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ABSTRACT
Evaluating the Promise of Biological Aging as a Leading Indicator of Population Health

Gloria Huei-Jong Graf

Several substantive observations formed the basis for this research. First, the observation
of stagnating life expectancy in the United States over the first two decades of the 21% century,
representing a dubious form of American exceptionalism. Second, evidence suggesting that novel
measures of biological aging might provide allow for early evaluation of population-level health
trajectories, based on direct observation of health status in still-living people. Third, the
opportunity to apply these measures for study of population-level phenomena, using methods
routinely used in the fields of sociology, demography, and economics. This dissertation represents
a proof-of-concept work to support the application of biological aging measures to population
health surveillance.

In Chapter 2, | conduct a systematic literature review of novel measures and approaches to
the quantification of population aging published since 2000, and identify 3 major classes of novel
population aging measures. Biological-aging measures can be understood as a specific application
of Sanderson and Scherbov’s | -ages approach, which indexes “true age” to the distribution of
some aging-related characteristic in a reference sample. Relative to other novel measures and
approaches, however, biological-aging algorithms hold particular promise in their ability to
provide direct measures of pre-clinical, aging-related health risk across the entire adult age range
of a population.

In chapters 3 and 4, | apply published biological aging algorithms to blood-chemistry and

organ-test data collected by the National Health and Nutrition Examination Surveys (NHANES)



to test whether the U.S. population has grown biologically older over the past two decades, as
some interpretations of life expectancy data would suggest, and to evaluate the extent to which
selected social and environmental exposures might explain these trends. Formal age-period-cohort
analysis revealed consistent period increases in biological aging from 1999-2018; while population
aging slowed after the training cohort was measured in NHANES 11l (1988-1994), aging
trajectories have reverted towards early-1990s levels since the turn of the century. Limited
evidence of cohort effects was observed, with findings consistent regardless of age, race, and sex
— although racial disparities in biological aging persisted over the entire study period. Kitagawa-
Blinder-Oaxaca decomposition analysis of four candidate exposures (i.e., BMI, smoking status,
blood lead, and urinary polycyclic aromatic hydrocarbon levels) suggested that changes in the
distribution of behavioral and environmental risk factors accounted for a substantial proportion of
observed period trends and/or racial disparities in biological aging over the first two decades of
the 21% century. Broadly, these results suggest that measures of biological aging can provide earlier
and more precise readouts of population health trajectories and their drivers, ultimately informing

next-generation public health efforts to promote healthy aging and aging health equity.
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Chapter 1: Introducti on

Preambl e

Early population health research across a range of academic disciplines relied heavily on
group-level summary statistics of mortality and other outcomes readily available in administrative
data (1). Beginning in the 1970s, more precise measurement of population health outcomes and
associated risk factors became available through the proliferation and increased availability of
individual-level, survey-based health data (2). Empirical analysis of these data has done much to
advance our understanding of the causal mechanisms underlying disease etiology — and in
particular, the biological basis of ill health. More recently, the collection of individual-level
biomarker data in large-scale population surveys and global study networks presents a novel
opportunity to further extend this work (1,3,4). While the promise of integrating biological
indicators into demographic health research (i.e., “biodemography”) has long been recognized
(2,5-7), the promise of this approach has not yet been fully realized. In particular, integration of
these increasingly precise measures into longitudinal cohort studies and repeated cross-sectional
survey data may allow for more accurate observation of long-term population health trajectories
over sustained periods. Integration of biomarker data into the study of population health
trajectories also represents an important innovation within biosocial research, studying the most
basic levels at which life course exposures “get under the skin” and become manifest at the

population level (7,8).

The overarching goal of this dissertation is to showcase one such application as it relates
to a highly salient public health issue: the observation of stagnating U.S. life expectancy in the

first two decades of the 21st century. The following sections will problematize the meaning of life



expectancy trends in the United States for population health and healthy aging trajectories,
followed by an introduction to novel measures of biological aging and how they might complement
life expectancy data to inform research and policy initiatives. Finally, | present three aims in
service of evaluating biological aging as a suitable indicator of population healthy aging
trajectories and aging health equity. The first is a systematic review of existing measurement
approaches to monitoring population healthy aging and aging health equity at the population level.
The second aim employs an age-period-cohort (APC) approach to describe changes in biological
aging trajectories in the US population from 1999-2018, and to evaluate changes in racial
disparities in biological aging over the same period. The third aim tests how changes in
environmental toxicants and health behaviors drive trends in biological aging and aging health
equity using a variance decomposition approach. Collectively, these aims provide proof-of-

concept evidence for population-level applications of biomarker-based measures of biological

aging.

Recent declines in U.S. |ife expectancy:

C 0 n t TheX2@™ century was characterized by rapid, sustained increases in human life expectancy
across the globe. In the United States and other high-GDP countries, early gains were the result of
medical advances and improvements in sanitation, while gains in the latter half of the century were
driven by improved survival among people with chronic disease (9,10). However, these hard-won
gains in healthspan and lifespan appear to be eroding in the United States, raising alarms among
politicians, policymakers, and the lay public alike. U.S. life expectancy has stagnated since 2010,
and fell for the first time in two decades in 2015 (11-13). This observation represents a dubious

form of American exceptionalism: even before the COVID-19 pandemic, life expectancy



continued to increase over this same period in the vast majority of economically advanced
countries (14,15). And while all countries experienced precipitous declines in life expectancy in
the wake of the global coronavirus pandemic, early evidence suggests that life expectancy
trajectories are recovering more slowly in the United States relative to its peers (16—18).

Since the initial observations of stagnating U.S. life expectancy in the mid-2010s,
considerable effort has been invested in answering key questions related to this phenomenon.
Which population groups, if any, are dying younger than before — any why? What do these shorter
lives mean for the q u a bfiAteyican life from birth to death? And most importantly, what can
be done to prevent or alleviate these impacts?

From fnAndeat hs of despairo to persistent raci a

broader under | yi n dhnithlexpldndtidns oilife bxpeetanca largelly fodusede s ?

on rising mortality rates from suicide, overdose, and alcohol-related chronic disease among
working-class White Americans in young adulthood and midlife between 1999 and 2013 (19,20).
These so-called “deaths of despair,” as coined by Anne Case and Angus Deaton, were thought to
reflect decades of economic distress, political alienation, and related social disorder
disproportionately affecting White Americans without a college education.

Despite the popularity of this early narrative, empirical evidence in the years that followed
suggested that this phenomenon was not restricted only to working-class White Americans, as
suggested in earlier reports. Updated mortality data from soon indicated dramatic increases in
deaths of despair — and decreases in life expectancy — among Black and Hispanic Americans as
well (21,22). While racial disparities in life expectancy had narrowed slightly up to this point, they
began to stabilize again before diverging dramatically in the wake of the COVID-19 pandemic.

Between 2019 and 2021, American life expectancy dropped by 2.7 years, with 2.4- and 4-year
3



declines among White and Black Americans, respectively (17). COVID-19 infection, mortality,
and age-adjusted case-fatality rates were higher among Black Americans relative to White
Americans (23-25). These disparities in health outcomes were attributed to a wide range of
structural risk factors including comorbidity burden, insurance status, occupational category, and
incarceration status (26,27).

It is interesting to note that the concept of underlying health vulnerability has emerged as
a significant theme underlying recent narratives on American life expectancy- whether concerned
with long-term economic stagnation among working-class Americans or legacies of structural
racism underpinning increasing racial disparities during the COVID-19 pandemic. This elective
affinity for “vulnerability”-based explanations may reflect the intuitive observation that mortality
represents the extreme of a continuum of health impacts. Many conceptual frameworks of disease,
including accumulation models in life course epidemiology, the Adverse Childhood Experience
(ACEs) pyramid, and the weathering hypothesis of stress exposure, point to chains of risk
emanating from adverse exposures across the life course (28-30). These models point to a range
of intervening mechanisms, including disrupted neurodevelopment, chronic organ-system strain,
and the adoption of health risk behaviors, that lie on the pathway between harmful exposures and
their ultimate manifestation in premature disease, disability, and death. Despite the somewhat
stochastic nature of suicide, opioid, overdose, and even infectious disease mortality, observing

these events may indicate broader processes of health decline driven by the same fundamental

causes.
Probl ematizing | ife expectancy
Life expectancy as an i mp elnthiecontext, it il ithpocant too r of

discuss some key limitations of life expectancy that suggest the need for alternative and
4



complementary indicators of population health. First and foremost, life expectancy is a measure
of mortality: it captures the age at which people die, rather than the health status of still-living
persons. This has important implications for the ways in which it can inform health policy. First,
life expectancy does not capture non-fatal (but potentially substantial) health impacts in still-living
people. Those who contribute to the numerator of this measure have died; it is only their still-living
counterparts who can be targeted for intervention. Second, relying solely on mortality-based
measures will draw attention only the immediate causes of death in a population, while ignoring
long-term, chronic exposures whose effects are often observed at longer time scales. Finally, life
expectancy does not account for the changing meaning of chronological age (i.e., time since birth)
over time: it cannot account for the health status of individuals at the time of death and in the
period preceding.

Recent applicat i on® dat,fresedrchefs and pelicymekeasthavaradiogdond at a .

life expectancy measures to surveil population health and inform the need for policy intervention.
For example, public alarm around the rise in deaths of despair has spurred significant policy debate
to address causes of premature, “despair’-related mortality. From 2016 to 2019, the number of
states passing legislation to limit opioid prescribing increased from 10 to 39 (31). Interventions
with less political momentum nevertheless gained traction among public health researchers, with
renewed calls for increased investment in rural populations and firearm legislation to reduce
suicide mortality (32,33). Amid clear geographic and educational disparities in mortality, research
agendas began to study the impacts of state-level social policy on differences in life expectancy
along those same axes (21,34,35).

The need for better i ndi c a tTlebesefitdoblifeicxpectanay-m p o p u

informed policies may spill over to population groups whose need is not revealed in traditional life
5



expectancy measures. However, overreliance on life expectancy may lead us to overlook the
importance of these health threats to population groups who experience significant morbidity as a
result of these same causes, or to ignore the threat posed by chronic exposures which do not have
immediately fatal impacts — including many of the structural factors thought to underlie racial
disparities in COVID-19 outcomes such as pollution exposure, occupational hazard, and access to
primary care. A key question is whether there exists some population health indicator that can
capture the population health vulnerabilities that may precede life expectancy declines. Measures
are needed which can not only capture a wide range of health impacts in still-living members of
the population, but that can do so at younger ages, at faster timescales after exposure, and before
the onset of disease and disability.
The Pr oBniosleo pifcal Aging as a Leading I nd
A growing body of evidence indicates that novel measures of biological aging may be well-
suited to monitoring trends in population healthy aging, and can also address some key limitations
of life expectancy measures. Biological aging is a construct first introduced by the fields of
geroscience and aging biology, and describes the accumulation of physiological damage across
multiple body systems that occurs with advancing chronological age (36,37). Hallmarks of this
process, as identified by Lopez-Otin and colleagues, include genomic instability, telomere
attrition, epigenetic alterations, loss of proteostasis, deregulated nutrient-sensing, mitochondrial
dysfunction, cellular senescence, stem cell exhaustion, and altered intercellular communication
(38). These decrements originate at the molecular level and are observable across multiple body
systems, mediating the eventual manifestation of age-related disease and disability (37,39).
Quantifications of biological aging are being developed in the nascent field of geroscience to

assess these pre-clinical decrements as a modifiable risk factor for aging-related health outcomes
6
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(40,41). In the literature, this definition of aging is termed "biological aging" to distinguish it from
the related but distinct concept of "chronological age," or time since birth.

While there is no gold standard of biological aging (42,43), the most widely-adopted
measures to date use machine learning methods to integrate information across multiple clinical
parameters collected from blood-chemistry and DNA-methylation data (42—46). Algorithms
incorporating these parameters are first trained on some aging-related outcome (e.g., chronological
age, mortality risk, longitudinal rate of physiological decline). They can then be applied in new
cohorts: “biological age” is assigned as the chronological age at which an individual’s predicted
value on some aging-related parameter is approximately normal in the original reference sample
on which the algorithm was trained. Several of these measures have demonstrated important
properties to population health monitoring. They predict healthspan and lifespan (46) and are
sensitive to a range of social, behavioral, and environmental exposures (40,47-52). These
measures have also been shown to differentiate aging trajectories as early young adulthood and
demonstrate good construct validity, performing comparably in diverse samples and across
racialized group categories (43,53-61). Finally, with the explicit aim of capturing global
deterioration across multiple body systems, these measures are well-positioned to be a measure of
global health status — particularly relative to measures that are based primarily on a single organ

or body system (e.g., telomere length, allostatic load).

Life expectancy measures are often used as a key indicator of population health by
scientists and policymakers alike, and thus guide what types of health interventions are delivered
where, and to whom (35,62). Most recently, the “deaths of despair” narrative played a particularly

significant role in shaping public discourse and policy in the mid-2010s, from opioid-related



legislation to debates around the impacts of minimum wage laws and state-level earned income
tax credits on “despair”-related mortality (31,34). As a population health surveillance tool,
biological aging measures can further enhance these efforts and guide future priorities by providing
more precise readouts of aging-related health status in living people, and across the entire age
range of a population. As biomarker data becomes increasingly available in large-scale population
datasets worldwide, cross-national comparisons of biological aging measures can be used to
identify key periods in the life course if and when cumulative health risk in Americans begins to
diverge from that of their counterparts in other high-income countries. Comparison across different
policy environments, whether at the state or national level, can help to identify social safety net
mechanisms ranging from labor protections to universal health care, that might impact disparities

in aging-related health status.

Prospectively, biological aging measures might be used to provide early readouts of policy
impacts. Early empirical evidence suggests that these models are within reach. Clinical trials are
now underway to test impacts of behavioral and pharmacological interventions on biological aging
trajectories in humans (48,63-65). The use of biological aging measures as surrogate endpoints in
these trials will allow for earlier readouts of intervention effects observable within years instead
of decades. Similarly, these measures could be used to evaluate the impacts of policy interventions
implemented relatively early in the life course. A wide range of policies, ranging from educational
interventions like Head Start, to in-kind transfers like SNAP or expansion of social insurance
programs like Medicaid, may have subtle short-term impacts whose full impacts on disease and
disability will not manifest until decades after exposure. To test these impacts, biological aging

measures could be used as endpoints in comparing short-term changes in physiological integrity,



whether in randomized or quasi-experimental (e.g., difference-in-difference or instrumental

variable) designs.

Importantly, biological aging measures can also be assessed relatively cost-effectively,
with several leading algorithms employing biomarkers measured in routine blood draws. These
measures may be particularly well suited for immediate application to public health surveillance.
To date, however, measures of biological aging have largely been applied to the study of inter-
individual differences in health within selected samples. Further study is needed to understand the

suitability of these measures for the study of population aging and aging health equity over time.

Speci fic Ai ms

This dissertation has three immediate objectives: 1) to characterize recent efforts to
quantify population aging across academic disciplines, 2) to test trends in population health and
health equity over the first two decades of the 21% century using blood-chemistry measures of
biological aging, and 3) to evaluate potential social and environmental drivers of cohort and period
trends in aging and aging health equity. Collectively, these aims will generate new knowledge
about population aging and inform next-generation public health efforts to promote aging health

equity. | propose three specific aims in service of this goal:

Aim 1. To review and synthesize novel approaches to the quantification of population aging across

academic disciplines since 2000.

The “greying” of populations worldwide has been the cause of both great celebration and
great concern. Increased longevity is largely the result of broad, sustained public health
intervention across the 20th century (9,10). However, increases in the proportion of older persons

have also raised concerns about the sustainability of national pension programs and other social
9



safety nets (66,67). Novel methods to quantify population aging have been developed to determine
the extent to which conventional measures based on chronological age — i.e., time since birth —

truly reflect the societal burden that will arise from changes in the age structure of the population.

Since the early 2000s, researchers have begun to recognize the limitations of using
chronological age as the sole measure of population aging (68—70). Living to the age of 80 in the
1970s, for example, is not the same as living to the age of 80 at the turn of the 20 century — both
in terms of the exceptionalism and social, biological, and demographic meaning of reaching that
chronological age. In other words, chronological age may be a relatively poor proxy for the latent
construct of aging. A more comprehensive accounting of the constructs and measurement
strategies underlying existing population aging measures is therefore needed. This work is
particularly important in light of a growing international network of longitudinal aging studies
(4,71) that may facilitate within- and across-population observation of aging trajectories. These
surveys collect data on a variety of aging-related factors, can be weighted to provide population-
level estimates, and have begun to collect biomarker data used to calculate novel biomarker-based
measures of aging (4). Increased availability of these data could spur advances in the study of
population aging, including the application of novel biomarker-based measures to evaluate aging
trajectories in younger birth cohorts and assess the population aging impacts of modifiable risk

factors at earlier timescales.

Aim 1 performs a systematic literature review of novel measures and approaches to the
quantification of population aging published since 2000. Specifically, Aim 1 activities will focus
on evaluating the suitability of these novel measures for public health applications across multiple

domains, including how each measure is operationalized, the domains of individual- or population-

10



level aging being captured, and whether data on these measures are readily available in large,

nationally-representative health surveys.

Aim 2. To describe changes in biological aging in the US population from-2®BP and to

evaluate changes in racial disparities in biological aging over this period.

A key promise of novel biological aging measures is the ability to capture latent, pre-
clinical decrements in physiological integrity across the entire age distribution of the adult
population- including young and middle adulthood. This is informative on two fronts. First, we
can identify time periods and/or birth cohorts evidencing greater vulnerability to aging-related
decline. Second, we can compare aging trajectories across population subgroups. This allows for
earlier assessment of disparities in healthy aging across the age distribution of entire adult
populations — not just older adults — and for earlier interventions to aimed at healing these

disparities.

In the context of declining life expectancy, these contributions are of particular
significance. Life expectancy declines during the first two decades of the 21% century have often
been attributed to the opioid epidemic and the Great Recession, with early attention largely focused
on “deaths of despair” among white men in young and middle adulthood (20,21,72). More recent
evidence suggests that mortality from these causes has risen for working-age Black Americans as
well as White Americans, with population impacts broader than initially recognized (22,73). If life
expectancy is a good proxy for health status in the entire population, then these deaths may
represent the tip of an iceberg signaling broad shifts in morbidity and pre-clinical health risk across
demographic categories spanning age, socioeconomic status, and other demographic categories.

Alternatively, premature mortality from these causes may have a large impact on life expectancy

11



due to the relatively young ages at which these events occur, but limited impact on population
health beyond these acute events. Measurements of biological aging represent a novel opportunity
to assess broader, long-term population impacts of the health risk factors driving excess mortality
over the first two decades of the 21% century. Finally, direct measures of health status are
particularly important when the causes of mortality in a population are not the same as the causes
of morbidity or pre-clinical health decrements, or when mortality and morbidity from the same
exposure are distributed differently across population groups (e.g., when exposures that are more
likely to be fatal in one population group, but are more likely to lead to non-fatal health decrements

in another).

Aim 2 will establish if and how patterns of biological aging have changed in the US in
recent decades, and the extent to which changes contribute to equity in healthy aging outcomes.
Aim 2 analyses will construct synthetic birth cohorts from NHANES data and use age-period-
cohort (APC) analysis to disentangle period and cohort effects driving trends in biological aging
(1) in the total US population, and (2) within population subgroups defined by sex and

race/ethnicity.

Aim 3. To test how changes in environmental toxicants and health behaviors drive population

level changes in biological aging.

A second, related promise of biological aging measures for population health surveillance
is in earlier and more precise identification of social, behavioral, and environmental risk factors
driving population aging trajectories. The identification of changes in population-level exposures,
their relative distribution across population subgroups, and impacts on population aging, are

critical to informing policy intervention and health promotion efforts.
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The prevalence and relative distribution of many chronic risk factors for premature aging
has shifted in the U.S. population over time (74-84). These risk factors, including socio-behavioral
and environmental risk factors, are often disproportionately concentrated among minoritized
groups (85,86). Because the healthy aging impacts of chronic, non-fatal exposures are not
immediately reflected in life expectancy, racial disparities in aging may currently be
underestimated — especially in younger cohorts. Having previously been shown to be responsive
to a range of social and environmental risk factors (40,47-52), biological aging measures have the
potential to generate new knowledge by providing near-term readouts of long-term population

impacts.

Aim 3 will evaluate how trends in two distinct classes of exposures contribute to time
trends and racial disparities in biological aging. The first class of exposures are environmental
toxicants: polycyclic aromatic hydrocarbons (PAHSs) and lead, both of which have documented
racial inequities, temporal trends in exposure levels, and associations with biological aging
(74,75,77-81,87-90). The second class are health-behavior-related: obesity and smoking. The
Kitagawa-Blinder-Oaxaca variance decomposition method will be applied to quantify the extent
to which these exposures contribute to differences in biological aging between early (1999-2008)
and late (2009-2018) NHANES periods, and between Black Americans and White Americans over

the entire study period.

13



Ref erences

1.

10.

I1.

12.

Crimmins E, Kim JK, Vasunilashorn S. Biodemography: new approaches to understanding
trends and differences in population health and mortality. Demography. 2010;47(Suppl
1):S41-64.

Crimmins EM, Seeman T. Integrating biology into demographic research on health and
aging (with a focus on the MacArthur Study of Successful Aging). In: Cells and surveys:
Should biological measures be included in social science research? [Internet]. National
Academies Press (US); 2001 [cited 2023 Dec 4]. Available from:
https://www.ncbi.nlm.nih.gov/books/NBK 110043/

Weinstein M, Vaupel JW, Wachter KW. Biosocial surveys. 2008;

Lee J, Phillips D, Wilkens J, Team G to GAD. Gateway to Global Aging Data: Resources
for cross-national comparisons of family, social environment, and healthy aging. The
Journals of Gerontology: Series B. 2021;76(Supplement 1):S5-16.

Carey JR, Vaupel JW. Biodemography. In: Poston DL, Micklin M, editors. Handbook of

Population [Internet]. New York: Kluwer Academic Publishers-Plenum Publishers; 2005

[cited 2023 Dec 4]. p. 625-58. (Handbooks of Sociology and Social Research). Available
from: http://link.springer.com/10.1007/0-387-23106-4 22

Crimmins EM, Seeman TE. Integrating biology into the study of health disparities.
Population and Development Review. 2004;30:89—107.

McDade TW, Harris KM. From society to cells and back again: new opportunities for
discovery at the biosocial interface. Discover Social Science and Health. 2022;2(1):4.

Harris KM, McDade TW. The biosocial approach to human development, behavior, and
health across the life course. RSF: The Russell Sage Foundation Journal of the Social
Sciences. 2018;4(4):2-26.

Wilmoth JR. Demography of longevity: past, present, and future trends. Experimental
gerontology. 2000;35(9—-10):1111-29.

Kinsella KG. Changes in life expectancy 1900—-1990. The American journal of clinical
nutrition. 1992;55(6):S1196-202.

Ho JY, Hendi AS. Recent trends in life expectancy across high income countries:
retrospective observational study. BMJ. 2018;362.

Rabin RC. U.S. Life Expectancy Falls Again in ‘Historic’ Setback. The New York Times
[Internet]. 2022 Aug 31; Available from: https://www.nytimes.com/2022/08/31/health/life-
expectancy-covid-pandemic.html

14



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Tanne JH. Life expectancy: US sees steepest decline in a century. BMJ. 2022 Sep
5;378:02142.

National Research Council, Institute of Medicine. U.S. Health in International Perspective:
Shorter Lives, Poorer Health. Woolf SH, Aron L, editors. Washington (DC): National
Academies Press; 2013.

Council on Foreign Relations [Internet]. [cited 2022 Dec 15]. U.S. Life Expectancy Is in
Decline. Why Aren’t Other Countries Suffering the Same Problem? Available from:
https://www.cfr.org/in-brief/us-life-expectancy-decline-why-arent-other-countries-
suffering-same-problem

Woolf SH, Masters RK, Aron LY. Effect of the COVID-19 Pandemic in 2020 on Life
Expectancy Across Populations in the USA and Other High Income Countries: Simulations
of Provisional Mortality Data. BMJ. 2021 Jun 24;373:n1343.

Arias E, Tejada-Vera B, Kochanek KD, Ahmad FB. Provisional life expectancy estimates
for 2021. 2022;Vital Statistics Rapid Release(No. 31).

Arias E, Kochanek KD, Xu J, Tejada-Vera B. Provisional life expectancy estimates for
2022. 2023;Vital Statistics Rapid Release(No. 23).

Case A, Deaton A. Rising morbidity and mortality in midlife among white non-Hispanic
Americans in the 21st century. Proceedings of the National Academy of Sciences.
2015;112(49):15078-83.

Stein EM, Gennuso KP, Ugboaja DC, Remington PL. The epidemic of despair among
white Americans: trends in the leading causes of premature death, 1999-2015. American
journal of public health. 2017;107(10):1541-7.

Woolf SH, Schoomaker H. Life expectancy and mortality rates in the United States, 1959-
2017. JAMA. 2019;322(20):1996-2016.

Tilstra AM, Simon DH, Masters RK. Trends in “deaths of despair” among working-aged
White and Black Americans, 1990-2017. American journal of epidemiology.
2021;190(9):1751-9.

Mackey K, Ayers CK, Kondo KK, Saha S, Advani SM, Young S, et al. Racial and Ethnic
Disparities in COVID-19—Related Infections, Hospitalizations, and Deaths: A Systematic
Review. Ann Intern Med. 2021 Mar;174(3):362-73.

Joynt Maddox KE, Reidhead M, Grotzinger J, McBride T, Mody A, Nagasako E, et al.
Understanding contributors to racial and ethnic inequities in COVID-19 incidence and
mortality rates. Plos one. 2022;17(1):€0260262.

15



25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Schumm LP, Giurcanu MC, Locey KJ, Ortega JC, Zhang Z, Grossman RL. Racial and
ethnic disparities in the observed COVID-19 case fatality rate among the US population.
Annals of Epidemiology. 2022;74:118-24.

Dalsania AK, Fastiggi MJ, Kahlam A, Shah R, Patel K, Shiau S, et al. The Relationship
Between Social Determinants of Health and Racial Disparities in COVID-19 Mortality. J
Racial and Ethnic Health Disparities. 2022 Feb;9(1):288-95.

Lobelo F, Bienvenida A, Leung S, Mbanya A, Leslie E, Koplan K, et al. Clinical,
behavioural and social factors associated with racial disparities in COVID-19 patients from

an integrated healthcare system in Georgia: a retrospective cohort study. BMJ open.
2021;11(5):e044052.

Ben-Shlomo Y, Kuh D. A life course approach to chronic disease epidemiology: conceptual
models, empirical challenges and interdisciplinary perspectives. 2002;31(2):285-93.

Felitti V], Anda RF, Nordenberg D, Williamson DF, Spitz AM, Edwards V, et al.
Relationship of childhood abuse and household dysfunction to many of the leading causes
of death in adults: The Adverse Childhood Experiences (ACE) Study. American journal of
preventive medicine. 1998;14(4):245-58.

Geronimus AT. The weathering hypothesis and the health of African-American women and
infants: evidence and speculations. Ethnicity & disease. 1992;2(3):207-21.

Davis CS, Lieberman AJ. Laws limiting prescribing and dispensing of opioids in the United
States, 1989-2019. Addiction. 2021 Jul;116(7):1817-27.

Nestadt PS, Triplett P, Fowler DR, Mojtabai R. Urban—Rural Differences in Suicide in the
State of Maryland: The Role of Firearms. Am J Public Health. 2017 Oct;107(10):1548-53.

Meit M, Knudson A. Leveraging interest to decrease rural health disparities in the United
States. American journal of public health. 2017;107(10):1563.

Dow WH, Godey A, Lowenstein CA, Reich M. Can economic policies reduce deaths of
despair? [Internet]. National Bureau of Economic Research; 2019 [cited 2024 Mar 24].
Available from: https://www.nber.org/papers/w25787

Venkataramani AS, O’Brien R, Tsai AC. Declining Life Expectancy in the United States:
The Need for Social Policy as Health Policy. JAMA. 2021 Feb 16;325(7):621-2.

Kwon D, Belsky DW. A toolkit for quantification of biological age from blood chemistry
and organ function test data: BioAge. GeroScience. 2021;43(6):2795-808.

Kirkwood TB. Understanding the odd science of aging. Cell. 2005;120(4):437-47.

16



38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

Loépez-Otin C, Blasco MA, Partridge L, Serrano M, Kroemer G. The hallmarks of aging.
Cell. 2013;153(6):1194-217.

Kennedy BK, Berger SL, Brunet A, Campisi J, Cuervo AM, Epel ES, et al. Geroscience:
linking aging to chronic disease. Cell. 2014;159(4):709—13.

Barzilai N, Cuervo AM, Austad S. Aging as a biological target for prevention and therapy.
JAMA. 2018;320(13):1321-2.

Kritchevsky SB, Justice JN. Testing the Geroscience Hypothesis: Early Days. The Journals
of Gerontology: Series A. 2019;75(1):99-101.

Ferrucci L, Gonzalez-Freire M, Fabbri E, Simonsick E, Tanaka T, Moore Z, et al.
Measuring biological aging in humans: A quest. Aging Cell. 2020;19(2):e13080.

Belsky DW, Moffitt TE, Cohen AA, Corcoran DL, Levine ME, Prinz JA, et al. Eleven
telomere, epigenetic clock, and biomarker-composite quantifications of biological aging:
do they measure the same thing? American Journal of Epidemiology. 2018;187(6):1220—
30.

Jylhdvé J, Pedersen NL, Héigg S. Biological age predictors. EBioMedicine. 2017;21:29-36.

Jansen R, Han LK, Verhoeven JE, Aberg KA, van den Oord EC, Milaneschi Y, et al. An
integrative study of five biological clocks in somatic and mental health. Elife.
2021;10:€59479.

Li X, Ploner A, Wang Y, Magnusson PK, Reynolds C, Finkel D, et al. Longitudinal
trajectories, correlations and mortality associations of nine biological ages across 20-years
follow-up. Elife. 2020;9:e51507.

Geronimus AT, Hicken MT, Pearson JA, Seashols SJ, Brown KL, Cruz TD. Do US black
women experience stress-related accelerated biological aging? Human nature.
2010;21(1):19-38.

Belsky DW, Huffman KM, Pieper CF, Shalev I, Kraus WE. Change in the rate of biological
aging in response to caloric restriction: CALERIE Biobank analysis. The Journals of
Gerontology: Series A. 2018;73(1):4-10.

Beach SR, Dogan MV, Lei M, Cutrona CE, Gerrard M, Gibbons FX, et al. Methylomic
aging as a window onto the influence of lifestyle: tobacco and alcohol use alter the rate of
biological aging. Journal of the American geriatrics society. 2015;63(12):2519-25.

Colich NL, Rosen ML, Williams ES, McLaughlin KA. Biological aging in childhood and
adolescence following experiences of threat and deprivation: A systematic review and
meta-analysis. Psychological bulletin. 2020;146(9):721.

17



51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Lei M, Beach SR, Dogan MYV, Philibert RA. A pilot investigation of the impact of smoking
cessation on biological age. The American journal on addictions. 2017;26(2):129-35.

Graf GHJ, Zhang Y, Domingue BW, Harris KM, Kothari M, Kwon D, et al. Social mobility
and biological aging among older adults in the United States. PNAS nexus.
2022;1(2):pgac029.

Graf GH, Crowe CL, Kothari M, Kwon D, Manly JJ, Turney IC, et al. Testing Black-White
Disparities in Biological Aging Among Older Adults in the United States: Analysis of
DNA-Methylation and Blood-Chemistry Methods. American journal of epidemiology.
2022;191(4):613-25.

Levine ME, Lu AT, Quach A, Chen BH, Assimes TL, Bandinelli S, et al. An epigenetic
biomarker of aging for lifespan and healthspan. Aging (Albany NY). 2018;10(4):573.

Liu Z, Chen X, Gill TM, Ma C, Crimmins EM, Levine ME. Associations of genetics,
behaviors, and life course circumstances with a novel aging and healthspan measure:
Evidence from the Health and Retirement Study. PLoS medicine. 2019;16(6):e1002827.

Belsky DW, Caspi A, Arseneault L, Baccarelli A, Corcoran DL, Gao X, et al.
Quantification of the pace of biological aging in humans through a blood test, the
DunedinPoAm DNA methylation algorithm. Elife. 2020;9.

Liu Z, Kuo PL, Horvath S, Crimmins E, Ferrucci L, Levine M. A new aging measure
captures morbidity and mortality risk across diverse subpopulations from NHANES IV: a
cohort study. PLoS medicine. 2018;15(12):e1002718.

Li Q, Wang S, Milot E, Bergeron P, Ferrucci L, Fried LP, et al. Homeostatic dysregulation
proceeds in parallel in multiple physiological systems. Aging cell. 2015;14(6):1103—12.

Levine ME, Crimmins EM. Evidence of accelerated aging among African Americans and
its implications for mortality. Social Science & Medicine. 2014;118:27-32.

Belsky DW, Caspi A, Houts R, Cohen HJ, Corcoran DL, Danese A, et al. Quantification of
biological aging in young adults. Proceedings of the National Academy of Sciences.
2015;112(30):E4104-10.

Moffitt TE, Belsky DW, Danese A, Poulton R, Caspi A. The longitudinal study of aging in
human young adults: knowledge gaps and research agenda. The Journals of Gerontology:
Series A. 2017;72(2):210-5.

Gostin LO, Hodge JG, Levin DE. Legal interventions to address us reductions in life
expectancy. JAMA. 2020;324(11):1037-8.

18



63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

Waziry R, Ryan CP, Corcoran DL, Huffman KM, Kobor MS, Kothari M, et al. Effect of
long-term caloric restriction on DNA methylation measures of biological aging in healthy
adults from the CALERIE trial. Nature Aging. 2023;1-10.

Barzilai NR. Targeting aging with metformin (TAME). Innovation in Aging.
2017;1(suppl_1):743-743.

Justice JN, Ferrucci L, Newman AB, Aroda VR, Bahnson JL, Divers J, et al. A framework
for selection of blood-based biomarkers for geroscience-guided clinical trials: report from
the TAME Biomarkers Workgroup. Geroscience. 2018;40(5):419-36.

Kotlikoff LJ, Burns S. The coming generational storm: What you need to know about
America’s economic future. MIT press; 2005.

Ince Yenilmez M. Economic and social consequences of population aging the dilemmas
and opportunities in the twenty-first century. Applied Research in Quality of Life.
2015;10:735-52.

d’Albis H, Collard F. Age groups and the measure of population aging. Demographic
research. 2013;29:617-40.

Ryder NB. The cohort as a concept in the study of social change. In: Cohort analysis in
social research. Springer; 1985. p. 9-44.

Chu CC. Age-distribution dynamics and aging indexes. Demography. 1997;34:551-63.

Kaiser A. A review of longitudinal datasets on ageing. Journal of Population Ageing.
2013;6:5-27.

Case A, Deaton A. Mortality and morbidity in the 21st century. Brookings papers on
economic activity. 2017;2017:397.

Gennuso KP, Blomme CK, Givens ML, Pollock EA, Roubal AM. Deaths of despair (ity) in
early 21st century America: the rise of mortality and racial/ethnic disparities. American
Journal of Preventive Medicine. 2019;57(5):585-91.

Nguyen-Grozavu FT, Pierce JP, Sakuma KLK, Leas EC, McMenamin SB, Kealey S, et al.
Widening disparities in cigarette smoking by race/ethnicity across education level in the
United States. Preventive medicine. 2020;139:106220.

Wong RJ, Chou C, Ahmed A. Long term trends and racial/ethnic disparities in the
prevalence of obesity. Journal of community health. 2014;39(6):1150—-60.

Kravitz-Wirtz N, Crowder K, Hajat A, Sass V. The long-term dynamics of racial/ethnic
inequality in neighborhood air pollution exposure, 1990-2009. Du Bois review: social
science research on race. 2016;13(2):237-59.

19



77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

9.

Wang Y, Beydoun MA. The obesity epidemic in the United States—gender, age,
socioeconomic, racial/ethnic, and geographic characteristics: a systematic review and meta-
regression analysis. Epidemiologic reviews. 2007;29(1):6-28.

Ljungvall A, Zimmerman FJ. Bigger bodies: long-term trends and disparities in obesity and
body-mass index among US adults, 1960-2008. Social Science & Medicine.
2012;75(1):109-19.

Hudson-Hanley B, Smit E, Branscum A, Hystad P, Kile ML. Trends in urinary metabolites
of polycyclic aromatic hydrocarbons (PAHs) in the non-smoking US population, NHANES
2001-2014. Chemosphere. 2021;276:130211.

Muntner P, Menke A, DeSalvo KB, Rabito FA, Batuman V. Continued decline in blood lead
levels among adults in the United States: the National Health and Nutrition Examination
Surveys. Archives of internal medicine. 2005;165(18):2155-61.

Muller C, Sampson RJ, Winter AS. Environmental inequality: The social causes and
consequences of lead exposure. Annual Review of Sociology. 2018;44(1):263-82.

CDC. Current cigarette smoking among adults in the United States. Center for Disease
Control and Prevention. 2019;

American Lung Association. Overall tobacco trends. 2020 [cited 2023 Mar 22]; Available
from: https://www.lung.org/research/trends-in-lung-disease/tobacco-trends-brief/overall-
tobacco-trends

Cromar KR, Gladson LA, Ewart G. Trends in excess morbidity and mortality associated
with air pollution above American Thoracic Society—recommended standards, 2008—-2017.
Annals of the American Thoracic Society. 2019;16(7):836-45.

Shao S, Liu L, Tian Z. Does the environmental inequality matter? A literature review.
Environmental Geochemistry and Health. 2022;44(9):3133-56.

Morello-Frosch RA. Discrimination and the political economy of environmental inequality.
Environment and Planning C: Government and Policy. 2002;20(4):477-96.

Drope J, Liber AC, Cahn Z, Stoklosa M, Kennedy R, Douglas CE, et al. Who’s still
smoking? Disparities in adult cigarette smoking prevalence in the United States. CA: a
cancer journal for clinicians. 2018;68(2):106—15.

Anekwe CV, Jarrell AR, Townsend MJ, Gaudier GI, Hiserodt JM, Stanford FC.
Socioeconomics of obesity. Current obesity reports. 2020;9(3):272-9.

Thompson AB, Mowery PD, Tebes JK, McKee SA. Time trends in smoking onset by sex
and race/ethnicity among adolescents and young adults: findings from the 2006-2013

20



90.

National Survey on Drug Use and Health. Nicotine and Tobacco Research.
2018;20(3):312-20.

Teye SO, Yanosky JD, Cuffee Y, Weng X, Luquis R, Farace E, et al. Exploring persistent
racial/ethnic disparities in lead exposure among American children aged 1-5 years: results
from NHANES 1999-2016. International Archives of Occupational and Environmental
Health. 2021;94(4):723-30.

21



Chap2dow to Measure PopudAatSiyen eradli tch \ReAd iemwg
Popul ation Afgr omg Phebdsiuwr edseal th Perspect.i
Abstract

The “greying” of populations worldwide has been the cause of both great celebration and
great concern. Increased longevity is largely the result of broad and sustained public health
intervention across the 20 century. However, increases in the proportion of older persons have
also raised concerns about the sustainability of national pension programs and other social safety
nets. Novel methods to quantify population aging have been developed to determine the extent to
which conventional measures based on chronological age — i.e., time since birth — truly reflect the
societal burden that will arise from changes in the age structure of the population. To guide the on-
going development of these measures, a more comprehensive accounting of the constructs and
measurement strategies underlying existing population aging measures is needed.

We conducted a systematic review of novel measures and approaches to the quantification
of population aging published since 2000. We identified three primary archetypes to characterize
these existing measures, and suggest a need for clearer articulation of 1) the underlying domains
and constructs that are captured in these novel measures of population aging, and 2) whether
measures are capturing numerical or structural population aging processes. Finally, we propose
that the increasing availability of biomarker data from large-scale population surveys may provide
a promising avenue for population aging measurement. In particular, biomarker-based measures
have the potential to differentiate aging trajectories even among young people, providing a means
to observe aging trajectories earlier in the life course and at timescales appropriate for prevention

or intervention.
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Il ntroducti on

The dedlglee sword of .Ipmeagedlbngetity aven theaogrse @fghe 20th
century has resulted in the "greying" of populations worldwide: people are living longer, and the
relative share of older people is increasing (1,2). These changes are the hard-won result of large-
scale public health interventions. Early gains in population lifespan were the results of rapid
declines in infant and child mortality, attributable to sanitary improvements, the introduction of
antibiotics, and the implementation of large-scale vaccination programs (3,4). Later, mortality at
the other end of the age distribution also began to decline, resulting from improved survival
outcomes among the elderly and those with a wide range of chronic diseases. This revelation — that
large-scale public health interventions to prevent and treat disease could fundamentally change the
long-term health trajectory of entire populations — precipitated a rush of efforts to replicate these
successes at the global level.

In the latter half of the 20™ century, however, concerns about the long-term population
impacts of these public health achievements began to emerge: the increasing proportion of older
persons, especially in high-GDP countries, was predicted to have dramatic and wide-ranging
impacts on the organization of entire societies (5—7). In particular, the working-age population’s
ability to support the costly social and health care needs of an ever-growing segment of older adults
was called into question. While some public health researchers theorized that the burden would be
alleviated by a compression of morbidity to smaller proportions of the lifespan (8,9), others
worried that people would live longer in poor health-- effectively producing a "pandemic" of
chronic disease (10). In short, the greying of populations was increasingly seen as a new and urgent

problem to be solved, rather than as a natural evolution of societal needs.
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The (re) measur e me n.Thisenfergifpe pamdigin aft'aging threa#’ -gthe thigat
to societies posed by increasing numbers and proportions of older persons — became the subject of
some critique. Independently, researchers including d'Albis and Collard, Chu, and Ryder began to
articulate the limitations of using crude measures of time since birth — “chronological age” — as a
singular measure of population aging (11-13). Living to the age of 80 in the 1970s, they reasoned,
was not the same thing as living to the age of 80 at the turn of the 20* century. Increases in
healthspan that accompanied increases in lifespan would surely offset at least some of the burden
of population aging.

In the absence of easily implemented alternatives, however, measures based on
chronological age remained dominant in population aging research. It was not until the early 2010s
that the work of these authors gained traction through a body of work put forward by Sanderson
and Scherbov, culminating in a formalized description of the "characteristics approach" to
population aging measurement (14). In short, the authors proposed that population aging be
measured by indexing some age-related population characteristic (such as remaining life
expectancy, mortality risk, or median age) to that of a reference population. Analyses based on this
approach supported the hypothesis of earlier researchers, suggesting that concerns about an
impending crisis of population aging were at least somewhat exaggerated.

Domains and measur ement of agi ngSantderson andh d i v i d
Scherbov’s work brings forward a critical insight about the study of aging: chronological age does
not fully capture the “true” social, biological, or demographic meaning of age. In other words,
chronological age may be a relatively poor measure for the latent construct of aging. This raises a
central question for aging research at both the individual and population level: what exactly is

aging?
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There is a large literature on the domains of healthy aging at the individual level: the unit
at which health is produced and has its being (15—17). These include physiologic and psychosocial
factors (18), fulfillment of biological criteria such as survivorship, delay of morbidity and
mortality, and optimal functioning "for the maximal time period" (19), and the more general
"process of developing and maintaining the functional ability that enables well-being in older age”
(20). Studies have repeatedly shown that healthy aging trajectories at the individual level are
modifiable and shaped by a range of individual and contextual factors. Further, recently-developed
biomarker-based measures developed in the emerging field of geroscience have extended the study
of aging to younger individuals, showing that differentiated aging trajectories are observable as
early as young adulthood. Research on healthy aging is therefore concerned not only with those
who are already aged - however defined - but those in the process of becoming aged, and those
who will one day become aged.

However, there are also more fundamental debates about the construct of aging itself at the
individual level- even when confined to biological or physiological manifestations. In a survey of
participants at a recent symposium on aging biology, there was marked disagreement on questions
including whether aging is a “process that should be treated, cured, or minimized,” whether
mortality risk or survival curves are “a reasonable proxy for aging at the organismal level”, and
whether it is possible to reliably quantify aging “in the absence of a clear consensus or mechanistic
understanding of what [it] is” (21). These definitional issues are only compounded at the
population level. Population aging measures can reflect group-level phenomena in addition to
aggregating individual-level aging characteristics: they may be a summary of characteristics
observed among different members of the same group (i.e., derived variables, such as mean age),

or they may characterize group-level constructs that do not have individual level analogues (i.e.,
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integral variables, such as the ratio of aged persons to working-aged persons in a given population)
(22).
Measures of popul ation agi ng fAonfore g@mipkelersice
accounting of the constructs and measurement strategies underlying existing population aging
measures is therefore needed. This is particularly important in light of a growing network of
longitudinal aging studies around the globe (23,24). These surveys collect data on a variety of
aging-related factors, can be weighted to provide population-level estimates, and have begun to
collect biomarker data used to calculate novel measures of physiological aging processes (23).
Increased availability of these data could spur advances in the study of population aging, including
the application of novel biomarker-based measures to evaluate aging trajectories in younger birth
cohorts and assess the population aging impacts of modifiable risk factors at earlier timescales.
We conducted a systematic review of novel measures and approaches to the quantification
of population aging published since 2000. Specifically, we focused on evaluating the suitability of
these novel measures for public health applications across multiple domains, including how each
measure 1s operationalized, the domains of individual- or population-level aging being captured,
and whether data needed to calculate these measures are readily available in large, nationally-
representative health surveys.
Met hods
Conventional me a s u r .€s mo precigely jplantifyd‘doveld measwaeg of
population aging, we first define conventional measures and their identifying features. Prior to the
introduction of alternative measures, population aging was generally quantified using time since
birth (i.e., chronological age), with fixed cutoffs to define the members of a given population who

were considered “aged” (24). In the U.S. and many countries in Western Europe, this age was set
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at 65 to coincide with the legal retirement age, as well as minimum eligibility for public services
targeted towards older adults (25,26). While many variants of conventional measures exist, the
most common in demographic research include median age, the proportion of the population over
65, and old-age dependency ratios (see T a b | f& a likt of conventional measures as defined by
Sanderson and Scherbov).

In their seminal work on population aging measurement , Sanderson and Scherbov
formalized a definition of “conventional” aging measures, noting that they all followed the general
form0 6 "QYaId RO , where “0 6 is the conventional measure of aging at time 0, Y ¢iD
is the age structure of the population at time 0, and "Ois a matrix of age-specific characteristics
such as life expectancy or health status” (14). Crucially, these conventional measures of the form
0 O are entirely determined by chronological age and its distribution in a given population. For
the purposes of this review, we thus use a colloquial definition of “conventional” population aging
measures compatible with Sanderson and Scherbov’s formalization: any measure which relies
entirely on the chronological age distribution or structure of a population to quantify its aging
status or trajectory.

Sear ch .3 seaechedtvgoycademic databases (PubMed and Web of Science) and Google
Scholar for articles related to the measurement of population aging published between January 1,
2000 and June 30, 2023. We first identified a search strategy that would capture published literature
about the measurement of aging at the population level. Exploratory searches using terms related
to both population aging and measurement yielded a large number of false positives. For example,
references to “population aging” were prevalent in the background and discussion sections of many

studies conducted in older adult populations; “measurement” was frequently used in the methods
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sections of these papers to describe how a wide range of study variables were operationalized. A
full-text search strategy was therefore unsuitable for the research question. Two reviewers (GG
and DB) arrived at a consensus search strategy that was sufficiently sensitive to capture known
relevant literature, while also minimizing the number of false positives returned:

First, we used targeted searches in PubMed and Web of Science to identify articles which
mentioned both population aging and measurement, with at least one of these terms included in
the article title. Equivalent search terms for each database were constructed:

9 PubMed:( measur *[ ti] AND (" population aging"][ al
OR popud aviebnaging"[all] OR "popul ation age
ageing"[alll]l ©&Rel"pagelagi pal l ])) OR (measu
aging"[ti] OR "population-l bealthygiagl pgtf]t
"popubhgteiog"[ti] OR "popul ationl édea@al t hy ag
ageing"[ti]))

T WoS:( ALL=(measur*)) AND TIlI=("population agin
OR " popludwdali osngi ng" OR "popul ation ageing"
OR " popludwedali omgei ng”") OR (Tl =(measur *)) ANI
"popul ati omghe DRt K-ipeowayll agdagiomg” OR "popul at |
"popul ation healthy evgedi mggei QR "Ypopul ati on

Results of this first search were de-duplicated and screened for review inclusion. We then
proceeded to the second phase of article search using Google Scholar. Unlike PubMed and Web of
Science, Google Scholar is not an academic database: it does not rely on expert cataloguing to
index papers, and does not share many of the targeted search functionalities found in traditional

databases (27). It has also been observed to return a comparatively large number of search results,
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many of which are from non-journal sources and of lower scientific impact (27). For this reason,
we employed a stepwise search strategy as follows:

1 We first searched Google Scholar using theterm:me asur * AND (" popul at i
"popul ation healt hlyewagl nWedhentddiplicpedapyu | at i on
records that had previously been screened in the first round of review.

9 Finally, we screened the de-deduplicated abstracts in sequential batches of 50. If there
were at least 5 results eligible for inclusion (10% hit rate), we continued on to screen the
next “batch” of results. If the number of studies eligible for inclusion fell below 5, we

terminated the screening process.

Following abstract screening, we searched the reference lists of eligible papers to identify
additional studies for inclusion.

| ncl usi on and .eWedntludesl iallb English-langubge, pderaeviewed articles
published after January 1, 2000, that either 1) identified themselves as developing a novel measure
of population aging or 2) implemented comparisons of novel measures against traditional
measures. Grey literature from book chapters and working papers from large think tanks, NGOs,
or government agencies were also eligible for inclusion. We excluded non-peer-reviewed
commentaries, letters, and conference proceedings. We also excluded papers which discussed
novel measures of aging at the individual level- these measures were the subject of a recent review
by Lu and colleagues and are discussed in the context of population aging towards the end of this
paper (15). Finally, we excluded any papers that characterized aging at the population level or used

population aging as an exposure or outcome variable, but did not relate directlytotheme a s ur e me nt
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of population aging (e.g., studies of the spatial distribution of population aging in a geographic
region, or studies on population aging as a driver of economic outcomes).

Dat a e x.tWe extradted therfollowing identifying characteristics from all eligible studies:
title, first author, publication year, journal. We then extracted the following characteristics relevant
to the measurement of population aging: name of measure (if given), stated contribution to
literature on population aging measurement, domains of aging covered or included (e.g.,
chronological age, health status, population age structure, etc.), and all statistical formulae. Finally,
we extracted the following characteristics relevant to the study of public health: whether the
measure provided a direct measure of health status, whether the measure can identify latent (i.e.,
pre-clinical) health decrements, and data availability in nationally representative population
surveys or other data sources. Abstract screening, full-text review, and data extraction was
conducted by GHG.

Resul ts

We identified 37 articles meeting all prespecified inclusion criteria (PRISMA flow diagram
presented in F i g u)r Qf theke, 23 developed a novel measure of population aging, while 14
conducted some applied comparison of one or more of new measures against conventional indices.
Archetypes of novel plaepavel papulatian agin@gngdsuncgidemifeied s ur e s .
in our review generally fell into three broad categories. We refer to these categories as measure
archetypes, described below. The distribution of novel measures by archetype and publication year

is shownin F i g u.RA Brief2&ummary of each measure is provided in T a b I; dtailregarding

the calculation of each measure are availableinthe Sup pl ement al Materi al

Char ac tbearsiesdt i médas28 fioeclspopulation aging measures were based on the

characteristics approach as articulated by Sanderson and Scherbov. The intuition behind this
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approach was first set out by Ryder (1975), who noted that "to the extent that our concern with age
is what it signifies about the deterioration and dependence, it would seem sensible to consider the
measurement of age not in terms of years elapsed since birth but rather in terms number of years
remaining until death..." (12) Put another way, a measure of "age" is only as meaningful as what
it signals about the underlying physical, social, or psychological dimensions that accompany it —
mortality risk, for example. Sanderson and Scherbov's early work thus focused on a measure they
termed "prospective age", based precisely on the idea that comparing people's aging status based
on their remaining life expectancy would be more informative than comparing them based on their
chronological age (24). For example, we might set the p r 0 S p ege df & poulation as the
c h r o n o hge ay whclartmaining life expectancy is 65. Under this framework, Country A
might have an average chronological age of 70 and a prospective age of 65, while Country B has
an average chronological age of 70 but a prospective age of 85. In this case, Country B is “younger”
than Country A despite having the same average chronological age! Intuitively, this indicates that
populations are getting “younger” (in terms of the remaining life expectancy), even as they become
chronologically older. Interestingly, a researcher at NBER named John Shoven developed an
almost identical approach in 2007, comparing results obtained by indexing both remaining life
expectancy and mortality risk; we include this paper in our review to acknowledge its genesis in a
separate and independent program of research (28). A visual comparison of traditional population
aging measures and their “characteristics” counterparts is provided in F i g u foeillusrative
purposes (drawn from Scherbov and Sanderson 2013).

Sanderson and Scherbov's first piece of work then led to the development of a broader
approach to population aging measurement, which the authors termed the "characteristics

approach" (14). The fundamental principle was the same: "alpha-ages" (the more generalized form
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of prospective age) could be calculated for any attribute relevant to the study of population aging.
Instead of indexing to remaining life expectancy, for example, one might index to mortality risk,
percentage of time lived in good health, or even mean cognitive test scores. Following this
breakthrough, a swath of population aging measures began to emerge- both from the authors
themselves, and from other scholars. One class of novel characteristics-based measures simply
selects different index characteristics as measures of population aging that are of particular
relevance to their field of study (e.g., word recall, grip strength, mean cognitive test scores,
remaining disability-free life expectancy, age-related disease burden) (29-34). Other measures
seek to extend the characteristics approach. One approach is to combine multiple characteristics
or by scaling the characteristics-based measures by some other factor (e.g., the exceptionality of
reaching the age where remaining life expectancy equals 15) (35-37). Another is to modify the
denominator of characteristics-based dependency ratios- for example, by adjusting the supporting
population to reflect working status or educational attainment among those of working age (38,39).
The subgroup of measures that proposes to modify the denominator of dependency ratios will be
considered in the Discussion section.

Empirical i hnovations i n Aiothee class bfuaging meaasfires

identified in the course of our review (n=4) was less concerned with selecting indicators that best
capture the changing “meaning” of age over time, and more concerned with how to best summarize
the chronological age distribution of the population in a single measure. These measures can in
turn be classified into two groups.

The first group of measures follow what we call an “axiomatic approach” to the measure
of population aging. They share a common intellectual predecessor in the seminal work of Chu

(1997), who first raised concerns about the insensitivity of the aging index (i.e., proportion of
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people over 65), which is based on a singular age cutoff (13). These concerns drew from criticism
of head count ratios by economist Amartya Sen in studies of poverty: summary measures based on
binary cutoffs cannot account for differences in the distribution of a given characteristicw i t thei n
groups defined (40). For example, he notes, “a 15% head count ratio (over 65) may correspond to
either a population with 15% of people mostly in the range 65—69 or a population with 15% mostly
in the range 75-79... any change in the age density within the right tail cannot affect the head count
aging index.” As summarized by Nath and Islam, Chu thus lays out three modified axioms of
population aging measures that are more responsive to age-distribution dynamics among the “old”,
based on the work of Foster, Green, and Thorbecke in poverty measurement (13,41,42): the
monotonicity axiom (“an increase in age of a person older than the critical age must increase the
aging [index]”), the transfer axiom (“a pure transfer of age from a person older than the critical
age to anyone younger must reduce the aging [index]”), and the transfer sensitivity axiom (“if a
transfer t > 0 of age takes place from an aged person aged ® to another aged person aged @
‘Q 'Q 711, then the magnitude of the reduction in the aging index must be smaller for smaller
values of 3°). Two papers in our review develop new measures to satisfy these axioms. Nath and
Islam (2009) develop the “aged-young age gap aging index” and the “aged-young distribution
sensitive aging index” (41). Following Chu’s empirical work, which weights the traditional aging
index based on the distribution of the aged population (with heavier weights on older individuals),
the authors then apply this weighting to the distribution of young people (the youngest-young) and
recalculating the traditional aging index (proportion old) by weighting both the numerator (by
oldest-old) and the denominator (by youngest-young). Separately, Cameron (2023) lays out a more
colloquial interpretation of axioms largely consistent with Chu’s earlier work (43). He then

proposes a new measure, root-mean-squared age, an easily interpretable measure that is sensitive
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to the age distribution of older persons without overly penalizing populations with extreme age
distributions.

We identify a second subgroup of measures using “endogenous age cutoffs”. The basic
intuition underlying this approach is that the definition of being “old” in a population should
depend primarily on the age structure of the population itself- and more specifically, on one’s
relative position to others in the age distribution. D’ Albis and Collard’s approach first plots a curve
representing the relationship between the cumulative distribution of the population (on the x-axis)
against the total number of years lived in that same population (on the y-axis) (11). It then segments
this curve using a pre-determined number of cut points, creating an optimal grouping of age bands
within the population based on the best approximation of the original curve. Old age is defined as
the age at which the final cut point is set. While specific old-age cutoffs defined using this method
are obviously sensitive to the number of cut points chosen, it has been shown that the general
trends in the proportion of the elderly over time remain relatively stable across different
specifications of this parameter. In their original 2013 paper, d’Albis and Collard arrive at the
optimal grouping based on a recursive estimation technique. An extension to this method was
proposed by Paroli and colleagues in 2017 (44). In this paper, the authors introduce a multilevel
Bayesian dynamic model-based approach to provide country-specific endogenous age cutoffs.

Ot her m &ha fndl rclasssof novel measures identified in our review is a catch-all for

alternative measures of population aging that do not fit into either of the approaches outlines above
(n=5). Two of these measures might be classed as decomposition approaches to the conventional
old-age dependency ratio (OADR, defined as the total number of people over 65 in a population
divided by the number of people of working age). Muszynska (2014) decomposes the OADR into

two components: the old-age unhealthy dependency ratio and the old-age healthy dependency ratio
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(45). Like the characteristics approach, it appears that these two measures can shed light on the
changing meaning of chronological age over time- if members of a population are getting healthier
in older age, then the size of the old-age unhealthy dependency ratio will decrease relative to the
old-age healthy dependency ratio. The measure is distinguished, however, by the fact that it does
not change the chronological age at which people counted as old (unlike both the characteristics
and endogenous age cutoffs approach). Separately, Kye (2016) developed an alternative index,
called Weighted Education-Health Adjusted OADR (WEHA-OADR) (46). The authors’ intuition
behind this approach is two-fold. First, the burden older people place on the working population
is larger when they are in poorer health. Second, working-age people with higher educational
attainment contribute a greater amount of economic support relative to those with lower
educational attainment. The measure thus scales the traditional OADR based on both the health
status of the elderly and the education levels of those supporting them, with larger weights for
unhealthy older people (in the numerator) and for more-educated working-age people (in the
denominator).

Three measures remain. Two of these were concerned primarily with the measurement
properties of aging measures. Ediev (2011) develops a quantitative approach to adjust life
expectancy estimates originally based on period life tables (constructed using a synthetic cohort
approach) to more accurately measure the life expectancy of actual birth cohorts (47). Conversely,
Atkins (2016) develops a quadrant-based theoretical framework to jointly examine trends in
numerical aging (i.e., the absolute number of older people in a population) and structural aging
(i.e., the relative proportion of older people in a population) (48). Finally, we note a measure of
population aging as described by Sanderson and Scherbov in 2010, called the adult disability

dependency ratio (49). Rather than a characteristics-based approach, the authors simply calculate
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the proportion of adults 20 years of age or older with some form of physical disability (called the
adult disability dependency ratio). Time trends in this measure are presented along with the
traditional OADR and the prospective OADR. In this iteration, the authors consider the prevalence
of adult disability in a population to reflect broader processes of population aging, given the

association of between chronological age and the onset of physical disability.

Summary of |l iterature comparing novel.Wand

aimed to characterize available literature comparing novel and traditional measures of population
aging. Among the 14 eligible papers we identified, 13 compared characteristics-based measures
with chronological-age-based measures. 9 of these papers were published by the originators of the
characteristics approach, Sanderson and Scherbov, to underscore how chronological age measures
overstated the extent of population aging relative to measures based on remaining life expectancy
(50-58). Four papers were published by other authors but applied some characteristics-based
measure and reached similar conclusions (59-62). Finally, one paper applied the weighted
education-health adjusted old-age dependency ratio (WEHA-OADR) in a new population (63).
Consistent with other characteristics-based studies, the authors found that adjusting for
improvements in elderly health and higher educational attainment among those in working-age
birth cohorts showed slower trends in population aging than observed when using the conventional
OADR.

Study | i.Weiadknawleiddgo limftations. Our review was limited to papers with the explicit
aim of characterizing measures of population aging. Developing an appropriate search strategy for
novel population aging measures resulted in challenging tradeoffs between the comprehensiveness
of our search and sifting through an extremely high proportion of unrelated literature. Ultimately,

we depended on authors’ descriptions of their own work as measuring aging at the population
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level. This may have resulted in over-capture of some measures and under-capture of others. For
example, some of the measures of population aging we reviewed examined aging burden or aging
dependency- these papers would not have been included in our analysis had they not interpreted
aging burden as a measure of population aging itself. Conversely, there may have been some
studies that examined individual-level aging measures in a nationally representative sample or
using population registry data- these would not be captured as measures of population aging based
on our inclusion and exclusion criteria. To the extent that our review captured a range of novel
population aging measures, as well as general approaches to population aging measurement in the
literature to date, this work presents suggestions and research directions for the development and
use of novel population aging measures.
Di scuamsd o@Qoncl usi on

We conducted a systematic review to identify developments in the measurement of
population aging since 2000. We identified 23 new measures and grouped them according to
theoretical approach: characteristics-based measures based on the approach of Sanderson and
Scherbov, advances in the measurement of structural aging in the traditions of Chu (1998) and
d’Albis and Collard (2013), and other independently developed approaches. Broadly, we also
found that there are important differences in how aging is conceptualized across and even within
different categories of measures. We raise some of these considerations below.
| ndi vi dual alnedv eplo pduol maatiinosn of agi ng

Defining agi PVilesignificantredearch andlpol@yl atsention has been paid to the

problem of aging populations and aging individuals, there remains significant debate as to how
aging itself is actually defined (21,64). Efforts to characterize the various dimensions of individual

aging — e.g., social engagement, physiological integrity, and working capacity — have been the
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subject of great interest across academic disciplines (15—17). What became apparent in our review
was that the constructs of aging being measured, and the individual-level variables from which
group-level summaries were derived - varied significantly across measures. The lack of a universal
definition of aging at the individual level is not problematic in itself: in fact, the salience of the
characteristics approach is precisely that that it does N Oattempt to adjudicate what aging is or how
it should be measured. It is therefore relevant to, and can be applied across, virtually any aging-
related construct of interest across different fields of study.

However, we advocate for clear and explicit connections between measures and target
constructs when developing novel aging measures at both individual and population levels. In our
review, for example, we found that cognitive scores were used in developing several different
characteristics-based measures of population aging. One of these measures describes cognition as
a proxy for aging as defined by individual capacity for workplace participation (29). A second
measure refers to cognition as a proxy for human capital (36). Yet a third uses cognitive test scores
as a proxy for age-related health and mortality risk (31). It is possible that cognitive test scores are
provide valuable information in each of these domains. But clearer articulation of the link between
the variables used in each measure and the constructs they aim to capture are essential to
comparative use, evaluation, and interpretation.

Similarly, several measures we reviewed appeared to measure aging-related outcomes in a
single body system (e.g., cognition, hand-grip strength). Researchers using these measures should
be especially careful to explain whether their measure purports to measure some latent construct
of overall aging. If not, more precise nomenclature such as “brain age” or “musculoskeletal-
capacity age” may be advisable. If so, justification of how this single measure can represent

represents whole-system aging processes needs to be clarified. For example, Sanderson and
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Scherbov clarify that hand-grip strength may be a useful measure of aging because of its strong
association with mortality risk, which has previously been characterized as a critical dimension of
aging (65).

Defining adgi nWenoteapargld peed Foaptedisionnnshow we define and present

measures of aging at the population level. In particular, we call attention to the difference between
numeric and structural aging. Broadly, numeric aging simply counts the number of older people in
a population, while structural aging examines the relative size of these older cohorts to other
population groups (48). For example, endogenous age cutoffs can be used to redefine how older
people are counted. Counting the number of older people according to this new definition of "being
aged" would provide a measure of numerical aging. Placing this number in the context of some
denominator (e.g., the number of working-age people) would provide a measure of structural
aging. Perhaps because of the relative ease with which numeric measures of aging can be
transformed into structural measures, the novel measures we examined in this review often
neglected to articulate this distinction.

An immediate problem arising from this slippage in linguistic precision has been the
conflation of population aging and population aging burden. Population aging exclusively
describes members of the population considered aged. Conversely, population aging burden is also
shaped by the characteristics of non-aged persons. Several measures in our review redefined not
only "who is aged" but "who is young" and "who is working." Spijker's work modifies the
traditional dependency ratio by counting the actual number of people who are employed, rather
than all those eligible to work (i.e., all those of working age) (38,39). Kye's approach weights the
dependency ratio by the educational attainment of working-age persons (46). Nath and Islam

modify the traditional aging index and extend Chu's earlier work by weighting the oldest-old (in
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the numerator) and youngest-young (in the denominator) more heavily relative to individuals
closer to the center of the population distribution (41). Novel measures of structural aging should
take care to specify whether their approach affects the measurement of aged persons, of young or

working-age persons (or any other referent population group), or both.

Rel evance and suitability of novel popul ati on

A longstanding focus on the societal burden of aging has perhaps diverted attention from broader
questions about aging itself as public health outcome. Much of the literature to date conceives of
population aging as an inevitable, exogenous process to which policy responses must be
formulated. We now turn to the question of how to measure population aging in the context of
public health research. In non-health-related fields, aging is often perceived as an exogenous
process to which policy responses must be formulated. In contrast, public health researchers and
practitioners must also be motivated by the question of how people age- and correspondingly, have
a unique opportunity to treat unhealthy aging processes — accelerated physiological aging, for
example — as a target for intervention.

As might be expected, the measures we reviewed differed in the extent to which they did
or did not measure aging-related health status- and in the extent to which this was a stated goal of
the measure being developed. The four measures categorized as empirical innovations in the study
of chronological aging did not measure aging-related health status (11,41,43,44). Conversely, the
13 characteristics-based measures we reviewed were all indexed to outcomes that measure health
status at the population level - both directly or indirectly (e.g., hand-grip strength, remaining life
expectancy)- consistent with their desire to capture the “true” meaning of aging. Three measures
in the “Other” category of aging measures were based on measures of aging-related health status,

while two were not. We therefore suggest that health-related domains be more clearly specified in
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the development and introduction of new population aging measures. A summary of the extent to
which the measures in our review reflect health-related aging outcomes, and the domains of aging
that they capture, is providledinTa b . e 1

Data availability i n n o.Hestoricafyprgsaarthastintemsted i@ g i n g
monitoring population aging trends have thus been limited by data availability, relying on routinely
collected statistics such as life expectancy or estimates of population disease burden. The measures
reviewed in this study varied in the availability of data inputs at the population level, reflecting
this particular research challenge. Out of 23 measures reviewed, 11 used “high-availability” data
— either national life tables or age-specific population counts. One measure used “moderately-
available” data — in this instance, national disability rates. Finally, 10 measures used “low-
availability” data, which are based on aggregating individual-level survey data. These data are
considered low availability because of the cost and resource-intensity of conducting population-
representative surveys that include health measures (including aging-related health measures).
Unfortunately, these same measures are also of greatest relevance to health researchers; “low-
availability” survey data are often the only way to obtain direct measures of aging-related health
status.

New directions for populatidrevadgi mg omks &&r c Hd
recent development of a large, multi-country network of longitudinal aging surveys, and the
collection of biological parameters within these surveys, may present new opportunities in the
development of population aging measures based on individual-level data (23). For example,
efforts have been made to quantify aging-related decrements in physiological integrity at the
cellular and molecular level — termed “biological aging” — using biomarker data from multiple

biological substrates (59,66—68). The development of these measures is motivated by research on
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the biological basis of aging within the nascent field of geroscience: in brief, evidence from animal
and human studies has provided evidence that aging originates at the molecular and cellular level,
characterized by “hallmarks” mitochondrial dysfunction, dysregulated nutrient sensing, epigenetic
alterations, and dysregulated proteostasis (17,69). Together, these decrements eventually results in
the accumulation of physiological damage across multiple body systems that occurs with
advancing chronological age, mediating aging-related disease and disability (16).

Like many of the measures included in our review, biological aging measures aim to
measure the latent construct of age-related physiological integrity. They may also be well-suited
to population-level applications. Previous work has shown that many of these measures are
sensitive to a range of social and environmental exposures, predictive of morbidity and mortality
in diverse populations, and can identify pre-clinical health risk as early as young adulthood; several
of these measures use data available from routine blood chemistry tests, which are increasingly
collected in large-scale population health surveys (23,66,70-78). While there is no gold standard
of biological aging (66,79), the most widely-adopted measures to date use machine learning
methods to integrate information across multiple clinical parameters collected from blood-
chemistry and DNA-methylation data (66,79-82). Algorithms incorporating these parameters are
first trained on some aging-related outcomes (e.g., chronological age, mortality risk, longitudinal
rate of physiological decline). They can then be applied in new cohorts: “biological age” is
assigned as the chronological age at which an individual’s predicted value on some aging-related
parameter is approximately normal in the original reference sample on which the algorithm was
trained.

Biological aging measures can thus be interpreted as an application of Sanderson and

Scherbov’s “characteristics age” framework. Characteristics-based ages are developed by indexing
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some population characteristic (e.g., remaining life expectancy, mortality risk, functional
limitation scores) to the chronological age at which that characteristic was observed in a reference
population. Similarly, one’s “biological age” are indexed to the chronological age at which a
participant’s physiology would be approximately normal in the original sample on whom the
biological-aging algorithm was originally trained.

The development of these novel measures also suggests several new directions for
population aging research. First, it implies that the study of aging need not be restricted to the
study of “aged” persons. While the proximity of these molecular processes to observable health
decrements increases with advancing chronological age, young adults are subject to the same
underlying processes as people of retirement age and older (83). Aging processes might therefore
be studied across entire adult populations as an early indicator of population aging trajectories
across a wide range of birth cohorts. Second, to the extent that we can measure pre-clinical declines
in physiological integrity, biological aging measures also provide a means through which to
evaluate the impacts of population-level exposures and interventions. Applying biological aging
measures at the population level thus represents an important contribution in providing early
readouts of population aging trajectories at timescales appropriate for intervention.

We conducted a review of existing population aging measures developed since 2000, and
identified three primary archetypes to characterize these measures. Based on these findings, we
suggested that researchers developing novel measures of population aging provide clear guidance
to readers on two fronts: first, the underlying domains and aging constructs that they aim to capture
within their measure, and second, whether their measure captures numerical or structural
population aging processes. Finally, we propose bridging the gap between individual-level and

population-level aging measurement. In particular, measurements of aging that make use of
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biomarker data have the potential to differentiate aging trajectories at younger ages. This more
complete and earlier capture of population aging trajectories has several implications for
researchers and policymakers. First, it will provide a means to plan policy responses to population
aging at earlier timescales. Second, to the extent that there are now interventions being studied to
prevent or intervene upon unhealthy aging trajectories, and to the extent that these interventions
can be applied at the population level, biomarker-based measures can provide early readouts of
long-term intervention efficacy (70,72,84—86). Our hope is that this work will underscore the
potential of these measures and hasten their application to the study of population health, especially

in light of rapidly increasing rates of biomarker data collection in global population aging surveys
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Tables and Figures

Figure 1. PRI SMA f | ow diTaegtwosstap idéntifications progesksy i n c |
included a targeted, field-specific search strategy in two academic databases, supplemented by a

stepwise full-text search strategy using Google Scholar. A total of 319 records were reviewed for

inclusion; 37 of these (12%) were included in the final review.
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Figure 2. Novel popul ation measufMeSfgueshows year
the year of publication for all 23 novel population aging measures included in our review. Each
dot represents one publication; dots are color-coded based on defined archetypes. Blue dots
indicate measures that are compatible with the characteristics approach by Sanderson and
Scherbov: dark blue dots indicate measures based on ‘“characteristics” in Sanderson and
Scherbov’s original work (remaining life expectancy, mortality risk, life-course ratio), medium
blue dots indicate measures based on alternative “characteristics” (e.g. hand-grip strength,
cognition), and light blue dots indicate measures that develop an extension to the original
characteristics approach. Green dots indicate measures based on developing statistical methods to
better measure structural aging, according to the axioms laid out by Chu (1998). Orange dots

indicate other measures developed independently from these two dominant paradigms.
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Figure 3. Comparison of chavedtp omal atain@dn caairr

The figure combines four plots presented in Scherbov and Sanderson 2016. Each plot depicts time
trends (1955-2055) in a different measure of population aging in nine different countries.
Conventional aging measures are presented on the left in panels (a) and (c), depicting the
proportion of the population aged 65+ and the old-age dependency ratio, respectively. The
characteristics-based counterparts to these measures are shown on the right in panels (b) and (d),
depicting the proportion of the population with a remaining life expectancy of less than 15 years,
and the prospective old-age dependency ratio, respectively. Visual comparison of results reveals

that the observed rate of population aging is dependent on which measure is used: almost
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universally, conventional measures appear to show more rapid population aging than

characteristics-based measures.
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T a b | Selectkd.examples of conventional population aging measures, based on Sanderson and Scherbov 2013.

Measures Definition and For mul a

Cutoff value at which half of the population is
Median age chronologically older than the selected value and half of
the population is younger than the selected value.
NN Qi | € &8 'PIUQH E NG WO QE €
0 & OnGgEan 6 & WO Q¢ &
. NN Qi | €& PIUQH ENOG G WO QE €
Old-Age Dependency Ratio MR Q1 (& DE 1 QRIODAE N6 & 0o E
NN Qi | €8 @IMH ENO (‘J(d%(‘)"Qé €
MM Q1 [ 68 QEUOHE N6 a 0o DE ¢

Proportion of the population over 65

Aging index

Tabl e 2. Summary of novel Thnseudis mduédedin onrfrevigwarp surhnarizad below. Bhe drigingl .
publications introducing each measure are bolded; non-bolded publication references indicate applications comparing the new measure

against conventional measures of population aging.

First aut|Measure nGeneral approach|{Measurement|Dat a

publicati|specified status? (aglavail ab
construct (s
di mension(s

Char ac tbearsiesdt iacpspr oac hes

Sander s on|Prospective age Characteristics-based approach Yes- indirect (mortality High- relies on
(24); Sanderson (also called indexed to remaining life expectancy | risk) life table data
2007 (50); Lutz standardized of 15 years (RLE15)

2008a,b (51,52); median age)
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Mamolo 2009 (53);
Cuaresma 2014 (61);
Sanderson 2015a,b
(54,55); Scherbov
2016 (56);
Sanderson 2017
(57); Gietel-Basten
2020 (60);
Sanderson 2020
(58); Skirbekk 2022
(62)

Shoven2820

n/a

Characteristics-based approach
examining remaining life expectancy
(RLE) and mortality risk

Yes- indirect (mortality
risk)

High- relies on
life table data

SKir be k9

Cognition-adjusted
dependency ratio
(CADR)

Characteristics-based approach
indexed to mean cognitive test score

Yes- direct
(functional/human
capital)

Low*- relies on
aggregating
individual-level
data

Spij ke(®9) 2| RealElderly Characteristics-based approach Yes- indirect High- relies on
Dependency Ratio | indexed to remaining life expectancy | (functional/human life table data
(REDR) of 15 years (RLE15), modifies capital, mortality risk) and
denominator to reflect number of employment
people in paid employment rates
Sander son|| -ages Formal articulation of characteristics | Characteristic-dependent | Variable-
(14) approach, indexing to some variable (non-specific) depends on
relevant to study of population aging characteristic
chosen
Sander sonjn/a Characteristics-based approach Yes- direct Low*- relies on
(30) indexed to hand-grip strength (physiological) aggregating
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individual-level
data

Bor don €31)2 | “Age gain” Characteristics-based approach Yes- direct Low*- relies on
indexed to cognitive test score (functional/human aggregating
capital) individual-level
data
Sander sonjn/a Characteristics-based approach Yes- direct Low*- relies on
(35) indexed to upper- and lower-body (physiological) aggregating

strength (calculated separately, then
averaged)

individual-level
data

Demur u @320

Health-adjusted

Characteristics-based approach

Yes- indirect

Low*- relies on

prospective age indexed to limitation-free life (functional/human aggregating
expectancy and healthy life capital) individual-level
expectancy (both self-reported) data
Sudhar s an|Functional age Characteristics-based approach Yes- direct Low*- relies on
(33) indexed to prevalence of ADL (functional/human aggregating
disability capital) individual-level
data
Chang (32)0 1| Aging-related Characteristics-based approach Yes- direct Moderate- relies
disease burden indexed to sum of age-related DALYs | (functional/human on population-
in population capital) level disability
rates
Bal ac hand|Multidimensional | Characteristics-based approach Yes- direct Low*- some
(36); Kundu 2022 Old Age Threshold | indexed to exceptionality-adjusted (functional/human characteristics
(59) (MOAT) RLE (see CPOAT), human capital capital, mortality risk) rely on
(cognition), health (ADLs); MOAT aggregating

calculated as average of all
characteristic-based OATs

individual-level
data
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Bal ac han d|Comparative Characteristics-based approach Yes- indirect (mortality High- relies on
(37) Prospective Old indexed to adjusted RLE measure that | risk) life table data
Age Threshold adjusts for exceptionalism of reaching
(CPOAT) prospective old-age threshold (as
measured by adult survival ratio).
Spi j k eB8) 2| Healthcare Need Characteristics-based approach Yes- indirect High- relies on
Adjusted Real indexed to remaining life expectancy | (functional/human life table data
Elderly of 15 years (RLE15) and time to death | capital, mortality risk) and
Dependency Ratio | of less than 5 years (TTD<5); also employment
(HC-REDR) modifies denominator to reflect rates
number of people in paid employment
Empirical i nnovations to the study of chronological a/{
Nat h (219 0 9| Aged-young age Modifies traditional aging index by Yes- indirect High- relies on
gap aging index; weighting traditional OADR more (functional/human life table data
Aged-young heavily based on proportion of oldest- | capital)
distribution old and youngest-young
sensitive aging
index
D’ Al bi @1) 2| Endogenous old- Definition of old age based on finding | No High- relies on
age threshold best approximation of Lorenz curve chronological
(CDF of total lived years vs. CDF of age structure of
total population) for given number of population
age groups
Par ol i(44)2 0| n/a Parametric extension of d'Albis and No High- relies on

Collard approach using multilevel
Bayesian dynamic models

chronological
age structure of
population
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Ca mer o n#43R | Root Mean Squared | Interpretable, single-measure No High- relies on
Age (RMSA) summary of population aging that is chronological
sensitive to the age distribution of age structure of
older persons population
Ot her measures
Sander s o n | AdultDisability Defines aging as the presence of Yes- direct Low*- relies on
(49) Dependency Ratio | disability; calculates ADDR as the (functional/human aggregating
(ADDR) ratio of adults at least 20 years old capital) individual-level
with and without disabilities. data, although
alternative data
sources using
aggregate
disability rates
may also be
appropriate
Edi ev@dB01l|n/a Mathematical adjustment of period No High- relies on
life table to more accurately depict life table data
true birth cohort life expectancy;
adjusts for duration of exposure to a
given mortality rate
Muszynskaj|n/a Decomposition of old-age dependency | Yes- direct (general Low*- relies on
(45) ratio into two components: the old-age | health) aggregating
healthy dependency ratio (HODR) and individual-level
the old-age unhealthy dependency data
ratio (UnHODR)
Ky e 246)1Xme | Weighted Alternative to traditional aging index | Yes- direct (general Low*- relies on
2022 (63) Education-Health that implements weighting to account | health, although author aggregating
Adjusted OADR for health of older persons (as notes that other measures | individual-level

(WEHA-OADR)

of health covering other

data
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ChaptSairppd ement al Materi al

In this section, we provide additional detail relevant to the calculation of novel population aging
measures included in our review. Measures are grouped according to the archetypes identified in
our review: Characteristics-based measures, empirical innovations in the study of chronological
age, and other approaches.

Charactkasedi msasures

14 of 23 novel population aging measures were based on the “characteristics” approach as first
articulated by Sanderson and Scherbov in their 2013 paper in Population and Development
Review. In brief, this approach accounts for the changing meaning of age over time by indexing
the meaning of “age” to the age-related distribution of some characteristic in a reference
population. Formally, the authors express the characteristics approach as follows:

1 First, we let 0 | be the distribution of some characteristic I relevant to the study of
population aging, defined at chronological age| (e.g. hand-grip strength, cognitive score,
remaining life expectancy). 0 | must be continuous and monotonic in | ; that is, the
relationship between age and the characteristic must be unidirectional.

0 NB:0 | istherefore the reference distribution to which| -ages (calculated in new
populations with different distributions of characteristic Il ) are indexed.

1 We then invert © | to obtain the distribution of chronological ages associated with a
particular value of characteristic Il attime 6, 6 |l

1 Finally, we define | -ages as the chronological age associated with a particular value of

characteristic Il attime O by| 5 o0 |

These| -ages can then be used to calculate summary measures of population aging. One approach

is to simply calculate the mean | -ages among persons of a given chronological age in the
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population. For example, we might define 0 | as the distribution of hand-grip strength in some
index population- say, Manhattan in 2000. We might then say that 60-year-olds in Manhattan in
2015 have an average| -age of 57, meaning that their average performance on hand-grip strength
tests was similar to that of the average 57-year-old in the 2000 sample. Another approach is to use
| -age thresholds in calculating “old age” indicators (termed | OADRs by Sanderson and
Scherbov). For example, we might define old age as the chronological age at which remaining life
expectancy in a given population is 15 years. In population A, remaining life expectancy could be
15 years at age 70. In population B, remaining life expectancy could be 15 years at age 62. The
proportion of “aged” persons in the population would then be the proportion of people aged 70
and older in population A, and the proportion of people aged 62 and older in population B.

It is now clear that| -ages are defined by two key data points: first, the characteristic of interest,
and second, the index (reference) population. Below, we summarize different characteristics used

in the calculation of| -ages across the measures included in our review.

First authCharacterist|{Other notes

publicatio

Sanderson 2005 Remaining Life Expectancy | -

Shoven 2007 Mortality Risk -

Skirbekk 2012 Cognitive test score -

(immediate word recall
score)

Spijker 2013 Remaining life expectancy | Modifies the denominator of
Sanderson’s| OADR to reflect the
number of people in paid
employment

Sanderson 2013 Non-specific Paper sets out a generalized
approach to characteristics-based
ages

Sanderson 2014 Hand-grip strength -

Bordone 2015 Cognitive test score Uses regression-based approach to
calculation of change (3| -age) over
time, an approach that allows for
confounder adjustment (in this case,
age, sex, and education)
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Sanderson 2016 Upper-body strength; lower- | Composite| -age calculated by
body strength averaging individual | -ages
calculated separately for each
characteristic
Demuru 2016 Self-reported prediction of | -
limitation-free life
expectancy; Self-reported
prediction of healthy life
expectancy
Sudharsanan 2018 Presence of ADL disability | -
Chang 2019 Age-related DALY's -
Balachandran 2019; Human capital (cognitive Composite| -age calculated by
Kundu 2022 test score); Health (ADLs); | averaging individual | -ages
remaining life expectancy calculated separately for each
characteristic
Balachandran 2020 Remaining life expectancy, | -
adjusted for exceptionality
of reaching| -old-age-
threshold
Spijker 2023 Remaining life expectancy, | Modifies the denominator of

mortality risk Sanderson’s| OADR to reflect the
actual number of people in paid
employment
Empirical i nnovations in the

study

Another class of aging measures, represented in 4 studies, was less concerned with selecting

indicators that best capture the changing “meaning” of age over time, and more concerned with

how to best summarize the chronological age distribution of the population in a single measure.

Mathematical approaches to each measure are summarized below:

Nath and |

slam 2009 Journal of Popul ati on

The traditional aging index is defined as the ratio of old to young persons in a population, generally

defined by age cutoffs of 60 and 15, respectively:

[ Qi |@$Q@u§2nsnoaw%%]-é[e
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The problem with this measure is that it is insensitive to differences in distribution of persons aged
60+ or 15-. Nath and Islam address this issue by creating two new indices, the “aged-young age
gap aging index” and the “aged-young distribution sensitive aging index” which modify the
traditional Aging Index by weighting the oldest-old (in the numerator) and the youngest-young (in
the denominator) more heavily relative to “younger-old” and “older-young” persons.
Mathematically, Nath and Islam present a comparison of the conventional aging index, the aged-

young age gap aging index, and the aged-young distribution sensitive aging index as follows:
1 Conventional aging index: 00 — p T,TT

0 Where ‘O and “O represent the raw count of old-age persons and of young

persons, respectively
1 Aged-young age gap aging index: 00 — p T,TT

0 Where ‘O and O represent the w € i ¢ prdpcetidn of individuals older (or
younger) than critical old-age cutoff ¢ (or critical young-age cutoff w) by the
difference between @ (or &) and their corresponding ages.

1 Aged-young distribution sensitive aging index: 00 — p T

0 Where “O and "O represent a similar weighted sum as “O and "O, with
proportionally larger weights placed on persons at the extreme ends of the age

distribution

Cameron 2023 Journal of Population Research

Like Nath and Islam, Cameron is primarily concerned with the sensitivity of population aging
measures to the differences in distribution of persons above old-age cutoffs. Based on this concern,

a new measure called root-mean-squared age (RMSA) is proposed. The measure is sensitive to the
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age distribution of older persons without overly penalizing populations with extreme age
distributions, and is defined by the author as follows:
T YOYd t Qi
1 Where € is the number of population age groups, N} is the proportion of the population in
age group QW is the age of age group "Qn years.
0 NB: The RMSA uses an exponent value of 2 to allow for age sensitivity without
being overly responsive to extreme age distributions; this value can be changed

based on the desired degree of age sensitivity.

D6Al bis and Coll ard 2013 Demographic Research

D’Albis and Collard develop a novel, non-parametric approach to defining “old age” within a
population. The basic intuition underlying their approach is that the definition of being “old” in a
population should depend primarily on the age structure of the population itself- and more
specifically, on one’s relative position to others in the age distribution. Their approach can be
summarized in four steps:

9 First, we plot a curve representing the Lorenz curves of the initial and modified distributions
relationship between the cumulative distribution
of the population (on the x-axis) against the total
number of years lived in that same population
(on the y-axis). This creates the initial Lorenz
curve as shown in the figure, r i ¢Higtire 4,

Modified

D’ Albis and Collard 2013), Pl

o T2 T3
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1 Second, we define number of cutoft ages desired (empirically, the authors show that
properties of aging indicator is robust to number of groups chosen- the shares of each
group vary, but the overall trends observed do not)

1 Third, we choose optimal cutoff ages to minimize area between Lorenz curve and the
curve as defined by cutoff ages (example of modified curve shown in figure,a b o)v e

9 The last cutoff identified defines the endogenous old-age threshold. Based on this cutoff,
we can then derive other measures (e.g., the share of oldest group in the population and
elder-child ratio. We can observe population aging trends by defining age cutoffs over

several years.

Paroli and colleagues extend the work of d’Albis and Collard by introducing a parametric approach
using multilevel Bayesian dynamic models to provide country-specific endogenous age cutoffs
(random effects), while accounting for clustering based on welfare regime archetypes they identify
in a separate model. Details of this more complex model can be found in the original paper.

Ot her approaches

The final class of novel measures identified in our review is a catch-all for alternative measures of
population aging that do not fit into either of the approaches outlines above (n=5).

MuszyEka 2012 Population Ageing

In this paper, the author decomposes the OADR into two components: the old-age unhealthy
dependency ratio and the old-age healthy dependency ratio. Notably, these measures do not change
the chronological age at which people counted as old (unlike both the characteristics and
endogenous age cutoffs approaches). However, these new indicators d oallow differentiation

between traditionally “aged” people in good health and who might remain in the workforce, and
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those who are less likely to be able to work and also more likely to require economic and/or social
support.

The decomposition of the traditional OADR based on the number of healthy and unhealthy persons
aged 65+, as presented by Muszynska and colleagues, is shown below:

0 6 0Y0L 6 0YYE 00 6,0Y

h h

>

Kye 2016 Development and Society

Kye’s index, called the Weighted Education-Health Adjusted OADR (WEHA-OADR), is
motivated by two assumptions: first, the burden older people place on the working population is
larger when they are in poorer health. Second, working-age people with higher educational
attainment provide more support in economic terms compared to people with lower educational
attainment. In practice, the measure decomposes and then differentially weights different
components of the traditional old-age dependency ratio based on education and health status:

1 First, Kye specifies that the OADR can be decomposed into four distinct, additive

components:
o LOU —_—
o Lo —
o UO0U —
o LOU —

0 Where O represents the number of healthy older people, O represents the

number of unhealthy older people, W U  represents the number of working-age
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people without post-secondary education, and w U represents the number of
working-age people with post-secondary education.
9 To create a measure that can be compared against the conventional OADR, Kye proposes

that the measures can be weighted and combined as follows:

0 w000 UO0OY

0 Weights can be set empirically (e.g., by comparing health-care expenditures of
healthy vs. unhealthy people) or theoretically.
A NB: If social burden is insensitive to the health status of the elderly and
the social support levels are insensitive to the educational attainment of
working-age people, then WEHA-OADR is equal to the conventional

OADR.

Ediev 2011 Popul ation Ageing

Ediev’s approach to population is unique among other measures, and aims primarily to address
measurement problems related to the use of period life tables in the calculation of cohort-specific
life expectancy. Traditional methods to calculate cohort life expectancy are subject to some error,
as they do not account for the amount of time that they are exposed to period-specific birth-cohort
mortality rates. Ediev proposes a method to address the source of this error by aligning mortality-
rate-specific exposure periods for hypothetical birth cohorts (as in traditional life expectancy
calculations) with the exposure period of real birth cohorts, by applying a compression coefficient
to “transform” the rate of chronological aging in the hypothetical birth cohort. The author

formalizes this method as follows:
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1 In conventional period life table, compression of mortality exposure is given by

compression coefficient QaiP — where | «IP is the rate of increase for age

in period of observation 0
1 The compression coefficient is then applied to construct age y(x) in the exposure-adjusted
life table, which corresponds to age win the conventional life table.
0 A'Qayear change of age for wto @ 'Q ¢in the conventional mortality schedule
corresponds to a Q@ 'Q éyear change in the uncompressed schedule
1 To produce exposure-adjusted life expectancy at age wfor those already at that age, we
apply the age transformation'd @ G @ ® , where ‘T is the estimate of life

expectancy at each age G

At kins 2016 Australian Geographer

Atkins develops a quadrant-based theoretical framework to jointly examine trends in numerical
aging (i.e., changes in the absolute number of older people in a population) and structural aging
(changes in the relative proportion of older people in a population). The quadrant, shown b e 1,0 w
demonstrates four scenarios along two axes of increasing or decreasing structural and numerical
aging. “Dilution” refers to the scenario in which the number of older people in a population is
growing, but the proportion of older people is in fact shrinking. “Accumulation” refers to an
increase in both the number and concentration of older people in a population. “Decline” refers to
the absolute decrease in older people alongside a decrease in their share of the total population.
Finally, “concentration” refers to a scenario in which the absolute number of older people in the

population is declining, but their relative share of the population is increasing.
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Sanderson 2010 Science

Finally, we note a measure of population aging as described by Sanderson and Scherbov in 2010,
called the adult disability dependency ratio. Rather than a characteristics-based approach, the
authors simply calculate the proportion of adults at least 20 years old with some form of physical
disability (called the adult disability dependency ratio),

M Qi i @VQQ¢ ™ WNQI & OQA QO QQI

© C)OYI'Ir‘] Qi dRNQQC ™MW QA QI dwQda QO QA

Time trends in this measure are presented along with the traditional OADR and the prospective
OADR. In this iteration, the authors consider the prevalence of adult disability in a population to
reflect broader processes of population aging, given the association of between chronological age

and the onset of physical disability.
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ChapteEevaBuAg-PegiCodhort Trends in Biological

Popul at i200n1,8 1999
Abstract
U.S. life expectancy has stagnated and even decreased in some years since 2010, representing a
dubious form of American exceptionalism. “Deaths of despair” concentrated among White men
in young and middle adulthood were identified as a driver of early declines, with more recent
evidence showing rising mortality among Black men from these same causes. The COVID-19
pandemic has exacerbated these trends, with larger declines in life expectancy and slower post-
pandemic recovery trajectories in the United States relative to its high-income peers. These
observations may suggest broader underlying vulnerabilities in the American population, and
measures are needed which can adjudicate the meaning of life expectancy trends for health
trajectories in still-living people across all stages of the life course. Novel measures of biological
aging may be well-suited to the task, providing readouts of global physiological integrity decades
before the onset of disease and disability. We analyzed data from 29,487 Black participants and
White participants in the 1999-2018 waves of continuous NHANES to evaluate population aging
trajectories in the United States over the first two decades of the 21* century. Biological aging
was quantified using the PhenoAge algorithm. We conducted age-period-cohort (APC) analysis
using Bayesian Hierarchical APC models. Mean biological-age advancement rose over the study
period 1999-2018 across all race-sex subgroups. Formal APC decomposition revealed significant
period effects across all strata of race and sex, but no significant cohort effects. Our findings
suggest that greater attention to the non-fatal impacts of the Great Recession and opioid epidemic
may be warranted, especially among minoritized population groups who may experience

substantial but non-fatal health decrements stemming from these exposures.
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American excepti on aThe2'heenturnpwas chafacgerized bypapid, t an cy

global increases in human life expectancy (1,2). In the United States and other economically
developed countries, early gains were the result of medical advances and improvements in
sanitation, while gains in the latter half of the century were driven by improved survival among
people with chronic disease. However, these hard-won gains in population health and healthy
aging appear to be eroding in the United States, raising alarms among politicians, policymakers,
and the lay public alike (3—6). U.S. life expectancy has stagnated since 2010 (7-9). This
observation represents a dubious form of American exceptionalism: before the COVID-19
pandemic, life expectancy continued to increase over this same period in the vast majority of
high-GDP countries (10). And while all countries experienced precipitous declines in life
expectancy in the wake of the global coronavirus pandemic, early evidence suggests that post-
pandemic life expectancy trajectories are recovering more slowly in the United States relative to
its peers (10,11).

Since the initial observations of stagnating U.S. life expectancy in the mid-2010s,
considerable effort has been invested in answering key questions related to this phenomenon.
Which population groups, if any, are dying younger than before — any why? What do these shorter
lives mean for the g U a bfiAteyican life from birth to death? And most importantly, what can

be done to prevent or alleviate these impacts?

Chall enges amfdnti & mpltieftei wegxspreecrt casn ciyn r el at

heal t h Lif ¢xpedtancg is a commonly-used measure in public health with origins in the
field of demography (12). For a given birth cohort, life expectancy at birth represents the average

number of years one would expect to live, based on the age-specific mortality rates observed in

73

on



the population during the time interval that cohort was born (13,14). As a cross-sectional summary
of age-specific mortality risk, life expectancy thus tells us whether people in a defined population
are dying earlier or later compared to past periods. This is useful for within- and cross-population
comparisons, with life expectancy consistently demonstrating expected social gradients in health
(e.g., educational attainment, social class, racialized group membership, etc.) (7,15-17).
Longitudinal analyses and subgroup comparisons thus represent an important indicator of
demographic change.

However, life expectancy also has important limitations as an indicator of population
health. First and foremost, life expectancy is a measure of mortality: it captures the age at which
people die, rather than the health status of still-living persons. This has important implications for
the ways in which it can inform health policy. First, life expectancy does not capture non-fatal (but
potentially substantial) health impacts in still-living people. Those who contribute to the numerator
of this measure have died; it is only their still-living counterparts who can be targeted for
intervention. Second, relying solely on mortality-based measures will draw attention only the
immediate causes of death in a population, while ignoring long-term, chronic exposures whose
effects are often observed at longer time scales. Finally, life expectancy does not account for the
changing meaning of chronological age (i.e., time since birth) over time: it cannot account for the
health status of individuals at the time of death and in the period preceding.

The need for popul atcioonp | ke enadndtrht agnxa diu fceait eoer pse cttoa r
t r e.rEalg observations of stagnating life expectancy were driven by an increase in suicide,
overdose, and alcohol-related chronic disease mortality among White men in young and middle
adulthood (7,9). Following those observations, mortality from these same causes — termed “deaths

of despair” — also increased among non-Hispanic Black and Native American men, surpassing
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rates observed among White men in the first decade of the 21st century and suggesting broader
population impacts than initially observed (18-20). And while racial disparities in life expectancy
had narrowed slightly up to this point, they began to stabilize again before diverging dramatically
in the wake of the COVID-19 pandemic (21-23).

It is interesting to note that the concept of underlying health vulnerability has emerged as
a significant theme underlying recent narratives on American life expectancy- whether concerned
with long-term economic stagnation among working-class Americans or legacies of structural
racism underpinning increasing racial disparities during the COVID-19 pandemic. This elective
affinity for “vulnerability”-based explanations may reflect the intuitive observation that mortality
represents the extreme of a continuum of health impacts. Many conceptual frameworks of disease,
including accumulation models in life course epidemiology, the Adverse Childhood Experience
(ACEs) pyramid, and the weathering hypothesis of stress exposure, point to chains of risk
emanating from adverse exposures across the life course (24-26). These models point to a range
of intervening mechanisms, including disrupted neurodevelopment, chronic organ-system strain,
and the adoption of health risk behaviors, that lie on the pathway between harmful exposures and
their ultimate manifestation in premature disease, disability, and death. Despite the somewhat
stochastic nature of suicide, opioid, overdose, and even infectious disease mortality, observing
these events may indicate broader processes of health decline driven by the same fundamental
causes.

The benefits of life-expectancy-informed policies may spill over to population groups
whose need is not revealed in traditional life expectancy measures. However, overreliance on life
expectancy may lead us to overlook the importance of these health threats to population groups

who experience significant morbidity as a result of these same causes, or to ignore the threat posed
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by chronic exposures which do not have immediately fatal impacts — including many of the
structural factors thought to underlie racial disparities in COVID-19 outcomes such as pollution
exposure, occupational hazard, and access to primary care.

On the one hand, recently observed “deaths of despair” may represent the tip of an iceberg
signaling broad shifts in morbidity and mortality across the entire age distribution of a population.
The causes of these deaths, including mental health problems and substance use disorders, could
be compromising long-term health trajectories more broadly- even if fatal impacts are concentrated
among specific population groups (27,28). Because life expectancy relies on observing the
occurrence and timing of death, it cannot provide insight into the non-fatal impacts of social and
environmental conditions driving increased deaths of despair (14,29). If these impacts are equally
distributed across the population, then broad-based policies and interventions will be most
effective; if impacts are limited to specific age or demographic groups, then targeted interventions
will be most appropriate. Measures which can evaluate health trajectories across a wide range of
birth cohorts are needed to identify the populations at greatest risk for future disease and disability.
Bi ol ogical aging as an ear | yAgrowvidgbalpofevidenco f p o p
indicates that biological aging measures may be well-suited to monitoring population aging
trajectories, while addressing several of limitations of life expectancy measures. Biological aging
is a construct first introduced by the fields of geroscience and aging biology, and describes the
accumulation of physiological damage across multiple body systems that occurs with advancing
chronological age (30,31). Hallmarks of this process, as identified by Lopez-Otin and colleagues,
include genomic instability, telomere attrition, epigenetic alterations, loss of proteostasis,
deregulated nutrient-sensing, mitochondrial dysfunction, cellular senescence, stem cell

exhaustion, and altered intercellular communication (32). These decrements originate at the
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molecular level and are observable across multiple body systems, mediating the eventual
manifestations of age-related disease and disability (31,33). Quantifications of biological aging are
being developed in the nascent field of geroscience to assess these pre-clinical decrements as a
modifiable risk factor for aging-related health outcomes (34,35).

There are multiple mechanisms through which social and environmental factors might
impact biological aging trajectories. First, exposure to social stressors has been shown to trigger
endogenous processes that result in damage to cardiovascular and metabolic health. McEwen and
colleagues first introduced the concept of allostatic load in 1998: the overstimulation of neural,
neuroendocrine and neuroendocrine-immune systems resulting from frequent and sustained
exposure to stress (36). Geronimus and colleagues then applied this concept in their research on
“weathering”, demonstrating clear racial disparities in allostatic load- a measure of oxidative
stress-related aging processes (26,36-38). Since then, additional research has continued to
elaborate associations between psychosocial stress and accelerated aging (39-42). Second, aging-
related damage may occur as a result of exogenous exposure to environmental toxicants and
constraints that induce adverse health behaviors, including air pollution, socioeconomic status, and
neighborhood-level factors (43—46).

Recently-developed biological-aging algorithms are responsive to a wide range of these
exposures (47-50), and demonstrate several additional properties well-suited to the evaluation of
population health trajectories. For example, many of these measures are sensitive to a range of
social and environmental exposures, predictive of morbidity and mortality in diverse populations,
and can identify pre-clinical health risk as early as young adulthood; several of these measures use
data available from routine blood chemistry tests, which are increasingly collected in large-scale

population health surveys (42,48,49,51-58). While there is no gold standard of biological aging
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(51,59), the most widely-adopted measures to date use machine learning methods to integrate
information across multiple clinical parameters collected from blood-chemistry and DNA-
methylation data (51,59—62). Machine-learning methods are used to train these parameters on
some aging-related outcome (e.g., chronological age, mortality risk, longitudinal rate of
physiological decline) in a reference sample, after which they can be applied as outcome variables
in new datasets to test hypotheses.
St udlyj e .cAtaipapdation level, we might expect that — just as historical increases in life
expectancy have been mediated through gains in healthspan and decelerated aging (33,63,64) —
decreases in life expectancy signal broader health decrements related to aging-related
physiological decline (65). To explore the extent to which the causes of pre-pandemic declines in
U.S. life expectancy also impacted underlying health trajectories across population groups, we
analyzed national trends in population biological aging over the first two decades of the 21
century using data from the continuous NHANES (1999-2018).

A previous study observed changes in population aging between the NHANES III (1988-
1994) and 2007-2010 continuous NHANES cohorts (64). We extend this work in two key ways.
First, we extend the period over which population aging trends are analyzed, using data spanning
the first two decades of the 21% century (1999-2018). This allows for more granular observation
of population aging trajectories over the period when U.S. life expectancy began to stagnate and/or
decrease. Second, we investigate the extent to which time trends in biological aging were
attributable to age, period, and cohort effects using a formal age-period-cohort (APC)
decomposition method. By evaluating the extent to which these patterns diverged by racialized
group membership, we can determine whether accelerated biological aging trajectories are

concentrated in the demographic groups and birth cohorts with the highest mortality risk. Together
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with existing data on life expectancy trends, findings from this study can inform the development
of appropriately targeted and timely public health interventions.

Met hods

S a mp Daa were drawn from the National Health and Nutrition Examination Surveys
(NHANES), a collection of nationally-representative, cross-sectional health surveys of the
noninstitutionalized civilian U.S. population conducted since the 1960s and continuing through
the present day. Survey procedures have previously been described in detail (66—71). Briefly, the
aim of NHANES is to collect information about the distribution of major diseases affecting the
U.S. population, as well as risk factors for those diseases. NHANES interviews include a survey
component, a physical exam, and for a subset of participants, the collection of biospecimens
through a range of laboratory tests performed in Mobile Examination Centers (MEC). We used
data from participants in NHANES III (fielded 1988-1994) and the 1999-2018 waves of
continuous NHANES (fielded biennially) who provided blood samples during the MEC exam and
for whom measures of biological aging could be calculated. NHANES III data were used as the
reference sample on whom biological aging algorithms were trained, while continuous NHANES
data were used as the primary analytic sample. Biological aging measures were trained and
projected into all participants who provided blood-chemistry data; however, only participants
between ages 20-80 and who self-identified as Black or White were included in the analytic
sample. Sample sizes for participants of other races were insufficient for reliable estimation based
on cell counts in four-year age-by-period contingency tables.

Bi ol oapii mBRjdlogical aging is a construct which first originated from the fields of
geroscience and aging biology, describing the accumulation of physiological damage across

multiple body systems that occurs with advancing chronological age (30,31). The term biological
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aging is used in contrast to the related but distinct concept of "chronological age," which describes
the raw passage of time since birth. While there is no gold standard of biological aging (51,59),
the most widely-adopted measures to date use machine learning methods to integrate information
across multiple clinical parameters collected from blood-chemistry and DNA-methylation data
(51,59-62). Algorithms incorporating these parameters are first trained on some aging-related
outcome (e.g., chronological age, mortality risk, longitudinal rate of physiological decline). They
can then be applied in new cohorts: “biological age” is assigned as the chronological age at which
an individual’s predicted value on some aging-related parameter is approximately normal in the
original reference sample on which the algorithm was trained. These measures have been shown
in our own work and that of other investigators to be sensitive to a range of social and
environmental exposures, to predict morbidity and mortality in diverse populations, and have
received substantial attention in the research literature (42,48,49,51-56). Importantly, comparative
studies show clinical-lab-based measures of biological age to be equal or stronger predictors of
aging-related health deficits and mortality as compared with alternative approaches, such as DNA
methylation clocks (51).

The primary measure of biological aging used in this analysis was biological-age
advancement, as measured using the blood-chemistry PhenoAge algorithm (52). Following this
method, predicted biological age values represent the age at which a participant’s physiology-
predicted mortality risk would be approximately normal in the reference sample in whom the data
were originally trained. We followed the method originally proposed by Levine and colleagues to
train the PhenoAge algorithm in our sample (52). We first defined the universe of available
biomarkers collected in all waves of NHANES III and continuous NHANES. We assessed

potential batch effects in biomarker values across measurement waves and corrected for these
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effects for three biomarkers: alkaline phosphatase, albumin, and red cell distribution width.
Second, we selected a subset of these biomarkers as predictors for the PhenoAge algorithm by
running an elastic net regression model to identify parameters most strongly associated with
mortality risk. The 12 biomarkers selected using elastic net regression were: albumin, alkaline
phosphatase, creatinine, glucose, uric acid, HbAlc, lymphocyte %, mean cell volume, red cell
distribution width, white blood cell count, systolic BP, and pulse. PhenoAge values were then
projected into the analytic sample of continuous NHANES participants using the B i 0 Aagkege
(30) in the RStudio Integrated Development Environment (IDE) v2023.06.0.421 (72). Biological-
age advancement was defined as the difference between PhenoAge and chronological age (e.g., an
individual with a PhenoAge of 65 and a chronological age of 60 would have a biological-age
advancement, or accelerated aging, of 5 years). Details regarding the development of biological
aging measures for this analysis are availableinthe Met hApgdpendi x

Ag-Per i Cod o(rAP Cn a | ayCGhdnges in population health indicators over time may
reflect one or more distinct phenomena, formally described by the age-period-cohort (APC)
framework in life course epidemiology (24). A g éffects reflect changes in disease prevalence
attributable to changes in the age structure of the population. If certain health outcomes are
concentrated towards the end of life (or at any other developmental stage), then the prevalence of
these outcomes will increase as the proportion of aged persons in a population increases. Pe r i o d
effects describe changes in disease prevalence attributable to exposures that affect different age
bands relatively uniformly. Finally, ¢ 0 h effects result when a time-bounded exposure affects
one birth cohort to a greater extent than others. These mechanisms are not mutually exclusive: age,
period, and cohort effects may all be operative at any given time. Identifying age, period, and

cohort effects is of public health importance as the policy implications of observing period and
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cohort effects are markedly different: the former requires broad, population-level intervention,
while the latter requires targeted interventions in high-risk populations.

The classical APC identification problem arises from the perfect linear dependency of age,
period, and cohort; several methods have been developed to circumvent this issue (73—75). Here,
we followed a general approach to APC analysis as outlined by Yang and Land (73). We first
identified potential age, period, and cohort effects by identifying non-linearities in two-
dimensional age-by-period, age-by-cohort, and period-by-cohort graphs. We then compared
goodness-of-fit statistics for a fully specified three-factor model against all possible one-factor and
two-factor generalized linear models: three models testing age, period, and cohort effects
separately (0 0 O T I @ 7, where @ O ), and three models testing each possible
b5
O O

pair of the three effects 6 6 6 1 1 @ [ @ f,wherer} 8

).

We used Bayesian Hierarchical Age-Period Cohort (BHAPC) models to implement three-
factor decomposition of age, period, and cohort effects while accounting for survey weights. In
cases where individual-level, repeated cross-sectional survey data are available, Yang and Land
recommend the use of hierarchical models, where individual (level-1) age effects are nested within
higher-level (level-2) period and cohort effects. This technique has previously been described as
being compatible with Ryder’s sociological view of age, period, and cohort effects, whereby
individuals’ lives as being shaped by their environments, including the constraints and influences
of historical time and cohort membership (74,76). Because traditional multilevel models failed to
converge under our sample weighting strategy (described below), we fitted Bayesian hierarchical
models using weakly informative priors to achieve model convergence (77). Comparison of
successfully converged traditional multilevel models with Bayesian multilevel models yielded

virtually identical results. All Bayesian models were fitted using the r s t a packaga(78) in the

82



RStudio Integrated Development Environment (IDE) v1.3.1073 (72). We tested the level of
uncertainty around our estimates using 90% credible intervals.

Evaluating disparities i.@Guiddieepforbeat practicerin APG
models suggest constructing separate models for different population groups, rather than including
interaction terms within a larger model (75). We therefore repeated all analyses separately by race-
sex strata to identify differences in population aging trajectories by race and sex.

Sampl i ng. NMANESetmplogs a multistage probability sampling design across several
domains of key demographic characteristics (e.g., age, race, sex) to select survey participants that
can be weighted to provide population-representative estimates of the U.S. civilian non-
institutionalized population (69-71,79,80). There are several sampling weights provided in each
wave, corresponding to different survey subsamples; separate weights are calculated for the in-
home interview, the mobile examination, and for special components such as the environmental
chemicals subsample. Weights are constructed based on selection probabilities and non-response
rates, with post-stratification adjustment to the entire U.S. population. We used the Mobile
Examination Center (MEC) subsample weights provided by NHANES, corresponding to the
sample providing blood-chemistry measures needed to calculate biological-aging measures, to
generate population-representative effect-size estimates. The weights account for sampling
probabilities as well as potential non-representativeness introduced by survey non-response, and
have been used in previous applications of APC approaches in this sample (81,82). Sampling strata
and clusters were included as random effects and log-transformations of the sampling weights
were included as fixed effects in APC analysis (83-85).

Sensi aniavliytmyg s ur e me rotl o @oficrdg previously described, different

biological aging algorithms are trained on different aging-related constructs using different
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statistical approaches. We therefore repeated our analyses using an alternative measure of
biological aging, Homeostatic Dysregulation (56). Rather than training biomarkers on mortality
prediction, as with the PhenoAge method, the Homeostatic Dysregulation measure quantifies an
individual’s deviation (as measured using Mahalanobis distance) from the biomarker profile of a
young, healthy reference cohort. Consistency of findings across different algorithms builds
confidence in primary study findings.

Second, we tested whether APC effects identified in our primary analysis were robust to
specification using the full set of biomarkers used by Levine and colleagues in the original
PhenoAge measure, that were also available in all waves of NHANES (i.e., albumin, log
creatinine, HbAlc, lymphocyte %, mean cell volume, red cell distribution width, log alkaline
phosphatase, white blood cell count). The biomarkers used in our analysis were similar to those
originally used by Levine and colleagues in the development of the PhenoAge algorithm (52): both
measures included albumin, HbAlc, lymphocyte %, mean cell volume, red cell distribution width,
white blood cell count, creatinine, and alkaline phosphatase. Our measure also included glucose,
uric acid, systolic BP, and pulse, which were not present in the original PhenoAge algorithm. The
original PhenoAge algorithm also included a measure of C-reactive protein; we were not able to
include this biomarker in our analysis because it was not measured in the 2007 and 2009 waves of
continuous NHANES. However, two-dimensional graphical analysis of age, period, and cohort
trends using available data indicated that PhenoAge specifications using the biomarker set
originally used by Levine and colleagues were similar regardless of the inclusion of the C-reactive
protein biomarker.

Sensidniaviyadby er mmppir o @c hes t o WAfirther tated shé rgbssiness

of study findings to alternative specifications of our age-period-cohort model. First, we employed
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two alternative methods of age-period-cohort decomposition: the Intrinsic Estimator method and
the Median Polish procedure. Unlike the HAPC approach, both methods rely on the use of
aggregate data arranged in a two-dimensional age 3 period matrix. Sampling weights were
therefore applied by calculating weighted means for each cell in the age 3 period matrix. The
Intrinsic Estimator is a widely used application of constrained generalized linear models that
minimizes identification assumptions (86). Generally, constrained models solve for the equation

‘‘‘‘‘‘

O ® i I T o T ,where represents a vector of age brackets "Qw represents

a vector of time periods 1), and G represents a vector of birth cohorts ¢ To address the APC
identification problem, at least two parameters within the same vector are set to be equal (e.g.,
f T ). The Intrinsic Estimator provides a data-driven solution by identifying the equality
constraints that have the least influence on model estimates. The Median Polish procedure,
conversely, defines a cohort effect as the interaction (i.e., departure from additivity) of age and
period effects (87). In the first phase of the procedure, the median values of each row and column
are iteratively subtracted from each cell of the @ "QQR Qi "Qént@dgency table, until they are
approximately equal to zero. The number of iterations needed for the row and column medians to
approach zero varies. Finally, estimates of the overall cohort effect are obtained by running a linear
regression of the form ‘Q f T o QU ,where Q represents the residuals in a given cell
identified by the intersection of age group © and period 0, and & represents an indicator variable
for membership in cohort 0.

Different approaches to APC identification have different target estimands. These result in
different interpretation of cohort effects, as has been discussed in prior literature (74). Briefly,
constrained coefficient approaches, including the Intrinsic Estimator, treat cohort effects as the

sum of all exposure impacts unique to and shared by a particular birth cohort, independent of (i.e.,
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controlling for) period and age effects. Separately, hierarchical models treat cohort (and period)
effects as environmental, group-level factors exerting macro-level impacts on individual lives.
Finally, the Median Polish procedure treats cohort effects as age-specific period effects- that is, the
departure of additivity from age and period effects together. We therefore conducted comparative
analyses using different APC approaches, with the understanding that divergence does not indicate
misspecification of any given model. Finally, we repeated analysis using our original BHAPC
specification, treating age as a factor variable as in the IE and MP approaches to facilitate
comparison across models.
Resul ts

We analyzed data from 28,991 participants who identified as Black or White in the 1999-
2018 waves of continuous NHANES who provided blood samples during the Mobile Examination
Center (MEC) exam and for whom biological aging measures could be calculated. The sample was
49% male and 70% White; mean age at time of survey completion was 50 years (SD=18.2).
Overall, participants in continuous NHANES were biologically younger than participants in the
NHANES III reference sample conducted from 1988-1994 (PhenoAge advancement mean=-3.1,
SD=5.3). Chronological age was highly correlated with PhenoAge (r=0.96), but only weakly
correlated with PhenoAge advancement (r=0.09), indicating that effects observed were unlikely to
be the artefact of changes in the chronological-age distribution of the population over the study
period. Full participant characteristics are reported in T a b |; eell-slzes for age-by-period
contingency tables are reported in the full sample and by race and sexinSu p pl ement al Ta
AIAS5

These findings are partially consistent with overall findings from Levine and colleagues,

who reported slower biological aging trajectories in the United States in 2007-2010 relative to the
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early 1990s, using the Klemera-Doubal Biological Age measure (64). However, we found that
mean biological-age advancement rose from 1999-2018, approaching NHANES III levels towards
the end of the study period (F i g u)rPepulalion aging trajectories appeared to be improving over
the 1990s, with biological-age advancement values reaching their lowest point during the 1999-
2002 measurement wave. Then, population aging trajectories appeared to reverse, reverting back
to early-1990s levels between 2012 and 2018. These trends were observable across all race-sex
subgroups.

Results of-PeriCodroy tA glee c. Brelipioary andlysisoofage, period, and
cohort effects was assessed through graphical analysis and comparison of parametric one-, two-,
and three-factor models. Graphical analysis revealed weak non-linearity in age effects by
measurement wave, with more recent birth cohorts evidencing slightly more advanced biological
aging than earlier birth cohorts at the same chronological age (F i g W) '€his effect was
observable in all race-sex strata, though somewhat more pronounced among women aged 30-50.
In formal comparison of parametric one-, two-, and three-factor models, the fully-specified three-
factor model appeared to fit the data somewhat better than both two-factor models (AC model
AIC=85,370; AP model AIC=85,324; APC model AIC=80,482 (Su p p | e nTearbtl a3l
Because graphical analysis and preliminary model comparison yielded somewhat ambiguous
evidence of cohort effects, we fitted fully specified three-factor models to explore each of these
effects and evaluate potential differences in age, period, and cohort effects by race and sex.
Age e Askessment 9f. age effects independent of period and cohort revealed small but
significant increases in biological-age advancement alongside chronological age. Comparison of
age effects across strata of race and sex also revealed expected social gradients: women evidenced

less-advanced biological aging than men, and White participants similarly evidenced less-

87

A6



advanced biological aging than Black participants across the age range of our sample. Observing
these social gradients within age effects, rather than period or cohort effects, indicates the
consistency of social gradients across all birth cohorts and measurement waves included in this
analysis.

Per i od Sigiffidaneinciteases in biological aging were observed across all strata of race and
sex over the study period. Effect-sizes were most negative, indicating slower aging trajectories, in
the earliest waves of measurement (1999-2002, race-sex strata ES range=[-0.14,-0.09]).
Conversely, effect-sizes were the largest, indicating faster biological aging, in the latest waves
(2015-2018, race-sex strata ES range=[0.10,0.21]). Period effects in biological aging increased
from 2003-2007 and consistently from 2011-2018, but dipped between 2007-2011. Trends were
consistent across strata of race and sex.

Cohor t Ne tuftain&ltcchart effects were observed in our analysis, although greater

variation in biological-age advancement across cohorts was observed among White women and

Black men relative to White men and Black women. The time trends in biological aging observed

in our analysis were thus largely attributable to broad period effects rather than concentrated effects

within a specific population group or set of birth cohorts. Coefficients of the fully specified three-

factor APC model, including age, period, and cohort effects, are reported in T a b2 asd plotted in

Fi g@re

Sensitivity analysi s: Al t e Resulas tofi AP@ decAnid&sitiomo d e |
using Intrinsic Estimator (IE) and Median Polish (MP) approaches are not directly comparable to

the Bayesian HAPC specification. First, both the IE and MP fit age as a dummy variable, while

our primary BHAPC modelled age as a linear and quadratic term. Second, comparisons across

categories of race and sex are somewhat more limited in IE and MP approaches, as all effects are
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zero-anchored to a reference category within the stratified model. However, visual comparison of
age, period, and cohort trends over time revealed some commonalities: across all models,
significant increases in biological aging were observed after 2007, with limited evidence of cohort
effects in the full population or any race-sex stratum. Full results of the IE and MP specification
are available in Suppl ement al Tabl es Reslts of BHAPC mmalwsis B1 &
specifying age as a factor variable yielded similar results to our primary analysis; results are
availableinSuppl ement al Tabl e and Figure B3
Sensi aniavisytsyAl t er nati ve meas uPemAgeowas mbodergtelyo gi c a |
correlated with an alternative measure of biological aging, Homeostatic Dysregulation (r=0.52,
Met h A g p e n. élomeostatic Dysregulation. In contrast to PhenoAge advancement, which
decreased from NHANES III to the early waves of continuous NHANES, Homeostatic
Dysregulation appeared to increase in the entire population from 1990 to 1999, with continued
increases among Black Americans and levelling off among White Americans thereafter
(Suppl ement a)l ResHlts @ dompmaratitemnalysis using alternative APC modelling
approaches yielded broadly similar directional patterning, although the relative magnitude of
period and cohort effects differed (Su p p| € me na rald i gTudpExeBted age patterning
by race and sex were again evident and effect-sizes were comparable. Period effects were
attenuated and did not reach statistical significance, likely because time trends in biological aging
were less evident overall using the Homeostatic Dysregulation measure. Cohort effects suggested
more advanced biological aging among the 1963-1974 birth cohorts in White women. While this
trend was also observable in analysis of the primary PhenoAge measure, the coefficients did not
have credible intervals appreciably different from zero. Results of analysis using alternative

specifications of the PhenoAge variable (calculating biological-age advancement using an
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alternate set of biomarkers based on Levine’s original algorithm, and using residualized-change
scores) yielded similar results to our primary analysis, although the latter also evidenced cohort
effects among White women in mid-century birth cohorts. Full results are reported in
Suppl emental Tables and Figure B5 & B6
Di scuamsd o@oncl usi on

We used repeated cross-sectional survey data from the continuous NHANES (1999-2018)
to assess age, period, and cohort trends in biological aging in the US population over the first two
decades of the 21% century. Overall, participants in continuous NHANES were biologically
younger than participants in the NHANES III training sample (1988-1994). This was consistent
with overall findings from Levine and colleagues, who reported lower biological age in more
recent periods using continuous NHANES data from 2007-2010 using the Klemera-Doubal
Biological Age measure (64). However, mean biological-age advancement rose over the study
period 1999-2018 across all race-sex subgroups.

Formal age-period-cohort (APC) decomposition methods were implemented to further
explore population trends in biological aging over the study period. The goal of APC analysis is to
identify the extent to which age, period, and cohort independently affect time trends in some
outcome of interest, by making assumptions which circumvent the perfect linear dependency
between the three effects. We used a Bayesian Hierarchical (BHAPC) approach, modelling age as
an individual-level effect nest within contextual period and cohort variables.

We observed expected social gradients across the entire age range of our sample,
independent of birth cohort and measurement wave: women evidenced less advanced biological
aging than men, and White participants evidenced less advanced biological aging than Black

participants. Consistent with Gompertz expectations of accelerating senescence with advancing
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age, we also saw small increases in biological-age advancement alongside chronological age.
Following these observations, we identified significant period increases in biological aging over
the study period, with increases from 2003-2007 and from 2011-onwards. Our results suggest that
while population aging trajectories in the United States slowed between the early and late 1990s,
we are now observing a reversal of these gains — especially in the second decade of the 21 century.
Limited evidence of cohort effects was observed. Overall, findings were robust to sensitivity
analyses that varied the algorithms used to calculate biological age, biomarker composition of
biological age algorithms, and methods of APC decomposition, with the exception that 1) analysis
using the Homeostatic Dysregulation measure of biological age showed attenuated period effects,
and 2) analysis using the Homeostatic Dysregulation measure as well as an alternative PhenoAge
specification (using the original set of Levine biomarkers) suggested small cohort effects among
White women born in the late 1960s and early 1970s.

Our findings contrast with recent cohort trends evidencing higher mortality among White
and Black American men in midlife and young adulthood (88,89). Instead, our analysis of
biological aging trajectories suggests that the U.S. population is aging more rapidly overall in the
second decade of the 21 century, across dimensions of race, sex, and age. One interpretation of
these findings is that the causes underlying deaths of despair among White men in young and
middle adulthood may have wide-reaching impacts on population health, across dimensions of
race and sex. These increases could be attributable to broad, documented psychosocial stress in
the aftermath of the Great Recession, as well as substance-use-related morbidity as the opioid
epidemic began to accelerate starting in 2010 and continuing through the present day (90-94). Our
results could also explain underlying vulnerabilities that would coincide with poorer population

health outcomes relative to other high-GDP countries, including U.S.-specific stagnation in life
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expectancy trends and slower recovery of health trajectories after the COVID-19 pandemic. For
example, the Great Recession is hypothesized to have had disproportionate health impacts on the
American population relative to their European counterparts, partly due to stronger safety nets
which buffered the worst impacts in those countries (95). The opioid epidemic is almost entirely
confined to the American context, driven by both the overprescription of legal pain medication and
associated increases in the use of heroin use and illicit synthetic opioids (96,97).

Our findings have implications for future research. First, greater attention to the non-fatal
impacts of the Great Recession and opioid epidemic is warranted — especially among minoritized
population groups who may experience substantial but non-fatal health decrements stemming from
these exposures. Investigation of weak cohort effects among White women born in the late 1960s
and early 1970s could reveal health-aging impacts specific to this cohort of women, including the
relatively new competing stressors of caregiving and workforce participation. Second, research is
needed to evaluate the extent to which period trends in population aging are attributable to changes
in the distribution of social and environmental stressors over time — particularly those driving
increases in mortality in the late 2000s — as well as the extent to which these factors contribute to
the persistence of racial disparities in healthy aging over time. Finally, comparisons using data
from other high-GDP countries might be used to assess differences in aging trajectories attributable
to different social policy environments over this time period.

We acknowledge limitations. There is no gold standard measure of biological aging (59).
Our results observing period increases in biological aging could be specific to the measures we
analyzed. However, we observed similar social gradients and directionally consistent estimates of
APC effects using an alternative measure of biological aging, Homeostatic Dysregulation.

Differences in the relative magnitude of period and cohort effects may be attributable to lower

92



sensitivity of the Homeostatic Dysregulation measure to changes in biological aging over time, the
relative weighting of individual biomarkers within predictive algorithms, or to differences in the
outcomes on which the algorithms are trained. Comparative analysis using other biological
substrates (e.g., DNA methylation), once made available, will provide additional insight on the
interpretation of these findings. Further, biological aging measures are risk estimates based on
indexing aging-related outcome predictions to its distribution in a reference sample: we did not
account for this uncertainty in our analyses, which may underestimate the standard error of our
estimates. Application of biological-aging algorithms trained in NHANES III data to the NHANES
IV analytic sample also assumes that the relationship between component biomarkers and the
underlying construct of biological aging has not changed over time. However, empirical evidence
suggests that this assumption holds, with 1) comparable effect-sizes between biological aging and
mortality across training and analytic samples. Additional detail in available in the Met hod s
Ap p e n Wd used repeated cross-sectional survey data from 10 waves of the continuous
NHANES; small cell-sizes in some race-sex strata were found at the right tail of the chronological
age distribution (smallest cell n=8). This was the result of data on the youngest and oldest birth
cohorts being available only in the first or last waves of data collection. We employed a Bayesian
multilevel modelling approach in order to maximize the use of available data in our sample, and
modelled age as a continuous term. However, repeated analysis using alternative methods relying
on aggregate date (e.g. the Intrinsic Estimator and Median Polish procedure), and specifying age
as a factor variable, yielded similar results. Only participants self-identifying as Black or White
were included in our analysis due to sample size constraints; repeating our analysis in nationally-
representative samples of other racial groups is an immediate priority. APC decomposition

methods are fundamentally descriptive: they cannot identify the drivers of observed age, period,
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and cohort trends, nor of observed disparities in biological aging. Further research is needed to
assess drivers of potential age and period changes in biological aging, and the impact of these
drivers on observed disparities in healthy aging. There are many distinct domains of aging at the
individual and population level, including biological as well as psychosocial, environmental, and
cognitive dimensions (98). However, to the extent that measures of biological aging reflect latent
decrements in physiological integrity resulting from the accumulation of compounding health
risks, they may provide an appropriate means through which to evaluate contemporary trends in
aging-related health status.

Within the bounds of these limitations, this study represents a proof-of-concept application
of biological aging measures to the study of population health. Results of analysis using these
measures complement traditional indicators of population health and healthy aging, like life
expectancy, by providing direct measures of health status in living people. To the extent that latent
biological processes of aging drive disease and disability in later life, collection of biological
information to measure population aging outcomes may allow for earlier readouts of long-term
population health impacts, decades before the onset and disability. This approach may ultimately

prove essential to evaluating the long-term consequences of the COVID-19 pandemic.
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Tables and Figures

Tabl e 1. Characteristics of an &luryrimarganagticmp | e,
sample included all participants in the 1999-2018 waves of continuous NHANES who provided

blood samples during the Mobile Examination Center (MEC) exam and for whom biological aging

measures could be calculated (n=29,487). Biological-aging algorithms were trained using

NHANES III data and projected into the primary analytic sample.

Full sample White Men White Women  Black Men  Black Women

n 28991 9966 10185 4267 4573
Percent (%)
Ien 49
Women 51
White 70
Black 30
Mean (SD)
Age 504(182) 522(184) 51(186) 483017 1) 474(169)
PhenoAge 47.3(19.3)  496(19.8) 466(195) 466 (18.6) 446(18.3)
Fhenolge Advancement -31(5.3) -25(4.8) 44(52) 754 -28(89)
Homeostatic Dysregulation {log) 3T (N 36(1) 36(1) 35901 3.9(1)
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Tabl e 2. Results of APC decomposPeéeii€€odtarrst ng
model s ( PAPE decodpmsitiyn.was performed using three-factor Bayesian multilevel
models, both in the full sample and separately by race-sex strata. We treated age as a level-1 fixed
effect and period and cohort as level-2 random effects. Survey weights were log-transformed and
included as a level-1 covariate while sampling strata and clusters were included as random effects.
Effect-sizes are denominated in standard-deviation (SD) units of biological-age advancement, and
are interpretable as the estimated independent effects of age, period, and cohort on biological
aging. We tested the level of uncertainty around our estimates using 90% credible intervals

(credible intervals excluding the null value are indicated using the * symbol).

All White Men White Women Black Men Black Women
Est. 10% 90% Est. 10% 90% Est. 10% 90% Est. 10% 90% Est. 10%  90%
Age (linear) -0.01 -0.02 -0.01 * -0.02 -0.02 -0.01 * -0.03 -0.03 -0.02 * 0.01 0.00 0.02 * -0.01 -0.02 0.00 *
Age (quadratic, scaled) 0.31 0.25 0.37 * 0.37 0.27 0.47 * 0.50 0.39 0.61 * -0.06 -0.23 0.10 0.22 0.08 0.36 *
Period
1999 -0.13 -0.24 -0.03 * -0.13 -0.24 -0.02 * -0.15 -0.28 -0.01 * -0.09 -0.19 -0.01 * -0.14 -0.26 -0.03 *
2003 0.01 -0.10 0.11 -0.01 -0.12 0.09 0.00 -0.13 0.13 -0.01 -0.09 0.08 0.02 -0.09 0.14
2007 -0.11 -0.22 0.00 -0.08 -0.19 0.03 -0.15 -0.28 -0.02 * -0.04 -0.12 0.04 -0.07 -0.18 0.04
2011 005 -005 0.16 0.04 -007 0.15 0.08 -0.05 0.22 0.03 -0.05 011 0.05 -0.06 0.16
2015 018 0.07 0.29 * 018 0.07 030 * 021 0.08 035 * 010 0.02 0.20 * 013 0.02 025 *
Cohort
1919 -0.02 -0.06 0.01 -0.04 -0.10 0.01 -0.02 -0.07 0.03 0.01 -0.08 0.10 0.00 -0.05 0.05
1923 0.00 -0.03 0.03 -0.01 -0.05 0.02 0.00 -0.05 0.04 -0.01 -0.09 0.08 0.01 -0.04 0.06
1927 0.02 -001 0.05 0.02 -0.01 0.06 0.03 -0.01 0.08 -0.05 -0.14 0.03 0.00 -0.04 0.05
1931 -0.01 -0.04 0.02 -0.01 -0.05 0.01 -0.01 -0.05 0.03 0.00 -0.07 0.08 0.00 -0.04 0.05
1935 001 -0.01 0.04 0.00 -0.03 0.02 -0.01 -0.06 0.02 0.08 0.00 017 * 0.02 -0.02 0.07
1939 -0.01 -0.04 0.01 001 -002 0.04 -0.05 -0.10 0.00 * 0.06 -0.01 0.14 -0.01 -0.06 0.03
1943 -0.02 -0.04 0.01 0.01 -0.02 0.04 -0.04 -0.09 0.00 0.00 -0.07 0.06 0.00 -0.04 0.05
1947 -0.02 -0.05 0.00 -0.01 -0.04 0.02 0.02 -0.02 0.06 -0.07 -0.15 0.00 * -0.02 -0.08 0.01
1951 001 -001 0.04 0.04 0.00 0.09 -0.01 -0.05 0.03 0.01 -0.05 0.07 0.00 -0.04 0.04
1955 -0.01 -0.03 0.01 0.01 -0.02 0.04 0.02 -0.02 0.06 -0.05 -0.12 0.01 -0.04 -0.10 0.00
1959 002 -001 0.04 0.02 -001 0.06 0.04 0.00 0.09 -0.07 -0.14 0.00 -0.01 -0.06 0.02
1963 0.03 0.00 0.05 0.00 -0.03 0.03 0.05 0.01 0.10 * -0.01 -0.08 0.05 0.01 -0.03 0.05
1967 0.02 -0.01 0.04 0.00 -0.03 0.02 0.04 0.00 0.08 0.00 -0.06 0.06 0.00 -0.04 0.04
1971 0.00 -0.02 0.03 0.02 -001 0.06 -0.02 -0.06 0.02 -0.04 -011 0.02 0.00 -0.04 0.04
1975 0.02 0.00 0.05 -0.01 -0.04 0.02 0.02 -0.02 0.06 0.02 -0.04 0.09 0.03 -0.01 0.09
1979 0.02 0.00 0.05 0.00 -0.03 0.03 0.00 -0.04 0.04 009 0.01 017 * 0.01 -0.02 0.06
1983 0.00 -0.03 0.02 -0.02 -0.06 0.01 0.00 -004 0.04 0.03 -004 0.10 0.02 -0.02 0.07
1987 -0.02 -0.05 0.01 -0.01 -0.05 0.02 -0.02 -0.07 0.03 0.01 -0.06 0.08 -0.01 -0.06 0.03
1991 -0.02 -0.05 0.01 -0.02 -0.07 0.01 -0.01 -0.06 0.04 0.02 -0.06 0.09 0.00 -0.05 0.04
1995 -0.02 -0.06 0.01 0.00 -0.03 0.04 -0.03 -0.09 0.02 -0.03 -0.11 0.05 0.00 -0.05 0.04
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Figure 1. PhenoAge advancement in among Bl ack
United States, NHANES 111 2m®d 8h fignrd showsumeau s N HA N
biological-age advancements (measured using the PhenoAge algorithm), sample-weighted to the
U.S. population at the time of measurement. Less-advanced biological aging values indicate that
participants are physiologically younger, while more-advanced biological aging values indicate
that participants are physiologically older. Population aging trajectories appeared to be improving
over the 1990s, with the lowest values at the 1999-2002 measurement wave. Then, population
aging trajectories appeared to reverse, reverting back to (or exceeding) early-1990s levels between

2012 and 2018.
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Figure 2weiSghmpdd meagebiadivagicealkent by age and
wave (period) i n -Z2anhla8e figuré showssanpipweighted mkad 9 9

biological-age advancements at 4-year intervals of age and measurement wave. Potential cohort

effects are revealed as non-linearities across waves of measurement. Here, more recent birth

cohorts appear to have more advanced biological ages relative to earlier birth cohorts at the same
chronological age (e.g., the average 35-year-old in 2015 had more advanced biological age than

the average 35-year-old in 1999).
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Figure 3. Age, peri od, and cohbattorff Baysesi:
Hi erarch-PeniCodhgret ( BHAPC) mo dlec| figure GhBws ehe 0 Ag e ) .
independent effects of age, period, and cohort as estimated using fully specified Bayesian

Hierarchical Age-Period-Cohort (BHAPC) models, both in the full sample and separately by race-

sex strata. We treated age as a level-1 fixed effect and period and cohort as level-2 random effects;

survey weights were log-transformed and included as a level-1 covariate while sampling strata and

clusters were included as random effects. Effect-sizes are denominated in standard-deviation (SD)

units of biological-age advancement, and are interpretable as the estimated effects of age, period,

and cohort on biological aging.
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Chap3Sairppl ement al Materi al
Results Supepbsemeptiae and Graphical Analysis

Suppl e ment aNumbdraflpatti@pands by.age and measurement period, full sample

1999 2003 2007 2011 2015 Sum
20 368 446 413 439 282 1948
24 348 408 364 380 330 1830
28 360 405 414 406 328 1913
32 354 402 387 411 317 1511
36 379 343 47 370 305 1868
40 377 354 434 368 296 1369
44 387 418 463 406 315 1989
48 332 394 463 403 289 1881
52 347 358 452 408 333 1898
56 253 262 370 361 362 1608
60 354 362 519 456 450 2141
64 321 328 400 if 332 1722
68 313 312 385 323 319 1652
72 275 308 396 278 257 1514
76 230 233 315 206 210 1154
30 263 281 357 463 489 2053
Sum 330 5654 6803 6019 5214 28991

Supp!l e ment aNumbdr aflpattiepands By age and measurement period, White Men

1999 2003 2007 2011 2015 Sum
20 105 132 125 27 73 562
24 100 116 128 120 90 554
28 104 113 143 143 95 598
32 118 129 138 143 110 638
36 132 119 176 133 84 644
40 136 136 154 116 78 620
44 121 149 161 128 87 846
48 122 151 158 121 86 638
52 142 134 178 126 2 672
56 110 89 27 109 116 551
a0 116 126 173 115 110 640
54 123 115 143 g9 2 562
68 120 124 149 97 119 609
72 124 132 166 110 107 639
76 S0 108 141 65 88 452
80 123 127 258 194 199 901
Sum 1886 2000 2518 1936 1626 9966
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Supp!l e ment aNumbdr aflpaktieipanks By.age and measurement period, White Women

1999 2003 2007 2011 2015 Sum
20 149 147 140 121 87 544
24 151 163 131 115 101 661
28 157 163 145 126 108 701
32 161 162 136 130 91 680
36 136 122 186 130 59 673
40 109 133 162 121 79 604
44 132 137 191 134 98 692
48 120 122 167 136 89 634
52 130 123 143 121 107 624
56 93 104 133 117 58 545
a0 123 128 161 123 109 644
64 115 120 150 102 L] 583
68 119 108 131 119 5 572
72 87 120 159 106 87 569
76 96 75 27 78 3 441
80 120 134 249 210 205 918
Sum 2008 2063 251 1989 1614 10185

Supp!l ement aNumbdr aflpattiéipands By.age and measurement period, Black Men

1999 2003 2007 2011 2015 Sum
20 57 73 72 91 65 362
24 37 65 45 78 61 280
28 37 59 58 65 54 274
32 =1 34 52 67 54 278
36 52 57 54 45 47 259
40 68 58 39 45 68 298
24 71 &0 45 70 55 305
48 47 35 84 66 47 259
52 40 46 58 71 60 275
56 25 38 53 65 66 247
60 55 56 100 113 117 441
64 42 46 35 77 83 303
68 41 41 58 57 59 256
72 26 29 30 35 24 144
76 18 29 18 36 28 130
80 10 8 22 31 35 106
Sum 677 774 872 1016 528 4267
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Supp!l e ment aNumbdr aflpaitieipands by.age and measurement period, Black Women

1099 2003 2007 2011 2015 Sum
20 57 54 78 100 53 380
24 80 64 56 67 78 325
28 2 68 67 72 71 340
32 654 57 61 71 2 315
36 59 45 55 38 75 292
40 64 67 39 86 71 347
44 63 72 62 74 73 346
48 43 66 54 80 67 310
52 35 55 73 S0 7 327
56 25 31 57 70 2 285
&0 60 52 85 105 114 416
64 41 47 52 73 61 274
68 33 39 47 50 46 215
72 28 27 4 27 35 162
76 2 21 29 27 28 131
80 10 2 28 28 50 128
Sum 730 817 902 1078 1046 4573
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Suppl ement aCormM@madnd ies AB .topwoaon€¢ abree APEmaodel s
comparison of one-, two-, and three-factor models was performed according to the method
specified by Yang and Land (2013). One- and two-factor models were fitted using survey-weighted
generalized linear models. The fully specified three-factor model was fitted using a multilevel
model, treating age as a level-1 fixed effect and period and cohort as level-2 random effects; survey
weights were log-transformed and included as a level-1 covariate while sampling strata and
clusters were included as random effects. Comparison of the Akaike information criterion (AIC)
indicates that the fully-specified three-factor model appeared to best fit the data. We fitted fully
specified three-factor models to explore evidence for the presence of cohort effects and evaluate

differences by race and sex.

A AP AC APC
df 136 132 117
Deviance 24587.64 2438339 2439647
AIC 83558.78 85332494 8337049  B04821.65
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Supp!l emen tAdl.

FRingumralt mEnedonatk

age, pefTheod,

figure plots survey-weighted mean biological-age advancement among Black Americans and

White Americans (1999-2018) over dimensions of age, period, and birth cohort.
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Suppl ement alSt Fiadg u fdei ene2n.eam ® n a | age, p e.rTheo d
figure plots survey-weighted mean biological-age advancement among Black Americans and
White Americans (1999-2018) stratified by race and sex, over dimensions of age, period, and birth

cohort.
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Suppl ement alTwhliigneme i A3 .al

a g e. THe Yigurg pdots suovay-

weighted mean biological-age advancement among Black Americans and White Americans (1999-

2018) by four-year age category, stratified by period (measurement wave).
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Suppl ement alTwhliigneme | Ak .al a g e. THe ¥igure pdots eurvdy- e f f e c
weighted mean biological-age advancement among Black Americans and White Americans (1999-

2018) by four-year age category, stratified by birth cohort.
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Suppl ement alPhEnghAge ABlvancement i n among Bl a
Americans in the United States, NHAGEShe | | | arl
figure shows mean biological-age advancements (measured using the Homeostatic Dysregulation
algorithm), sample-weighted to the U.S. population at the time of measurement. Less-advanced
biological aging values indicate that participants are physiologically younger, while more-
advanced biological aging values indicate that participants are physiologically older. Population
aging trajectories appeared to increase in the entire population from 1990 to 1999, with continued

increases among Black Americans and levelling off among White Americans thereafter.
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Results Supplement B: APC Model Sensitivity Al

Our approach to age-period-cohort (APC) analysis is fully detailed in the Methods section of the
manuscript. Briefly, our primary analysis was conducted using Bayesian Hierarchical Age-Period-
Cohort models, and with PhenoAge advancement (with biomarkers selected using elastic net
regression on mortality) as the outcome measure of biological aging.

We tested the sensitivity of our results to 1) changes in specification of the biological aging
outcome variable, and 2) changes in APC model specification. Results of these sensitivity analyses
are presented here, in the following order:

1 Change in APC modelling technique, using Intrinsic Estimator instead of Bayesian

Hierarchical APC model ( Suppl ement al Figure and Tabl e

1 Change in APC modelling technique, using Median Polish approach instead of Bayesian

Hierarchical APC model ( Suppl ement al Figure and Tabl e

1 Change in specification of original Bayesian HAPC model, specifying age as a 4-year

factor rather than a continuous variable( Suppl ement al Figure and

1 Change in specification of outcome variable: using Homeostatic Dysregulation instead of
PhenoAge advancement ( Suppl ement al Figure and Tabl e
1 Change in specification of outcome variable: using a measure of PhenoAge advancement

trained on the original biomarkers in Levine et al. 2019, instead of the primary measure of

PhenoAge advancement trained on elastic net regression on mortality ( Sup pl ement

Figure and Tabl e B5)
1 Change in specification of outcome variable: using PhenoAge advancement values
calculated using residualized-change scores instead of raw differences with chronological

age( Suppl ement al Figure and Tabl e B6)
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Suppl ementall nEFrgmse cBEsti mat or app.MTediguh
shows the independent effects of age, period, and cohort as estimated using the Intrinsic Estimator
(IE) method, both in the full sample and separately by race-sex strata. Survey weights were applied
in estimating mean biological aging values for each cell in age-by-period contingency tables.
Effect-sizes are denominated in standard-deviation (SD) units of biological-age advancement, and

are interpretable as the estimated effects of age, period, and cohort on biological aging.
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Suppl ement aMe#&i gor oBRsh appr oa c The figoe sdWC deco
the independent effects of age, period, and cohort as estimated using the Median Polish (MP)
estimator, both in the full sample and separately by race-sex strata. Survey weights were applied
in estimating mean biological aging values for each cell in age-by-period contingency tables.
Effect-sizes are denominated in standard-deviation (SD) units of biological-age advancement, and

are interpretable as the estimated effects of age, period, and cohort on biological aging.
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Suppl ement aBayegiuare Bi3eRearriCath @€t

factor

mgeael s

. Thafrgureahows ehe independent effects of age, period, and cohort as estimated

using fully specified Bayesian Hierarchical Age-Period-Cohort (BHAPC) models with age treated

as a factor rather than a continuous variable, both in the full sample and separately by race-sex

strata. We treated age as a level-1 fixed effect and period and cohort as level-2 random effects;

survey weights were log-transformed and included as a level-1 covariate while sampling strata and

clusters were included as random effects. Effect-sizes are denominated in standard-deviation (SD)

units of biological-age advancement, and are interpretable as the estimated effects of age, period,

and cohort on biological aging.
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Suppl ement al BRiygsian BAHIi e +Paemrafwoidcoarlt Amgoedel s u
Homeostatic Dysregul at i o nThenfigua showsehe indépendent o1 0 g i C
effects of age, period, and cohort as estimated using fully specified Bayesian Hierarchical Age-
Period-Cohort (BHAPC) models with Homeostatic Dysregulation as the biological aging outcome

variable, both in the full sample and separately by race-sex strata. We treated age as a level-1 fixed

effect and period and cohort as level-2 random effects; survey weights were log-transformed and

included as a level-1 covariate while sampling strata and clusters were included as random effects.

Effect-sizes are denominated in standard-deviation (SD) units of biological-age advancement, and

are interpretable as the estimated effects of age, period, and cohort on biological aging.
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Suppl ement aBayegiuar ®BiS5eRearriCadh caratt mMgeel s -usi ng
advancement measure based . Dhafigweshows therindependene vi ne |
effects of age, period, and cohort as estimated using fully specified Bayesian Hierarchical Age-
Period-Cohort (BHAPC) models with PhenoAge (trained on original Levine biomarkers rather

than our original biomarker set) as the biological aging outcome variable, both in the full sample

and separately by race-sex strata. We treated age as a level-1 fixed effect and period and cohort as

level-2 random effects; survey weights were log-transformed and included as a level-1 covariate

while sampling strata and clusters were included as random effects. Effect-sizes are denominated

in standard-deviation (SD) units of biological-age advancement, and are interpretable as the

estimated effects of age, period, and cohort on biological aging.
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Suppl ement aBaye giuar Bi6eRearriCandh caratt mMgeel s -usi ng
advancement measur e cal cdclhaatnegde ussciofflge figiimbeet hroals i
shows the independent effects of age, period, and cohort as estimated using fully specified

Bayesian Hierarchical Age-Period-Cohort (BHAPC) models with PhenoAge (calculated as
residualized-change rather than difference-scores) as the biological aging outcome variable, both

in the full sample and separately by race-sex strata. We treated age as a level-1 fixed effect and

period and cohort as level-2 random effects; survey weights were log-transformed and included as

a level-1 covariate while sampling strata and clusters were included as random effects. Effect-sizes

are denominated in standard-deviation (SD) units of biological-age advancement, and are

interpretable as the estimated effects of age, period, and cohort on biological aging.
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Supplemental Table B1. Intrinsic Estimator approach to APC decomposition. The table shows the

independent effects of age, period, and cohort as estimated using the Intrinsic Estimator (IE)

method, both in the full sample and separately by race-sex strata. Survey weights were applied in

estimating mean biological aging values for each cell in age-by-period contingency tables. Effect-

sizes are denominated in standard-deviation (SD) units of biological-age advancement, and are

interpretable as the estimated effects of age, period, and cohort on biological aging.

All White Men White Women Black Men Black Women
Est. SE p Est. SE p Est. SE p Est. SE p Est. SE p
Age (factor)
20 0.09 0.03 0.003 ** 0.14 0.04 0.001 *+* 0.11 0.05 0.038 * -0.21  0.08 0.009 ** -0.14 011 0211
24 -0.02 0.03 0.385 -0.02 0.04 0.549 0.01 0.05 0.808 -0.25  0.07 0.000 *** -0.17 010 0.072
28 -0.08 0.03 0.002 ** -0.08 0.03 0.014 * -0.07 0.05 0.159 -0.18  0.07 0.007 ** -0.22 0.09 0.018 *
32 -0.10  0.03 0.000 *** -0.11  0.03 0.001 ** -0.10 0.05 0.027 * -0.24  0.07 0.001** -0.14 0.09 0.147
36 -0.10  0.03 0.000 *** -0.13  0.03 0.000 *** -0.09 0.05 0.049 * -0.02 0.07 0.817 -0.14 010 0.133
40 -0.12  0.03 0.000 *+* -0.20  0.04 0.000 *+* -0.12 0.05 0.014 * -0.09 0.07 0.215 0.05 0.10 0.585
44 -0.05 0.03 0.058 -0.17  0.04 0.000 *+* 0.01 0.05 0.881 -0.04 0.07 0.603 0.15 0.10 0.139
48 -0.05 0.03 0.093 -0.12  0.04 0.001 ** -0.03 0.05 0.540 0.03 0.07 0.718 0.12 010 0.253
52 -0.06 0.03 0.032 * -0.10 0.04 0.006 ** -0.08 0.05 0.122 0.11 0.07 0.149 0.04 0.10 0.665
56 -0.08  0.03 0.008 ** -0.14  0.04 0.000 ** -0.09 0.05 0.079 0.17 0.07 0.018 * 0.15 0.10 0.153
60 0.02 0.03 0.569 0.04 0.04 0.264 -0.04 0.05 0.451 0.18 0.07 0.014 * 0.09 010 0.391
64 -0.02 0.03 0.524 0.07 0.03 0.055 -0.10 0.05 0.033 * 0.23  0.07 0.001** 0.04 0.10 0.658
68 0.01 0.03 0.630 0.06 0.03  0.096 -0.02 0.05 0.602 0.17 0.07 0.015 * 0.08 0.09 0.390
72 0.08 0.03 0.002 ** 0.17 0.03  0.000 *** 0.07 0.05 0.132 0.17 0.07 0.014 * -0.06 0.09 0.494
76 0.16 0.03  0.000 *** 0.18 0.04  0.000 *** 0.18 0.05 0.000 *** 0.07 0.07 0.348 0.12 0.10 0.220
80 0.32 0.03  0.000 *** 0.44 0.04  0.000 *+* 0.37 0.05 0.000 *** -0.10 0.08 0.197 0.04 0.11 0.725
Period
1999 -0.13  0.01 0.000 *** -0.12  0.02 0.000 *+* -0.13  0.02 0.000 *+* -0.15  0.03 0.000 *** -0.17  0.05 0.000 ***
2003 0.00 0.01 0.987 0.00 0.02 0.935 0.00 0.02 0.920 -0.02 0.03 0.470 -0.01 0.05 0.830
2007 -0.06 0.01 0.000 *** -0.04 0.02 0.018 * -0.07  0.02 0.002 ** -0.05 0.03 0.164 -0.07 0.05 0.110
2011 0.06 0.01 0.000 *** 0.04 0.02 0.008 ** 0.06 0.02 0.006 ** 0.05 0.03 0.105 0.08 0.05 0.076
2015 0.13  0.01 0.000 *** 0.12  0.02 0.000 *** 0.13  0.02 0.000 *** 0.17  0.03 0.000 *** 0.18 0.05 0.000 ***
Cohort
1919 0.02 0.06 0.711 -0.16 0.07 0.033 * 0.11 010 0.301 0.52 0.15 0.000 *** 0.19 0.20 0.350
1923 0.06 0.04 0.167 0.05 0.05 0.366 0.07 0.07 0.352 0.22 011 0.040 * 0.19 0.15 0.200
1927 0.08 0.03 0.013 * 0.12 0.04 0.006 ** 0.05 0.06 0.393 -0.02 0.09 0.832 0.16 0.12 0.194
1931 0.04 0.03 0.206 0.05 0.04 0.175 0.03 0.05 0.512 0.09 0.08 0.222 0.15 0.10 0.160
1935 0.10 0.03  0.000 *** 0.08 0.03 0.013 * 0.08 0.05 0.070 0.26 0.07  0.000 *** 0.19 0.09 0.045 *
1939 0.05 0.03 0.100 0.10 0.04 0.004 ** -0.01 0.05 0.809 0.08 0.07 0.231 -0.03 010 0.772
1943 -0.03 0.03 0.316 0.06 0.04 0.093 -0.07 0.05 0.145 -0.04 0.07 0.634 0.03 0.10 0.770
1947 -0.04 0.03 0.195 -0.01 0.04 0.726 -0.02 0.05 0.751 -0.24  0.08 0.002 ** -0.15 011 0.146
1951 -0.04 0.03 0.178 0.06 0.04 0.140 -0.11  0.05 0.036 * -0.11  0.08 0.181 -0.09 011 0.404
1955 -0.07 0.03 0.034 * 0.03 0.04 0414 -0.12 0.06 0.038 * -0.17  0.08 0.037 * -0.30 0.11 0.006 **
1959 -0.04 0.03 0.252 0.03 0.04 0414 -0.08 0.06 0.174 -0.18 0.08 0.028 * -0.23 011 0.037 *
1963 -0.03 0.03 0.282 0.03 0.04 0.525 -0.04 0.05 0.428 -0.12 0.08 0.136 -0.13 011 0.245
1967 -0.01 0.03 0.835 0.03 0.04 0510 0.00 0.05 0.979 -0.04 0.08 0.612 -0.16 0.10 0.126
1971 0.00 0.03 0.953 0.07 0.04 0.056 -0.01 0.05 0.820 -0.12  0.07 0.089 -0.15 0.10 0.146
1975 0.05 0.03 0.058 0.01 0.03 0.835 0.07 0.05 0.120 0.02 0.07 0.753 0.09 0.09 0.319
1979 0.06 0.03 0.017 * 0.01 0.03 0.801 0.08 0.05 0.097 0.13 0.07 0.051 0.09 0.09 0.336
1983 0.01 0.03 0.742 -0.05 0.04 0.142 0.03 0.05 0.602 0.01 0.07 0.928 0.10 0.10 0.312
1987 -0.03 0.03 0.352 -0.11 0.04 0.010 * 0.02 0.06 0.706 -0.05 0.08 0.521 0.04 0.12 0.743
1991 -0.05 0.04 0.181 -0.17 0.05 0.001 ** 0.01 0.07 0.883 -0.04 010 0.670 0.02 0.14 0.876
1995 -0.13 0.06 0.036 * -0.22 0.08 0.007 ** -0.09 0.11 0.410 -0.21  0.16 0.190 0.00 0.22 0.987
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Suppl emental Table B2. Medi an P.GHetaldeBhovathep r o a c h
independent effects of age, period, and cohort as estimated using the Median Polish (MP)
estimator, both in the full sample and separately by race-sex strata. Survey weights were applied
in estimating mean biological aging values for each cell in age-by-period contingency tables.
Effect-sizes are denominated in standard-deviation (SD) units of biological-age advancement, and

are interpretable as the estimated effects of age, period, and cohort on biological aging.

All White Men White Women Black Men Black Women
Est. SE p Est. SE p Est. SE p Est. SE p Est. SE p
Age (factor)
Intercept 0.10 0.03 0.003 ** 0.14 0.04 0.002 ** 0.09 0.05 0.065 0.02 0.06 0.740 0.00 0.08 0.999
24 -0.08 0.04 0.080 -0.12 0.06 0.042 * -0.06  0.07 0.407 -0.04 0.09 0.614 -0.04 011 0.703
28 -0.11  0.04 0.012 * -0.14 0.06 0.018 * -0.11  0.07 0.106 -0.01  0.09 0.906 -0.09 011 0413
32 -0.12  0.04 0.006 ** -0.15 0.06 0.012 * -0.12  0.07 0.073 -0.11  0.09 0.204 -0.02 011 0.852
36 -0.11  0.04 0.012 * -0.15 0.06 0.015 * -0.11  0.07 0.093 0.06 0.09 0.465 -0.09 011 0.407
40 -0.13  0.04 0.003 ** -0.21  0.06 0.001** -0.14 0.07 0.043 * -0.05 0.09 0.556 0.05 0.11 0.645
44 -0.08 0.04 0.070 -0.17  0.06 0.005 ** -0.03 0.07 0.662 -0.05 0.09 0.556 011 011 0.351
48 -0.09 0.04 0.040 * -0.14 0.06 0.019 * -0.07 0.07 0.326 -0.05 0.09 0.595 0.03 0.11 0.807
52 -0.11  0.04 0.012 * -0.15 0.06 0.016 * -0.12  0.07 0.082 -0.01 0.09 0.909 -0.05 011 0.644
56 -0.14  0.04 0.002 ** -0.22  0.06 0.000 *** -0.13  0.07 0.056 0.02 0.09 0.783 0.04 011 0.718
60 -0.07 0.04 0.126 -0.08 0.06 0.202 -0.09 0.07 0.204 0.00 0.09 0.968 -0.01 011 0.923
64 -0.13  0.04 0.005 ** -0.11  0.06 0.073 -0.18  0.07 0.009 ** 0.06 0.09 0.457 -0.04 011 0.745
68 -0.13 0.04 0.003 ** -0.17 0.06 0.006 ** -0.16  0.07 0.020 * 0.02 0.09 0.830 0.01 0.11 0.934
72 -0.10 0.04 0.024 * -0.11 0.06 0.067 -0.11  0.07 0.102 0.05 0.09 0.541 -0.13 011 0.256
76 -0.08 0.04 0.076 -0.15 0.06 0.014 * -0.07 0.07 0.332 -0.02 0.09 0.840 0.08 0.11 0.496
80 0.03 0.04 0.532 0.03 0.06 0.658 0.05 0.07 0.445 -0.15 0.09 0.098 0.00 0.11 0.985
Period
Intercept -0.11  0.02 0.000 *** -0.09  0.02 0.000 *** -0.11  0.02 0.000 *** -0.12  0.04 0.002 ** -0.16 0.05 0.001 **
2003 0.11  0.02 0.000 *** 0.10  0.02 0.000 *** 0.12 0.04 0.002 ** 0.12 0.05 0.029 * 0.15 0.07 0.026 *
2007 0.04 0.02 0.064 0.04 0.02 0.057 0.04 0.04 0.225 0.07 0.05 0.160 0.08 0.07 0.248
2011 0.14  0.02 0.000 *** 0.11  0.02 0.000 *** 0.17  0.04 0.000 *+* 0.15 0.05 0.004 ** 0.22 0.07 0.002 **
2015 0.19 0.02 0.000 *** 0.16  0.02 0.000 *** 0.23  0.04 0.000 *+* 0.25 0.05 0.000 *** 0.30  0.07 0.000 ***
Cohort
Intercept -0.06 0.06 0.308 -0.22  0.07 0.003 ** 0.00 0.09 0.980 0.37 0.15 0.016 * 0.03 0.20 0.880
1923 0.03 0.07 0.676 0.16 0.09 0.077 -0.02 011 0.836 -0.25 0.18 0.170 0.01 0.24 0.969
1927 0.07 0.07 0.330 0.22 0.08 0.010 ** -0.01 0.11 0.900 -0.51  0.17 0.005 ** -0.06 0.23 0.793
1931 0.04 0.07 0.585 0.17 0.08 0.041 * -0.01 010 0.928 -0.38 0.17 0.029 * -0.05 022 0.828
1935 0.12 0.07 0.081 0.21 0.08 0.009 ** 0.06 0.10 0.566 -0.16 0.16 0.325 0.04 0.22 0.870
1939 0.08 0.07 0.241 0.23 0.08 0.005 ** -0.01 010 0.897 -0.30 0.16 0.076 -0.11  0.22 0.596
1943 0.03 0.07 0.685 0.20 0.08 0.013 * -0.06 0.10 0.581 -0.38 0.16 0.023 * 0.01 0.22 0.953
1947 0.04 0.07 0.559 0.14 0.08 0.076 0.02 010 0.829 -0.52 0.16 0.002 ** -0.08 0.22 0.703
1951 0.05 0.07 0.454 0.22 0.08 0.006 ** -0.06 010 0.557 -0.35 0.16 0.038 * 0.03 0.22 0.877
1955 0.02 0.07 0.718 021 0.08 0.011 * -0.07 010 0.521 -0.39 0.16 0.019 * -0.15 0.22 0.497
1959 0.04 0.07 0.517 0.22 0.08 0.008 ** -0.05 0.10 0.652 -042 0.16 0.014 * -0.09 0.22 0.672
1963 0.04 0.07 0.522 0.22 0.08 0.007 ** -0.03 0.10 0.785 -0.36  0.16 0.030 * -0.02 0.22 0.931
1967 0.05 0.07 0.455 0.22 0.08 0.007 ** -0.01 010 0.910 -0.34 0.16 0.043 * -0.11  0.22 0.608
1971 0.05 0.07 0.476 0.28 0.08 0.001** -0.04 0.10 0.664 -0.45 0.16 0.007 ** -0.12 0.22 0.588
1975 0.10 0.07 0.151 0.24 0.08 0.004 ** 0.04 010 0.722 -0.34 0.16 0.042 * 0.07 022 0.759
1979 0.12 0.07 0.075 0.27 0.08 0.001** 0.05 0.10 0.644 -0.24 0.16 0.146 0.04 0.22 0.869
1983 0.06 0.07 0.343 0.22 0.08 0.008 ** 0.01 0.10 0.946 -0.36  0.17 0.035 * 0.03 0.22 0.906
1987 0.05 0.07  0.500 0.21 0.08 0.015 * 0.02 0.11 0.876 -042 017 0.017 * -0.03 0.23 0.896
1991 0.04 0.07 0.598 0.18 0.09 0.044 * 0.01 0.11 0.913 -0.36 0.18 0.055 -0.05 024 0821
1995 -0.01 0.08 0.873 0.17 0.10 0.091 -0.10 0.13 0.460 -0.54 021 0.013 * -0.04 0.28 0.889
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Suppl emental Tabl e B3. -PBayCadghioan Hnoelredrsc htirceaalt i
f act or .Thatable shdwk the independent effects of age, period, and cohort as estimated
using fully specified Bayesian Hierarchical Age-Period-Cohort (BHAPC) models with age treated
as a factor rather than a continuous variable, both in the full sample and separately by race-sex
strata. We treated age as a level-1 fixed effect and period and cohort as level-2 random effects;
survey weights were log-transformed and included as a level-1 covariate while sampling strata and
clusters were included as random effects. Effect-sizes are denominated in standard-deviation (SD)
units of biological-age advancement, and are interpretable as the estimated effects of age, period,

and cohort on biological aging.

All White Men White Women Black Men Black Women
Est. 10%  90% Est. 10%  90% Est. 10%  90% Est. 10%  90% Est. 10%  90%
Age (factor)
24 -0.05 -0.09 -0.01 * -0.10 -0.17 -0.03 * -0.06 -0.13 0.01 0.00 -0.11 011 -0.01 -0.12 0.10
28 -0.11 -0.16 -0.07 * -0.14 -0.21 -0.07 * -0.18 -0.25 -0.11 * 010 -0.01 0.22 -0.12 -0.23 -0.01 *
32 -0.15 -0.20 -0.11 * -0.17 -0.24 -0.09 * -0.23 -0.30 -0.16 * 001 -010 012 -0.03 -0.14  0.09
36 -0.13 -0.17 -0.08 * -0.16 -0.24 -0.09 * -0.19 -0.26 -0.12 * 020 007 031 * -0.10 -0.22 0.01
40 -0.12 -0.17 -0.07 * -0.17 -0.24 -0.09 * -0.21 -0.28 -0.14 * 012 000 023 0.04 -0.07 0.5
44 -0.06 -0.11 -0.02 * -0.13 -0.21 -0.06 * -012 -0.19 -0.05 * 015 003 028 * 0.04 -0.07 0.16
48 -0.07 -0.12 -0.02 * -0.13 -0.21 -0.06 * -0.15 -0.22 -0.08 * 019 007 031 * 0.04 -0.08 0.15
52 -0.05 -0.10 0.00 * -0.04 -011 0.04 -0.19 -0.26 -0.12 * 027 015 040 * -0.04 -0.16 0.08
56 -0.07 -0.12 -0.02 * -0.12 -020 -0.04 * -0.23 -0.30 -0.15 * 036 023 050 * 0.01 -011 014
60 -0.10 -0.15 -0.06 * -0.04 -0.11 0.03 -024 -031 -0.17 * 038 024 052 * -0.10 -0.22 0.02
64 -0.07 -0.12 -0.02 * 0.06 -0.02 0.13 -0.28 -0.35 -0.21 * 042 027 057 * -0.04 -0.16 0.09
68 -0.05 -0.11 0.00 * -0.01 -0.08 0.06 -0.22 -0.30 -0.15 * 041 026 056 * 0.08 -0.05 021
72 -0.03 -0.09 0.02 0.02 -0.05 0.10 -0.17 -0.24 -0.10 * 044 028 060 * 0.01 -0.14 0.15
76 0.03 -0.03 0.08 0.03 -0.05 0.11 -0.08 -0.15 0.00 040 024 057 * 024 009 040 *
80 013 0.07 018 * 017 009 024 * 0.02 -0.04 0.09 036 018 053 * 019 004 035 *
Period
1999 -0.13 -0.24 -0.02 * -0.13 -0.24 -0.03 * -0.14 -0.28 -0.01 * -0.09 -019 -0.01 * -0.13 -0.25 -0.02 *
2003 0.00 -0.11 012 -0.01 -0.12 0.09 0.00 -013 013 -0.01 -0.09 0.07 0.02 -0.09 0.13
2007 -0.11 -0.22 0.00 -0.08 -0.19 0.02 -0.15 -0.29 -0.02 * -0.03 -0.12 0.05 -0.06 -0.17 0.04
2011 0.05 0.06 0.17 0.04 -0.07 0.15 0.08 0.05 0.21 0.03 -0.05 011 0.04 -0.06 0.15
2015 0.18 0.07 029 * 0.18 008 030 * 021 0.08 034 * 010 001 019 * 014 003 025 *
Cohort
1919 -0.04 -0.09 0.00 -0.04 -0.12 0.00 -0.01 -0.03 0.01 0.01 -0.08 0.12 0.00 -0.06 0.06
1923 -0.01 -0.04 0.03 -0.01 -0.05 0.03 0.00 -0.02 0.02 0.00 -0.09 0.10 0.01 -0.05 0.07
1927 0.03 -0.01 0.06 0.03 -0.01 0.07 0.01 -0.01 0.03 -0.05 -0.14 0.04 0.00 -0.05 0.06
1931 0.00 -0.04 0.03 -0.01 -0.04 0.02 0.00 -0.02 0.02 0.01 -0.07 0.09 0.00 -0.06 0.05
1935 0.02 0.01 0.05 -0.01 -0.04 0.02 0.00 0.02 0.02 0.09 001 019 * 0.03 -0.02 0.09
1939 0.01 -0.02 0.04 0.01 -0.02 0.04 -0.01 -0.03 0.01 0.05 -0.02 013 -0.01 -0.06 0.04
1943 0.01 -0.03 0.02 0.00 -0.03 0.03 -0.01 -0.03 0.01 -0.02 -0.10 0.05 0.02 -0.03 0.07
1947 0.03 -0.06 0.00 -0.02 -0.06 0.01 0.01 0.01 0.04 0.10 -0.19 -0.02 * -0.02 -0.08 0.02
1951 0.01 -0.02 0.04 0.03 0.00 0.08 0.00 -0.03 0.01 -0.01 -0.08 0.05 0.01 -0.03 0.06
1955 -0.03 -0.06 0.00 * 0.00 -0.03 0.04 0.00 -0.02 0.02 -0.07 -0.14 0.00 -0.05 -0.13 0.00
1959 0.00 -0.03 0.02 0.03 -0.01 0.07 0.00 -0.02 0.02 -0.06 -0.14 0.01 -0.03 -0.10 0.01
1963 0.01 -0.01 0.04 0.01 -0.03 0.04 0.01 -0.01 0.03 0.00 -0.07 0.06 0.00 -0.05 0.04
1967 0.02 -0.01 005 0.01 -0.03 0.04 0.01 -0.01 0.03 0.02 -0.04 0.09 -0.02 -0.07 0.03
1971 0.01 -0.01 0.05 0.04 000 0.09 -0.01 -0.03 0.01 -0.03 -0.10 0.04 0.00 -0.05 0.04
1975 0.05 001 008 * 0.00 -0.03 0.04 0.01 -0.01 0.04 0.03 -0.03 011 0.04 -001 011
1979 0.04 0.01 007 * 0.01 -0.02 0.04 0.00 0.02 0.03 0.09 001 018 * 0.03 -0.02 0.09
1983 0.01 0.02 0.04 -0.02 -0.06 0.01 0.00 0.02 0.02 0.03 -0.04 011 0.03 -0.02 0.09
1987 -0.02 -0.05 0.01 -0.01 -0.06 0.02 0.00 -0.03 0.01 0.00 -0.07 0.08 -0.01 -0.06 0.04
1991 -0.03 -0.07 0.00 -0.03 -0.09 0.01 0.00 -0.03 0.02 0.02 -0.06 0.10 0.00 -0.06 0.05
1995 -0.04 -0.09 0.00 0.00 -0.05 0.04 -0.01 -0.04 0.01 -0.04 -0.13 0.05 -0.01 -0.07 0.05
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Suppl ement al Tabl e B4. BPaeyreiGo daonr t Hi rmag dag Ich i cue
Homeostatic Dysregul ati on Thentebk shows éhe iddpendbnt o1 0 g i ¢
effects of age, period, and cohort as estimated using fully specified Bayesian Hierarchical Age-
Period-Cohort (BHAPC) models with Homeostatic Dysregulation as the biological aging outcome
variable, both in the full sample and separately by race-sex strata. We treated age as a level-1 fixed
effect and period and cohort as level-2 random effects; survey weights were log-transformed and
included as a level-1 covariate while sampling strata and clusters were included as random effects.
Effect-sizes are denominated in standard-deviation (SD) units of biological-age advancement, and

are interpretable as the estimated effects of age, period, and cohort on biological aging.

All White Men White Women Black Men Black Women
Est. 10%  90% Est. 10%  90% Est. 10%  90% Est. 10%  90% Est. 10%  90%
Age (linear) -0.03 -0.04 -0.03 * -0.04 -0.05 -0.04 * -0.04 -0.05 -0.04 * -0.01 -0.02 -0.01 * -0.02 -0.03 -0.02 *
Age (quadratic, scaled) 0.84 0.78 091 * 1.01 093 110 * 1.02 091 114 * 054 040 068 * 060 047 072 *
Period
1999 -0.02 -0.05 0.01 -0.01 -0.05 0.02 -0.01 -0.04 0.02 0.00 -0.03 004 -0.06 -0.12 0.00
2003 -0.02 -0.05 0.01 -0.04 -0.08 0.00 * 0.00 -0.03 0.03 -0.02 -0.06 0.01 0.01 -0.04 0.06
2007 -0.02 -0.05 0.01 0.00 -0.03 0.04 -0.02 -0.06 0.00 -0.01 -0.05 0.02 0.02 -0.04 0.07
2011 0.02 -0.01 0.05 0.03 0.00 0.08 001 -001 0.04 0.01 -0.02 005 -0.02 -0.08 0.03
2015 0.04 0.00 007 * 0.02 -0.02 0.06 0.02 -0.01 0.06 0.01 -0.02 005 005 0.00 0.12
Cohort
1919 -0.05 -0.11 0.00 * -0.02 -0.06 0.01 -0.03 -0.10 0.04 0.00 -0.07 0.06 0.00 -0.05 0.04
1923 0.00 -0.04 0.04 -0.01 -0.04 0.01 0.00 -0.07 0.06 0.00 -0.07 0.06 0.02 -0.02 0.08
1927 0.05 0.01 009 * 001 -0.01 005 0.04 -0.01 0.10 0.01 -0.04 008 0.00 -0.04 004
1931 -0.03 -0.06 0.01 0.00 -0.03 0.02 -0.07 -0.12 -0.02 * 0.01 -0.05 0.06 0.00 -0.04 004
1935 0.01 -0.03 0.04 0.00 -0.03 0.01 0.00 -0.05 0.05 0.04 -0.01 0.10 0.00 -0.03 0.04
1939 0.00 -0.03 0.03 001 -0.01 004 -0.04 -0.09 001 0.00 -0.05 0.05 0.00 -0.04 0.04
1943 -0.04 -0.07 -0.01 * 0.00 -0.02 0.02 -0.07 -0.12 -0.03 * 0.01 -0.04 006 -0.02 -0.07 0.02
1947 -0.04 -0.07 -0.01 * -0.01 -0.04 0.01 -0.02 -0.07 0.02 -0.03 -0.09 0.01 -0.01 -0.06 0.02
1951 -0.01 -0.04 0.02 0.00 -0.01 0.03 -0.04 -0.09 0.01 -0.01 -0.05 0.04 -0.01 -0.05 0.02
1955 0.00 -0.03 0.02 001 -0.01 0.04 0.02 -0.03 0.06 -0.07 -0.13 0.00 * -0.03 -0.08 0.01
1959 0.02 -0.01 0.05 0.00 -0.01 003 0.05 0.00 0.09 -0.04 -0.10 0.00 0.00 -0.04 0.03
1963 0.06 0.03 009 * 0.00 -0.02 003 011 0.06 0.17 * 0.02 -0.02 008 0.00 -0.03 0.04
1967 0.04 0.01 008 * 0.00 -0.02 0.02 0.09 004 015 * 0.00 -0.05 0.05 0.01 -0.03 0.04
1971 0.04 0.01 007 * 0.00 -0.02 0.02 005 001 010 * 0.04 -0.01 0.10 0.02 -0.02 0.06
1975 0.04 0.01 007 * 0.00 -0.02 0.02 0.04 -0.01 0.09 -0.01 -0.06 0.03 0.04 0.00 0.09
1979 0.01 -0.02 0.04 0.00 -0.02 0.02 0.01 -0.04 0.06 -0.01 -0.06 0.03 001 -0.03 0.05
1983 -0.01 -0.05 0.02 0.00 -0.02 0.02 0.00 -0.05 0.05 -0.02 -0.08 0.03 0.00 -0.04 0.03
1987 -0.02 -0.06 0.01 -0.01 -0.03 0.01 -0.05 -0.11 0.01 0.02 -0.03 0.08 0.01 -0.03 0.05
1991 -0.05 -0.10 -0.01 * 0.00 -0.03 0.02 -0.05 -0.12 0.01 0.01 -0.04 0.07 -0.02 -0.07 0.02
1995 -0.01 -0.06 0.03 0.00 -0.02 0.03 -0.03 -0.11 0.04 0.03 -0.03 0.10 -0.01 -0.05 0.03
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Suppl emental Tabl e B5.-PBRayCedhioan Hnoared rsc-+uisad anlg
advancement measur e based .0hatable showgthelindependdnte vi n e
effects of age, period, and cohort as estimated using fully specified Bayesian Hierarchical Age-
Period-Cohort (BHAPC) models with PhenoAge (trained on original Levine biomarkers rather

than our original biomarker set) as the biological aging outcome variable, both in the full sample

and separately by race-sex strata. We treated age as a level-1 fixed effect and period and cohort as

level-2 random effects; survey weights were log-transformed and included as a level-1 covariate

while sampling strata and clusters were included as random effects. Effect-sizes are denominated

in standard-deviation (SD) units of biological-age advancement, and are interpretable as the

estimated effects of age, period, and cohort on biological aging.

All White Men White Women Black Men Black Women
Est. 10% 90% Est. 10%  90% Est. 10%  90% Est. 10%  90% Est. 10%  90%
Age (linear) -0.01 -0.02 -0.01 * 0.00 -0.01 0.00 -0.02 -0.03 -0.01 * 0.02 0.01 0.03 * -0.01 -0.02 0.00 *
Age (quadratic, scaled) 031 022 040 * 026 012 042 * 044 028 060 * -0.08 -0.24 0.07 020 006 033 *
Period
1999 -0.12 -0.21 -0.03 * -0.09 -0.18 -0.01 * -0.15 -0.27 -0.03 * -0.05 -0.12 0.01 -0.15 -0.25 -0.05 *
2003 0.02 -0.07 0.11 0.00 -0.08 0.08 0.03 -0.09 0.14 0.01 -0.04 0.06 0.04 -0.05 0.14
2007 -0.09 -0.18 0.00 -0.07 -016 0.01 -0.13 -0.25 -0.02 * 0.00 -0.05 0.05 -0.04 -014 005
2011 0.07 -0.02 0.16 0.06 -0.02 0.14 0.10 -0.01 0.22 0.02 -0.03 0.07 0.07 -0.03 0.16
2015 0.12 0.03 0.21 * 0.11 0.02 0.20 * 0.16 0.04 0.28 * 0.03 -0.02 0.09 0.07 -0.02 0.17
Cohort
1919 -0.14 -0.22 -0.06 * -0.09 -019 -0.01 * -0.14 -0.26 -0.03 * 0.00 -0.09 0.08 0.00 -0.06 0.05
1923 -0.08 -0.14 -0.01 * -0.05 -0.12 0.01 -0.09 -0.19 0.00 -0.03 -0.12 0.05 0.01 -0.04 0.06
1927 0.05 -0.01 0.10 0.04 -0.01 0.10 0.01 -0.07 0.08 -0.02 -0.10 0.05 0.02 -0.03 0.07
1931 -0.01 -0.06 0.04 -0.02 -0.07 0.03 -0.03 -0.10 0.04 0.01 -0.06 0.09 0.00 -0.05 0.05
1935 0.01 -0.03 0.05 -0.02 -0.06 0.02 -0.04 -0.10 0.03 0.07 000 015 0.02 -0.02 0.08
1939 -0.02 -0.06 0.03 0.00 -0.04 0.05 -0.08 -0.15 -0.02 * 0.07 0.00 0.14 -0.03 -0.09 0.01
1943 -0.01 -0.05 0.03 0.01 -0.03 0.06 -0.04 -0.10 0.02 -0.01 -0.08 0.05 0.00 -0.05 0.04
1947 -0.02 -0.05 0.03 0.00 -0.04 0.05 0.06 -0.01 0.12 -0.09 -0.17 -0.02 * -0.03 -0.09 0.01
1951 0.06 0.02 0.10 * 0.09 0.02 0.15 * 0.04 -0.02 0.11 0.01 -0.04 007 0.00 -0.05 0.04
1955 0.04 0.00 0.08 * 0.04 -0.01 0.09 0.11 0.04 0.17 * -0.05 -0.11 0.01 -0.03 -0.08 0.01
1959 009 005 013 * 007 001 013 * 014 007 021 * -0.03 -0.09 0.03 -0.01 -0.05 0.03
1963 011 007 015 * 0.04 -0.01 0.09 017 010 024 * 0.00 -0.06 0.06 0.02 -0.02 0.07
1967 0.08 0.04 0.13 * 0.01 -0.03 0.06 0.15 0.08 0.22 * 0.01 -0.05 0.07 0.01 -0.03 0.05
1971 0.04 0.00 0.08 0.05 0.00 0.10 0.02 -0.04 0.08 -0.04 -0.11 0.02 0.01 -0.03 0.06
1975 0.05 000 009 * -0.04 -0.09 0.01 007 001 014 * 0.02 -0.04 0.09 0.03 -0.01 0.09
1979 0.04 -0.01 0.08 -0.01 -0.06 0.03 0.02 -0.04 0.09 0.09 0.02 0.17 * 0.02 -0.02 0.08
1983 -0.03 -0.07 0.02 -0.03 -0.09 0.01 -0.04 -0.11 0.03 0.01 -0.06 0.07 0.02 -0.02 0.08
1987 -0.09 -0.14 -0.03 * -0.04 -010 001 -0.09 -0.17 -0.01 * -0.01 -0.07 0.06 -0.03 -0.09 0.02
1991 -0.08 -0.14 -0.02 * -0.04 -012 0.02 -0.10 -0.19 -0.01 * 0.02 -0.05 0.09 -0.01 -0.06 0.04
1995 -0.13 -0.21 -0.05 * -0.01 -0.08 0.06 -0.17 -0.29 -0.05 * -0.02 -0.10 0.05 -0.01 -0.07 0.03
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Suppl emental Tabl e B6.-PRayCedhioan HnoaPréderacohhgoeanlg
advancement measure cal cudhdanrge ussd onfge tabkmeet hroeds
shows the independent effects of age, period, and cohort as estimated using fully specified
Bayesian Hierarchical Age-Period-Cohort (BHAPC) models with PhenoAge (calculated as
residualized-change rather than difference-scores) as the biological aging outcome variable, both
in the full sample and separately by race-sex strata. We treated age as a level-1 fixed effect and
period and cohort as level-2 random effects; survey weights were log-transformed and included as
a level-1 covariate while sampling strata and clusters were included as random effects. Effect-sizes
are denominated in standard-deviation (SD) units of biological-age advancement, and are

interpretable as the estimated effects of age, period, and cohort on biological aging.

All White Men White Women Black Men Black Women
Est. 10%  90% Est. 10%  90% Est. 10%  90% Est. 10%  90% Est. 10%  90%
Age (linear) -0.02 -0.02 -0.02 * -0.02 -0.03 -0.02 * -0.03 -0.04 -0.03 * 0.01 0.00 0.02 -0.02 -0.02 -0.01 *
Age (quadratic, scaled) 0.31 0.25 037 * 037 027 047 * 050 040 061 * -0.06 -0.23 0.10 022 0.08 037 *
Period
1999 -0.13 -0.24 -0.03 * -0.13 -0.24 -0.02 * -0.15 -0.28 -0.02 * -0.09 -0.19 -0.01 * -0.14 -0.26 -0.03 *
2003 0.00 -011 o011 -0.02 -0.12 0.09 0.00 -0.13 0.13 -0.01 -0.09 0.08 0.02 -0.09 0.13
2007 -0.11 -0.22  0.00 -0.08 -0.19 0.03 -0.15 -0.28 -0.02 * -0.04 -0.12 0.04 -0.07 -0.18 0.04
2011 0.05 -0.05 0.17 0.04 -0.07 015 0.08 -0.05 0.22 0.03 -0.05 011 005 -0.06 0.16
2015 018 0.07 029 * 018 0.08 029 * 021 008 035 * 010 0.02 020 * 013 0.03 025 *
Cohort
1919 -0.02 -0.06 0.01 -0.03 -0.10 0.01 -0.02 -0.07 0.03 0.01 -0.08 0.10 0.00 -0.05 0.05
1923 0.00 -0.03 0.03 -0.01 -0.05 0.02 0.00 -0.05 0.04 -0.01 -0.09 0.08 0.01 -0.04 0.06
1927 0.02 0.00 0.05 0.02 -0.01 0.06 0.03 -0.01 0.08 -0.05 -0.14 0.03 0.00 -0.04 0.05
1931 -0.01 -0.04 0.02 -0.01 -0.05 0.01 -0.01 -0.05 0.03 0.00 -0.07 0.08 0.00 -0.04 0.04
1935 0.01 -0.01 0.04 0.00 -0.03 0.02 -0.01 -0.06 0.02 0.08 0.00 017 * 0.02 -0.02 0.07
1939 -0.01 -0.04 001 001 -0.02 004 -0.05 -0.10 0.00 * 0.06 -0.01 014 -0.01 -0.06 0.03
1943 -0.02 -0.04 001 001 -0.02 004 -0.04 -0.09 0.00 * 0.00 -0.07 0.06 0.00 -0.04 0.05
1947 -0.02 -0.05 0.00 -0.01 -0.04 0.02 0.02 -0.02 0.06 -0.07 -0.15 0.00 * -0.03 -0.08 0.01
1951 0.01 -0.01 0.04 0.04 0.00 0.09 -0.01 -0.05 0.03 0.01 -0.05 0.07 0.00 -0.04 0.04
1955 -0.01 -0.03 0.01 001 -0.02 0.04 0.02 -0.02 0.06 -0.05 -0.12 0.01 -0.04 -0.10 0.00
1959 0.02 -0.01 0.04 0.02 -0.01 0.06 0.04 0.00 0.09 -0.07 -0.14 0.00 -0.01 -0.06 0.02
1963 0.03 0.00 0.06 0.00 -0.03 0.03 005 0.00 010 * -0.01 -0.08 0.05 0.01 -0.03 0.05
1967 0.02 -0.01 0.04 0.00 -0.03 0.02 0.04 0.00 0.08 0.00 -0.06 0.07 0.00 -0.04 0.04
1971 0.00 -0.02 0.03 0.02 -0.01 0.06 -0.02 -0.06 0.02 -0.04 -0.11  0.02 0.00 -0.04 0.04
1975 0.02 0.00 0.05 -0.01 -0.04 0.02 0.02 -0.02 0.06 0.02 -0.04 0.09 0.03 -0.01 0.09
1979 0.02 0.00 0.05 0.00 -0.03 0.03 0.00 -0.03 0.04 009 0.01 017 * 001 -0.02 0.06
1983 0.00 -0.03 0.02 -0.02 -0.06 0.01 0.00 -0.05 0.04 0.02 -0.04 0.10 0.02 -0.02 0.07
1987 -0.02 -0.05 0.01 -0.01 -0.05 0.02 -0.02 -0.07 0.02 0.01 -0.06 0.08 -0.01 -0.06 0.03
1991 -0.02 -0.05 0.01 -0.02 -0.07 0.01 -0.01 -0.06 0.04 0.02 -0.06 0.09 0.00 -0.05 0.04
1995 -0.02 -0.06 0.01 0.00 -0.03 0.04 -0.03 -0.09 0.02 -0.03 -0.11 0.05 0.00 -0.05 0.04
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Chapter 4:S&cbasbhuaavtiiomgal and Environment al

Aging in the U.-8018opul ation,
Abstract
The prevalence and relative distribution of many chronic risk factors for premature aging have
shifted over time in the U.S. population. These risk factors, including social, behavioral and
environmental exposures, are often disproportionately concentrated among minoritized groups.
We evaluated the extent to which socio-behavioral and environmental exposures contributed to
pre-pandemic population aging trajectories and disparities in aging health equity over the first two
decades of the 21% century. We analyzed data from 29,487 Black and White participants in the
1999-2018 waves of continuous NHANES. Biological aging was quantified using the PhenoAge
algorithm; biological-age advancement was calculated as the difference between PhenoAge and
chronological age. We implemented the Kitagawa-Blinder-Oaxaca decomposition method to
evaluate the contribution of four candidate socio-behavioral and environmental exposures to
differences in biological aging between 1) earlier and later continuous NHANES periods, and 2)
Black and White Americans. Survey-weighted linear models revealed significant increases in
biological aging over time in the full survey-weighted analysis sample and in all race-sex
subgroups (f range=0.06-0.12, all p<0.001). Black participants evidenced more-advanced
biological aging in each wave of survey measurement, with tests of interaction between race and
period revealing an average increase in Black-White disparities in biological aging of 0.04 per year
from 1999-2018 (p<0.01). Changes in the distribution of candidate exposures (e.g., BMI and PAH)
explained between one-quarter and one-half of observed differences in biological aging over the
study period. Changes in the distribution of BMI accounted for approximately one-third of racial

disparities in biological aging over the entire study period. Further research is needed to identify
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accurate and precise causal impacts of exposures driving accelerated aging trajectories in the U.S.
population in recent years; our work represents early proof-of-concept that biological aging

measures may be well-suited for this purpose.

131



Il ntroducti on

Agi-ngl at ed heal t h out comes ar e  sbheahpaeadn d b g | ,a
environment al exposures thbhat boongr |l avency hpel
chall enge for timely .eChranlc diwaseimorbidityaanddfunctionat e r v e nt
limitations increase rapidly with advancing chronological age (1,2). These same diseases and

limitations are often socially patterned, suggesting that the etiology of these health outcomes is, at

least in part, both 1) modifiable and 2) preventable (3—6). From the perspective of life course
epidemiology, these long-term outcomes are "shaped by biological, behavioral, and psychosocial

processes that link adult health and disease risk to physical or social exposures acting during

gestation, childhood, adolescence, earlier in adult life, or across generations" (7,8). A large base of
accompanying empirical literature has shown that a wide range of environmental and social

conditions across the life course — including but not limited to in-utero famine exposure, early
environmental chemical exposures, and social factors such as socioeconomic status and
discrimination — have long-lasting, persistent impacts on aging-related health outcomes across

multiple organ systems (9—11). Multiple models of risk have been put forward to explain how

exposures might persist over years and even decades, including theories of biological embedding,

chain-of-risk frameworks, and cumulative risk models (8). In practice, however, there are

important practical challenges for generating empirical evidence on the long-term aging impacts

of these exposures. Aging-related disease and disability may manifest several decades after

exposure first occurs, and are observed too late for effective prevention or intervention.

Recent woornksohaslvagareaddes i n agiwtgQgubsel apprwathesb
study of h eNavkl tmhayures afgbiological aging may overcome some of these

limitations, and are also well aligned with life course approaches to the study of aging (12,13).
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Biological aging is a latent construct emerging from the fields of geroscience and aging biology,
describing the accumulation of physiological damage across multiple body systems that occurs
with advancing chronological age (14,15). Hallmarks of this process, as identified by Lopez-Otin
and colleagues, include genomic instability, telomere attrition, epigenetic alterations, loss of
proteostasis, deregulated nutrient-sensing, mitochondrial dysfunction, cellular senescence, stem
cell exhaustion, and altered intercellular communication (16). These decrements originate at the
molecular level and are observable across multiple body systems, mediating the eventual
manifestations of age-related disease and disability (15,17). Quantifications of biological aging are
being developed in the nascent field of geroscience to assess these pre-clinical decrements as a
modifiable risk factor for aging-related health outcomes (18,19). In parallel, a large body of
empirical evidence has shown that individual differences in biological aging trajectories are
modifiable and rooted in exposure to different social and environmental conditions across the life
course (13,20). Measures that can capture the latent decrements in physiological integrity that
result from the accumulation of compounding health risks are thus well aligned with a life course
approach to aging research.

While there is no gold standard of biological aging (21,22), the most widely-adopted
measures to date use machine learning methods to integrate information across multiple clinical
parameters collected from blood-chemistry and DNA-methylation data (21-25). These data-driven
algorithms are first developed in reference datasets, then performance-tested for criterion validity
in hold-out subsets from the original data and/or independent samples. The algorithms can then be
applied as outcome variables in new datasets. These novel measures of biological aging also
exhibit several desirable properties for the study of life-course aging processes. They are sensitive

to a range of social and environmental exposures, predictive of morbidity and mortality in diverse
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populations, and can identify pre-clinical health risk as early as young adulthood; several of these
measures use data available from routine blood chemistry tests, which are increasingly collected
in large-scale population health surveys (22,26-35). Measures of biological aging thus represent a
novel means through which healthy aging trajectories can be quantified at younger ages, long
before the onset of disease and disability.

Towards the study of popul at i.Gndateabiplogicg agiagnd pop
measures have primarily been applied to the study of individual-level aging outcomes within
selected populations. However, opportunities for population-level applications are now within
reach. Several novel measures of biological aging use data available from routine blood chemistry
tests, which are increasingly collected in large-scale population health surveys and in a growing
multi-country network of longitudinal aging surveys. These surveys collect data on a variety of
aging-related factors and can be weighted to provide population-level estimates (34,36). Recent
work has begun to apply biological aging measures to population health monitoring, characterizing
changes in population aging trajectories over time and the social patterning of these trajectories
(37,38).

Life expectancy measures are often used as a key indicator of population health by
scientists and policymakers alike, and thus guide what types of health interventions are delivered
where, and to whom (39,40). Biological aging measures have the potential to enhance these efforts
by identifying differentiated population aging trajectories, as well as the social, behavioral, and
environmental drivers of these disparities. At the individual level, empirical evidence suggests that
these models are within reach, with early clinical trials are now underway to test impacts of
behavioral and pharmacological interventions on biological aging trajectories in humans (41-44).

The use of biological aging measures as surrogate endpoints in these trials will allow for earlier
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readouts of intervention effects observable within years instead of decades. At the population level,
these same measures might be used to observe real-world policy impacts ranging from childhood
interventions to environmental regulations and social safety nets.

|l denti fying drivers of .Thee preirhuBipleimechanisengthromgh
which social and environmental factors might impact biological aging trajectories. First, exposure
to social stressors has been shown to trigger endogenous processes that result in damage to
cardiovascular and metabolic health. McEwen and colleagues first introduced the concept of
allostatic load in 1998: the overstimulation of neural, neuroendocrine and neuroendocrine-immune
systems resulting from frequent and sustained exposure to stress (45,46). Geronimus and
colleagues then applied this concept in their research on “weathering”, demonstrating clear racial
disparities in allostatic load- a measure of oxidative stress-related aging processes (47,48). Since
then, additional research has continued to elaborate associations between psychosocial stress and
accelerated aging (26,49-53). Second, aging-related damage may occur as a result of exogenous
exposure to environmental toxicants and constraints that induce adverse health behaviors,
including air pollution, socioeconomic status, and neighborhood-level factors (54-57).

The prevalence and relative distribution of many chronic risk factors for premature aging
has shifted in the U.S. population over time (58—68). These risk factors, including socio-behavioral
risk factors like smoking and obesity, as well as exposure to pollution and other environmental
toxicants, are often disproportionately concentrated among minoritized groups (58-62,65,69,70).
Because the healthy aging impacts of chronic, non-fatal exposures are not immediately reflected
in traditional measures such as life expectancy (71), racial disparities in aging may currently be

underestimated — especially in younger cohorts. The identification of changes in population-level
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exposures, their relative distribution across population subgroups, and impacts on population
aging, are critical to informing policy intervention and health promotion efforts.

The compatibility of aging biology, life course approaches, and the study of environmental
exposures has previously been recognized, as "new biomarkers of exposure and response grounded
in aging biology can support increased understanding of population vulnerability... the role of
environmental stressors, broadly defined, on aging biology and neuroscience" (72). Measurements
of biological aging thus have the potential to generate new knowledge by allowing for earlier and
more comprehensive accounting of exposures that affect the distribution of population healthy
aging trajectories.

St udy o0.W¢tatedthe extant to which changes in exposure levels contributed to observed
patterns of population aging and population aging health equity over the first two decades of 21st
century (1999-2018). Our analysis proceeded in three steps. First, we characterized time trends in
biological aging over the study period among Black and White Americans, overall and by race-sex
strata. Second, we identified a set of candidate socio-behavioral and environmental risk factors for
which there was some evidence of 1) biological pathways driving accelerated aging at the
individual level, and 2) changes in exposure levels or relative distribution of these exposures in
the U.S. population over the study period. These exposures were smoking, obesity, blood lead
levels, and urinary polycyclic aromatic hydrocarbon (PAH) levels. We tested time trends in each
of these exposures and their associations with measures of biological aging. Finally, for exposures
that were both associated with biological aging and exhibited time trends parallel to measures of
biological aging, we conducted formal Kitagawa-Blinder-Oaxaca decomposition to evaluate 1) the

contribution of each exposure to differences in biological aging between early (1999-2008) and
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late (2009-2018) continuous NHANES periods, and 2) the contribution of each exposure to Black-
White disparities in biological aging over the entire study period, 1999-2018.

Met hods

S a mp Daa were drawn from the National Health and Nutrition Examination Surveys
(NHANES), a collection of nationally-representative, cross-sectional health surveys of the
noninstitutionalized civilian U.S. population conducted since the 1960s and continuing through
the present day. Survey procedures have previously been described in detail (73—78). Briefly, the
aim of NHANES is to collect information about the distribution of major diseases affecting the
U.S. population, as well as risk factors for those diseases. All NHANES participants are included
in the core survey component of the study, and provide data on “demographic, socioeconomic,
dietary, and health-related characteristics” (73). Additional physical examination and/or laboratory
data are collected and/or processed from defined subsamples of survey participants. We used data
from participants in in NHANES III (fielded 1988-1994) and the 1999-2018 waves of continuous
NHANES (fielded biennially) who provided blood samples during the MEC exam and for whom
measures of biological aging could be calculated. NHANES III data were used as the reference
sample on whom biological aging algorithms were trained, while continuous NHANES data were
used as the primary analytic sample. Biological aging measures were trained and projected into all
participants who provided blood-chemistry data; however, only participants between ages 20-80
and who self-identified as Black or White were included in the analytic sample. Sample sizes for
participants of other races were insufficient for reliable estimation based on cell counts in four-
year age-by-period contingency tables.

Bi ol ogi cWe kelecdynmeanugps of biological aging which have been shown in our own

work and that of other investigators to predict morbidity and mortality in diverse populations, and
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which have received substantial attention in the research literature (22,26-33). Importantly,
comparative studies show these clinical-lab-based measures of biological age to be equal or
stronger predictors of aging-related health deficits and mortality as compared with alternative
approaches, such as DNA methylation clocks (22).

For primary analysis, we used the method first introduced by Levine and colleagues in their
development of blood-chemistry PhenoAge (29). Following the PhenoAge method, predicted
biological age values represent the age at which a participant’s physiology-predicted mortality risk
would be approximately normal in the reference sample in whom the data were originally trained.
The PhenoAge measure was developed by applying a penalized regression model to 42 blood-
chemistry biomarkers available in both the NHANES III training sample and in all waves of
continuous NHANES, with 9 biomarkers ultimately included in the PhenoAge measure after
dimension reduction. This measure was validated in selected waves of continuous NHANES,
showing strong associations with both morbidity and mortality risk. Because we were interested
in studying change over the continuous NHANES period over two decades from 1999-2018, we
followed this methodology to develop a measure of biological aging that could be calculated across
all waves of measurement. We first defined the universe of available biomarkers collected in all
waves of NHANES III and continuous NHANES, including both blood-chemistry measures and
clinical measurements of pulse and blood pressure. We assessed potential batch effects in
biomarker values across measurement waves and corrected for these effects for three biomarkers:
alkaline phosphatase, albumin, and red cell distribution width. Second, we selected a subset of
these biomarkers as predictors for the PhenoAge algorithm by running an elastic net regression
model to identify parameters most strongly associated with mortality risk. The 12 biomarkers

selected using elastic net regression were: albumin, alkaline phosphatase, creatinine, glucose, uric
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acid, HbAlc, lymphocyte %, mean cell volume, red cell distribution width, white blood cell count,
systolic BP, pulse. PhenoAge values were then projected into the analytic sample of continuous
NHANES participants using the Bi 0 Aa@kage (14) in the RStudio Integrated Development
Environment (IDE) v2023.06.0.421 (79). Finally, biological-age advancement was defined as the
difference between PhenoAge and chronological age (for example, an individual with a PhenoAge
of 65 and a chronological age of 60 would have a biological-age advancement of 5 years). Details
regarding the development of biological aging measures for this analysis are available in the
Met hadpendi x

I nterpretation of bi ol ogical agi ng Bivleggd ur es

aging measures are constructed based on blood draws done at the time of survey measurement. At
the individual level, a biological-age advancement of 1 year can be interpreted as having the aging-
related physiology of a person who is chronologically one year older in the NHANES III sample
on which biological age is trained, at the time of a given participant’s blood draw. The measure of
aging-related physiology reflected in each measure is defined by the outcome on which the original
biological aging algorithm was trained (e.g., chronological age, mortality risk, homeostatic
dysregulation). Using NHANES-provided sampling weights, we can construct population-
representative, “point-in-time” estimates of biological aging in the U.S. population for each wave
of data collection, indexed to the NHANES III training sample. Biological aging health equity was
defined as the difference in mean biological-age advancement between Black Americans and
White Americans.

Sensitivity analysi s: me Ass pueviaashy edesdribedp differdati ol o g i
biological aging algorithms are trained on different aging-related constructs using different

statistical approaches. We repeated our analyses using an alternative measure of biological aging
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based on the approach used to develop the Homeostatic Dysregulation measure by Cohen and
colleagues (33). Rather than training biomarkers on mortality prediction, as with the PhenoAge
method, the Homeostatic Dysregulation measure quantifies an individual’s deviation (as measured
using Mahalanobis distance) from the biomarker profile of a young, healthy reference cohort. We
used the using the Bi 0 Aakage (14) in the RStudio Integrated Development Environment
(IDE) v2023.06.0.421 (79) to construct a Homeostatic Dysregulation-based measure of biological
aging using the 12 biomarkers selected in our PhenoAge-based measure (albumin, alkaline
phosphatase, creatinine, glucose, uric acid, HbAlc, lymphocyte %, mean cell volume, red cell
distribution width, white blood cell count, systolic BP, and pulse). Data from NHANES III were
used as the reference sample; Homeostatic Dysregulation values were projected into the analytic
sample of continuous NHANES participants.

E X p 0 s. Amprémary aim of this study was to assess the extent to which biological aging
measures can capture the effect of social and environmental exposures on population aging
trajectories. We therefore selected four exposures for investigation which 1) have previously
shown associations with biological aging or with the hallmarks of aging, 2) changed in prevalence
in the general population over time, and 3) for which racial health disparities have been observed
cross-sectionally and over time. Literature documenting each of these relationships is summarized
belowandinS u p p | e ma b3$Ladparate exposure subsamples and sampling weights were
defined based on data availability for each candidate exposure of interest.

B M.IObesity is associated with shorter lifespan, and has been linked to many cellular-level process
driving aging biological aging (80). Average BMI and obesity prevalence have continued to
increase in the United States into the first decades of the 21% century across all race/ethnic groups,

with some evidence that racial disparities in obesity are widening (59,62). Height and weight were
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recorded for all participants by a trained examiner in all waves of continuous NHANES (1999-
2018). BMI (kg/m?) was calculated as a person’s weight in kilograms divided by their height in
meters squared.

Smo Kk isn @ tStaking is associated with accelerated aging through inflammatory,

cardiovascular, and metabolic pathways (81); recent work has shown more advanced biological
aging among smokers compared with non-smokers (82—85). While the prevalence of smoking in
the United States continues to decrease over time, there is strong socioeconomic patterning in
smoking behaviors, with racial/ethnic minorities less likely to successfully quit smoking compared
to White Americans (86—88). Self-reported smoking behavior was collected in all waves of
continuous NHANES (1999-2018). Current smoking status was defined as fulfilling both of two
conditions: 1) reporting having “smoked at least 100 cigarettes in [your] entire life”, and 2)
reporting smoking cigarettes “some days” or “every day” at the time of data collection.

Bl oo dl dweldsThe(nd&rbtdxicity of lead exposure in children and adults is been well-

documented (89). There is no safe threshold of lead exposure, and even low-level exposure may
result in subclinical cognitive and neurological effects in adults (90). While blood lead has a
relatively short half-life and is a less precise measure of cumulative exposure than bone lead, it is
a more readily available measure, is highly correlated with bone lead levels, and has been
associated with lower cognitive scores among adults in the general population (91,92). While
overall levels in the United States continues to decline in the U.S. population (93), there remain
persistent racial disparities in lead exposure (94,95). A continuous measure of BLL (ug/dL) has
been measured in every wave of continuous NHANES from 1999-onwards. The analytic lower

limit of detection (LOD) for blood lead levels changed across NHANES cycles; data were
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processed such that values below the LOD were set at the LOD divided by the square root of two
(96); LODs for each wave of survey measurement are reportedinSu p p |l emabt al S2

Polycyclic Aromat i ¢ HyPdycyelz Arontatix Ryglrocgrtess BPAHs)e x p 0 s u

are a “class of organic compounds produced by incomplete combustion or high-pressure
processes... when complex organic substances are exposed to high temperatures or pressures”
(97). They represent a major source of environmental pollution with genotoxic, mutagenic, and
carcinogenic effects, and almost ubiquitous exposure occurs within the U.S. population (98—-101).
While time trends in PAH exposure are variable by parent PAH, higher exposure levels are
consistently observed among Black Americans relative to White Americans (63). It is difficult to
isolate the adverse health impacts of individual PAHs due to their joint presence in complex
chemical mixtures. We therefore tested the robustness of our results by measuring exposure to four
different parent PAH groupings, following the method used by Hudson-Hanley and colleagues in
the same NHANES sample (63). For description of population-level trends, we calculated as the
creatinine- and BMI-adjusted geometric mean (aGM) of exposure to four groups of urinary PAH
biomarkers: Naphthalene (1- and 2-hydroxynaphthalene, uNAP); Fluorene (2- and 3-
hydroxyfluorene, uFLU); Phenanthrene (1-, 2- and 3-hydroxyphenanthrene, uPHEN); and Pyrene
(1-hydroxypyrene, uPYR). For individual-level analyses, we adjusted all PAH measures by
residualizing for creatinine and BMI. Adjustment for creatinine was conducted to account for
urinary dilution; adjustment for BMI was conducted to account for differences in metabolism
reflected in urinary PAH concentrations (63). The analytic limit of detection (LOD) for urinary
PAHs changed across NHANES cycles; data were processed such that values below the LOD were
set at the LOD divided by the square root of two (63,96); LLDs for each wave of survey

measurement are reported in Su p p |l e nMeamtl @Dat&Sch urinary PAH levels has been
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collected in a subsample of NHANES participants since 2001; as of November 2023, data were
available through 2016.

Eval uati on eoxfp ocsaunriddi d aa dgBat w anClaexra c a d e c.dhathrees i t | on
fold Kitagawa-Blinder-Oaxaca decomposition evaluates the extent to which an overall mean
outcome difference between two groups (i.e., an observed disparity) is attributable to differences
in some predictor or set of predictors between those groups. We defined three conditions to assess
which of the selected candidate exposures might explain time trends in biological aging and
biological aging health equity over the study period. First, there must be a period trend in the
candidate exposure of interest. Second, there must be either a relationship between the candidate
exposure of interest and biological aging, or between the candidate exposure of interest and
changes in racial disparities in biological aging. Finally, in order for the candidate exposure to
explain period trends in biological aging and biological aging health equity, each exposure must
evidence either 1) time trends in the same direction as population trends in aging, 2) racial
disparities in the same direction as racial disparities in aging over the entire study period, or 3)
both.

Descriptive analysis of time tr e.rWSrstassessedi ol o0g |

time trends in biological aging and each candidate exposure by calculating survey-weighted means
within each of the ten continuous NHANES waves included in our analysis. We then tested time
trends in the full sample and by race-sex subgroup by specifying linear models of the form
Ownéi ofi QF 6 T & , where O is the NHANES survey wave of interest and @ is a
vector of covariates including age, sex, race, and all significant covariate interactions. We
evaluated changes in racial disparities over time for each variable by including an interaction term

between race and time, specified as a continuous variable representing NHANES measurement
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wave. All models were survey-weighted to the U.S. population at each wave of NHANES
measurement.

Testaisnsgpoci at weeamdbdate exposur e sV then quantfiedo | ogi ¢

associations of each exposure with biological-age advancement by specifying linear models of the
form & Q¢ & £ "WOQGAU H& OQE'QETOO | & , where O is the exposure of
interest and @ is a vector of covariates including age, sex, race, and all significant covariate
interactions. All models were survey-weighted to the U.S. population at each wave of NHANES
measurement.

KitampBadwaQlaexraca vari anc &he difeerenoemp mean Hiological-age

advancement over two periods or between two groups, 3 0 0 , can be expressed as:
300 30| 3 ® 30

where 3T  is the change in biological age-advancement attributable to differences in exposure
levels and unequal distribution of sample characteristics between the two time periods or groups,
3 @ is the change in biological age-advancement attributable to differing effects of the
candidate exposure and sample characteristics across the two periods or groups, and 3-G8{ is the
interaction of changes in exposure levels (or sample characteristics) and changes in covariate
effects across the two periods or groups (102,103).
We conducted two sets of decompositions for primary analysis:

1) Decomposition of difference in mean biological-age advancement between early (1999-

2008) and late (2009-2018) waves of continuous NHANES
2) Decomposition of Black-White disparities in biological-age advancement over the entire

study period, (1999-2018)
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We repeated the second analysis of Black-White disparities separately in earlier (1999-
2008) and later (2009-2018) waves of continuous NHANES, to qualitatively assess whether the
contribution of each candidate exposure to Black-White differences in biological aging had
changed over time.
Sensitivi Mgdiaatap grsatac hd e c o mphe Kitagawa-®linder-Oaxaca
variance decomposition method aims to separate mean differences between two groups into
distinct components: 1) differences attributable to the relative distribution of outcome predictors
across groups, 2) differences attributable to varying effects of the same predictors on the outcome
of interest across groups, and 3) the interaction of these first two effects. The method (104-107) is
most commonly found in the applied economics literature, but is increasingly being adopted for
use in public health research (108). In epidemiology, decomposition of an exposure effect through
a given predictor is generally performed through mediation analysis, where the effect of exposure
on outcome is evaluated in the presence and absence of one or more variables hypothesized to lie
on the causal pathway between exposure and disease. In their previous work on intervention
effects, Jackson and Vanderweele demonstrated the equivalence of causal mediation analysis to
different specifications of the Kitagawa-Blinder-Oaxaca decomposition (108). While the goal of
this study was to test the sensitivity of biological aging measures to social and environmental
exposures (and not to generate valid, precise estimates of causal effect), we conducted mediation
analysis with and without exposure-mediator interactions to test concordance between estimates
using decomposition and mediation approaches. Additionally, a notable limitation of the
Kitagawa-Blinder-Oaxaca approach is that it can only accommodate a binary exposure

specification; we conducted sensitivity analysis using a mediation model which modelled time as
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a continuous variable. All mediation analyses were conducted using the C MA v eR package
(109).

Samp lwe n g. WNHANES employs a multistage probability sampling design across several
domains of key demographic characteristics (e.g., age, race, sex) to select survey participants that
can be weighted to provide population-representative estimates of the U.S. civilian non-
institutionalized population (76—78,110,111). Several sampling weights are provided in each wave,
corresponding to different survey subsamples; separate weights are calculated for the in-home
interview, the mobile examination, and for special components such as the environmental
chemicals subsample. Weights are constructed based on selection probabilities and non-response
rates for each specific subsample, with post-stratification adjustment to the entire U.S. population.
We employed survey weights to test time trends and racial disparities in candidate exposure levels,
time trends and racial disparities in biological aging, and exposure-aging relationships over the
study period. Survey weights were applied to these models using the s u r pagkage in RStudio
(112,113). In Kitagawa-Blinder-Oaxaca decompositions, we adjusted for key demographic
variables used to construct survey weights (i.e., age, race, sex) to account for the impact of
changing demographic composition on period trends in biological aging.

Resul ts

Sampl e c o.Wepanalyzedtddtadram 28,991 participants who identified as Black or White
in the 1999-2018 waves of continuous NHANES who provided blood samples during the Mobile
Examination Center (MEC) exam and for whom biological aging measures could be calculated.
The sample was 49% male and 70% White; mean age at time of survey completion was 50 years
(SD=18.2). Overall, participants in continuous NHANES were biologically younger than

participants in the NHANES III training sample whose data were collected from 1988-1994
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(PhenoAge advancement mean=-3.1, SD=5.3). Chronological age was highly correlated with
PhenoAge (1=0.96), but only weakly correlated with PhenoAge advancement (r=0.09), indicating
that observed effects were unlikely to be the artefact of changes in the chronological-age
distribution of the population over the study period. Characteristics of all exposure subsamples
mirrored the composition of the larger PhenoAge sample (PhenoAge sample n=28,991; BMI
sample n=28,624; Smoking subsample n=28,970; Blood lead sample n=26,113; Urinary PAH
sample n=7,357). Characteristics of all participants and subsamples reported in T a b I; cell-sikes
for age-by-period contingency tables are reported in the full sample and by race and sex in
Suppl ementSal Tabl es

Ti me tarnedndsaci ali ndibs p& oigi ic2a0 1B3alagitalage advahcOn@nds
increased over the study period, indicating that the U.S. population appears to be aging faster over
time, evidencing more advanced physiological wear-and-tear at the same chronological age
(Figure 1; Sup pd Almembiolagical-dgaadvhneemests over the study period
were negative (< 0), indicating that participants were physiologically younger than those of the
same chronological age in the original NHANES III sample on whom the data were trained.
However, biological-age advancement values approached 0 over time, indicating a reversal of
gains in population healthy aging over the first two decades of the 21* century. Independently,
Black Americans evidenced faster biological aging compared with White Americans in all waves
of data collection (Fi gur e 2; Sup pd) fereveightmg to the & 8. populatton at
each wave of NHANES measurement, PhenoAge advancement increased from -4.9 in 1999-2000
to -2.7 in 2017-2018 in the overall population; increases were observed across all race-sex
subgroups (1999-2000 vs 2017-2018 survey-weighted means: White men -4.0 vs. -2.1; White

women -6.0 vs. -3.7; Black men -3.5 vs. -0.72; Black Women -4.7 vs. -1.2). Covariate-adjusted
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linear models revealed significant (increasing) period trends in biological aging in the full survey-
weighted analysis sample, with PhenoAge advancement increasing by 0.08 per year, as well as in
all race-sex subgroups (I range=0.06-0.12, all p<0.001, T a b [). €ests@f interaction between race
and period were significant, indicating an average increase in racial disparities in biological aging

of 0.04 per year from 1999-2018 (p<0.01).

Assocsoaft icoanndi dat e e Xx p o s u.Aswiativns of chndidate eaposore |

with biological aging were assessed by fitting survey-weighted linear models of each exposure on
biological aging, controlling for age, race, and sex. While prior evidence suggests a U-shaped
relationship between BMI and mortality (114,115), less than 2% of our sample was underweight
in any given year; we therefore modelled the BMI-aging relationship using a linear term for ease
of interpretation. As expected from our review of the literature, all candidate exposures were
associated with faster biological aging. A 1-unit increase in BMI (kg/m?) was associated with a
0.24-year increase in biological-age advancement (SE=0.01, p<0.001). Self-reported current
smoking status was associated with a 2.09-year increase in biological-age advancement (SE=0.08,
p<0.001). A 1-ug/dL increase in blood lead was associated with a 0.05-year increase in biological-
age advancement (SE=0.02, p<0.05). All families of urinary PAH exposure were associated with
more advanced biological aging (ES range 0.63-0.74, p<0.001). Full results are reported in

Suppl ementeal Tabl e S

c al

Ti me tirnemcdsndi date soci al a n d -2e0nlV¥@nenrends imeacht a |

candidate exposure were assessed and compared with time trends in biological aging. Estimates
were obtained by fitting survey-weighted linear models of year on each candidate exposure, with

covariate adjustment for age, sex, and race. Results are summarized below; based on observation
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of increasing trends over time, BMI, naphthalene, and pyrene were identified as candidate
exposures that might explain increases in biological aging over the study period.

B M.IAdjusting for age and gender, mean BMI was 26.2 kg/m? in White Americans and 28.2 in
Black Americans in 1999. Increases in BMI were observed over the study period in the overall
population and in all race-sex subgroups, survey-weighted to the U.S. population at the time of
measurement (SUp pl ement gl Skipgpu reane $HIOaadveradeahert veas aB.09
kg/m? increase in BMI per year in the U.S. population (SE=0.01), with yearly increases ranging
from 0.08-0.11 across race-sex subgroups (all p<0.001). Tests of interaction between race and
period are were not significant (0.83), indicating that changes in BMI over the study period did
not appear to differ by race.

Current s madustingdor aget amadtgander, smoking prevalence was 17% in White

Americans and 26% in Black Americans in 1999. Decreases in smoking prevalence were observed
in the overall population and among White Americans, but not among Black Americans
Suppl ement 3l Sipgpul reemedB)tOa hveragea thete &vas £2% decrease in
smoking prevalence per year in the U.S. population (SE=0.00, p<0.001), with mean yearly
decreases ranging from 1-3% across race-sex subgroups. Tests of interaction between race and
period were significant  =0.02, p<0.05), indicating smaller decreases in smoking prevalence
among Black Americans compared with White Americans.

Bl ood | eAdjabting fer wge andsgender, mean blood lead levels were 1.2 pg/dL in White

Americans and 1.5 pg/dL in Black Americans in 1999. Decreases in blood lead levels (ng/dL) were
observed in the full analysis sample and in all race-sex subgroups (Suppl ement al Figu
Supp!l e men t9a On averagh, thee ws a 0.06 pg/dL decrease in blood lead levels per

year in the entire U.S. population (SE=0.00), with mean yearly decreases ranging from 0.04-0.09
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ug/dL across race-sex subgroups (all p<0.001). Tests of interaction between race and period were
significant (f =-0.01, p<0.05), indicating larger decreases in blood lead levels among Black

Americans compared with White Americans.

Urinary .PANa p k:tAdultiegeonage and gender, mean uNAP levels were 9.1 ug/L

(log) in White Americans and 9.6 ug/L (log) in Black Americans in 1999. Significant increases in
urinary naphthalene (ug/L (log)) were observed in the overall population over time ( =0.02,
SE=0.00, p<0.001), and across all race-sex subgroups with the exception of White men. Tests of
interaction between race and period are were not significant (p=0.22). F | u o Adustiag for age
and gender, mean uFLU levels were 7.1 ug/L (log) in White Americans and 7.6 ug/L (log) in Black
Americans in 1999. Significant decreases were observed in urinary fluorene in the overall
population over time ( =-0.03, SE=0.00, p<0.001), and across all race-sex subgroups with the
exception of Black men. Tests of interaction between race and period were not significant (p=0.12).
P h e n an tAdyusteghfe age and gender, mean uPHEN levels were 6.4 ug/L (log) in White
Americans and 6.6 ug/L (log) in Black Americans in 1999. Significant decreases were observed in
urinary phenanthrene in the overall population over time (f =-0.02, SE=0.00, p<0.001), and across
all race-sex subgroups with the exception of Black men. Tests of interaction between race and
period were not significant (p=0.20). P y r eAdjesting for age and gender, mean uPHEN levels
were 4.9 ug/L (log) in White Americans and 5.2 ug/L (log) in Black Americans in 1999. Significant
increases were observed in urinary pyrene in the overall population over time  =0.07, SE=0.00,
p<0.001), and across all race-sex subgroups (all p<0.001). Tests of interaction between race and
period were not significant (p=0.19). Results are reported in Sup pl ement aland Fi gur €

Suppl ement Bhad(TNEbU tesome vari ables were residual
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in primargalacnull saIdiecame ®all uPAHKrreap ae&seldi er in t
par agfroarphi nt er pretabil ity
Survey-weighted mean exposure levels by age and NHANES measurement wave are reported in
Suppl ement al Figure S5
Raci al di sparities in candidate s20cliBaihl and
disparities in each candidate exposure were assessed and compared against racial disparities in
biological aging. Estimates were obtained by fitting survey-weighted linear models of race on each
candidate exposure, with covariate adjustment for survey year, age, sex, and race. Based on
observation of higher exposure levels in Black Americans, who also evidenced more advanced
biological aging across all waves of survey measurement, we identified five candidate exposures
that might explain racial disparities in biological aging over the study period: BMI, smoking
prevalence, blood lead levels, urinary naphthalene, and urinary fluorene.
On average, Black Americans evidenced a 1.99 kg/m? higher BMI than White Americans
(SE=0.12, p<0.001) and were 2% more likely to smoke (SE=0.01, p<0.05) over the study period.
Black Americans also evidenced blood lead levels 0.29 pg/dL (log, SE=0.03, p<0.001) higher,
urinary naphthalene levels 0.08 ug/L (log, SE=0.04, p<0.05) higher, and urinary fluorene levels
0.07 ug/L (log, SE=0.04, p<0.05) higher than White Americans. Adjusted mean urinary
phenanthrene levels were 0.09 ug/L (log, SE=0.02, p<0.001) lower in Black Americans compared
with White Americans. No racial differences were observed in urinary pyrene exposure (p=0.10).
Full results are reportedinSu p pl ementldl Tabl e S
Decomposition of period chang@e88)nvbi2iDHBgi ¢ 210
waves of C 0 nt i MeaanobiblegicaNageAadl/in&ment increased over the study

period, indicating that the NHANES participants included in our sample were aging more rapidly
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over time. Mean differences in biological aging between early and later waves of NHANES were
similar across BMI, smoking, and blood lead subsamples (mean difference range=0.90-0.92
years), but were attenuated in the urinary PAH subsample (mean difference=0.51 years)
( Supp!l e me nSt2a Resulls afbKlitaawa-Oaxaca-Blinder decompositions for selected
candidate biomarkers are summarized below; detailed results are showninSu p pl e men
S 3. All decompositions were adjusted for demographic characteristics used in the calculation of
NHANES weights (i.e., age, race, sex).

B M.IThe mean difference in biological-age advancement between earlier and later waves of
continuous NHANES was 0.90 years in the BMI subsample. BMI accounted for 29% (0.26 years)
of this change overall, with changes in BMI distribution over the study period accounting for the
bulk of this effect (0.24 years). Conversely, the effect of BMI did not change appreciably over time
(-0.01 years). The interaction between changing distribution and changing effect of BMI over time
accounted for an additional 0.03 years of the difference in biological-age advancement between
early and late NHANES periods.

Urinary nappyrhéinteacanaliffezemcain biological-age advancement between

earlier and later waves of continuous NHANES was 0.51 years in the BMI subsample. Urinary
naphthalene (UNAP) and urinary pyrene (uPYR) explained 20% (0.10 years) and 55% (0.28 years)
of this change, respectively. The change attributable to differences in uNAP distribution across the
early and late NHANES accounted for the bulk of the uNAP effect (0.09 of 0.10 years, compared
with -0.01 change attributable to the effect of uNAP over time and 0.02 attributable to the
interaction between uNAP distribution and effect over the two periods). Similarly, the change
attributable to differences in uPYR distribution across the early and late NHANES accounted for

the entirety of the uPYR effect (0.31 of 0.28 years, compared with 0.04 years attributable to the
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changing effect of uPYR over time and -0.07 years attributable to the interaction between uPYR
distribution and effect over the two periods).

Compar medivat i on Comparaile yndiaSon analysis, where exposure was

operationalized as a dichotomous variable (early vs. late NHANES waves) yielded generally
similar estimates. Estimates of the mediation fraction for BMI with and without exposure-mediator
interactions ranged from 26-29%. Estimates of the mediation fraction for uNAP with and without
exposure-mediator interactions ranged from 21-23%. Estimates of the mediation fraction for uPYR
with and without exposure-mediator interactions ranged from 64-72%. Full results of mediation

analysis are reportedinSu p pl ementlal Tabl e S

Expl oratorymadabaybosi me model vad i &&8donducted ont i

mediation analysis with and without exposure-mediator interactions to assess whether results were
consistent when modelling time as a continuous variable. Estimated mediation fractions were
similar for BMI, which accounted for an estimated 26-52% of the total change in PhenoAge over
time. Mediation fractions for urinary PAHs were somewhat larger, with urinary naphthalene

accounting for 44-50% and urinary pyrene accounting for 50-102% of the total change in

PhenoAge over the study period. Full results of this analysis are reportedinSu p pl e ment al

Sh

Decomposit i-Whi toef dBilsapcakr i t i es i-2n081Black NHAYHSC a |

participants evidenced faster biological aging than White NHANES participants over the first two
decades of the 21% century. Mean differences in biological aging between Black and White
NHANES participants was similar across BMI, smoking, and blood lead subsamples (mean
difference range=1.19-1.20 years), and slightly attenuated in the urinary PAH subsample (mean

difference=1.12 years) ( Suppl e me nt18)l Reslla ofl Kitaga®a-Oaxaca-Blinder
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decompositions for selected candidate biomarkers are summarized below; detailed results are
shown in Suppl ement 47 All TdacbnpmitionS were adjusted for demographic
characteristics used in the calculation of NHANES weights (i.e., age, race, sex).

B M.IThe mean difference in biological-age advancement between Black participants and White
participants was 1.20 years in the BMI subsample. BMI accounted for 35% (0.42 years) of this
disparity overall, with differences in BMI distribution between Black and White participants
accounting for the entirety of this effect (0.43 years). The effect of BMI on biological aging did
not differ between Black and White Americans. The interaction between changing distribution and
different effects of BMI across racial categories had little impact, reducing the total effect of BMI
on Black-White disparities in biological aging by 0.01 years.

Smoking p The wead éifferenee in biological-age advancement between Black

participants and White participants was 1.20 years among NHANES participants who provided
data on their current smoking behavior. Smoking prevalence accounted for an estimated -0.09
years (-8%) of this disparity, meaning that differences in smoking behavior over the study period
were in fact estimated to attenuate the disparity between Black and White participants by 0.09
years. While 0.04 years of the 1.19-year disparity was accounted for by differences in the
distribution of smoking prevalence over the study period, this endowment effect was entirely
reversed by a -0.12-year coefficient effect identifying a smaller impact of current smoking status
on Black participants relative to White participants. The interaction between changing distribution
and differential effects of current smoking status across racial categories had little impact,
accounting for 0.01 of the total effect of smoking on Black-White disparities in biological aging.

Envi r omrmxe o sTadmeasdifference in biological-age advancement between earlier and

later waves of continuous NHANES was 1.20 in the blood lead subsample, and 1.12 in the urinary
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PAH subsample. Blood lead levels, urinary naphthalene, and urinary fluorene each accounted for
less than 5% of the total Black-White disparity observed over the study period.

Co mp a rrmeetdii vaet i 0. @omparatavd aalgsis with mediation analysis, with and without

exposure-mediator interactions, yielded generally similar estimates. Estimates of the mediation
fraction for BMI with and without exposure-mediator interactions ranged from 22-33%. Estimates
of the mediation fraction for smoking with and without exposure-mediator interactions ranged
from -11% to 0.05%. Estimates of the mediation fraction for blood lead levels, urinary
naphthalene, and urinary fluorene ranged from 2-10%, 2-3%, and -2% to 0.8%, respectively. Full
results of mediation analysis are showninSu ppl emen$S &l Tabl e

Exploratocympnpal ngi ssecompositionsgssopiwaaeei alf d

cont i nuo u We rdpddtéd binklySis separately in early (1999-2008) and late (2009-2018)

waves of continuous NHANES to assess whether the relative contribution of candidate exposures
to racial disparities in biological aging appeared to be changing over time. BMI accounted for 34%
of the total 1.12-year racial disparity in biological aging in the early NHANES period, and 35% of
the total 1.16-year racial disparity in biological aging in the late NHANES period. Smoking
accounted for -6% of the total 1.15-year racial disparity in biological aging in the early NHANES
period, and -11% of the total 1.14-year racial disparity in biological aging in the late NHANES
period. Blood lead levels accounted for 9% of the total 1.13-year racial disparity in biological
aging in the early NHANES period, and 0% of the total 1.16-year racial disparity in biological
aging in the late NHANES period. Urinary naphthalene and fluorene accounted for less than 5%
of the total 1.09-year racial disparity in biological aging in both early and late NHANES periods.

Full results of this analysis are reportedinSup pl ement @l Tabl e S1
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Sensitivity anal ysi sbasHodnemea sau rieeqy i Oeggiwatedglud quit d &

our primary analysis using an alternative measure of biological aging to test consistency of results.
Black Americans also evidenced more advanced Homeostatic Dysregulation in all waves of survey
measurement (SUuppl ement a). Unlike btHe ePhen@®@de measure, Homeostatic

Dysregulation did not increase significantly over time in the U.S. population, increasing among

Black men and Black women (p<0.001) but not White men or White women (Su p pl ement al

S2 0 Tests of interaction between race and period were significant, indicating an average increase
in racial disparities in biological aging of 0.01 per year from 1999-2018 (p<0.001). We then
decomposed Black-White disparities in Homeostatic Dysregulation over the entire study period.

Unlike the PhenoAge measure, no candidate exposures accounted for more than 5% of the Black-

White racial disparity in biological aging over the study period (Su p pl ement Bl Tabl

Di scuamsd o@oncl usi on

Novel measures of biological aging are responsive to a broad range of social, behavioral,
and environmental exposures at the individual level. However, whether these measures can be
applied to study the drivers of population aging trajectories has not previously been explored. We
tested the extent to which a set of candidate socio-behavioral and environmental exposures
contributed to pre-pandemic trends and racial disparities in biological aging trajectories in the
United States over the first two decades of the 21 century. The candidate exposures in our study
fulfilled two criteria: 1) they had previously been shown to modify aging trajectories at an
individual level, and 2) their prevalence or racial distribution had changed in the United States
over the past two decades. We used survey-weighted linear regressions to assess 1) period trends
in biological aging and racial disparities in biological aging, 2) period trends and racial disparities

in each candidate exposure, and 3) associations of each candidate exposure with biological aging.
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We used Kitagawa—Blinder—Oaxaca decomposition to assess the contribution of each candidate
exposure to changes in biological aging between earlier (1999-2008) and later (2009-2018)
NHANES periods, and biological aging disparities between Black Americans and White
Americans over the entire study period.

With regard to period trends in biological aging, we found that mean biological-age
advancement rose from 1999 to 2018, indicating that the U.S. population was aging more rapidly
towards the end of the study period compared to earlier waves of measurement. Among the two
socio-behavioral exposures we measured, mean BMI increased and smoking prevalence decreased
over the same period. Among environmental exposures, urinary concentrations of two PAH
groupings (naphthalene and pyrene, or uNAP and uPYR) increased, while blood lead levels and
urinary concentrations of two other PAH groupings (fluorene and phenanthrene, or uFLU and
uPHEN) decreased. In Kitagawa-Blinder-Oaxaca decomposition of biological aging in earlier
(1999-2008) vs. later (2009-2018) periods, we found that BMI accounted for a substantial
proportion of time trends in biological aging, as did uNAP and uPYR. Results were similar in
comparative mediation analysis, and held whether time was modelled as a binary or continuous
variable.

In analysis of Black-White disparities in biological aging, we found that biological aging
was faster in Black Americans compared to White Americans across the entire study period and in
all waves of survey measurement, with small increases in observed racial disparities over time.
Among the two socio-behavioral exposures we measured, Black Americans were more likely to
smoke and evidenced a higher average BMI compared with White Americans. Among
environmental exposures, blood lead levels and urinary concentrations of two PAH groupings

(naphthalene and fluorene, or uNAP and uFLU) were higher in Black Americans compared with
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White Americans, while levels of phenanthrene (uPHEN) were lower and no differences were
observed in pyrene exposure. In Kitagawa-Blinder-Oaxaca decomposition of Black-White
disparities over the entire study period, we found that BMI accounted for a substantial proportion
of Black-White disparities, but that environmental chemicals did not, and smoking in fact
attenuated Black-White disparities in biological aging. As in analysis of period trends, results were
similar in comparative mediation analysis. In exploratory analysis of changing racial disparities
over time, the effect of BMI did not appear to change between early and late NHANES periods,
although the attenuating effect of smoking became stronger and the effect of blood lead became
weaker over time.

The finding that BMI accounts for a substantial proportion of time trends and racial
disparities in biological aging is consistent with recent literature demonstrating associations
between obesity, the hallmarks of aging and epigenetic aging, and with recent data from clinical
trials indicating that caloric restriction may slow biological aging processes (41,116,117). Further,
our results indicates that higher BMI is similarly associated with accelerated aging across racial
groups in the United States; racial disparities in biological aging attributable to BMI reflect
differential distribution across racial groups rather than heterogenous risk associated with higher
BMLI. In our study, higher BMI levels thus appear to be pathogenic viewed through the lens of
physiological aging processes. However, BMI is a crude index of metabolic health, and its
limitations are being increasingly noted in the epidemiologic literature (118—120). Replication
using more precise measures such as body composition (e.g. bioelectrical impedance), fat
distribution (e.g. waist-to-hip ratio, skinfold testing), and biomarkers of glucose tolerance and
insulin signaling will build confidence in study findings. Amid evidence that BMI is beginning to

plateau in high-income countries, and with novel therapeutic options to achieve clinical weight
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loss goals (121,122), close attention should also be paid to how the social patterning of BMI
differentially contributes to aging trajectories in disadvantaged population groups.

Causal identification of health impacts attributable to specific PAHs is challenging due to
their co-occurrence in complex chemical mixtures; exposure to individual PAHs in isolation does
not occur in the natural world (123). To the extent that biological aging measures capture
physiological integrity across multiple organ systems, however, they present a promising means
through which to capture subclinical health risk from chronic low-level environmental exposures.
In this study, we tested the extent to which four different PAHs could explain period trends and
racial disparities in biological aging trajectories to evaluate robustness of results across specific
molecules. Our study first replicated earlier findings by Hudson-Hanley and colleagues, finding
mixed evidence across different PAHs: urinary concentrations of naphthalene and pyrene increased
over the first two decades of the 21 century, while concentrations of fluorene and phenanthrene
decreased over the same period (63).

We found that urinary naphthalene and pyrene accounted for a substantial proportion of
period changes in biological aging from 1999-2018: naphthalene accounted for 20% of the
difference in mean biological-age advancement between earlier and later NHANES periods, while
pyrene accounted for 55%. Urinary pyrene is highly correlated with ambient exposure to other
PAHs and particulate matter. As a result, it has been widely used as a surrogate biomarker for
occupational and other environmental PAH exposure levels (124—127). The high proportion of
period changes in biological aging explained through urinary pyrene, and to a lesser extent
naphthalene, may reflect exposure to a range of environmental pollutants including exposure to
unmeasured PAHs and other particulate matter. Importantly, differences in biological aging

between earlier and later NHANES periods were smaller in the PAH subsample compared to the
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overall biological aging sample and all other exposure subsample (early vs. late NHANES 3-0.51
years in PAH subsample, 0.90-0.92 in all other exposure subsamples). The PAH subsample was
composed only of non-smokers, who may be healthier than the general population; it is possible
that PAHs account for a relatively larger proportion of variance in biological aging in this
population group absent other behavioral risk factors. In light of these considerations, our results
suggest that environmental toxicants represent a plausible cause of accelerated aging trajectories
over the study period, and can be captured through measures of biological aging.

Results of Kitagawa-Blinder-Oaxaca decomposition and mediation analysis were broadly
similar. Concordance of results across the two methods using both binary and continuous measures
of time builds confidence in our results. While Kitagawa-Blinder-Oaxaca decomposition cannot
accommodate continuous exposures, it provides an intuitive decomposition of group differences
in a given outcome. Mediation analysis estimates the proportion of an exposure-disease
relationship that operates through a specific mediating pathway of interest, holding all covariates
constant. Conversely, Kitagawa-Blinder-Oaxaca decomposition provides effect estimates for each
exposure of interest as well as all covariates, and further decomposes this effect into differences
that are attributable to differences in the distribution of the mediator over time or across population
groups, changes in the effect of the mediator over time or across population groups, and the
interaction of these two effects. This is of particular interest when studying between-group
differences in a given outcome. Differential impacts of a candidate exposure may reflect more
pronounced social patterning and compounding of health risk in specific population groups
relevant to policy formation and estimation of intervention impacts. In this study, endowment
effects consistently outweighed minimal coefficient effects, suggesting persistent effects of

candidate exposures on biological aging and similar etiologic effects on aging trajectories over
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time and across racial groups. Racial inequities in aging thus appear to be driven by the unequal
distribution of harmful exposures, rather than differences in the effects of these exposures.

Our substantive findings are also notable. First, it appears that the U.S. population is aging
more quickly now than 20 years ago. This is notable given dramatic reductions in potent chronic
disease risk factors over the same period, including smoking prevalence and lead exposure as
measured in our study. These observations suggest a set of opposing forces driving accelerated
aging trajectories that overwhelms the impact of these gains. Second, our findings suggest that
socio-behavioral risk factors and environmental toxicants, including obesity and PAH exposure,
represent important components of adverse aging trajectories that may overwhelm population
health gains in other areas. Further research is needed to isolate causal impacts of these and other
exposures on population aging trajectories. Longitudinal analysis of exposure-aging relationships
within individuals can shed light on the causal processes that link social, behavioral, and
environmental exposures to accelerated aging. Quantifying the co-occurrence of complex
environmental exposures will help to contextualize the effects observed in this proof-of-concept
study. Natural experiments of policy changes or acute environmental changes may provide one
means to test population impacts. Finally, our findings suggests that 21%-century declines in U.S.
life expectancy, driven by “deaths of despair” among white men in young and middle adulthood,
are mirrored in non-fatal health decrements in the entire adult population — regardless of race and
gender. Further attention to latent, pre-clinical declines in health risk across population groups may
help to mitigate long-term impacts on population aging outcomes and aging health equity.

We acknowledge limitations. A key limitation of this analysis is the possibility of residual
confounding between candidate exposures and biological aging. In decomposition analysis, we

controlled for variables used in the calculation of survey weights (age, race, and gender) which are
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also known to impact biological aging trajectories. This allowed us to account for changes in the
demographic composition of the NHANES sample over time. However, adverse exposures often
co-occur, and the effects of the social and environmental exposures we analyzed likely reflect not
only the effects of the exposures themselves, but of these co-occurring factors. Findings should
therefore be interpreted as directional evidence that biological aging measures can capture the
impacts of social, behavioral, and environmental exposures, rather than as intervention effects or
other causal estimands. Further, we used repeated cross-sectional survey data for this analysis;
information on candidate exposures and the biomarkers used to calculate biological aging
measures were collected at the same time. Studies are needed which either 1) employ cross-
sectional exposure measures (e.g., biomarkers) that reflect cumulative life course exposure levels,
and/or 2) establish clear temporality between exposure and biological aging impacts within the
same individual. Only participants self-identifying as Black or White were included in our analysis
due to sample size constraints; repeating our analysis in nationally-representative samples of other
racial groups is an immediate priority. A second limitation is that there is no gold standard measure
of the construct of biological aging (21). We observed evidence of persistent Black-White
disparities in biological aging over the study period using two different measures of biological
aging, PhenoAge and Homeostatic Dysregulation, as well as evidence of increasing racial
disparities in biological aging trajectories over time. However, the Homeostatic Dysregulation
measure observed increases in biological aging over the study period only among Black Americans
and not White Americans. Differences in observations between the two measures may reflect
differences in the processes of aging captured by each measure, or differential sensitivity to
changes in these processes across time or population groups. Comparative analysis using other

biological substrates (e.g., DNA methylation), once made available, will provide additional insight
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on the interpretation of these findings. Further, biological aging measures are risk estimates based
on indexing aging-related outcome predictions to its distribution in a reference sample: we did not
account for this uncertainty in our analyses, which may underestimate the standard error of our
estimates. Finally, application of biological-aging algorithms trained in NHANES III data to the
NHANES IV analytic sample also assumes that the relationship between component biomarkers
and the underlying construct of biological aging has not changed over time. However, empirical
evidence suggests that this assumption holds, with 1) comparable effect-sizes between biological
aging and mortality across training and analytic samples. Additional detail in available in the
Met hods AThgeam danyxdistinct domains of aging at the individual and population
level, including biological as well as psychosocial, environmental, and cognitive dimensions (128).
To the extent that measures of biological aging reflect latent decrements in physiological integrity
resulting from the accumulation of compounding health risks, they may provide an appropriate
means through which to evaluate aging-related population health status.

Within the bounds of these limitations, this study represents an early application of
biological aging measures to assess socio-behavioral and environmental drivers of population
aging trajectories. The novel measures of biological aging we used in our analysis evidenced
expected racial disparities in aging trajectories and were responsive to a range of social and
environmental exposures. Results of analysis using these measures complement traditional
indicators of population health and healthy aging, like life expectancy, by providing direct
measures of health status in living people. To the extent that latent biological processes of aging
drive disease and disability in later life, evaluating the impact of social and environmental
exposures on biological aging at earlier timescales may allow for more effective policy evaluation

and intervention to prevent or alleviate aging-related disease and disability.
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Tables and Figures
T a b | @mpbsition of full biological aging sample and exposure subsamples. The table shows
the demographic composition and biological aging distribution of all analytic samples. Sample

characteristics are similarly distributed across age, race, sex, and biological aging distribution.

Bicage sample EMI| Sample Smoking Sample EBlood Lead Sample  Urinary PAH sample

n 285891 20624 28970 26113 7397
Percent (%)
Men 45 49 49 45 a0
Women a1 5 a1 o1 a0
Black 30 3 30 30 30
White 70 69 70 70 70
Mean (SD)
Lge a0.4(18.2) 0.3 (181 50.4(18.2) 50.4(18.2) 496 (17.9)
Phenohge 47.3(19.3) 471183 47.3(19.3) 47.3(19.3) 46.3(18.9)
Phenofge Advancement -31(53) -3.1{5.3) -3.1(5.3) -3.1(5.3) -3.3(2.2)
Homeostatic Dysregulation (leg) 3.7 (1) 3701 37(1) 3.7 (1) 37 (1)
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Table 2. Time trends in biological agdlg8.i n t
The tables below provide estimates of yearly change in mean biological-age advancement in Black
and White Americans, overall and by race-sex subgroups. Estimates were obtained by fitting
survey-weighted linear models of year on PhenoAge advancement, with covariate adjustment for
age, sex, and race. On average, there was a 0.08-year increase in biological-age advancement per
year in the entire U.S. population (SE=0.01), with yearly increases ranging from 0.06 to 0.12 across
race-sex subgroups (all p<0.001). Tests of interaction between race and period were significant
(ES=0.04 years, p<0.001), indicating that Black Americans’ aging trajectories accelerated more

quickly than White Americans over the study period.

Period trends in biological aging

term estimate std error statistic  p.value nobs
(Intercept) -4.86 0.16 -31.32 <0.001 28991
year_center 0.08 0.01 §.97 <0.001 28991
age 0.02 0.00 10.23 <0.001 28991
genderiWomen -182 0.06 -31.42 <0.001 28991
raceBlack 166 0.10 1713 <0.001 28991

Test of period trends in biclogical aging, White Men

term esfimate std.error siatistic pvalue nobs
(Intercept) -6.15 0.22 -23.36 <0.001 9966
year_center 0.06 002 387 <0.001 S966
age 003 0.00 917 <0.001 9966

Test of period trends in bicdogical aging, White Women

term estimate std emor statistic  p.value nobs
{Intercept) -6.24 018 -33.74 <0001 10185
year_center 0.08 0.01 §.92 <0.001 101885
age 0.01 0.00 351 <0.001 10185

Test of period trends in biclogical aging, Black Men

term estimate std.error statistic pvalue nobs
(Intercept) -471 0.26 -1821 <0.001 4267
year_center 010 002 57T <0001 4267
age 004 0.00 857 <0001 L2867

Test of period trends in bicdogical aging, Black Women

term estimate std.error statistic pvalue nobs
(Intercept) -6.09 0.29 -17.48 <0.001 4573
year_center 012 002 .00 <0.001 4573
age 002 0 387 <0001 4573

Test of period trends in bicdogical aging disparities

term estimate std error statistic  p.value nobs
(Intercept) -4.81 0.16 -30.21 <0.001 28991
year_canter 0.07 0.01 583 ) 28991
raceBlack 1.26 017 762 28991
age 0.02 0.00 10.25 28991
genderiWomen -1.82 0.06 -31.42 28991
year_centerraceBlack 0.04 002 271 28991
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Figure 1. Time trends in biol 030 d8&.figurashoivsn g
mean PhenoAge advancement distributions by race-sex subgroups, survey-weighted to the U.S.
population in each wave of NHANES survey measurement. Biological-age advancements
increased over the study period across all population groups. On average, there was a 0.08-year
increase in biological-age advancement per year in the entire U.S. population (SE=0.01), with
yearly increases ranging from 0.06 to 0.12 across race-sex subgroups (all p<0.001). Men evidenced
more advanced biological aging than women, and Black Americans more advanced biological

aging than White Americans in all waves of survey measurement.
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F i g u Mime trénds in Black-White disparities in biological aging in the U.S. population, 1999-
2018. The figure shows differences in mean PhenoAge advancement distributions between Black
and White Americans, stratified by race and survey-weighted to the U.S. population in each wave
of NHANES survey measurement. Tests of interaction between race and period were significant,
indicating an average increase in racial disparities in biological aging of 0.04 per year from 1999-

2018 (p<0.01); the magnitude of these increases did not appear to differ by gender (p=0.92).
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ChaptSairpp4d ement al Materi al

Suppl emabt al S1. Literature review of <candi
bi ol ogi cTaeltableapgovidesgp .summary of literature demonstrating 1) associations of
hypothesized social and environmental drivers of biological aging with the biological hallmarks
of aging, 2) time trends in exposure levels in the U.S. population, and 3) differences in the racial

distribution and/or changes in the racial distribution of exposure levels over time.

Exposure Association with aging Time trends Racial disparities
Obesity Horvath 2014 (1); Belsky Wang 2007 (5); Wang 2007 (5);
2018 (2); Li 2019 (3); Etzel  Ljungvall 2012 (6); Ljungvall 2012 (6);
2022 (4) Wong 2014 (7) Wong 2014 (7); Anekwe
2020 (8)
Smoking Mamoshina 2019 (9); Beach Jamal 2015 (13); Drope 2018 (14);
2015 (10); Lei 2017 (11); Drope 2018 (14) Thompson 2018 (15);
Skjodt 2018 (12) Nguyen-Grozau 2020
(16)
Polycyclic Lietal 2018 (17); Pavanello Hudson-Hanley Hudson-Hanley 2021
Aromatic et al 2020 (18); Anisimov 2021 (21); Liu (21)
Hydrocarbons 2010 (19); Hou 2020 (20) 2017 (22)
(PAH)
exposure
Lead Reuben 2018 (23); Wu 2012 Muntner 2005 (26); Muntner 2005 (26); Teye
exposure (24); Chen 2022 (25) Dignam 2019 (27) 2021 (28); Muller 2018
(29); Danzinger 2021
(30)
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Suppl emabt &I

S2.

Det ecti

on

i mi ts

(LOD)

NHANES @hg andlyac.lower limit of detection (LLOD) for urinary PAHs changed across

NHANES cycles. NHANES processes the data such values below the limit of detection are set at

the LLOD divided by the square root of two. Information from publicly available NHANES

Laboratory Procedure Manuals regarding LLOD for urinary PAH and blood lead levels are

summarized below. Data regarding urinary PAH LLOD were not available for the 2001-2 and

2005-2006 waves; data regarding blood lead LLOD were not available for the 2005-2006 wave.

1999 | 2001 | 2003 | 2005 |2007 | 2009 |2011 |2013 | 2015 | 2017
2000 | 2002 | 2004 | 2006 |2008 |2010 |2012 | 2014 | 2016 | 2018
Urinary PAHs (ng/ L)
1-naphthol NA 18 NA |48 48 48 60 60
2-naphthol NA 12 NA 13 40 40 90 90
2-OH- NA |45 NA |5 10 10 8 8
fluorene
3-OH- NA |69 NA |5 10 10 8 8
fluorene
1-OH- NA |26 NA |5 10 10 9 9
phenanthren
e
2-OH- NA |38 NA |5 10 10 10 10
phenanthren
e
3-OH- NA |26 NA |5 10 10 10 10
phenanthren
e
1-OH- NA |49 NA |5 10 10 70 70
pyrene
Bl ood LO0.6 0.6 025 (025 |025 025 (025 |0.07 [0.07 |0.07
| e vpgl/sd
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Suppl emabt al S3. Number of participants in
exposure subsamples, by wave and subgroup.
Number of participants by wave, full sample
1999 2001 2003 2005 2007 2009 2011 2013 2015 2017 Sum
White Men 823 1063 1012 988 1217 1301 234 1052 818 808 2966
White Women 847 11461 1042 1021 1175 1336 850 1139 810 804 10185
Black Men 310 367 353 421 46 424 344 472 450 478 4267
Black Women 357 EYE] 384 433 473 420 387 4091 505 541 4573
Sum 2337 2964 2791 2863 3311 3402 2865 3154 2583 2631 28091
Number of participants by wave, BMI data
1909 2001 2003 2005 2007 2009 2011 2013 2015 2017 Sum
White Men 818 1031 1003 978 1203 1278 873 1042 810 796 9832
White Women 842 1115 1025 1011 1164 1331 842 1127 804 799 10060
Black Men 304 355 47 414 439 424 536 470 445 473 4207
Black Women 353 365 379 432 463 427 380 486 502 336 4323
Sum 2317 2866 2754 2835 3271 3460 2831 3125 2561 2604 28624
Number of participants by wave, smoking data
1999 2001 2003 2005 2007 2009 2011 2013 2015 2017 Sum
White Men 821 1063 1012 088 1217 1301 883 1052 818 808 20463
White Women 845 11461 1041 1021 1174 1336 850 1138 809 204 10179
Black Men ang 365 352 421 443 4246 342 471 447 478 4236
Black Women 357 EYE] 384 432 473 420 387 491 505 341 4372
Sum 2332 2962 2789 2862 3309 3402 2862 3152 2579 2631 28970
Number of participants by wave, blood lead data
1999 2001 2003 2005 2007 2009 0m 013 2015 2017 Sum
White Men 822 1083 1012 037 1217 1300 883 518 422 803 2032
White Women 847 1160 1040 1020 1173 1336 840 583 304 g04 9208
Black Men 310 387 353 421 446 426 343 237 232 478 3813
Black Women 357 373 3g4 432 473 420 587 235 250 340 4060
Sum 2336 2063 2780 2360 3311 3401 2862 1573 1208 2830 26113
Number of participants by wave, urinary PAH data
2001 2003 2005 2007 2009 2011 2013 2015 Sum
White Men 387 277 284 352 417 276 334 240 2576
White Women 370 304 287 323 436 273 353 238 2584
Black Men 120 104 127 127 131 186 151 1535 1101
Black Women 116 120 127 142 131 175 148 137 1094
Sum 973 805 825 944 1115 810 1006 778 7357
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Suppl emabt @ S4. Time trends iIipopulodtoiiOnlBl.1 299

The table shows mean biological aging distributions for PhenoAge and Homeostatic Dysregulation
by race-sex subgroups, survey-weighted to the U.S. population in each wave of NHANES survey
measurement. Results for PhenoAge are denominated in years of biological-age advancement;
results for Homeostatic Dysregulation are denominated in Cohen’s d; standard errors are given in

parentheses. Sample sizes for each wave of measurement are reported in Supplemental Table S2.

1999 2001 2003 2005 2007 2009 201 2013 2015 2017
PhenoAge Advancement
All -490(024) -437(012) -394(0.16) -3.78(0.19) -440(0.19) -3.95(0.19) -3.79(0.20) -3.28(0.17) -3.77(0.17) -2.65(0.23)
White Men -3.98(0.29) 3 56 (0.19) -2.97(0.18) -3.03(0.20) -3.54(0.24) -3.04(0.22) -3.08(0.24) -265(0.21) -296(0.27) -2.13(0.35)
White Women ~ -5.99 (0.28) 44(0.12) -520(0.18) -4.87(021) -553(0.23) -520(0.23) -492(0.28) -4.32(0.18) -4.92(0.21) -3.68(0.25)
Black Men -3.52(0.28) 2 37(0.33) -250(0.39) -1.72(0.30) -2.67(0.30) -1.89(0.32) -1.73(0.35) -1.55(0.29) -1.73(0.23) -0.72(0.31)
Black Women ~ -4.70(0.29) -3.90(0.31) -3.10(0.33) -3.07(0.16) -3.52(0.51) -3.10(041) -2.80(0.37) -2.16(0.20) -3.10(0.34) -1.24(0.24)
Homeostatic Dysregulation)
All 355(0.03) 343(001) 344(0.02) 348(0.03) 350(0.02) 357(0.02) 355(0.03) 358(0.03) 3.57(0.03) 3.49(0.02)
White Men 356(0.04) 344(003) 345(002) 346(0.03) 349(0.04) 353(0.03) 356(0.04) 359(0.04) 3.58(0.06) 3.43(0.04)
White Women ~ 3.49(0.04) 3.34(002) 337(0.03) 341(003) 342(002) 352(0.03) 344(0.04) 348(003) 346(0.03) 341(0.04)
Black Men 379(0.05 379(0.04) 366(0.04) 388(0.05) 381(005 3.89(0.05) 393(0.04) 388(0.04) 3.97(0.04) 3.89(0.05)
Black Women 366 (0.07) 364(006) 372(0.08) 3.77(0.05) 3.83(0.05) 3.84(0.03) 3.76(0.05 383(0.06) 3.88(0.05 3.93(0.04)
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Suppl emabt al S5.

popul at i-201 Bie ltaBl® $hows differences in mean biological-age advancement

Ti meWhtirteen ddsi sipna rBiltaiceks i n

distributions for PhenoAge and Homeostatic Dysregulation between Black and White Americans,

stratified by race and survey-weighted to the U.S. population in each wave of NHANES survey

measurement. Results for PhenoAge are denominated in years of biological-age advancement;

results for Homeostatic Dysregulation are denominated in Cohen’s d; p-values are given in

parentheses. Sample sizes for each wave of measurement are reported in Supplemental Table S2.

1999 2001 2003 2005 2007 2009 2011 2013 2015 2017

PhenoAge Advancement

Overall  0.85(<0.05) 1.32(<0.001) 1.26(<0.001) 1.52(<0.001) 1.44(<0.01) 1.59(<0.001) 1.68(<0.001) 1.62(<0.001) 1.50(<0.001) 1.92(<0.001)

Men 046(0.20) 1.19(<0.01)  0.47(0.21) 1.30(<0.001) 0.87(<0.05) 1.15(<0.01)  1.34(<0.05) 1.10(<0.01)  1.24(<0.001) 1.41(<0.01)

Women 1.29 (<0.01) 1.53(<0.001) 2.10(<0.001) 1.80(<0.001) 2.01(<0.01) 2.10(<0.001) 2.11(<0.001) 2.16(<0.001) 1.82(<0.01)  2.44(<0.001)
Homeostatic Dysregulation)

Overall  0.19(<0.01) 0.32(<0.001) 0.29 (<0.001) 0.39(<0.001) 0.37 (<0.001) 0.33(<0.001) 0.33(<0.001) 0.31(<0.001) 0.40(<0.001) 0.49 (<0.001)

Men 0.22(<0.01) 0.35(<0.001) 0.21(<0.001) 0.42(<0.001) 0.31(<0.001) 0.35(<0.001) 0.37(<0.001) 0.29(<0.001) 0.39(<0.001) 0.46 (<0.001)

Women 0.17 (0.07)  0.29(<0.001) 0.36(<0.001) 0.36 (<0.001) 0.41(<0.001) 0.32(<0.001) 0.32(<0.001) 0.34(<0.001) 0.42(<0.001) 0.52(<0.001)
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Suppl emabt @al S6. Association of c¢andThdtéblese expo
show survey-weighted associations of each candidate exposure with biological aging, estimated
through linear regressions adjusted for age, race, and sex. Effect-sizes are denominated in 1-year
units. A 1-unit increase in BMI (kg/m?) was associated with a 0.24-year increase in biological-age
advancement (SE=0.01, p<0.001). Self-reported current smoking status was associated with a
2.09-year increase in biological-age advancement (SE=0.08, p<0.001). A 1-ug/dL increase in
blood lead was associated with a 0.05-year increase in biological-age advancement (SE=0.02,
p<0.05). All families of urinary PAH exposure were associated with more advanced biological

aging (ES range 0.63-0.87, p<0.001).

(table on foll owing page)
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Effect of EMI on Phenofge advancement

term estimate ahd eror shatstic poalwe nobs
(Interoept) -10.80 0.18 5944 <0.001 26024
BMXEMI 024 0.0 46.05 <0001 26024
h 0.01 0.00 679 <0.001 26024
genderiomen -1.85 0.06 -3342 =0.001 28524
racebiack 1.19 0.09 1310 =0.001 26624

Effect of smeking on Phenofge advancement

term estimate std emor statisiic povalus nabs
(Interoept) -5.18 0.12 4245 <0.001 26970
currentsmoke: 209 0.08 2465 <0001 26970
h 0.03 0.00 12 26970
genderiomen -1.75 0.06 30 28970
racebiack 1.67 0.10 16. 26970
Effect of blocd lead levels on Phenofge advancement

term estimate std ermor statstic pvalue nobs
(Intercapt) -4.32 0143 -33.12 <0001 2113
LEXEPE 005 0.02 213 =005 2113
a0e 002 0.00 924 <0001 2113
genderiomen -1.75 047 -2%02 <0001 2113
raceBlack 165 0.1 1450 <0.001 2113
Effect of uNAP on Phenofge advancement

term ectimate id emor siatiedc poae nobs
(Intercapt) -3.92 013 -21.50 <000 7357
resid_n_LMNAP 0 0.06 1261 <0.0H 7357
a0e n.02 0.00 442 =001 7357
penderiomen -2 012 -16.83 <0.001 7357
racebiack 133 013 1046 «0.0H 7357
Effect of uFLU on Phenodge advancement

tesmn estimats std.error siatistic povalue nobs
(Intercapt) 434 018 -2379 =000 7357
resid_n_uFLU 087 0.05 17.85 =0.0M 7357
ape 002 0.00 586 =0.0M 7357
genderiomen -1.38 012 -15.98 =000 7357
raceBlack 134 015 1030 =0.001 7357
Effect of uPHEN cn Phencdos advancsment

tesmn estimate st eror statistic poalue nobs
(Intercapt) 405 0.18 2208 =0.001 7357
resid_n_uPHEN 0.80 0.08 953 <0001 7357
ape 0.0z 0.00 444 <0001 7357
genderWomen 193 012 -1583 <0001 7357
raceBlack 187 015 1100 <0001 7357
Effect of uPYR on Phenofge advancement

term esiimate sid emrer siglisic p.vale nabs
(Interoept) .23 018 -23.59 <000 7357
resid_n_uPYR 063 007 9.5 <0.0H 7357
h n.02 0.00 .80 =0.00 7357
penderiVomen -182 012 -16.00 <000 7aa7
racebiack 161 013 10488 <0.00 7aa7
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Suppl emabit &1 S7. Time trends in mean BMI

1 9 29D 1T8e.tables below provide estimates of yearly change in mean BMI in Black and White
Americans, overall and by race-sex subgroups. Estimates were obtained by fitting survey-weighted
linear models of year on BMI, with covariate adjustment for age, sex, and race. On average, there
was a 0.09 kg/m? increase in BMI per year in the entire U.S. population (SE=0.01), with yearly
increases ranging from 0.08 to 0.11 across race-sex subgroups (all p<0.001). Tests of interaction
between race and period were not significant (0.83), indicating that changes in BMI over the study

period did not appear to differ by race.

(table on foll owing page)
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Period trends in BMI

term estimate std.error statistic p.valus nobs
(Intercept) 26.16 0.21 126,12 <0.001 28624
year_center 0.09 0.04 664 <0001 28624
age 0.03 0.00 886 <0.001 28624
genderWomen 014 0.09 143 015 28624
raceBlack 199 012 1610 <0.001 28524
Period frends in BMI, White Men
term estimate std error statistic p.value nobs
(Intercept) 26.38 0.25 107.33 <0.001 9832
year_center 0.08 002 539 <0.001 9832
age 0.03 0.00 744 <0.001 9832
Period trends in BMI, White Women
term estimate std error statistic pvalue nobs
(Infercept) 26.08 0.32 8231 <0.001 10060
year_center 011 002 495 <0001 10060
age 0.03 0.00 570 <0.001 10060
Period frends in BMI, Black Men
term estimate std.error statistic p.value nobs
(Intercept) 26.50 0.36 7311 <0.001 4207
year_center 0.08 002 489 <0001 4207
age 0.03 0.01 465 <0.001 4207
Period frends in BMI, Black Women
term estimate std.error siatislic p.value nobs
(Intercept) 2972 0.44 67.04 <0.001 4525
year_center 0.09 0.03 358 <001 4525
age 0.03 0.01 364 <0.001 4525
Test of period frends in EMI disparities, no race-sex inferaction
term estimate std.error statistic p.value nobs
(Intercept) 26.16 0.21 123.83 <0.004 28624
year_center 0.10 0.02 611 <0.001 28524
raceBlack 203 0.21 9.57 <0.001 28624
age 0.03 0.00 8.86 <0.004 28624
genderWomen 0.14 0.08 143 015 28624
year_centerraceblack 0.00 0.02 -0.22 083 28624
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Suppl emabit &l S8. Time trends in smoking preval
and s e®0 1ThOtdhlds below provide estimates of yearly change in current smoking
prevalence in Black and White Americans, overall and by race-sex subgroups. Estimates were
obtained by fitting survey-weighted linear models of year on current smoking status, with covariate
adjustment for age, sex, and race. On average, there was a 2% decrease in smoking prevalence per
year in the entire U.S. population (SE=0.00), with yearly decreases ranging from -0.03 to -0.01
across race-sex subgroups. Tests of interaction between race and period were significant (f =0.02,
p<0.05), reflecting smaller (and non-significant) decreases in smoking prevalence among Black

Americans compared with White Americans.

(table on foll owing page)
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Period frends in current smoking rate

term eslimate sid.error statistic p.valus nobs
(Intercept) 017 0.03 213 <005 28970
year_center 00 0.00 447 <0.001 28970
age 002 0.00 -21.00 <0.001 28970
genderWomen 021 0.03 660 <0.001 28970
raceBlack 0.09 0.05 201 <0.05 28970
Period frends in current smoking rate, White Men

term estimate std.error statistic p.value nobs
(Intercept) 0.36 0.09 410 <0001 9963
year_center -0.03 001 -4.83 <0001 9963
age -0.03 0.00 -18.47 <0.001 9963
Period trends in current smoking rate, White Women

term estimate std error statistic pvalus nobs
(Intercepf) 0.09 0.10 091 036 1179
year_center 002 0. -2.53 <005 10179
age -0.03 0.00 -17.29 <0001 10179
Period trends in current smoking rate, Black Men

term estimate std error statistic povalus nobs
(Intercept) -0.64 0.15 426 <0001 4256
year_center -0.01 0.0 -1.57 012 4236
age 0.00 0.00 041 088 4255
Period trends in current smoking rate, Black Women

term estimate std.error statistic p.value nobs
(Intercept) -1.07 013 -318 <0001 4572
year_center -0.01 0 -1.49 014 4572
age 0.00 0.00 -210 <005 4572
Test of penod frends in current smoking rate dispanties, no race-sex inferaction

term estimate sid.error statislic p.value nobs
(Intercept) 018 0.08 2.30 <0.05 28970
year_center -0.02 0.04 -443 <0.001 28970
raceBlack -0.05 0.09 -0.56 0.57 28970
age 002 0.00 -20.88 <0.001 28970
genderWomen 021 0.03 -6.50 <0001 28970
year_centerraceBlack 0.02 0.01 199 <0.05 28970
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Suppl emabt @l S9. Time trends in blood | ead | ev
S e x, -2 D 9T tables below provide estimates of yearly change in blood lead levels (ng/dL)
in Black and White Americans, overall and by race-sex subgroups. Estimates were obtained by
fitting survey-weighted linear models of year on blood lead levels, with covariate adjustment for
age, sex, and race. On average, there was a 0.06 pug/dL decrease in blood lead levels per year in
the entire U.S. population (SE=0.00), with yearly decreases ranging from -0.04 to -0.09 across
race-sex subgroups. Tests of interaction between race and period were significant ( =-0.01,
p<0.05), indicating larger decreases in blood lead levels among Black Americans compared with

White Americans.

(table on foll owing page)
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Period trends in blood lead level

term estimate std error statistic p.value nobs
(Intercept) 124 0.04 3078 <0001 26113
year_center 008 0.00 -25.08 <0001 26113
age 0.02 0.00 36.93 <0001 26113
genderWomen 061 0.02 -25.34 <0.001 26113
raceBlack 0.29 0.03 1030 <0001 26113

Period trends in blood lead level, White Men

term estimate std error statistic povalue nobs
(Intercept) 145 0.07 22.26 <0.001 9032
year_center -0.08 0.00 -19.14 <0.001 9032
age 0.02 0.00 21.02 <0.001 8032

Period trends in blood lead level, White Women

term estimate std.error statistic povalue nobs
(Intercept) 0.53 0.04 1347 <0.001 9208
year_center -0.04 0.00 1777 <0001 9208
age 0.02 0.00 33.78 <0.001 9208

Period frends in blood lead level, Black Men

term estimate std error statistic povalue nobs
(Intercept) 1.26 011 .12 <0.001 3813
year_center -0.08 00 -12.10 <0.001 3813
age 0.04 0.00 13.86 <0.001 3813

Period trends in blood lead level, Black Women

term estimate std.error statistic povalue nobs
(Intercept) 052 (.06 981 «0.001 4060
year_center -0.06 0.00 -1365 <0.001 4060
age 0.03 0.00 31.30 <0.001 4060

Test of peried frends in blood lead level dispantfies, no race-sex inferaction

term estimate std.error siatistic povalue nobs
(Intercept) 1.23 0.04 2963 <0.001 26113
year_center -0.06 0.00 -22.68 <0.001 26113
raceBlack 0.40 0.05 7.87 <0.001 26113
age 0.02 0.00 37.05 <0.00 26113
genderWomen 051 002 -25.37 <0.001 26113
year_centerraceBlack 001 0.00 -2.59 <005 26113
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Suppl emamit @k dS1Tame trends in urinary PAH | evc¢
race and-2¢$9 aT8etablds Be® provide estimates of yearly change in creatinine- and
BMI- adjusted values of urinary PAHs (uPAH, ug/L (log)) in Black and White Americans, overall
and by race-sex subgroups. Estimates were obtained by fitting survey-weighted linear models of
year on each uPAH, with covariate adjustment for age, sex, and race. All urinary PAH levels were

residualized for BMI and urinary creatinine.

(tasbhefoll ®dwi ng page
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a. Napht,had eme x ¢y & a Sipnifi¢dhra inceeases In urinary naphthalene (ug/L
(log)) were observed over the study period in the overall population, and across all race-sex
subgroups with the exception of White men (p=0.06). Tests of interaction between race and period
are were not significant (p=0.22).

Period trends in uMAP (log)

term estimate st error statistic  p.value nobs
(Intercept) -0.29 0.08 =392 <0.001 7357
year_center 0.02 00 388 <000 7357
age .00 00 .67 051 7357
genderifomen 0.18 0.04 4494 <0.0M 7357
raceBlack 0.08 0.04 225 <005 7357

Period trends in uMAP (log), Whita Men

term estimate std_error statistic  p.value rnobs
(Intercept) 0.19 0.10 -1.99 <005 2576
year_center 0. 001 1.89 008 2576
age 0.00 0.00 -1.06 0.29 2576

Period trends in uMAP (log), Whita Women

term estimate sid.error stafistic p.value nobs
({Intercept) 012 0.10 -1.18 0.24 2684
year_center 0.02 0.01 356 <0001 2584
age 0.00 0.00 092 038 2684

Period trends in uMAFP (log), Black Men

term estimate std.error statistic  p.value niobs
{Intercept) <043 014 -358 <0.001 101
year_center 0.03 oM 304 <001 1101
age 0.0 0.00 244 <005 101

Petiod trends in uMAP (log), Black Women

term estimate std_error statistic  p.value robs
(Intercept) -0.38 0.10 -3.64 <0001 1096
year_center 0.03 001 372 <00 1096
age 0.00 0.00 270 <00 1096

Test of period trends in UNAP (log) disparities, no race-sex interaction

term estimate std.eror statistic  p.value nobs
({Intercept) 028 0.08 -355 <0.001 7357
year_center 0.02 0m 327 <01 7357
raceBlack -0.01 0.09 -015 088 7357
age 0.00 0.00 -0.66 0.51 7367
gendariWomen 013 004 495 =000 737
year_centerraceBlack 0. om 123 022 [T
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b. FI u-pf8&rde o(x2y fSignificant éecreasys were observed in urinary fluorene (ug/L
(log)) were observed over the study period in the overall population, and across all race-sex
subgroups with the exception of Black men. Tests of interaction between race and period were not
significant (p=0.12).

Petiod trends in uFLU {log)

term estimate std.error statistic p.value nobs
(Intercept) 0.80 007 8.67 <0.001 7357
year_center -0.03 0.00 -5.69 0.0 7387
age 0.01 0.00 478 <0.001 7387
genderiVomen 0.00 0.03 0.05 096 7357
raceBlack 007 0.04 205 =005 7357

Petiod trends in uFLU {log), White Men

term estimate sid.eror statistic p.value nobs
(Intercept) 0.70 .09 792 <0001 2576
year_oanter 0.03 001 -5.13 <0001 2576
age 0. 0.00 560 <0.001 2576

Period trends in uFLU {log), White Women

term estimate sid.eror statistic p.value nobs
(Intercept) 0.61 009 7.4 <0001 2534
year_center -0.02 0.01 =347 <0.001 2584
age 001 0.00 542 <0001 2584

Period trends in uFLU {log), Elack Men

term estimate std.error statistic p.valus nobs
(Intercept) 0.26 012 214 <003 1101
year_center .02 0.m -1.75 008 1101
age 0.00 0.00 1.06 0.29 1101

Petiod trends in uFLU {log), Black Women

term estimate sid.eror statistic p.value nobs
(Intercept) 033 12 2387 <01 1096
year_center -0.02 0.01 -2.22 <005 1086
age 0.00 0.00 082 04 1096

Test of period trends in uFLL {log) disparities, no race-sex interaction

term estimate std.efror statistic  p.value nobs
(Intercept) 0.81 0.o7 848 <0001 7357
year_center -0.03 0.m -5.58 <0.001 FET)
raceBlack -0.06 0.0% -052 08 7357
age 0.0 0.00 -6.78 <0.001 7357
genderiVomen 0.00 0.03 005 0456 7357
year_centerraceBlack 0.01 om 186 012 7387
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C . Phena-nt Bhr3edireo X ylp h eSigaifivanthlacreagesewkre observed in urinary

phenanthrene (ug/L (log)) were observed over the study period in the overall population, and across

all race-sex subgroups with the exception of Black men (p=0.20). Tests of interaction between race

and period were not significant (p=0.20).

Period trends in uPHEN {log)

term estimate std.error statistic  p.value nobs
(Intercept) 0.22 004 503 <0001 7357
year_center -0.02 0.00 5.54 <0.001 7387
age 0.00 0.00 0.27 079 7357
genderiomsn 0.05 002 212 <005 7357
raceBlack -0.08 002 -3.53 <00 7357
Period trends in UPHEN {log), White Men

term estimate sid.error statistic p.value nobs
(Intercept) 0.26 0.05 496 «0.001 2676
year_center -0.02 0.00 -5.42 <0001 2576
age 0.00 0.00 -0.47 084 2076
Period trends in UPHEN {log), White Women

term estimate std error statistic p.value niobs
(Intercept) 0.26 0.06 415 <0001 2584
year_center -0.02 0.00 -4.85 <0001 2584
age 0.00 0.00 017 087 2584
Period trends in uPHEN {log), Black Men

term estimate std.error statistic p.value nobs
(Intercept) 018 012 -1.34 018 101
year_center -0.01 0.0 -1.29 0.2 1101
age 0.00 0.00 267 <0.01 101
Period trends in uPHEMN {log), Black Women

term estimate sid.error statistic p.value nobs
(Intercept) 014 0.07 188 006 1096
year_center 0.02 0.01 -305 <001 1096
age 0.00 0.00 049 DA2 1096
Test of period trends in uPHEN (log) disparities, no race-sex interaction

term estimate std.error statistic p.value nobs
(Intarcept) 022 0.04 513 <0.001 7357
year_center -0.02 0.00 -6.57 <0.001 7357
raceBlack -0.18 0.07 -2.35 <005 7357
age 0.00 0.00 023 078 7357
genderiomsn 005 0.02 213 <005 7357
year_centerraceBlack 0. 0.0 128 02 7357
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d. Py thegrde o (x ¥ fignificennirerkases were observed in phenanthrene in the overall
population, and across all race-sex subgroups. Tests of interaction between race and period were
not significant (p=0.19).

Petiod trends in uPYR. (Iog)

term estimate std.error statistic p.value nobs
(Intercept) -0.1% 0.06 341 <001 7357
year_canter Q.07 0.00 19.62 <0.00 7387
age 0.01 0.00 -13.44 <0.001 7387
genderiVomen 0.06 0.03 182 007 7357
raceBlack -0.05 0.03 -1.67 0.1 7357

Period trends in uPYR (log), White hMen

term estimate sid.error statistic p.valus nobs
(Intercept) 0.1 0.08 -1.38 017 2576
year_center 0.06 0.01 11.19 <0.001 2576
age 001 0.00 -3.089 <0.001 2676

Petiod trends in uPYR. (log), White Women

term estimate sid.eror statistic p.value nobs
(Intercept) 0.20 007 =270 <0 2534
year_center 0.08 0.01 16.02 <0.001 2584
age 001 0.00 -11.93 <0.001 2584

Period trends in uPYR. (log), Black Men

term estimate std.error statistic p.valus nobs
(Intercept) 0.59 0.16 -3.66 <0.001 1101
year_center 0.06 0.m 6.15 <0.001 1101
age 0.00 0.00 091 036 1101

Petiod trends in uPYR. (log), Black Womsn

term estimate std_error statistic  p.value nobs
(Intercept) 0.04 0.09 040 0469 1096
year_canter 0.08 001 1004 <0001 1096
age 001 0.00 -3.08 <0.001 1096
Test of period trends in UPYR {log) disparities, no race-sex interaction

term estimate std.efror statistic  p.value nobs
(Intercept) -0.20 0.08 -316 <00 7357
year_center 0.07 0.00 18.49 <0.001 FET)
raceBlack 0.03 o.or 041 D63 7357
age -0 0.00 -13.46 <0.001 7357
genderiVomen 0.06 0.03 1.82 007 7357
year_centerraceBlack -0.01 0.m -1.32 019 7357




Suppl emental Table S11. Racial disparities in
1 9 29D 1T8e.tables show survey-weighted Black-White racial disparities in candidate exposure
levels, with covariate adjustment for survey year, age, sex, and race. Racial disparities were
observed for BMI, smoking prevalence, blood lead levels, and in urinary naphthalene, fluorene,
and phenanthrene. On average, Black Americans evidenced a 1.99 kg/m? higher BMI than White
Americans (SE=0.12, p<0.001) and were 2% more likely to smoke (SE=0.01, p<0.05) over the
study period. Black Americans also evidenced blood lead levels 0.29 pg/dL (log, SE=0.03,
p<0.001) higher, urinary naphthalene levels 0.08 ug/L (log, SE=0.04, p<0.05) higher, and urinary
fluorene levels 0.07 ug/L (log, SE=0.04, p<0.05) higher than White Americans. Adjusted mean
urinary phenanthrene levels were 0.09 ug/L (log, SE=0.02, p<0.001) lower in Black Americans
compared with White Americans. No racial differences were observed in urinary pyrene exposure

(p=0.10).

(table on foll owing page)
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Racial dizparities in BM|

term eslimate sid.error siafisic palue nots
{Intercept) 26.16 0.21 12612 <0.001 23624
raceBlack 1.99 012 16.10 =0.001 2324
age 0.03 000 888 =0.001 28624
genderomsn 0.14 00 143 015 23624
YEBr_CEnter 0.09 0.01 B.64 <0.001 23624

Facial dizpanties in smoking prevalence

term estimate sid.eror siatishc p.value nobs
{Intercept) 0.4 Qo2 045 =000 23970
raceBlack 0.02 Q.01 200 <005 23970
age 0.00 Q.00 -1956 <0001 28970
gendedomen -0.03 Q.01 545 =0.001 23970
year_center 0.00 Q.00 420 =00 23970

Racial disparities in blood lead levels

ferm estimate sid.error statistic poake nobs
{Intercept) 124 oM 3078 <000 26113
raceBlack 0.29 003 10.30 =D.0M /113
age 002 Q.00 3633 <000 26113
genderomsn 061 Q.02 2534 <000 26113
YEBr_CEnter -0.08 Q.00 2508 <000 26113

Facial dizpanties in uNAP

term eshmate std ermor statisic p.value nobs
{Intercept) -0.29 008 -392 <0001 7387
raceBlack 0.8 004 225 =005 7357
age 0.00 000 067 0.5 7357
gendesomen 018 04 494 0001 7357
year_center 0.0z 0.00 398 =<0.001 7387

Racial disparities in uFLU

term eshmate std.ermor statishic p.value nobs
{Intercept) 0.0 iling 867 «0.001 7357
raceBlack 0.07 004 205 =005 7387
age 001 0.00 678 <0001 7367
genderomnsn 0.00 003 005 0.9 7357
YEBr_Center 003 0.00 -5.69 =0.001 7357

Racial dizpanties in uPHEN

term estimate std.error statistic p.value nobs
{Intercept) 022 004 503 =«0.001 7387
raceBlack -0.09 02 -353 <0001 Ti57
age 0.00 000 027 079 7357
gendesomen 0.5 002 242 <0103 7357
year_center 002 0.00 -5.34 =0.001 7387

Racial disparties in uPYR

term eshmate std.ermor statishic p.value nobs
{Intercept) 018 005 -3 =0 7387
raceBlack 005 003 167 041 7357
8ge 001 0.00 1344 <0001 7387
genderomnsn 0.06 003 182 007 7357
YEBr_Center 0.07 0.00 1962 =0.001 7357
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Suppl emental Table S12. agiamg dbh étf we &€m OaBar laym dp 1
| at e -2(021080)9 N H A N EhStabiw depices siean biological age-advancements in earlier
and later waves of continuous NHANES, as well as changes between the two periods. Mean
changes in biological aging between earlier and later waves were similar across BMI, smoking,
and blood lead subsamples (mean difference range=0.90-0.92 years), but were attenuated in the

urinary PAH subsample (mean difference=0.51 years).

n y
BHI
Early NHANES4 (1999-2008) 14043 -3.6042867
Late WHANES4 [2009-2018) 14581 -2.7068395
Totalll 20624 0.6974472
Smoking
Early NHANES4 (1999-2008) 14254 -3.5841707
Late NHANES4 (2009-2018) 14716 -2.6646221
Totalld 28970 0.8995486
Blood Lead Levels
Early MHANES4 (1595-2008) 14238 -3.5861299
Late NHANES4 (2009-2018) 11824 -2.6441298
Totalld 25113 0.9220002
Urinary PAH Concentrations
Early NHANES4 (1999-2008) 3547 -3.5576385
Late NHANES4 (2009-2018) 3810 -3.0434959
Totalld 7357 0.5091926
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Suppl ement al TaiBll e n@dB8ac i dagamwm@osi ti on

p e r i Thekable shows results of Kitagawa-Blinder-Oaxaca decompositions for period trends in
biological aging for BMI, urinary naphthalene, and urinary pyrene. The endowment effect is the
change in biological age-advancement attributable to differences in exposure levels and
distribution of sample characteristics between early and late NHANES periods. The coefficient
effect is the change in biological age-advancement attributable to differing effects of the candidate
exposure and sample characteristics across early and late NHANES periods. The interaction effect
represents the interaction of changes in exposure levels (or sample characteristics) and changes in
covariate effects across the two periods or groups. The total effect is the sum of all these effects.
Here, 0.26 (29%) of the 0.90-year difference in biological-age advancement across study periods
is explained by BMI, with the bulk of this effect (0.24) attributable to changes in the BMI
distribution of the population over time. For urinary PAHs, 0.10 (20%) and 0.28 (53%) of the 0.51-
year difference in biological-age advancement across study periods is explained by urinary
naphthalene and pyrene respectively; these fractions are almost entirely attributable to changes in

the uPAH distribution of the population over time.

(table on foll owing page)
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Endowment effect (SE) Coefficient effect (SE) Interaction effect (SE)  Total Effect  Total %
BMI (kg/m2)

Total decomposed effect 0.30(0.03) 0.54 (0.08) 0.06{0.01) 090 100%
{Intercept) 0.00 (0.00) 068(012) 0.00{0.00) 088 76%
bmi_center 0.24 (0.02) -0.01 (0.00) 0.03(0.01) 0.26 29%
age_center 0.01(0.00) 0.00(0.00) 0.02 (0.01) 003 3%
raceWhite 0.05(0.01) -0.02 (0.10) 0.00{0.01) 003 3%
genderWomean 0.00(0.01) 011 (0.06) 0.00{0.00) 0n -12%

Urinary PAH, uNAP (log, ng/L)
Total decomposed effect 0.16 (0.03) 0.33(012) 0.02 (0.02) 051 100%
{Intercept) 0.00 (0.00) 043(0.28) 0.00 (0.00) 043 84%
resid_In_uNAP_center 0.09(0.02) -0.01{0.01) 0.02({0.02) 0.10 20%
age_center 0.00 (0.01) 0.00(0.00) 0.00{0.00) 0.00 0%
raceWhite 0.05(0.02) 0.03(0.18) 0.00({0.01) 0.08 16%
genderWomen 0.01(0.02) -012(0.12) 0.00 (0.00) -0n -22%

Urinary PAH, uPYR (log, ngiL)
Total decomposed effect 0.38 (0.05) 0.20(013) -0.07 (0.07) 051 100%
{Intercept) 0.00 (0.00) 0.27(0.28) 0.00 {0.00) 027 53%
resid_In_uPYR_center 0.31(0.04) 0.04 (0.04) -0.07 (0.07) 028 55%
age_center 0.01(0.01) 0.00 (0.00) 0.00(0.01) 0o 2%
raceWhite 0.05(0.01) 0.00(0.24) 0.00(0.01) 0.05 10%
genderWomen 0.01(0.02) 011012 0.00{0.00) 010 -20%
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Suppl emental Table S14. Mediation anal ysi s

NHANES t hr ough ¢ a Thkialtleateclew slew psolts afl hediaional analysis
1) with, and 2) without exposure-mediator interactions. Estimates of the mediation fraction for
BMI with and without exposure-mediator interactions ranged from 26-29%. Estimates of the
mediation fraction for uNAP with and without exposure-mediator interactions ranged from 21-
23%. Estimates of the mediation fraction for uPYR with and without exposure-mediator
interactions ranged from 64-72%. The first table rows show the controlled direct effect (CDE),
second rows show the pure natural direct effect (PNDE), third rows show the total natural direct
effect (TNDE), fourth rows show the pure natural indirect effect (PNDE), fifth rows show the total
natural indirect effect (TNIE), sixth rows show the total effect (TE), and the last rows show the
proportion mediated (PM). For estimates of the controlled direct effect, the value of the mediator
(biological-age) is set to zero. Note that the total effect is equal to the sum of the pure natural direct
effect and the total natural indirect effect (PNDE + TNIE), and to the sum of the total natural direct

effect and the pure natural indirect effect (TNDE + PNIE).

a . Medi ation analysis of differences in

candidate expomedieast omoi ex@roacutieon.

Effact BMI uhAP uFYR
cde -0.5661057 -0.3358956 -0.1280418
pnde -0.5661057 -0.3386956 -0.1580418
tnde -0.5661057 -0.3358956 -0.1280418
prie 02276147 01028901 -0.2835439
tnie -0.2276147 -0.1028301 -0.2635439
te 07837204 04415857 -0.4415857
pm 0.2867694 0.2330013 0.6421039
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b . Medi at

candi

dat e

ion analysis of differences
exposur emediadtl owiinmt d macteixpm.sur e
Effect EMI LUMNAP uPYR
cde 0.3544156 -0.3366125 -0.1621515
pride -0.5838212 -0.3475212 -0, 1199165
tnde -0.5528236 -0.3294288 02109811
priig -0.2409879 01121112 -0.2308837
tnie -0.2099502 -0.0940188 -0.3219483
ta -0.7938115 -0.4415400 -0.4418648
pim 0.2645341 02129337 07266127

n
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Suppl emental Table S15. Comparative mediati on
from-20P®, with ti me model | &hdtabkssheloaw sheworasultsi n u 0 U S
of mediational analysis 1) with, and 2) without exposure-mediator interactions. Estimated
mediation fractions were similar for BMI, which accounted for an estimated 26-29% of the total
change in PhenoAge over time. Mediation fractions for urinary PAHs were also similar, with
urinary naphthalene accounting for 21-23% and urinary pyrene accounting for 64-73% of the total
change in PhenoAge over the study period. The first table rows show the controlled direct effect
(CDE), second rows show the pure natural direct effect (PNDE), third rows show the total natural
direct effect (TNDE), fourth rows show the pure natural indirect effect (PNDE), fifth rows show
the total natural indirect effect (TNIE), sixth rows show the total effect (TE), and the last rows
show the proportion mediated (PM). For estimates of the controlled direct effect, the value of the
mediator (biological-age) is set to zero. Note that the total effect is equal to the sum of the pure
natural direct effect and the total natural indirect effect (PNDE + TNIE), and to the sum of the total

natural direct effect and the pure natural indirect effect (TNDE + PNIE).

a . Medi ation analysis of ti-mel8rehdesugh baodio

exposur es ,-mendi aetxgro siumrteer acti on and ti me modell

Effect BMI uNAP uFYR
cde -0.5661057 -(1.3386956 -0.1580418
pnde -0.5661057 -.3386956 -0.1580418
tnda -0.5661057 -(1.3386956 -0.1580418
phig 02275147 01028301 -0.2835439
tnie 02275147 01028901 -0.2835439
te 07937204 -0.4415857 -0.44153857
prm 02867654 0.2330013 0.6421039
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b. Medi

ati

exXxXposures,

var.i

abl

on analysis

al l-noewd inagt ofro ri netxeproascutrieo n

of

ti-m@18rehdsugh oaodio:

e .
Effect BMI uMAP uFY R
cde 0.3544156 -0.3356125 01621515
pnde 05838212 03475212 1199165
tnde -0.5528236 -0.3254285 -0.2109811
phie 02409879 L2112 -0.2308837
tnie -0.2059302 009401885 -0.3219483
te 07938115 . 4415400 04418845
pm 0.2645341 0.2129337 0.7286127
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Suppl emental Tabl-VhiS1e6 .d iMepaanr iBliacsk 20 1TBé. ol ogi
table depicts mean biological age-advancements in Black and White NHANES participants, as
well as mean differences between the two groups over two decades, 1999-2018. Mean differences
in biological aging between Black and White participants were similar across BMI, smoking, and
blood lead subsamples (mean difference range=1.19-1.20 years), but were attenuated in the urinary

PAH subsample (mean difference=1.12 years).

n )

BMI

White 19892 -3.514015

Black 8732 -2.311343

Total'A 28624 1.202671
Smoking

White 20142 -3 473076

Black 8828 -2 2724584

Total'A 28970 1.200582
Blood Lead Levels

White 18240 -3.507149

Black 7873 -2 314565

Total'A 26113 1.192583
Urinary PAH Concentrations

White 5160 -3.628064

Black 2197 -2 509367

TotallA 7357 1.118697
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Suppl ement al Tabl-Bl i B8Gllagxra c & i tdaegcaownrap o s-Whi o e of
di sparities i n RiOdToatgle shawvs residtgot Kitapawa-RliRd&-Oaxaca
decompositions of Black-White disparities in biological aging for BMI, smoking, blood lead,
urinary naphthalene, and urinary fluorene. The endowment effect is the change in biological age-
advancement attributable to differences in exposure levels and distribution of sample
characteristics between early and late NHANES periods. The coefficient effect is the change in
biological age-advancement attributable to differing effects of the candidate exposure and sample
characteristics across early and late NHANES periods. The interaction effect represents the
interaction of changes in exposure levels (or sample characteristics) and changes in covariate
effects across the two periods or groups. The total effect is the sum of all these effects. Here, 0.42
(35%) of the 1.20-year difference in biological-age advancement between Black and White
NHANES participants is explained by BMI, with the entirety of this effect (0.43) attributable to
changes in the BMI distribution of the population over time. Smoking was estimated to reduce the
total Black-White disparity in biological aging by 8%, while environmental exposures (blood lead

and urinary PAH levels) had little effect (<5% for each exposure).

(tabfif @l oowi ng page)
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Endowment effect (SE) Coefficient effect (SE) Interaction effect (SE) Total Effect  Total %
BMI (kg/m2)
Total decomposed effect 0.34(0.02) 090 (0.07) -0.04(0.02) 1.20 100%
{Intercept) 0.00 (0.00) 0.90 {0.10) 0.00 {0.00) 0.90 75%
bmi_center 0.43(0.02) 0.00 (0.00) -0.01(0.02) 042 35%
age_center -0.07 (0.01) 0.01{0.01) -0.03(0.01) -0.09 -8%
genderiWomen -0.02(0.01) -0.01 (0.086) 0.00 (0.00) -0.03 -2%
Current amaoking status (yes/no)
Total decomposed effect -0.12 (0.02) 1.31(0.05) 0.00 {0.02) 1.19 100%
{Intercept) 0.00 (0.00) 0.99 (0.08) 0.00(0.00) 099 83%
currentsmoke 0.04 (0.01) -0.12 (0.03) -0.01 (0.00) -0.09 -8%
age_center <013 (0.01) 0.00(0.01) 0.00(0.02) 013 -1N%
genderiWomen -0.02 (0.01) 044 (0.05) 0.01(0.00) 043 36%
Blood Lead Levels (ug/dL)
Total decomposed effect -0.09 (0.02) 1.28(0.07) 0.00(0.02) 1.20 100%
{Intercept) 0.00 (0.00) 0.85(0.11) 0.00 {0.00) 0.85 1%
bll_center 0.01 (0.00) -0.01 (0.00) 0.02(0.01) 0.02 2%
age_center -0.08 (0.01) 0.01(0.01) -0.03(0.02) -0.10 -8%
gender\Women -0.02(0.01) 0.43(0.07) 0.01(0.01) 042 35%
Urinary PAH, uNAP (leg, ngiL)
Total decomposed effect -0.04 (0.03) 1.12(0.15) 0.04{0.04) 112 100%
{Intercept) 0.00 (0.00) 0.83(0.19) 0.00(0.00) 083 T4%
resid_In_uNAP_center 0.04 (0.02) 0.00 (0.00) -0.01(0.01) 0.03 3%
age_center -0.08 (0.02) -0.01(0.01) 0.05(0.04) -0.04 4%
genderiWomen 0.00 (0.02) 0.31(0.14) 0.00{0.01) 0.31 28%
Urinary PAH, uFLU {log, ng/L)
Total decomposed effect -0.07 (0.04) 1.14(0.15) 0.05(0.04) 1.12 100%
{Intercept) 0.00 (0.00) 0.87 {0.18) 0.00 {0.00) 087 78%
resid_In_uFLU_center 0.04 (0.03) -0.03 (0.01) -0.01(0.01) 0.00 0%
age_center -0.11(0.02) -0.01(0.01) 0.06 (0.03) -0.06 -5%
genderWomen 0.00(0.02) 0.3100.11) 0.00{0.01) 0.31 28%
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Suppl emental Table S18. WHedieatdi cmpaamadal ysi $ nofb
19 29D 1khe tables below show results of mediational analysis 1) with, and 2) without
exposure-mediator interactions. Estimates of the mediation fraction for BMI with and without
exposure-mediator interactions ranged from 33-34%. Estimates of the mediation fraction for
smoking with and without exposure-mediator interactions were 0.5%. Estimates of the mediation
fraction for blood lead levels, urinary naphthalene, and urinary fluorene ranged from 1-3%. The
first table rows show the controlled direct effect (CDE), second rows show the pure natural direct
effect (PNDE), third rows show the total natural direct effect (TNDE), fourth rows show the pure
natural indirect effect (PNDE), fifth rows show the total natural indirect effect (TNIE), sixth rows
show the total effect (TE), and the last rows show the proportion mediated (PM). For estimates of
the controlled direct effect, the value of the mediator (biological-age) is set to zero. Note that the
total effect is equal to the sum of the pure natural direct effect and the total natural indirect effect
(PNDE + TNIE), and to the sum of the total natural direct effect and the pure natural indirect effect

(TNDE + PNIE).

a . Medi at i on -Whniatley sdiiss poafr iBtliaecsk-2iOnl 8b,i otlhorgoiucgahl a

candidate expomedieast omoi ex@roacutieon.

Effect BM Current smoking status ~ Blood Lead uMAP uFLU
cde 0.8747324 ALHETV00 12819198 11470018 1172989
pnde 0.8747324 SL3ETT00 12819196 11470016 -1.1729891
tnde 0.8747324 ALHETV00 12819198 11470018 1172989
phig -0.4400159 00068067  -0.0269264  -0.0384827  -0.0104952
tnie 0.4400159 00068087  -0.0289264  -0.03s4827  -0.0104952
te -1.3147483 -1.3205V86  -1.3088421  -1.1834844  -1.1834844
pm 0.3345759 0.0051543 0.0205727 0.0308285 0.0088881
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b .

candi dat e

Medi at i on -Whniatley sdiiss poafr iBtliaecsk-2i0Onl 8b,i otl horgoi ucgahl

Effect B Current smoking staius ~ Blood Lead LUMAP uFLU
cde -1.0290770 14722044 11880784 11388131 -1.2150874
pnde -0.8710106 -1.3192375 12916810 11451987 -1.1774022
tnde 08807139 1324704 12736363 11582928 -1.1815350
prile -0.4338875 00052941 00375823  -0.0264355  -0.0075121
trie 04435909 00075268 Q0195376 00395318 0.0118443
te -1.3146013 -1.3267645 1312186 -1.1847285  -1.1890471
pm 03374337 00058732 0.0149003 0.0333678 0.0097934

exposur emediadtl owiinmt d macteixpm.sur e
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Suppl ement al Tabl-Bl i 8Gllaéxra c & i tdaegcaownap o s-Whi 0 e

di sparities in biological agi ng, Thetablealelows i

show results of Kitagawa-Blinder-Oaxaca decompositions of Black-White disparities in biological
aging for a) early (1999-2008) and b) late (2009-2018) NHANES periods. The endowment effect
is the change in biological age-advancement attributable to differences in exposure levels and
distribution of sample characteristics between early and late NHANES periods. The coefficient
effect is the change in biological age-advancement attributable to differing effects of the candidate
exposure and sample characteristics across early and late NHANES periods. The interaction effect
represents the interaction of changes in exposure levels (or sample characteristics) and changes in
covariate effects across the two periods or groups. The total effect is the sum of all these effects.
Here, BMI accounted for 34% of the total 1.12-year racial disparity in biological aging in the early
NHANES period, and 35% of the total 1.16-year racial disparity in biological aging in the late
NHANES period. Smoking accounted for -6% of the total 1.15-year racial disparity in biological
aging in the early NHANES period, and -11% of the total 1.14-year racial disparity in biological
aging in the late NHANES period. Blood lead levels accounted for 9% of the total 1.13-year racial
disparity in biological aging in the early NHANES period, and 0% of the total 1.16-year racial
disparity in biological aging in the late NHANES period. Urinary naphthalene and fluorene
accounted for less than 5% of the total 1.09-year racial disparity in biological aging in both early

and late NHANES periods.

(table on $oll owing page
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a. KiiBdgadhaxraca decompdbiteodi epaBi aclks
192908
Endowment effect (SE)  Coefficient effect (SE)  Interaction effect (SE}  Total Effect Total %
BMI (kg/m2)
Total decomposed effect 0.34 (0.03) (.90 (0.07) -0.04 (0.03) 1200 100%
(Intercept) 0.00 (0.00) (.90 (0.08) 0.00 (0.00) 0.50 75%
bmi_center 0.43 (0.02) (.00 (0.00) -0.01 (0.02) 042 35%
age_cenisr -0.07 (0.01) 001 (0.01) -0.03 (0.02) -0.08 -8%
genderiVoman -0.02(0.01) -0.01 (0.05) 0.00 (0.00) -0.03 -2%
Current smoking status (yesino)
Total decomposed effect -0.12{0.02) 1.31 (0.06) 0.00 (0.02) 118 100%
(Intercept) 0.00 (0.00) (199 (0.09) 0.00 (0.00) 0.99 83%
currenismoke 0.04 (0.01) 012 (0.03) -0.01 {0.04) -0.08 -8%
ane_center -0.13{(0.01) .00 (0.01) 0.00 (0.02) 013 1%
genderiVomen -0.02{0.01) (.44 (0.08) 0.01 (0.01) 043 36%
Blood Lead Levels (ug/dL)
Total decomposed effect -0.09(0.02) 1.29 (0.08) 0.00 (0.02) 120 100%
(Intercept) 0.00 (0.00) (.85 (0.09) 0.00 (0.00) 0.85 1%
bll_center 0.01 (0.01) -0.01 (0.00) 0.02 (0.01) 0.02 2%
age_cenier -0.08(0.01) 0,01 (0.01) -0.03 (0.02) 010 -8%
genderiVoman -0.02(0.02) (.43 (0.08) 0.01 (0.04) 042 35%
Urinary PAH, uNAP (log, ng/L)
Total decomposed effect -0.04 (0.04) 1.12(0.10) 0.04 (0.04) 112 100%
(Intercept) 0.00 (0.00) (.83 (0.13) 0.00 (0.00) 0.83 T4%
resid_ln_uMAP_center 0.04 (0.02) (.00 (0.00) -0.01 {0.04) 0.03 3%
ane_center -0.08{(0.01) -0.01 (0.01) 0.05 (0.03) -0.04 -4%
genderiVomen 0.00 (0.03) 0.31(0.11) 0.00 (0.01) 0.31 28%
Urinary PAH, uFLU (log, ng/L)
Total decomposed effect -0.07 {0.05) 1.14 (0.11) 0.05 (0.04) 112 100%
(Intercept) 0.00 (0.00) (.87 (0.18) 0.00 (0.00) 0.87 78%
resid_In_wFLU_center 0.04 (0.03) -0.03 (0.01) -0.01 (0.01) 0.00 0%
age_cenier 0111002 -0.01 (0.1) 0.06 (0.03) -0.06 -5%
genderiWomen 0.00 (0.03) 0.31(0.12) 0.00(0.01) 0.31 28%
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bKita@gdwalDhexraca decompdvei teodi espaBi aclks

20@v18
Endowment effect (8E)  Coefficient effect (3E) Interachion effect (SE)  Total Effect  Total %
BMI (kg/m2)
Total decomposad effect 0.34 (0.03) 0.90 (0.07) -0.04 (0.03) 120 100%
(Intercept) 0.00 {0.00) 0.90 (0.08) 0.00 {0.00) 0.90 75%
bmi_center 0.43(0.02) 0.00 (0.00) A1.0100.02) 042 35%
age_cenfer -0.07 {0.01) 0.01 (0.01) -0.03{0.02) -0.09 -8%
gendarWomen -0.02{0.01) -0.01(0.05) 0.00 (0.00) 0.03 -2%
Current smoking status (yes/no)
Total decomposad effect -0.12{0.02) 1.31(0.08) 0.00(0.02) 118 100%
{Intercept) 0.00 {0.00) 0.99 (0.09) 0.00 {0.00) 0.95 83%
currentsmoke 0.04 (0.01) 012 (0.03) 0101 (0.01) -0.08 -8%
age_cenfer -0.13{0.01) 0.00 (0.01) 0.00{0.02) 013 1%
gendarWomen -0.02 {0.01) 0.44 (0.08) 0.01 (0.04) 043 36%
Blood Lead Levels (ug/dL)
Total decomposad effect -0.08(0.02) 1.25 (0.08) 0.00 (0.02) 120 100%
(Intercept) 0.00 (0.00) 0.85 (0.09) 0.00(0.00) 0.8 1%
bll_center 0.01 (0.01) -0.01 (0.00) 0.02 (0.04) 0.02 2%
age_center -0.08 {0.01) 0.01(0.01) -0.03(0.02) -0.10 -3%
gendarWomen -0.02(0.02) 0.43 (0.08) 0.01 (0.04) 042 5%
Urinary PAH, uNAP (log, ng/L)
Total decomposad effect -0.04 {0.04) 1.12 (0.10) 0.04 (0.04) 112 100%
(Intercept) 0.00 (0.00) 0.83 (0.13) 0.00(0.00) 083 74%
resid_ln_uMAP_center 0.04 (0.02) 0.00 (0.00) 0.0 (0.01) 0.03 3%
age_center -0.08 {0.01) 0,01 (0.01) 0.05(0.03) -0.04 -4%
gendarWomen 0.00 (0.03) 0.31(0.11) 0.00 (0.01) 0.31 28%
Urinary PAH, uFLU (log, ng/L)
Total decomposad effect -0.07 {0.05) 1.14 (0.11) 0.05 (0.04) 112 100%
(Intercept) 0.00 (0.00) 0.67 (0.18) 0.00(0.00) 0.87 78%
resid_In_uFLU_center 0.04 (0.03) -0.03 (0.01) 0.0 (0.01) 0.00 0%
age_center -0.11(0.02) 0,01 (0.01) 0.06 (0.03) -0.08 -0%
gendarWomen 0.00 (0.03) 0.31(0.12) 0.00 (0.01) 0.31 28%
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Suppl emental Table S20. Sensitivity Analysis:
t he U. S. popul at i o042 0 AThe tables bebow @monidk essnets of yearly 9 9
change in mean Homeostatic Dysregulation in Black and White Americans, overall and by race-
sex subgroups. Estimates were obtained by fitting survey-weighted linear models of year on
Homeostatic Dysregulation, with covariate adjustment for age, sex, and race. There did not appear
to be increases in biological aging over the study period using the Homeostatic Dysregulation
measure in the overall U.S. population (p=0.56) or among White Americans (White men p=0.85,
White women p=0.87). Black Americans evidenced increases in biological aging over the study
period, with an increase in Homeostatic Dysregulation of 0.01 per year (all p<0.01). Tests of
interaction between race and period were significant (ES=0.01, p<0.001), indicating that Black
Americans’ aging trajectories accelerated more quickly than White Americans over the study

period.

(table on foll owing page)
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Petiod trends in biological aging

term estimate std error statisic  p.value nobs
{Intercept) 2496 0.03 117.98 <0.001 28591
year_oenter 00 0.00 058 0566 23991
age 0.01 0.00 28.20 <0.001 23991
gendariVomen 09 0.01 -6.99 <0001 28991
raceBlack 040 0.01 3082 <0.001 28591
Test of period trends in biological aging, White Men

tarm estimate std error ctafistic povalus nobs
{Intercept) 296 004 81.82 <0.001 G966
year_oenter 0.00 0.00 -0.19 085 9966
age 0. 0.00 19.70 <0.001 9966
Test of period trends in biological aging, White Women

term estimate std emor statistic p.value nobs
{Intercept) 254 0.03 85,74 <0.001 10185
year_oenter 0.00 0.00 0.6 087 10185
age 0. 0.00 1843 <0.001 10185
Test of period trends in biological aging, Black Men

term estimate sid.error statistic  pvalue nobs
{Intercept) 3N 0.04 7394 <0001 4267
year_cenier 001 0.00 326 <001 4267
age 0.02 0.00 17.17 <0001 4267
Test of period trends in biclegical aging, Black Women

term estimate std.error statistic povalue rnobs
{Intercept) 3N 0.06 5524 <0001 4573
year_oenter 0. 0.00 335 <0 4573
age 0.1 0.00 1340 <0001 4573
Test of period trends in biological aging disparities

term estimate sid.emror statistic p.value nobs
{Intercept) 2498 0.03 1769 <0.001 23991
year_genter 0.00 0.00 031 076 28591
raceBlack 0.3 0.02 1287 <0.001 28591
age 0.01 0.00 2822 <0.001 23991
genderitomen -0.08 0.01 -1.00 <0.001 28891
year_centerraceblack 0.01 0.00 484 <0.001 284991
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Suppl ement al Table S21. BdnsaQleexrac a ydAoampesst
Bl aWlki t e disparities i n Ho#@eé d8dtable shows rdduftsoff e gu | a |
Kitagawa-Blinder-Oaxaca decompositions of Black-White disparities in biological aging as

measured using Homeostatic Dysregulation for BMI, smoking, blood lead, urinary naphthalene,

and urinary fluorene. The endowment effect is the change in biological age-advancement

attributable to differences in exposure levels and distribution of sample characteristics between

early and late NHANES periods. The coefficient effect is the change in biological age-
advancement attributable to differing effects of the candidate exposure and sample characteristics

across early and late NHANES periods. The interaction effect represents the interaction of changes

in exposure levels (or sample characteristics) and changes in covariate effects across the two

periods or groups. The total effect is the sum of all these effects. In this analysis, no candidate

exposure accounted for more than 5% of the Black-White racial disparity in biological aging over

the study period.

(table on foll owing page)
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Endowment effect (SE) Coefficient effect (SE) Interaction effect (SE}  Total Effect  Total %
BMI (kg/m2)
Total decomposed effect -0.03 (0.00) 0.35(0.01) -0.01 (0.00) 0.31 100%
{Intercept) 0.00 (0.00) 0.37 {0.02) 0.00 (0.00) 0.37 1%%
bmi_center 0.01 (0.00) 0.00 {0.00) 0.00 {0.00) 0.01 3%
age_center -0.05 (0.00) 0.00 {0.00) -0.01 (0.00) -0.06 -19%
genderiWomen 0.00 (0.00) -0.02 (0.01) 0.00 (0.00) -0.02 -G%
Current smoking status (yes/no)
Total decomposed effect -0.05 (0.00) 0.37 {0.01) -0.01 (0.00) 0.31 100%
(Intercept) 0.00 (0.00) 0.39{0.02) 0.00 {0.00) 033  126%
currentsmoke 0.00 (0.00) -0.02{0.01) 0.00 (0.00) -0.02 -6%
age_cenier -0.05 (0.00) 0.00 {0.00) -0.01 (0.00) -0.06 -19%
genderWomen 0.00 (0.00) 0.00{0.01) 0.00 {0.00) 0.00 0%
Blood Lead Levels (ug/dL)
Total decomposed sffect -0.05 (0.00) 0.36 (0.01) 0.00 (0.00) 0.3 100%
{Intercapt) 0.00 (0.00) 0.35{0.01) 0.00 (0.00) 0.35 13%
bll_center 0.00 (0.00) 0.00 {0.00) 0.01 {0.00) 0.01 3%
age_genter -0.05 (0.00) 0.00 {0.00) -0.01 (0.00) -0.06 -19%
genderWWomen 0.00 (0.00) 0.01{0.01) 0.00 (0.00) 0.01 3%
Urinary PAH, uNAP (log. ng/L)
Total decomposed sffect -0.05 (0.01) 0.35({0.03) 0.00 {0.01) 030 100%
{Intercept) 0.00 (0.00) 0.37 {0.03) 0.00 (0.00) 037 123%
resid_In_uMAP_center 0.00 (0.00) 0.00 {0.00) 0.00 (0.00) 0.00 0%
age_center -0.05 (0.01) 0.00 {0.00) 0.00 {0.01) -0.05 -17%
genderWWomen 0.00 (0.00) -0.02 {0.02) 0.00 {0.00) -0.02 1%
Urinary PAH, uFLU (log, ng/L}
Total decomposed effect -0.08 (0.01) 0.35{0.02) 0.00 (0.04) 030 100%
{Intercept) 0.00 (0.00) 0.38 {0.04) 0.00 (0.00) 038 127%
resid_In_uFLL_center 0.00 (0.00) -0.01 {0.00) 0.00 {0.00) -0.01 -3%
age_center -0.05 (0.01) 0.00 {0.00) 0.00 (0.04) -0.05 -17%
genderiWomen 0.00 (0.00) -0.03(0.02) 0.00 (0.00) -0.03 -10%
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Suppl ememgtuali el .t rends

i n mean BMI in the

19 29D 1T8e.figure shows mean BMI in Black and White Americans, overall and by race-sex

subgroups, survey-weighted to the U.S. population in each wave of NHANES measurement. Based

on visual inspection, mean BMI increased over the study period in all race-sex subgroups;

increases did not appear to differ by race or sex. Formal tests of these trends are presented in

Supplemental Table S5.
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Suppl emmemguali e .t rends in current smoking pr e
by r ace an2d0 138 figure sho@ sk proportion of current smokers in Black and
White members of the U.S. population and by race-sex subgroups, survey-weighted to the U.S.
population in each wave of NHANES measurement. Based on visual inspection, smoking
prevalence decreased over the study period in all race-sex subgroups, with larger decreases among
White Americans compared to Black Americans. Formal tests of these trends are presented in

Supplemental Table S6.
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Suppl emégualei nse3.t rends in blood | ead | evels
s e x, -2 0 9B&figure shows mean blood lead levels in the overall population and by race-
sex subgroups, survey-weighted to the U.S. population in each wave of NHANES measurement.
Based on visual inspection, blood lead levels decreased over the study period in all race-sex

subgroups, with larger decreases in Black Americans relative to White Americans. Formal tests of

these trends are presented in Supplemental Table S7.
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Suppl emégualei nsed .t rends in urinasmoRAHS|I ewnel fec
popul ation by r2acl8e. figurethbeloss ehaws credtifBir-hind BMI- adjusted
geometric means of Naphthalene, Fluorene, Phenanthrene, and Pyrene among non-smokers in the
overall population and by race-sex subgroups, survey-weighted to the U.S. population in each
wave of NHANES measurement. Based on visual inspection, Fluorene and Phenanthrene levels
increased over the study period in the entire population and across all race-sex subgroups, while
Pyrene levels increased over the same period. Formal tests of these trends, as well as race-period

interactions, are presented in Supplemental Table S9a-d.

(fi gur ef ol l owi ng page)
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Suppl emeing warl eSaspweel ght ed candi dat e exposur e
measur ement wa v-2 0 [ Theefigure sltbws ,sample vOighted mean exposure
levels at 4-year intervals of age and measurement wave, in the overall population and by race and
sex. Time trends are revealed as non-linearities across waves of measurement. Here, participants
in later measurement waves generally appear to have higher average BMIs, are less likely to
smoke, and have lower mean blood lead levels. Levels of urinary PAHs showed differing patterns,
with naphthalene and pyrene increasing over time, and fluorene and phenanthrene decreasing over

the same period.

figanesol |l ®dwi ng page
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Chapter 5: Conclusi on

Brevis

The overarching goal of this dissertation was to test biological aging measures as early
indicators of population health and health equity. Several substantive observations pointed to an
underexplored opportunity to unite advances in applied biology, epidemiology, and demography
for the study of population health and formed the basis for this work. First, the observation of
stagnating life expectancy in the United States over the first two decades of the 21% century,
representing a dubious form of American exceptionalism. Second, evidence suggesting that novel
measures of biological aging might provide more precise readouts of population health trajectories,
based on direct observation of health status in still-living people. Third, the opportunity to apply
these measures for study of population-level phenomena, using methods routinely used in the
fields of sociology, demography, and economics. This dissertation represents a proof-of-concept
work to support the integration of biological aging measures into cross-disciplinary research on
population health trajectories, ultimately informing next-generation public health efforts to
promote healthy aging and aging health equity.
Summary of findings

In the first chapter of this work, I conducted a systematic literature review of novel
measures and approaches to the quantification of population aging published since 2000, with the
aim of placing biological aging measures in the context of recent theoretical and methodological
advances in the study of population aging across a range of academic disciplines. The primary
focus of this review was to identify general classes of population aging measures and summarize
their measurement properties, domains of individual- or population-level aging captured, and

suitability for population health monitoring.
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| identified 23 novel measures for review which met all prespecified inclusion criteria.
These novel population aging measures generally fell into three broad categories. The first
category included measures based on the “characteristics approach” of Sanderson and Scherbov,
which being forward the idea that any measure of “aging” is only as meaningful as what it signals
about the underlying physical, social, or psychological dimensions that accompany it. These
approaches thus propose new “alpha-age” measures, which represent individual’s age as indexed
to some aging-relevant characteristic (e.g., mortality risk, percentage of time lived in good health,
functional scores). The second category of novel population aging measures identified was less
concerned with selecting indicators that best capture the changing “meaning” of age over time,
and more concerned with how to best summarize the chronological age distribution of the
population in a single measure- for example, by accounting for the distribution of chronological
ages within categories of aged and non-aged persons, or by defining old age cutoffs endogenously
based on the chronological age distribution of the population of interest. The final class of
measures was a catch-all for measures that did not fall directly under one of the previous two
approaches, including approaches to decomposing or weighting traditional old-age dependency
ratios. Based on review findings, | also identified some key areas of ambiguity in how novel
population aging measures were described, including the domains of aging being captured within
each measure, whether the measure aimed to capture numerical or structural aging processes, and
the extent to which aging was a direct measure of population health status. More precise
specification of these attributes will help to advance cross-disciplinary efforts to discuss and study
aging at the population level.

The second chapter of this work provided an early empirical application of biological aging

measures to the study of population aging, characterizing changes in biological aging trajectories
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in the United States over the first two decades of the 20" century in the overall population and by
race-sex subgroups. Specifically, | used repeated cross-sectional survey data from the continuous
NHANES (1999-2018) to decompose age, period, and cohort trends in biological aging in the US
population over the first two decades of the 21st century. The analysis was implemented using a
Bayesian Hierarchical APC modelling approach, modelling age as an individual-level effect nested
within contextual period and cohort variables.

Expected social gradients were observed across the entire age range of our sample:
independent of birth cohort and measurement wave, women evidenced less advanced biological
aging than men and White participants evidenced less advanced biological aging than Black
participants. Following these observations, I identified significant period increases in biological
aging over the study period, with increases from 2003-2007 and from 2011-onwards. These
findings indicate that while population aging slowed after the training cohort was measured in
NHANES III (1988-1994), we have begun to observe a reversal of these gains in more recent
years. Limited evidence of cohort effects was observed. Overall, findings were robust to sensitivity
analyses that varied the algorithms used to calculate biological age, the biomarker composition of
biological age algorithms, and APC decomposition methods.

Having identified period increases in biological aging in the U.S. population over the first
two decades of the 21% century, the third and final chapter of this work tested the extent to which
biological aging trajectories over this period were driven be social and environmental risk factors.
Specifically, I applied the Kitagawa-Blinder-Oaxaca variance decomposition method to test the
contribution of four candidate exposures (BMI, smoking status, blood lead, and PAH levels) to

differences in biological aging between 1) early (1999-2008) and late (2009-2018) NHANES
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periods, and 2) between Black Americans and White Americans over the entire study period (1999-
2018).

With regard to period trends in biological aging, we found that mean biological-age
advancement rose from 1999 to 2018, indicating that the U.S. population was aging more rapidly
towards the end of the study period compared to earlier waves of measurement. Kitagawa-Blinder-
Oaxaca decomposition of these trends suggested that that BMI accounted for a substantial
proportion of time trends in biological aging, as did two measures of PAH exposure (urinary
naphthalene and pyrene). In analysis of Black-White disparities in biological aging, we found that
biological aging was faster in Black Americans compared to White Americans across the entire
study period and in all waves of survey measurement, with disparities increasing slightly over
time. Kitagawa-Blinder-Oaxaca decomposition of Black-White disparities suggested that BMI
accounted for a substantial proportion of B-W disparities, but that environmental chemicals did
not. Results of all analyses were similar in comparative mediation analysis, and held whether time
was modelled as a binary or continuous variable.

Significance, | imitations, and future direct.i

Biomarker data are being collected in large population surveys and made available to
population researchers with increasing frequency. These developments, coupled with recent efforts
to establish a large, multi-country network of longitudinal aging surveys, represent an important
opportunity for next-generation efforts to integrate biological parameters into population health
research (1). The work presented in this dissertation represents an important contribution to this
burgeoning area of research, testing the performance of biological aging measures as leading

indicators of population healthy aging.
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In the context of novel population aging measures developed in the past two decades,
biological aging can be interpreted as an extension of the “characteristics age” framework by
Sanderson and Scherbov. These ‘| -ages” are developed by indexing some population
characteristic (e.g., remaining life expectancy, mortality risk, functional limitation scores) to the
chronological age at which that characteristic was observed in a reference population. Similarly,
one’s “biological age” reflects the age at which a participant’s aging-related characteristic, as
predicted by a set of blood-chemistry or DNA-methylation parameters, would be approximately
normal in the reference sample in whom the data were originally trained.

Life expectancy measures are often used as a key indicator of population health by
scientists and policymakers alike, and thus guide what types of health interventions are delivered
where, and to whom (2,3). Biological aging measures can enhance these efforts on two major
fronts. First, they can differentiate between faster and slower aging trajectories as early as young
adulthood. This suggests that the study of population aging need not be restricted to the study of
“aged” persons. Young adults are subject to the same underlying processes of cumulative
physiological wear-and-tear as people of retirement age and older (4). Aging processes might
therefore be studied across entire adult populations, as an early indicator of population aging
trajectories across a wide range of birth cohorts. Second, to the extent that we can measure pre-
clinical declines in physiological integrity, biological aging measures also provide a means through
which to evaluate the impacts of population-level exposures and interventions, providing short-
term readouts of long-term impacts. Early clinical trials are now underway to test impacts of
behavioral and pharmacological interventions on biological aging trajectories in humans (5-8).
The use of biological aging measures as surrogate endpoints in these trials will allow for earlier

readouts of intervention effects observable within years instead of decades. At the population level,
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these same measures might be used to observe early policy impacts ranging from childhood
interventions to environmental regulations and social safety nets. Applying biological aging
measures at the population level thus represents an important contribution in providing early
readouts of population healthy aging across the entire age range of the adult population and at
timescales appropriate for intervention.

The finding that biological aging trajectories accelerated across all U.S. population groups
over the first two decades of the 21% century contrasts with cohort trends in life expectancy over
the same period, which indicate an elevated concentration of mortality risk among White and Black
American men in young adulthood and midlife (9,10). One immediate implication of these findings
is that greater attention to the non-fatal impacts of the Great Recession and opioid epidemic is
warranted- especially among minoritized population groups who may experience substantial but
non-fatal health decrements stemming from these exposures. The causes underlying deaths of
despair among White men in young and middle adulthood may have wide-reaching impacts on
population health, across dimensions of race and sex. These increases could be attributable to
broad, documented psychosocial stress in the aftermath of the Great Recession, as well as
substance-use-related morbidity as the opioid epidemic began to accelerate starting in 2010 and
continuing through the present day (11-15). Our results could also explain underlying
vulnerabilities that would coincide with poorer population health outcomes relative to other high-
GDP countries, including U.S.-specific stagnation in life expectancy trends and slower recovery
of health trajectories after the COVID-19 pandemic. For example, the Great Recession is
hypothesized to have had disproportionate health impacts on the American population relative to
their European counterparts, partly due to stronger safety nets which buffered the worst impacts in

those countries (16). Similarly, the opioid epidemic is almost entirely confined to the American
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context, driven by both the overprescription of legal pain medication and associated increases in
the use of heroin use and illicit synthetic opioids (17,18). Comparison of these findings to other
high-GDP countries might be used to assess differences in aging trajectories attributable to
different social policy environments over this time period.

Findings of accelerated aging trajectories in recent years are also particularly notable in
light of dramatic reductions in potent chronic disease risk factors over the same period, including
smoking prevalence and lead exposure as measured in our study. These observations suggest a set
of opposing forces driving accelerated aging trajectories that overwhelms the impact of these
gains. Results of decomposition analysis point to socio-behavioral risk factors and environmental
toxicants, including obesity and PAH exposure, as contributors to adverse aging trajectories that
may overwhelm population health gains in other areas. We tested only an illustrative subset of
candidate exposures on population aging trajectories; further research is needed to isolate causal
impacts of these exposures as well as other social, behavioral, and environmental factors that might
also impact trends in population healthy aging. Clinical trials are now underway to test anti-aging
interventions at the individual level; in addition to quantifying the co-occurrence of complex
environmental exposures, natural experiments one provides a means to test population-level
impacts. In parallel, longitudinal analysis of exposure-aging relationships within individuals can
also shed light on the causal processes that link social and environmental exposures to accelerated
aging. Finally, our findings suggests that 21%-century declines in U.S. life expectancy, driven by
“deaths of despair” among white men in young and middle adulthood, are mirrored in non-fatal
health decrements in the entire adult population — regardless of race and gender. Further attention
to latent, pre-clinical declines in health risk across population groups may help to mitigate long-

term impacts on population aging outcomes and aging health equity.
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We acknowledge limitations. First, there is no gold standard measure of the construct of
biological aging (19). However, comparative evidence across different measurement methods
provides context for interpretation of study findings. In analysis of age-period-cohort trends in
biological aging, we observed similar social gradients and directionally consistent estimates of
age-period-cohort (APC) effects using an alternative measure of biological aging, Homeostatic
Dysregulation. Black-White disparities in biological aging persisted over the study period using
two different measures of biological aging, and both measures yielded consistent evidence of
increasing racial disparities. Differences in the relative magnitude of period and cohort effects, and
the magnitude of changes in aging trajectories across population subgroups, may reflect
differences in the processes of aging captured by each measure, or differential sensitivity to
changes in these processes across time or population groups. Comparative analysis using other
biological substrates (e.g., DNA methylation), once made available, will provide insight on the
interpretation of these findings. Second, our results do not aim to provide estimates of causal
effects with regard to observations of population aging trajectories and the drivers of those
trajectories or differences across population subgroups. APC decomposition methods are
fundamentally descriptive: they cannot identify the drivers of observed age, period, and cohort
trends, nor of observed disparities in biological aging. In decomposition analysis, we controlled
for variables used in the calculation of survey weights (age, race, and gender) which are also known
to impact biological aging trajectories. This allowed us to account for changes in the demographic
composition of the NHANES sample over time. However, adverse exposures often co-occur, and
the effects of the social and environmental exposures we analyzed likely reflect not only the effects

of the exposures themselves, but of these co-occurring factors. Findings should therefore be
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interpreted as directional evidence that biological aging measures can capture the impacts of social
and environmental exposures, rather than intervention effects or other causal estimands.

Finally, it is important to note that while biological aging measures can predict morbidity
and mortality long before the clinical disease manifestation, they cannot account for sudden deaths
(e.g., suicide, overdose, and other fatal injury) that are not preceded by some other latent
physiological decline. The characterization and study of acute and chronic causes of death are thus
fundamentally different. The sequelae of “acute” deaths can only be measured after the event
occurs, and are reflected immediately in population life expectancy. While there may be observable
risk factors for these deaths, it is difficult to conceptualize an appropriate surrogate endpoint for
these deaths- particularly as their timing is often somewhat idiosyncratic. It is most appropriate to
study these deaths by comparing their relative age distribution or by examining risk factors that
appear to predict sudden death. Conversely, "chronic" causes of death resulting from the accrual
of environmental insults are measurable long before the onset of clinical disease, but not
immediately reflected in life expectancy. It is for these deaths that surrogate endpoints are most
useful. Measures of biological aging are therefore an important complement to, but not substitution
for, traditional measures of life expectancy.

Within the bounds of these limitations, the body of work presented in this dissertation
provide strong proof-of-concept for the application of biological aging measures to the study of
population health. The novel measures of biological aging we used in our analysis evidenced
expected racial disparities in aging trajectories and were responsive to a range of social and
environmental exposures. Results of our analysis indicated acceleration of population aging
trajectories and suggested socio-behavioral and environmental factors driving these trajectories.

These findings complement traditional indicators of population health and healthy aging, like life
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expectancy, by providing direct measures of health status in living people. To the extent that latent
biological processes of aging drive disease and disability in later life, collection of biological
information to measure population aging outcomes may allow for earlier readouts of long-term
population health impacts, decades before the onset and disability. Evaluating the impact of social
and environmental exposures on biological aging at earlier timescales may allow for more effective
policy evaluation and intervention to prevent or alleviate aging-related disease and disability.
These approaches may ultimately prove essential to evaluating the long-term consequences of the
COVID-19 pandemic and other emerging threats to population healthspan and lifespan in coming

decades.
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Chapt®Wet Bods APpeperdiopmeéniesting of Biological

This section describes the selection, development, and testing of biological-aging measures
used in the empirical aims of this dissertation (Chapters 3 and 4). Section I introduces the construct
of biological aging, outlines general procedures for biological-aging measure development, and
describes the PhenoAge and Homeostatic Dysregulation algorithms which form the basis of the
measures used in this work. Section II describes the training and training datasets on which the
biological-aging algorithms were trained and then projected. Section III documents procedures to
identify and correct batch effects in biomarker distribution, and describes the identification of
candidate biomarkers reliably measured across all waves of data collection. Section IV describes
the process of biomarker selection for our primary measure of biological-age advancement.
Section V discusses key assumptions underlying the development of our biological aging

measurcs.

| Bi ol ogi caCoAgepgual OverAligeowsiatnhdm Sel ect i

Biological aging is a construct first introduced by the fields of geroscience and aging
biology, and describes the accumulation of physiological damage across multiple body systems
that occurs with advancing chronological ag, mediating aging-related disease and disability (1,2).
While there is no gold standard of biological aging (3,4), the most widely-adopted measures to
date use machine learning methods to integrate information across multiple clinical parameters
collected from blood-chemistry and DNA-methylation data (3—7). Machine-learning methods are
used to train these parameters on some aging-related outcome (e.g., chronological age, mortality
risk, longitudinal rate of physiological decline) in a reference sample, after which they can be

applied as outcome variables in new datasets to test hypotheses.
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A conceptual flow diagram of biological-aging algorithm development is presented as

follows:
Feature selection using machine-
Biomarker data collection in learning methods Predicted outcome values
reference cohort Subset of biomarkers selected by calculated in training dataset
Blood-chemistry or DNA- training on aging-related outcome Mean outcome values generated at
methylation parameters (e.g., chronological age, mortality) each chronological age
S R e T i
1
1
04 l
03 1
02 1
o 1
4+ —--- g —-———————
o
Distribution of aging-relsted outcome
atchronologicslage A = a
Biological-age advancement Biological age values projected into analytic dataset
values generated Chronological age at which a participant’s predicted
Difference between biological and aging-related outcome (chronological age or mortality)
chronological age is approximately normal in the reference sample.

Here, we quantified biological-age advancement following the methods originally proposed by
Levine and colleagues in developing the blood-chemistry PhenoAge algorithm (8), and by Li and
colleagues in developing the Homeostatic Dysregulation algorithm (9). Using the PhenoAge
method, predicted biological age values represent the age at which a participant’s physiology-
predicted mortality risk would be approximately normal in the reference sample in whom the data
were originally trained. In contrast, the Homeostatic Dysregulation measure quantifies an
individual’s deviation (as measured using Mahalanobis distance) from the biomarker profile of a
young, healthy reference cohort. These measures have been shown in our own work and that of
other investigators to be sensitive to a range of social and environmental exposures, to predict
morbidity and mortality in diverse populations, and have received substantial attention in the
research literature (4,8—15). Importantly, comparative studies show clinical-lab-based measures of

biological age to be equal or stronger predictors of aging-related health deficits and mortality as
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compared with alternative approaches, such as DNA methylation clocks (4). Consistency of

findings across algorithms trained using different target outcomes and methodological strategies

can help to build confidence in study findings.

| ITraining, TestSiamgp,, eand Anal ytic
Data were drawn from the National Health and Nutrition Examination Surveys

(NHANES), a collection of nationally-representative, cross-sectional health surveys of the

noninstitutionalized civilian U.S. population conducted since the 1960s and continuing through

the present day. Survey procedures have previously been described in detail (16-21). Tr ai ni ng

S a m pTheénitial training dataset was composed of all NHANES III participants who provided

blood samples during the MEC exam and who had complete data on all blood-chemistry

parameters selection for inclusion in biological-aging algorithms. Te st i nrga layntdi ca s a mp |

Biological aging measures were trained and projected into all participants who provided blood

samples during the MEC exam and who had complete data on all blood-chemistry parameters

selection for inclusion in biological-aging algorithms. Only participants between ages 20-80 and

who self-identified as Black or White were included in the final analytic sample, as sample sizes

for participants of other races were insufficient for reliable estimation based on cell counts in four-

year age-by-period contingency tables.

Il ICorrection f orseldeatcah oenf foefc tcsanadnddat e bi omar k
To identify potential batch effects in biomarker measurement over the continuous

NHANES study period (1999-2018), we first generated boxplots showing the distribution of all

biomarkers measured in any wave of continuous NHANES by studyyear(n e Xt ).page
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We corrected for these effects by first regressing each biomarker on predictors age, gender,
wave (as linear, quadratic, and cubic terms), and dummy variables for the waves showing evidence

of batch effects (wave 1 and 10 for albumin; wave 1 and 10 for alkaline phosphatase; waves 8, 9,
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and 10 for red cell distribution width). We then subtracted the coefficient value for each wave from
the original values for all corresponding observations within that wave. Results of biomarker

corrections are shown below (corrected distributions in red):

albumin_gL Inalp rdw

21

50

T HH: iatianon:

40

30 iRy

2

123 4567 8 910 123 456 7 8 910 123 4567 8 910
wave wave wave

We then defined the universe of available biomarkers collected in NHANES III and all
waves of continuous NHANES, 1999-2018. There were 24 unique biomarkers available in all
waves of the continuous NHANES (1999-2018). 21 of these unique biomarkers (30 total, based
on variable transformations) were also available in the NHANES III training sample: albumin,
alkaline phosphatase, blood urea nitrogen, creatinine, glucose, total bilirubin, uric acid,
lymphocyte percentage, mean cell volume, monocyte count, red blood cell count, red cell
distribution width, white blood cell count, diastolic blood pressure, systolic blood pressure, mean
blood pressure, pulse, HbAlc, HDL cholesterol, total cholesterol, and number of hours since last

ate or drank:
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Biomarker 1999 2001 2003 2005 2007 2009 2011 2013 2015 2017 NHANES3
albumin 4“2 4694 4450 4460 5313 5681 4887 5328 5146 4915 16831
abumin gl 4121 469 4450 4460 5313 5681 4887 5328 5146 4915 15831
alp 4097 4686 4438 4444 5304 5676 4878 5316 5136 4899 15784
Inalp 4097 4686 4438 4444 5304 5676 4878 5316 5136 4899 15784
bun 4101 4674 4434 4445 5290 5652 4871 5301 5128 4885 15773
Inbun 4101 4674 4434 4445 5290 5652 4871 5301 5128 4885 15773
creat 4097 4679 4446 4448 5299 5659 4864 5304 5128 48% 15795
ceatumol 4097 4679 4446 4448 5299 5659 4864 5304 5128 489 1579
Increat 4097 4679 4446 4448 5299 5659 4864 5304 5128 489% 15795
Increat_umol 4097 4679 4446 4448 5299 5659 4864 5304 5128 48% 15795
glucose 4082 4673 4427 4421 5264 5641 4847 5273 5090 4878 15667
glucose_mmol 4082 4673 4421 4427 5264 5641 4847 5273 5090 4878 15667
tbl 413 4690 4443 4449 5299 5666 4874 5313 5140 4912 15778
uap 47 4695 4453 4462 5309 5679 4887 5324 5143 4912 15829
Inuap a7 4695 4453 4462 5309 5679 4887 5324 5143 4912 15829
lymph 4181 4748 449 4481 5338 5743 5029 5378 5178 5020 16117
mov 4209 4769 4529 4503 5354 5750 5026 5388 5172 5022 16108
monopa aurm 4746 4496 4481 533 5737 5024 5373 5178 5017 15755
b 4210 4770 4530 4508 5357 5750 5037 5391 5182 5025 16115
rdw 4200 4757 4519 4492 5344 5731 5009 5372 5148 5005 16050
whe 4208 4769 4523 4500 5350 5747 5034 5388 5176 5021 16096
dbp 4238 4721 4363 449 5400 5763 5065 5375 5299 4983 16527
sbp 4284 4764 4399 4516 5432 5783 5069 5391 5312 4994 16532
meanbp 4242 4129 4364 4490 5401 5763 5063 5376 5299 4982 16528
puise 4236 419 4355 4487 5399 5764 5063 5371 5297 4983 16523
phpfast 4290 4887 4666 4637 5550 5968 5215 5526 5410 5158 16230
hbatc 4166 4731 4494 4473 5313 5708 4975 5346 5143 4978 16110
Inhbalc 4166 4731 4494 4473 5313 5708 4975 5346 5143 4978 16110
hdl 4116 4689 4473 4473 5328 5688 4907 5329 5143 4925 15920
totchol 4116 4682 4470 417 5327 5695 4910 5337 5163 4933 16047

| Bi omar ker selection for primary measures

algorithm-based measures, we conducted elastic net regression of these candidate biomarkers and
chronological age on mortality, consistent with the method as introduced
by Levine and colleagues. The 12 biomarkers selected for inclusion in our
measures were as follows: albumin, alkaline phosphatase, creatinine,

glucose, uric acid, lymphocyte percentage, mean cell volume, red cell

To select a subset of biomarkers for use in our PhenoAge and Homeostatic Dysregulation

distribution width, white blood cell count, systolic blood pressure, pulse, ey

and HbAlc. Results of elastic net regularization, showing effect-sizes of  whe

each selected biomarker on mortality risk are shown in the table (r i ¢ h 1 pulse

Biomarker Coefficient
age 0.0691306
albumin -0.1035422
alp 0.0000725
creat 0.4797908
glucose 0.0026434
uap 0.0194418
lymph -0.0058775

0.0099451
rdw 0.1797253

0.0307616
sbp 0.0019652

0.0045568
hbatc 0.0488892

245

of



With this set of biomarkers, 14,805 NHANES III participants with complete data were
included in the training sample and 45370 continuous NHANES participants with complete data
in the projection sample. PhenoAge and Homeostatic Dysregulation values were trained in the
NHANES III sample and then projected into the analytic sample of continuous NHANES
participants using the BioAge package (1) in the RStudio Integrated Development Environment
(IDE) v2023.06.0.421 (22). Biological-age advancement was defined as the difference between
PhenoAge and chronological age; Homeostatic Dysregulation values represent Mahalanobis
distance from the reference cohort.

Pearson’s r correlations between chronological age, PhenoAge, PhenoAge advancement,
and Homeostatic Dysregulation in the continuous NHANES analytic sample are shown below.
Chronological age was strongly correlated with PhenoAge (1=0.96), a biological aging algorithm
which provides an analog to chronological age indexed to mortality risk, and moderately correlated
with Homeostatic Dysregulation (r=0.22). Chronological age was very weakly correlated with
PhenoAge advancement (r=0.08), indicating that effects observed in our primary analyses were

unlikely to be the artefact of changes in the chronological-age distribution of the population over

the study period:
Age PhenoAge PhenoAge advancement  Homeostatic Dysregulation (log)
Age 1.00 0.96 0.08 0.24
PhenoAge 0.96 1.00 0.35 0.36
PhenoAge advancement 0.08 0.35 1.00 0.52
Homeostatic Dysregulation (log)  0.24 0.36 052 1.00

Corresponding Spearman’s rank correlations between chronological age, PhenoAge,
PhenoAge advancement, and Homeostatic Dysregulation in the continuous NHANES analytic
sample are shown below. Results are consistent with Pearson’s correlations, with even weaker
correlations between chronological age and biological-age advancements.
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Age PhenoAge  PhenoAge advancement Homeostatic Dysregulation (log)

Age 1.00 097 0.06 022
PhenoAge 0.97 1.00 0.30 0.32
PhenoAge advancement 0.06 0.30 1.00 043
Homeostatic Dysregulation (log) 022 0.32 043 1.00

VAssumptions

There are some key assumptions underlying the development and application of these
biological aging measures. First, we only used data from NHANES participants with complete
data on all candidate biomarkers in our training and analytic samples. The ability of these data to
generate U.S. population-representative estimates relies on the assumption that all biomarker data
are missing completely at random (MCAR). Second, application of biological-aging algorithms
trained in NHANES III data to the continuous NHANES analytic sample assumes that the
relationship between component biomarkers and the underlying construct of biological aging has
not changed over time. Third, interpretation of findings based on these measures assumes that they
accurately reflect the underlying construct of biological age.

To test the second and third assumptions, we compared effect-sizes between biological age
advancement and mortality across training and analytic samples. We also tested the robustness of
our measures to different biomarker specifications, including 1) the original set of biomarkers
included in Levine’s original PhenoAge measure (including CRP, which was not measured in the
2011 or 2013 waves of continuous NHANES), 2) the original set of biomarkers included in
Levine’s original PhenoAge measure (excluding CRP and therefore available in all waves of
continuous NHANES), 3) the full set of candidate biomarkers reliably measured across NHANES
IIT and all waves of continuous NHANES, and 4) our primary measures based on the 12 biomarkers

selected through elastic-net regression on mortality.
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Both PhenoAge advancement and Homeostatic Dysregulation were significantly

associated with mortality in both the NHANES III training sample and the continuous NHANES

projection sample (for PhenoAge advancement: HR=1.65 in NHANES III, HR=1.74 in continuous

NHANES; for Homeostatic Dysregulation: HR=1.69 in NHANES III, HR=1.90 in continuous

NHANES; all effect-sizes are denominated in standard-deviation units and significant at p<0.001);

results were robust to a range of biomarker specifications (full results shown b e | ).0Ewmipirical

evidence thus suggests that our assumptions hold, with 1) comparable effect-sizes between

biological aging and mortality across training and analytic sample, and 2) consistent associations

with mortality across different biomarker specifications, suggesting that our findings are not an

artefact of the specific biomarkers used in our primary measure.

BioAge Measure/Biomarker Specification

Original Levine

Levine without CRP

Expanded Set

Elastic Net

PhenoAge Advancement

NHANES III

Continuous NHANES
Homeostatic Dysregulation

NHANES 1l

Continuous NHANES

1.65 (1.60,1.70)
1.74 (1.68,1.80)

144 (1.39,1.49)
146 (1.41,152)

1.65 (1.60,1.70)
1.74 (1.69,1.80)

141 (1.36,1.45)
148 (142,1.54)

1.71(1.85,1.77)
1.78 (1.71,1.84)

1.60 (1.55,1.66)
169 (1.63,1.74)

1.65(1.59,1.70)
1.74(1.69,1.81)

1.69 (1.64,1.75)
1.90 (1.83,1.97)
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