male 0.1078 0.1047 0.1114
Female 0.1047 0.1017 0.1078
United States Male 0.0955 0.0930 0.1016
Female  0.1110 0.1089 0.1130
England & Wales Male 0.0969 0.0929 0.1034
Al Supplementary tables Female  0.1006 0.0985 0.1040

This section reports the cohorts included in the
analysis and the posterior estimates of the main
model parameters, shown with 95% credible in-
tervals by country and sex.

Table A1l: Cohorts considered in the analysis. Countries, Table A3: Estimate and 95% credible interval for drift

sexes, and ranges of cohorts included. (B)
Country Sex First cohort Last cohort Length Country Sex Estimate Lower C.I. Upper C.I.
Australia Male 1845 1931 86 Australia Male 0.0033 -0.0100 0.0168
Female 1845 1931 86 Female 0.0037 -0.0081 0.0137
Canada Male 1840 1932 92 Canada Male 0.0032 -0.0060 0.0139
Female 1840 1932 92 Female 0.0039 -0.0064 0.0137
Denmark Male 1764 1934 170 Denmark Male 0.0014 -0.0053 0.0100
Female 1764 1934 170 Female 0.0025 -0.0046 0.0104
Finland Male 1807 1933 126 Finland Male 0.0020 -0.0087 0.0154
Female 1807 1933 126 Female 0.0038 -0.0057 0.0152
France Male 1737 1932 195 France Male 0.0127 -0.0029 0.0307
Female 1737 1932 195 Female 0.0108 -0.0048 0.0241
Ttaly Male 1794 1932 138 Italy Male 0.0086 -0.0086 0.0251
Female 1794 1932 138 Female 0.0047 -0.0135 0.0264
Japan Male 1868 1933 65 Japan Male 0.0023 -0.0177 0.0231
Female 1868 1933 65 Female -0.0001 -0.0166 0.0181
Netherlands Male 1777 1932 155 Netherlands Male 0.0039 -0.0065 0.0142
Female 1777 1932 155 Female 0.0068 -0.0030 0.0173
Norway Male 1770 1933 163 Norway Male 0.0018 -0.0062 0.0092
Female 1770 1933 163 Female 0.0027 -0.0050 0.0095
Sweden Male 1676 1933 257 Sweden Male 0.0012 -0.0052 0.0093
Female 1676 1933 257 Female 0.0023 -0.0052 0.0097
United States Male 1852 1933 81 United States Male 0.0038 -0.0090 0.0146
Female 1852 1933 81 Female 0.0023 -0.0094 0.0143
England & Wales Male 1764 1932 168 England & Wales Male 0.0028 -0.0069 0.0149
Female 1764 1932 168 Female 0.0035 -0.0075 0.0139
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Table A4: Estimate and 95% credible interval for magni-
tude of the period effects (orw)

Country Sex Estimate Lower C.I.  Upper C.I.
Australia Male 0.0501 0.0391 0.0681
Female 0.0447 0.0346 0.0574
Canada Male 0.0439 0.0330 0.0563
Female 0.0422 0.0317 0.0549
Denmark Male 0.0400 0.0315 0.0515
Female 0.0400 0.0312 0.0516
Finland Male 0.0488 0.0372 0.0661
Female 0.0489 0.0368 0.0621
France Male 0.1064 0.0887 0.1220
Female 0.0975 0.0826 0.1159
Ttaly Male 0.1037 0.0868 0.1275
Female 0.1114 0.0930 0.1324
Japan Male 0.0765 0.0601 0.1019
Female 0.0679 0.0518 0.0894
Netherlands Male 0.0537 0.0424 0.0664
Female 0.0536 0.0437 0.0677
Norway Male 0.0413 0.0327 0.0533
Female 0.0372 0.0293 0.0471
Sweden Male 0.0423 0.0342 0.0531
Female 0.0454 0.0374 0.0548
United States Male 0.0526 0.0388 0.0647
Female 0.0527 0.0430 0.0665
England & Wales Male 0.0646 0.0524 0.0801
Female 0.0622 0.0512 0.0743
A2 Country-Specific Results and

Model Diagnostics

This section provides the detailed country-by-
country results of the random walk decomposition
model. For each of the 12 countries, we present a
four-panel figure presenting: the estimated series
of the rate of aging, b;; the estimated latent pe-
riod effect, X;; the estimated cohort increments,
0 = by — b;_1; and a posterior predictive QQ-
plot for model validation. We also provide trace
plots for the main model parameters to visually
confirm the MCMC convergence discussed in the
main text.
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Figure A4: Random walk decomposition for Australia.
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Denmark
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Figure A11: Random walk decomposition for Japan. Figure A13: Random walk decomposition for Norway.
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Figure A14: Random walk decomposition for Sweden.
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Figure A15: Random walk decomposition for United
States.

A2.1 MCMC Convergence Diagnostics

To supplement the R statistics reported in the
main text, Figure displays the MCMC trace
plots for the main parameters for Italy (a high-
volatility country) and Sweden (a low-volatility
country). The chains are well-mixed and station-
ary, providing a visual check of convergency.
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Figure A16: Trace plots for the baseline rate (logb), drift
(8), and period effect (orw) for Italy and Sweden.
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