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

 

 

 

Gloria Huei-Jong Graf 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Submitted in partial fulfillment of the 

requirements for the degree of 

Doctor of Philosophy 

under the Executive Committee 

of the Graduate School of Arts and Sciences 

 

 

 

COLUMBIA UNIVERSITY 

 

 

2024



 

© 2024 

Gloria Huei-Jong Graf 

All Rights Reserved 



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 21st 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, I 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, I 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 III (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 21st 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: Introduction 

Preamble 

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 
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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, I 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. life expectancy: a dubious case of American exceptionalism 

Context. The 20th 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 
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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 quality of American life from birth to death? And most importantly, what can 

be done to prevent or alleviate these impacts?  

From ñdeaths of despairò to persistent racial disparities: do life expectancy trends point to 

broader underlying health vulnerabilities? Initial explanations of life expectancy largely focused 

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 
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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.  

Problematizing life expectancy 

Life expectancy as an imperfect indicator of population health. In this context, it is important to 

discuss some key limitations of life expectancy that suggest the need for alternative and 
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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 applications of life expectancy data. To date, researchers and policymakers have relied on 

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 indicators to inform population health policy. The benefits of life-expectancy-

informed policies may spill over to population groups whose need is not revealed in traditional life 
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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 Promise of Biological Aging as a Leading Indicator of Population Health 

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 López-Otín 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 
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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 
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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, 
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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.  

Specific Aims 

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 21st 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. I 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 
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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 20st 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-
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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 1999-2017 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 21st 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 
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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 21st 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 (PAHs) 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. 

  



 

 

14 

 

 

References 

1. 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.  

2. 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/NBK110043/ 

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

4. 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.  

5. 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 

6. Crimmins EM, Seeman TE. Integrating biology into the study of health disparities. 

Population and Development Review. 2004;30:89–107.  

7. 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.  

8. 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.  

9. Wilmoth JR. Demography of longevity: past, present, and future trends. Experimental 

gerontology. 2000;35(9–10):1111–29.  

10. Kinsella KG. Changes in life expectancy 1900–1990. The American journal of clinical 

nutrition. 1992;55(6):S1196–202.  

11. Ho JY, Hendi AS. Recent trends in life expectancy across high income countries: 

retrospective observational study. BMJ. 2018;362.  

12. 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 



 

 

15 

 

 

13. Tanne JH. Life expectancy: US sees steepest decline in a century. BMJ. 2022 Sep 

5;378:o2142.  

14. 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.  

15. 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 

16. 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.  

17. Arias E, Tejada-Vera B, Kochanek KD, Ahmad FB. Provisional life expectancy estimates 

for 2021. 2022;Vital Statistics Rapid Release(No. 31).  

18. Arias E, Kochanek KD, Xu J, Tejada-Vera B. Provisional life expectancy estimates for 

2022. 2023;Vital Statistics Rapid Release(No. 23).  

19. 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.  

20. 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.  

21. Woolf SH, Schoomaker H. Life expectancy and mortality rates in the United States, 1959-

2017. JAMA. 2019;322(20):1996–2016.  

22. 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.  

23. 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.  

24. 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):e0260262.  



 

 

16 

 

 

25. 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.  

26. 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.  

27. 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.  

28. 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.  

29. Felitti VJ, 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.  

30. Geronimus AT. The weathering hypothesis and the health of African-American women and 

infants: evidence and speculations. Ethnicity & disease. 1992;2(3):207–21.  

31. Davis CS, Lieberman AJ. Laws limiting prescribing and dispensing of opioids in the United 

States, 1989–2019. Addiction. 2021 Jul;116(7):1817–27.  

32. 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.  

33. Meit M, Knudson A. Leveraging interest to decrease rural health disparities in the United 

States. American journal of public health. 2017;107(10):1563.  

34. Dow WH, Godøy 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 

35. 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.  

36. 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.  

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



 

 

17 

 

 

38. López-Otín C, Blasco MA, Partridge L, Serrano M, Kroemer G. The hallmarks of aging. 

Cell. 2013;153(6):1194–217.  

39. 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.  

40. Barzilai N, Cuervo AM, Austad S. Aging as a biological target for prevention and therapy. 

JAMA. 2018;320(13):1321–2.  

41. Kritchevsky SB, Justice JN. Testing the Geroscience Hypothesis: Early Days. The Journals 

of Gerontology: Series A. 2019;75(1):99–101.  

42. 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.  

43. 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.  

44. Jylhävä J, Pedersen NL, Hägg S. Biological age predictors. EBioMedicine. 2017;21:29–36.  

45. 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:e59479.  

46. 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.  

47. 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.  

48. 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.  

49. 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.  

50. 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.  



 

 

18 

 

 

51. Lei M, Beach SR, Dogan MV, Philibert RA. A pilot investigation of the impact of smoking 

cessation on biological age. The American journal on addictions. 2017;26(2):129–35.  

52. 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.  

53. 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.  

54. 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.  

55. 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.  

56. 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.  

57. 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.  

58. 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.  

59. Levine ME, Crimmins EM. Evidence of accelerated aging among African Americans and 

its implications for mortality. Social Science & Medicine. 2014;118:27–32.  

60. 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.  

61. 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.  

62. Gostin LO, Hodge JG, Levin DE. Legal interventions to address us reductions in life 

expectancy. JAMA. 2020;324(11):1037–8.  



 

 

19 

 

 

63. 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.  

64. Barzilai NR. Targeting aging with metformin (TAME). Innovation in Aging. 

2017;1(suppl_1):743–743.  

65. 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.  

66. Kotlikoff LJ, Burns S. The coming generational storm: What you need to know about 

America’s economic future. MIT press; 2005.  

67. 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.  

68. d’Albis H, Collard F. Age groups and the measure of population aging. Demographic 

research. 2013;29:617–40.  

69. Ryder NB. The cohort as a concept in the study of social change. In: Cohort analysis in 

social research. Springer; 1985. p. 9–44.  

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

71. Kaiser A. A review of longitudinal datasets on ageing. Journal of Population Ageing. 

2013;6:5–27.  

72. Case A, Deaton A. Mortality and morbidity in the 21st century. Brookings papers on 

economic activity. 2017;2017:397.  

73. 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.  

74. 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.  

75. 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.  

76. 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.  



 

 

20 

 

 

77. 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.  

78. Ljungvall Å, 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.  

79. 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.  

80. 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.  

81. 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.  

82. CDC. Current cigarette smoking among adults in the United States. Center for Disease 

Control and Prevention. 2019;  

83. 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 

84. 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.  

85. Shao S, Liu L, Tian Z. Does the environmental inequality matter? A literature review. 

Environmental Geochemistry and Health. 2022;44(9):3133–56.  

86. Morello-Frosch RA. Discrimination and the political economy of environmental inequality. 

Environment and Planning C: Government and Policy. 2002;20(4):477–96.  

87. 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.  

88. Anekwe CV, Jarrell AR, Townsend MJ, Gaudier GI, Hiserodt JM, Stanford FC. 

Socioeconomics of obesity. Current obesity reports. 2020;9(3):272–9.  

89. 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 



 

 

21 

 

 

National Survey on Drug Use and Health. Nicotine and Tobacco Research. 

2018;20(3):312–20.  

90. 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.



 

 

22 

 

 

Chapter 2: How to Measure Population Healthy Aging – A Systematic Review of Novel 

Population Aging Measures from a Public Health Perspective 

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 20th 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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Introduction 

The double-edged sword of population aging. Increased longevity over the course of the 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 20th 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)measurement of population aging. This emerging paradigm of “aging threat” – the threat 

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 20st 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 measurement of aging in individuals and in populations. Sanderson and 

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 population aging for public health: a systematic review. A more comprehensive 

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 is 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. 

Methods 

Conventional measures of population aging. To more precisely identify “novel” measures 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 Table 1 for a list 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 

form ὓὅ ὪὛὥȟὸȟὌὥ , where “ὓὅ is the conventional measure of aging at time ὸ, Ὓὥȟὸ 

is the age structure of the population at time ὸ, and Ὄ is a matrix of age-specific characteristics 

such as life expectancy or health status” (14). Crucially, these conventional measures of the form 

ὓὅ 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. 

Search Strategy. We searched two academic 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: 

¶ PubMed: (measur*[ti] AND ("population aging"[all] OR "population healthy aging"[all] 

OR "population-level aging"[all] OR "population ageing"[all] OR "population healthy 

ageing"[all] OR "population-level ageing"[all])) OR (measur*[all] AND ("population 

aging"[ti] OR "population healthy aging"[ti] OR "population-level aging"[ti] OR 

"population ageing"[ti] OR "population healthy ageing"[ti] OR "population-level 

ageing"[ti])) 

¶ WoS: (ALL=(measur*)) AND TI=("population aging" OR "population healthy aging" 

OR "population-level aging" OR "population ageing" OR "population healthy ageing" 

OR "population-level ageing") OR (TI=(measur*)) AND ALL=("population aging" OR 

"population healthy aging" OR "population-level aging" OR "population ageing" OR 

"population healthy ageing" OR "population-level ageing") 

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: 

¶ We first searched Google Scholar using the term: measur* AND ("population aging" OR 

"population healthy aging" OR "population-level aging"). We then de-duplicated any 

records that had previously been screened in the first round of review. 

¶ 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. 

Inclusion and exclusion criteria. We included all English-language, peer-reviewed 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 directly to the measurement 
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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).  

Data extraction. We extracted the following 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. 

Results 

We identified 37 articles meeting all prespecified inclusion criteria (PRISMA flow diagram 

presented in Figure 1). Of these, 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 population aging measures. The novel population aging measures identified 

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 shown in Figure 2. A brief summary of each measure is provided in Table 2; details regarding 

the calculation of each measure are available in the Supplemental Material.  

Characteristics-based measures. 14 of 23 novel population 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 prospective age of a population as the 

chronological age at which remaining 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 Figure 3 for illustrative 

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 innovations in the study of chronological age. Another class of aging measures 

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 characteristic within the 

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 ὼ to another aged person aged ὼ

Ὠ Ὠ π, then the magnitude of the reduction in the aging index must be smaller for smaller 

values of ὼ”). 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.  

Other measures. 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). 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). Muszyńska (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 literature comparing novel and conventional population aging measures. We 

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 limitations. We acknowledge limitations. 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. 

Discussion and Conclusion 

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. 

Individual and population-level domains of aging.  

Defining aging in individuals. While significant research and policy attention 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 not attempt 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 aging in populations. We note a parallel need for precision in how 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. 

Relevance and suitability of novel population aging measures for public health applications. 

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 provided in Table 1. 

Data availability in novel population aging measures. Historically, researchers interested in 

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 population aging research using individual-level biomarker data. The 

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 



 

 

42 

 

 

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. PRISMA flow diagram for study inclusion. The two-step identification process 

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 population measures, by year of publication and archetype. The figure shows 

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 conventional and characteristics-based population aging measures. 

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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Table 1. Selected examples of conventional population aging measures, based on Sanderson and Scherbov 2013. 

Measures Definition and Formula 

Median age 

Cutoff value at which half of the population is 

chronologically older than the selected value and half of 

the population is younger than the selected value. 

Proportion of the population over 65 
Π ὴὩὶίέὲί έὺὩὶ φυ Ὥὲ ὴέὴόὰὥὸὭέὲ

ὸέὸὥὰ ὴέὴόὰὥὸὭέὲ
  

Old-Age Dependency Ratio 
Π ὴὩὶίέὲί έὺὩὶ φυ Ὥὲ ὴέὴόὰὥὸὭέὲ

Π ὴὩὶίέὲί έὪ ύέὶὯὭὲὫ ὥὫὩ Ὥὲ ὴέὴόὰὥὸὭέὲ
ρzππ 

Aging index 
Π ὴὩὶίέὲί έὺὩὶ φπ Ὥὲ ὴέὴόὰὥὸὭέὲ

Π ὴὩὶίέὲί όὲὨὩὶ ρυ Ὥὲ ὴέὴόὰὥὸὭέὲ
ρzππ 

 

Table 2. Summary of novel measures of population aging. The studies included in our review are summarized below. The original 

publications introducing each measure are bolded; non-bolded publication references indicate applications comparing the new measure 

against conventional measures of population aging. 

First author and 

publication year 

Measure name (if 

specified) 

General approach Measurement of health 

status? (aging 

construct(s) or 

dimension(s)) 

Data 

availability 

Characteristics-based approaches 

Sanderson 2005 

(24); Sanderson 

2007 (50); Lutz 

2008a,b (51,52); 

Prospective age 

(also called 

standardized 

median age) 

Characteristics-based approach 

indexed to remaining life expectancy 

of 15 years (RLE15) 

Yes- indirect (mortality 

risk) 

High- relies on 

life table data 
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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) 

Shoven 2007 (28) n/a Characteristics-based approach 

examining remaining life expectancy 

(RLE) and mortality risk 

Yes- indirect (mortality 

risk) 

High- relies on 

life table data 

Skirbekk 2012 (29) 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 

Spijker 2013 (39) Real Elderly 

Dependency Ratio 

(REDR) 

Characteristics-based approach 

indexed to remaining life expectancy 

of 15 years (RLE15), modifies 

denominator to reflect number of 

people in paid employment 

Yes- indirect 

(functional/human 

capital, mortality risk) 

High- relies on 

life table data 

and 

employment 

rates 

Sanderson 2013 

(14) 
‌-ages Formal articulation of characteristics 

approach, indexing to some variable 

relevant to study of population aging 

Characteristic-dependent 

(non-specific) 

Variable- 

depends on 

characteristic 

chosen 

Sanderson 2014 

(30) 

n/a Characteristics-based approach 

indexed to hand-grip strength 

Yes- direct 

(physiological) 

Low*- relies on 

aggregating 
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individual-level 

data 

Bordone 2015 (31) “Age gain” Characteristics-based approach 

indexed to cognitive test score 

Yes- direct 

(functional/human 

capital) 

Low*- relies on 

aggregating 

individual-level 

data 

Sanderson 2016 

(35) 

n/a Characteristics-based approach 

indexed to upper- and lower-body 

strength (calculated separately, then 

averaged) 

Yes- direct 

(physiological) 

Low*- relies on 

aggregating 

individual-level 

data 

Demuru 2016 (32) Health-adjusted 

prospective age 

Characteristics-based approach 

indexed to limitation-free life 

expectancy and healthy life 

expectancy (both self-reported) 

Yes- indirect 

(functional/human 

capital) 

Low*- relies on 

aggregating 

individual-level 

data 

Sudharsanan 2018 

(33) 

Functional age Characteristics-based approach 

indexed to prevalence of ADL 

disability 

Yes- direct 

(functional/human 

capital) 

Low*- relies on 

aggregating 

individual-level 

data 

Chang 2019 (34) Aging-related 

disease burden 

Characteristics-based approach 

indexed to sum of age-related DALYs 

in population 

Yes- direct 

(functional/human 

capital) 

Moderate- relies 

on population-

level disability 

rates 

Balachandran 2019 

(36); Kundu 2022 

(59) 

Multidimensional 

Old Age Threshold 

(MOAT) 

Characteristics-based approach 

indexed to exceptionality-adjusted 

RLE (see CPOAT), human capital 

(cognition), health (ADLs); MOAT 

calculated as average of all 

characteristic-based OATs 

Yes- direct 

(functional/human 

capital, mortality risk) 

Low*- some 

characteristics 

rely on 

aggregating 

individual-level 

data 
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Balachandran 2020 

(37) 

Comparative 

Prospective Old 

Age Threshold 

(CPOAT) 

Characteristics-based approach 

indexed to adjusted RLE measure that 

adjusts for exceptionalism of reaching 

prospective old-age threshold (as 

measured by adult survival ratio). 

Yes- indirect (mortality 

risk) 

High- relies on 

life table data 

Spijker 2023 (38) Healthcare Need 

Adjusted Real 

Elderly 

Dependency Ratio 

(HC-REDR) 

Characteristics-based approach 

indexed to remaining life expectancy 

of 15 years (RLE15) and time to death 

of less than 5 years (TTD<5); also 

modifies denominator to reflect 

number of people in paid employment 

Yes- indirect 

(functional/human 

capital, mortality risk) 

High- relies on 

life table data 

and 

employment 

rates 

Empirical innovations to the study of chronological age 

Nath 2009 (41) Aged-young age 

gap aging index; 

Aged-young 

distribution 

sensitive aging 

index 

Modifies traditional aging index by 

weighting traditional OADR more 

heavily based on proportion of oldest-

old and youngest-young  

Yes- indirect 

(functional/human 

capital) 

High- relies on 

life table data 

D’Albis 2013 (11) Endogenous old-

age threshold 

Definition of old age based on finding 

best approximation of Lorenz curve 

(CDF of total lived years vs. CDF of 

total population) for given number of 

age groups 

No High- relies on 

chronological 

age structure of 

population 

Paroli 2019 (44) n/a Parametric extension of d'Albis and 

Collard approach using multilevel 

Bayesian dynamic models 

No High- relies on 

chronological 

age structure of 

population 
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Cameron 2023 (43) Root Mean Squared 

Age (RMSA) 

Interpretable, single-measure 

summary of population aging that is 

sensitive to the age distribution of 

older persons 

No High- relies on 

chronological 

age structure of 

population 

Other measures 

Sanderson 2010 

(49) 

Adult Disability 

Dependency Ratio 

(ADDR) 

Defines aging as the presence of 

disability; calculates ADDR as the 

ratio of adults at least 20 years old 

with and without disabilities. 

Yes- direct 

(functional/human 

capital) 

Low*- relies on 

aggregating 

individual-level 

data, although 

alternative data 

sources using 

aggregate 

disability rates 

may also be 

appropriate 

Ediev 2011 (47) n/a Mathematical adjustment of period 

life table to more accurately depict 

true birth cohort life expectancy; 

adjusts for duration of exposure to a 

given mortality rate 

No High- relies on 

life table data 

Muszyńska 2012 

(45) 

n/a Decomposition of old-age dependency 

ratio into two components: the old-age 

healthy dependency ratio (HODR) and 

the old-age unhealthy dependency 

ratio (UnHODR) 

Yes- direct (general 

health) 

Low*- relies on 

aggregating 

individual-level 

data 

Kye 2016 (46); Xue 

2022 (63) 

Weighted 

Education-Health 

Adjusted OADR 

(WEHA-OADR) 

Alternative to traditional aging index 

that implements weighting to account 

for health of older persons (as 

Yes- direct (general 

health, although author 

notes that other measures 

of health covering other 

Low*- relies on 

aggregating 

individual-level 

data 
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measured by subjective health) and 

education of working-age persons 

dimensions of aging may 

be used) 

Atkins 2016 (48) Population aging 

matrix 

Quadrant-based framework to jointly 

examine numerical and structural 

aging 

No High- relies on 

chronological 

age structure of 

population 
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Chapter 2 Supplemental Material 

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. 

Characteristics-based measures 

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: 

¶ First, we let ὅ ‌ be the distribution of some characteristic ‖ relevant to the study of 

population aging, defined at chronological age ‌ (e.g. hand-grip strength, cognitive score, 

remaining life expectancy). ὅ ‌ must be continuous and monotonic in ‌; that is, the 

relationship between age and the characteristic must be unidirectional. 

o NB: ὅ ‌ is therefore the reference distribution to which ‌-ages (calculated in new 

populations with different distributions of characteristic ‖) are indexed.  

¶ We then invert ὅ ‌ to obtain the distribution of chronological ages associated with a 

particular value of characteristic ‖ at time ὸ, ὅ ‖  

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

characteristic ‖ at time ὸ, by ‌ȟ ὅ ‖  

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 ὅ ‌ 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 author and 

publication year 

Characteristic Other notes 

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 (ɝ ‌-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-

body strength 
Composite ‌-age calculated by 

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 DALYs - 

Balachandran 2019; 

Kundu 2022 

Human capital (cognitive 

test score); Health (ADLs); 

remaining life expectancy 

Composite ‌-age calculated by 

averaging individual ‌-ages 

calculated separately for each 

characteristic 

Balachandran 2020 Remaining life expectancy, 

adjusted for exceptionality 

of reaching ‌-old-age-

threshold 

- 

Spijker 2023 Remaining life expectancy, 

mortality risk 

Modifies the denominator of 

Sanderson’s ‌OADR to reflect the 

actual number of people in paid 

employment 

 

Empirical innovations in the study of chronological age 

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 Islam 2009 Journal of Population Ageing 

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: 

ὝὶὥὨὭὸὭέὲὥὰ ὃὫὭὲὫ ὍὲὨὩὼ
Π ὴὩὶίέὲί έὺὩὶ φπ Ὥὲ ὴέὴόὰὥὸὭέὲ

Π ὴὩὶίέὲί όὲὨὩὶ ρυ Ὥὲ ὴέὴόὰὥὸὭέὲ
ρzππ 
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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: 

¶ Conventional aging index: ὃὍ ρππ, 

o Where Ὅ and Ὅ represent the raw count of old-age persons and of young 

persons, respectively 

¶ Aged-young age gap aging index: ὃὍ ρππ, 

o Where Ὅ and Ὅ represent the weighted proportion of individuals older (or 

younger) than critical old-age cutoff ᾀ (or critical young-age cutoff ώ) by the 

difference between ᾀ (or ώ) and their corresponding ages. 

¶ Aged-young distribution sensitive aging index: ὃὍ ρππ 

o Where Ὅ and Ὅ represent a similar weighted sum as Ὅ and Ὅ, 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: 

¶ ὙὓὛὃ ɫ ὴẗὥ , 

¶ Where ὲ is the number of population age groups, ὴ is the proportion of the population in 

age group Ὥ, ὥ is the age of age group Ὥ in years.  

o 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. 

DôAlbis and Collard 2013 Demographic Research; Paroli 2019 European Journal of Population 

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: 

¶ First, we plot 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). This creates the initial Lorenz 

curve as shown in the figure, right (Figure 4, 

D’Albis and Collard 2013). 
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¶ Second, we define number of cutoff 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) 

¶ 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, above). 

¶ 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. 

Other 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). 

MuszyŒska 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 do allow 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 Muszyńska and colleagues, is shown below: 

ὕὃὈὙὌὕὃὈὙὟὲὌὕὃὈὙ, 
ȟ ȟ

, 

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: 

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

components: 

o ὕὃὈὙ  

o ὕὃὈὙ  

o ὕὃὈὙ  

o ὕὃὈὙ  

o Where Ὁ represents the number of healthy older people, Ὁ  represents the 

number of unhealthy older people, ὡὑ  represents the number of working-age 
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people without post-secondary education, and ὡὑ represents the number of 

working-age people with post-secondary education. 

¶ To create a measure that can be compared against the conventional OADR, Kye proposes 

that the measures can be weighted and combined as follows: 

o ὡὉὌὃὕὃὈὙ  

o Weights can be set empirically (e.g., by comparing health-care expenditures of 

healthy vs. unhealthy people) or theoretically.  

Á 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 Population 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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¶ In conventional period life table, compression of mortality exposure is given by 

compression coefficient ὯὼȠὸ
Ƞ

, where ὶὼȠὸ is the rate of increase for age ὼ 

in period of observation ὸ 

¶ The compression coefficient is then applied to construct age y(x) in the exposure-adjusted 

life table, which corresponds to age ὼ in the conventional life table.  

o A Ὠὼ-year change of age for ὼ to ὼ Ὠὼ in the conventional mortality schedule 

corresponds to a ὯὼẗὨὼ-year change in the uncompressed schedule 

¶ To produce exposure-adjusted life expectancy at age ὼ for those already at that age, we 

apply the age transformation Ὡᶻὼ Ὡᶻώὼ , where Ὡᶻ is the estimate of life 

expectancy at each age ὼ. 

Atkins 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 below, 

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), 

ὃὈὈὙ
Π ὴὩὶίέὲί ὥὫὩὨ  ςπ ύὭὸὬ ὨὭίὥὦὭὰὭὸὭὩί

Π ὴὩὶίέὲί ὥὫὩὨ  ςπ ύὭὸὬέόὸ ὨὭίὥὦὭὰὭὸὭὩί
 

 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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Chapter 3: Evaluating Age-Period-Cohort Trends in Biological Aging in the U.S. 

Population, 1999-2018 

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 21st 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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Introduction 

American exceptionalism in life expectancy. The 20th century was characterized by rapid, 

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 quality of American life from birth to death? And most importantly, what can 

be done to prevent or alleviate these impacts? 

Challenges and limitations of interpreting life expectancy trends in relation to population 

health status. Life expectancy 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 
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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 population health indicators to complement and contextualize life expectancy 

trends. Early 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. 

Biological aging as an early indicator of population health trends. A growing body of evidence 

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 López-Otín 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.  

Study objective. At a population 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 21st 

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 21st 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. 

Methods 

Sample. 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 (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. 

Biological aging. Biological 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, HbA1c, 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 BioAge package 

(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 available in the Methods Appendix. 

Age-Period-Cohort (APC) analysis. Changes 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). Age effects 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. Period 

effects describe changes in disease prevalence attributable to exposures that affect different age 

bands relatively uniformly. Finally, cohort 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 (ὄὃὃ ‍ ‍ὼ ‭, where Ὥɴ ὃȟὖȟὅ), and three models testing each possible 

pair of the three effects (ὄὃὃ ‍ ‍ὼ ‍ὼ ‭, where 
Ὥ
Ὦ
 ᶰ
ὃ ὖ ὅ
ὖ ὅ ὃ

).  

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 rstanarm package (78) in the 



 

83 

 

RStudio Integrated Development Environment (IDE) v1.3.1073 (72). We tested the level of 

uncertainty around our estimates using 90% credible intervals. 

Evaluating disparities in population aging trajectories. Guidelines for best practice in APC 

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. 

Sampling weights. NHANES 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 (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). 

Sensitivity analysis: measurement of biological aging. As 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, HbA1c, 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, HbA1c, 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.  

Sensitivity analysis: alternative approaches to APC analysis. We further tested the robustness 

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 

ὄὃὃ ‍ ‍ὼ ‍ὼ ‍ὼ, where ὼ represents a vector of age brackets Ὥ, ὼ represents 

a vector of time periods ὴ, and ὼ represents a vector of birth cohorts ὧ. To address the APC 

identification problem, at least two parameters within the same vector are set to be equal (e.g., 

‍ ‍ ). 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 ὥὫὩὴὩὶὭέὨ contingency 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 Ὡ ‍ ‍ὼ ὩǶ , where Ὡ  represents the residuals in a given cell 

identified by the intersection of age group ὃ and period ὖ, and ὼ represents an indicator variable 

for membership in cohort ὅ. 

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. 

Results 

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 Table 1; cell-sizes for age-by-period 

contingency tables are reported in the full sample and by race and sex in Supplemental Tables 

A1-A5. 

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 (Figure 1). Population 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 primary Age-Period-Cohort decomposition. Preliminary analysis of age, 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 (Figure 2). This 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 (Supplemental Table A6). 

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 effects. Assessment of 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-
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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.  

Period effects. Significant increases 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. 

Cohort effects. No sustained cohort 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 Table 2 and plotted in 

Figure 3. 

Sensitivity analysis: Alternative APC model specifications. Results of APC decomposition 

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 Supplemental Tables and Figures B1 & B2. Results of BHAPC analysis 

specifying age as a factor variable yielded similar results to our primary analysis; results are 

available in Supplemental Table and Figure B3. 

Sensitivity analysis: Alternative measures of biological aging. PhenoAge was moderately 

correlated with an alternative measure of biological aging, Homeostatic Dysregulation (r=0.52, 

Methods Appendix). Homeostatic 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 

(Supplemental Figure A5). Results of comparative analysis using alternative APC modelling 

approaches yielded broadly similar directional patterning, although the relative magnitude of 

period and cohort effects differed (Supplemental Table and Figure B4). Expected 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 

Supplemental Tables and Figure B5 & B6. 

Discussion and Conclusion 

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 21st 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 21st 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 21st 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 
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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 Methods 

Appendix. We 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 

Table 1. Characteristics of analytic sample, stratified by race and sex. Our primary analytic 

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.  
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Table 2. Results of APC decomposition using Bayesian Hierarchical Age-Period-Cohort 

models (PhenoAge). APC decomposition 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). 

 

 

 

 

 

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 0.05 -0.05 0.16 0.04 -0.07 0.15 0.08 -0.05 0.22 0.03 -0.05 0.11 0.05 -0.06 0.16

2015 0.18 0.07 0.29 * 0.18 0.07 0.30 * 0.21 0.08 0.35 * 0.10 0.02 0.20 * 0.13 0.02 0.25 *

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 -0.01 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 0.01 -0.01 0.04 0.00 -0.03 0.02 -0.01 -0.06 0.02 0.08 0.00 0.17 * 0.02 -0.02 0.07

1939 -0.01 -0.04 0.01 0.01 -0.02 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 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 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 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 0.05 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 -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 -0.04 0.04 0.09 0.01 0.17 * 0.01 -0.02 0.06

1983 0.00 -0.03 0.02 -0.02 -0.06 0.01 0.00 -0.04 0.04 0.03 -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 0.03 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

Black WomenAll White Men White Women Black Men
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Figure 1. PhenoAge advancement in among Black Americans and White Americans in the 

United States, NHANES III and continuous NHANES (1991-2018). The figure shows mean 

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. 

 

 

 

  



 

106 

 

Figure 2. Sample-weighted mean biological-age advancement by age and measurement 

wave (period) in analytic sample, 1999-2018. The figure shows sample-weighted mean 

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, period, and cohort effects as estimated using three-factor Bayesian 

Hierarchical Age-Period-Cohort (BHAPC) models (PhenoAge). The figure shows the 

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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Chapter 3 Supplemental Material 

Results Supplement A: Descriptive and Graphical Analysis 

Supplemental Table A1. Number of participants by age and measurement period, full sample 

 

Supplemental Table A2. Number of participants by age and measurement period, White Men 
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Supplemental Table A3. Number of participants by age and measurement period, White Women 

 

 

Supplemental Table A4. Number of participants by age and measurement period, Black Men 
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Supplemental Table A5. Number of participants by age and measurement period, Black Women 
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Supplemental Table A6. Comparison of one-, two-, and three-factor APC models. Formal 

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. 
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Supplemental Figure A1. Unstratified one-dimensional age, period, and cohort effects. The 

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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Supplemental Figure A2. Stratified one-dimensional age, period, and cohort effects. The 

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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Supplemental Figure A3. Two-dimensional age by period effects. The figure plots survey-

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

2018) by four-year age category, stratified by period (measurement wave).  

 

 



 

115 

 

Supplemental Figure A4. Two-dimensional age by cohort effects. The figure plots survey-

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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Supplemental Figure A5. PhenoAge advancement in among Black Americans and White 

Americans in the United States, NHANES III and continuous NHANES (1991-2018). The 

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 Analyses 

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: 

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

Hierarchical APC model (Supplemental Figure and Table B1) 

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

Hierarchical APC model (Supplemental Figure and Table B2) 

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

factor rather than a continuous variable (Supplemental Figure and Table B3) 

¶ Change in specification of outcome variable: using Homeostatic Dysregulation instead of 

PhenoAge advancement (Supplemental Figure and Table B4) 

¶ 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 (Supplemental 

Figure and Table B5) 

¶ Change in specification of outcome variable: using PhenoAge advancement values 

calculated using residualized-change scores instead of raw differences with chronological 

age (Supplemental Figure and Table B6) 
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Supplemental Figure B1. Intrinsic Estimator approach to APC decomposition. The figure 

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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Supplemental Figure B2. Median Polish approach to APC decomposition. The figure shows 

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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Supplemental Figure B3. Bayesian Hierarchical Age-Period-Cohort models treating age as a 

factor variable. The figure shows 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. 
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Supplemental Figure B4. Bayesian Hierarchical Age-Period-Cohort models using 

Homeostatic Dysregulation measure of biological aging. The figure shows the independent 

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. 

 



 

122 

 

Supplemental Figure B5. Bayesian Hierarchical Age-Period-Cohort models using PhenoAge-

advancement measure based on original Levine biomarkers. The figure shows the independent 

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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Supplemental Figure B6. Bayesian Hierarchical Age-Period-Cohort models using PhenoAge-

advancement measure calculated using the residualized-change score method. The figure 

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. 

 

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 0.11 0.211

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 0.10 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 0.10 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 0.10 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 0.10 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 0.10 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 0.11 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 0.10 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 0.11 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 0.11 0.404

1955 -0.07 0.03 0.034 * 0.03 0.04 0.414 -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 0.414 -0.08 0.06 0.174 -0.18 0.08 0.028 * -0.23 0.11 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 0.11 0.245

1967 -0.01 0.03 0.835 0.03 0.04 0.510 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 0.10 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

All White Men White Women Black Men Black Women
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Supplemental Table B2. Median Polish approach to APC decomposition. The table shows 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. 

 

 

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 0.11 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 0.11 0.413

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 0.11 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 0.11 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 0.11 0.11 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 0.11 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 0.11 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 0.11 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 0.11 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 0.11 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 0.11 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 0.10 0.928 -0.38 0.17 0.029 * -0.05 0.22 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 0.10 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 0.10 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 0.10 0.557 -0.35 0.16 0.038 * 0.03 0.22 0.877

1955 0.02 0.07 0.718 0.21 0.08 0.011 * -0.07 0.10 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 -0.42 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 0.10 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 0.10 0.722 -0.34 0.16 0.042 * 0.07 0.22 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 -0.42 0.17 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 0.24 0.821

1995 -0.01 0.08 0.873 0.17 0.10 0.091 -0.10 0.13 0.460 -0.54 0.21 0.013 * -0.04 0.28 0.889

All White Men White Women Black Men Black Women
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Supplemental Table B3. Bayesian Hierarchical Age-Period-Cohort models treating age as a 

factor variable. The table shows 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. 

 

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 0.11 -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 * 0.10 -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 * 0.01 -0.10 0.12 -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 * 0.20 0.07 0.31 * -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 * 0.12 0.00 0.23 0.04 -0.07 0.15

44 -0.06 -0.11 -0.02 * -0.13 -0.21 -0.06 * -0.12 -0.19 -0.05 * 0.15 0.03 0.28 * 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 * 0.19 0.07 0.31 * 0.04 -0.08 0.15

52 -0.05 -0.10 0.00 * -0.04 -0.11 0.04 -0.19 -0.26 -0.12 * 0.27 0.15 0.40 * -0.04 -0.16 0.08

56 -0.07 -0.12 -0.02 * -0.12 -0.20 -0.04 * -0.23 -0.30 -0.15 * 0.36 0.23 0.50 * 0.01 -0.11 0.14

60 -0.10 -0.15 -0.06 * -0.04 -0.11 0.03 -0.24 -0.31 -0.17 * 0.38 0.24 0.52 * -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 * 0.42 0.27 0.57 * -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 * 0.41 0.26 0.56 * 0.08 -0.05 0.21

72 -0.03 -0.09 0.02 0.02 -0.05 0.10 -0.17 -0.24 -0.10 * 0.44 0.28 0.60 * 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 0.40 0.24 0.57 * 0.24 0.09 0.40 *

80 0.13 0.07 0.18 * 0.17 0.09 0.24 * 0.02 -0.04 0.09 0.36 0.18 0.53 * 0.19 0.04 0.35 *

Period

1999 -0.13 -0.24 -0.02 * -0.13 -0.24 -0.03 * -0.14 -0.28 -0.01 * -0.09 -0.19 -0.01 * -0.13 -0.25 -0.02 *

2003 0.00 -0.11 0.12 -0.01 -0.12 0.09 0.00 -0.13 0.13 -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 0.11 0.04 -0.06 0.15

2015 0.18 0.07 0.29 * 0.18 0.08 0.30 * 0.21 0.08 0.34 * 0.10 0.01 0.19 * 0.14 0.03 0.25 *

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 0.01 0.19 * 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 0.13 -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 0.05 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 0.00 0.09 -0.01 -0.03 0.01 -0.03 -0.10 0.04 0.00 -0.05 0.04

1975 0.05 0.01 0.08 * 0.00 -0.03 0.04 0.01 -0.01 0.04 0.03 -0.03 0.11 0.04 -0.01 0.11

1979 0.04 0.01 0.07 * 0.01 -0.02 0.04 0.00 -0.02 0.03 0.09 0.01 0.18 * 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 0.11 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

All White Men White Women Black Men Black Women
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Supplemental Table B4. Bayesian Hierarchical Age-Period-Cohort models using 

Homeostatic Dysregulation measure of biological aging. The table shows the independent 

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. 

 

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 0.91 * 1.01 0.93 1.10 * 1.02 0.91 1.14 * 0.54 0.40 0.68 * 0.60 0.47 0.72 *

Period

1999 -0.02 -0.05 0.01 -0.01 -0.05 0.02 -0.01 -0.04 0.02 0.00 -0.03 0.04 -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 0.01 -0.01 0.04 0.01 -0.02 0.05 -0.02 -0.08 0.03

2015 0.04 0.00 0.07 * 0.02 -0.02 0.06 0.02 -0.01 0.06 0.01 -0.02 0.05 0.05 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 0.09 * 0.01 -0.01 0.05 0.04 -0.01 0.10 0.01 -0.04 0.08 0.00 -0.04 0.04

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 0.04

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 0.01 -0.01 0.04 -0.04 -0.09 0.01 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 0.06 -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 0.01 -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 0.03 0.05 0.00 0.09 -0.04 -0.10 0.00 0.00 -0.04 0.03

1963 0.06 0.03 0.09 * 0.00 -0.02 0.03 0.11 0.06 0.17 * 0.02 -0.02 0.08 0.00 -0.03 0.04

1967 0.04 0.01 0.08 * 0.00 -0.02 0.02 0.09 0.04 0.15 * 0.00 -0.05 0.05 0.01 -0.03 0.04

1971 0.04 0.01 0.07 * 0.00 -0.02 0.02 0.05 0.01 0.10 * 0.04 -0.01 0.10 0.02 -0.02 0.06

1975 0.04 0.01 0.07 * 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 0.01 -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

All White Men White Women Black Men Black Women
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Supplemental Table B5. Bayesian Hierarchical Age-Period-Cohort models using PhenoAge-

advancement measure based on original Levine biomarkers. The table shows the independent 

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. 

 

 

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) 0.31 0.22 0.40 * 0.26 0.12 0.42 * 0.44 0.28 0.60 * -0.08 -0.24 0.07 0.20 0.06 0.33 *

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 -0.16 0.01 -0.13 -0.25 -0.02 * 0.00 -0.05 0.05 -0.04 -0.14 0.05

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 -0.19 -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 0.00 0.15 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 0.07 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 0.09 0.05 0.13 * 0.07 0.01 0.13 * 0.14 0.07 0.21 * -0.03 -0.09 0.03 -0.01 -0.05 0.03

1963 0.11 0.07 0.15 * 0.04 -0.01 0.09 0.17 0.10 0.24 * 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 0.00 0.09 * -0.04 -0.09 0.01 0.07 0.01 0.14 * 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 -0.10 0.01 -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 -0.12 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

All White Men White Women Black Men Black Women
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Supplemental Table B6. Bayesian Hierarchical Age-Period-Cohort models using PhenoAge-

advancement measure calculated using the residualized-change score method. The table 

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. 

 

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 0.37 * 0.37 0.27 0.47 * 0.50 0.40 0.61 * -0.06 -0.23 0.10 0.22 0.08 0.37 *

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 -0.11 0.11 -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 0.15 0.08 -0.05 0.22 0.03 -0.05 0.11 0.05 -0.06 0.16

2015 0.18 0.07 0.29 * 0.18 0.08 0.29 * 0.21 0.08 0.35 * 0.10 0.02 0.20 * 0.13 0.03 0.25 *

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 0.17 * 0.02 -0.02 0.07

1939 -0.01 -0.04 0.01 0.01 -0.02 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 * -0.03 -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 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 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 0.05 0.00 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 0.07 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 0.09 0.01 0.17 * 0.01 -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

All White Men White Women Black Men Black Women
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Chapter 4: Evaluating Socio-behavioral and Environmental Drivers of Trends in Biological 

Aging in the U.S. population, 1999-2018 

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 21st 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 (‍ 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.  
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Introduction 

Aging-related health outcomes are shaped by a range of social, behavioral, and 

environmental exposures that occur over the life course, but long latency periods pose a 

challenge for timely evaluation and intervention. Chronic disease morbidity and functional 

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 work has consolidated advances in aging biology with life-course approaches to the 

study of healthy aging. Novel measures of biological 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 López-Otín 

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 population aging and population aging equity. To date, biological aging 

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 



 

135 

 

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. 

Identifying drivers of population aging trajectories. 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 (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.  

Study objective. We tested the extent 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. 

Methods 

Sample. 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 (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. 

Biological aging. We selected measures 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, HbA1c, 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 BioAge package (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 

Methods Appendix. 

Interpretation of biological aging measures at the individual and population level. Biological 

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 analysis: measurement of biological aging. As previously described, different 

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 BioAge package (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, HbA1c, 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. 

Exposures. A primary 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 

below and in Supplemental Table S1. Separate exposure subsamples and sampling weights were 

defined based on data availability for each candidate exposure of interest. 

BMI. Obesity 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 21st 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/m2) was calculated as a person’s weight in kilograms divided by their height in 

meters squared.  

Smoking status. Smoking 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. 

Blood lead levels (BLL). The neurotoxicity 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 (μg/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 reported in Supplemental Table S2. 

Polycyclic Aromatic Hydrocarbons (PAH) exposure. Polycyclic Aromatic Hydrocarbons (PAHs) 

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 Supplemental Table S2. Data on 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. 

Evaluation of candidate exposures and Kitagawa-Blinder-Oaxaca decomposition. The three-

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 trends in biological aging and candidate exposures. We first assessed 

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 

ὉὼὴέίόὶὩ ‍ ‍ὃ ‍ὢ , where ὃ is the NHANES survey wave of interest and ὢ 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. 

Testing associations between candidate exposures and biological aging. We then quantified 

associations of each exposure with biological-age advancement by specifying linear models of the 

form ὄὭέὰέὫὭὧὥὰὃὫὩ ὥὨὺὥὲὧὩάὩὲὸ ‍ ‍ὃ ‍ὢ , where ὃ is the exposure of 

interest and ὢ 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. 

KitagawaïBlinderïOaxaca variance decomposition. The difference in mean biological-age 

advancement over two periods or between two groups, ɝὄὃ , can be expressed as: 

ɝὄὃ ɝὢ‍ ɝ‍ὢ ɝὢɝ‍, 

where ɝὢ‍  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, 

ɝ‍ὢ  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 ɝὢɝ‍ 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. 

Sensitivity analysis: Mediation approach to decomposition. The Kitagawa-Blinder-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 CMAverse R package 

(109). 

Sampling weights. NHANES 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 survey package 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. 

Results 

Sample composition. 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 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 (r=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 Table 1; cell-sizes 

for age-by-period contingency tables are reported in the full sample and by race and sex in 

Supplemental Tables S3. 

Time trends and racial disparities in biological aging, 1999-2018. Biological-age advancements 

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; Supplemental Table S4). All mean biological-age advancements 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 21st century. Independently, 

Black Americans evidenced faster biological aging compared with White Americans in all waves 

of data collection (Figure 2; Supplemental Table S5). After weighting to the U.S. population 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 (‍ range=0.06-0.12, all p<0.001, Table 2). 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). 

Associations of candidate exposures with biological aging. Associations of candidate exposures 

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/m2) 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 

Supplemental Table S6. 

Time trends in candidate social and environmental exposures, 1999-2018. Time trends in each 

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.  

BMI. Adjusting for age and gender, mean BMI was 26.2 kg/m2 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 (Supplemental Figure S1; Supplemental Table S7). On average, there was a 0.09 

kg/m2 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 smoking status. Adjusting for age and gender, 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 

(Supplemental Figure S2, Supplemental Table S8). On average, there was a 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. 

Blood lead levels. Adjusting for age and gender, mean blood lead levels were 1.2 μg/dL in White 

Americans and 1.5 μg/dL in Black Americans in 1999. Decreases in blood lead levels (μg/dL) were 

observed in the full analysis sample and in all race-sex subgroups (Supplemental Figure S3, 

Supplemental Table S9). On average, there was a 0.06 μg/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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μg/dL across race-sex subgroups (all p<0.001). 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. 

Urinary PAH levels. Naphthalene: Adjusting for age 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). Fluorene: Adjusting 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). 

Phenanthrene: Adjusting for 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 (‍=-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). Pyrene: Adjusting 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 Supplemental Figure S4 and 

Supplemental Tables S10a-d (NB: outcome variables were residualized for BMI and creatinine 
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in primary analyses- calculation of adjusted mean uPAH values are reported earlier in this 

paragraph for interpretability). 

Survey-weighted mean exposure levels by age and NHANES measurement wave are reported in 

Supplemental Figure S5. 

Racial disparities in candidate social and environmental exposures, 1999-2018. Racial 

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/m2 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 μg/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 reported in Supplemental Table S11. 

Decomposition of period changes in biological aging, early (1999-2008) vs late (2009-2018) 

waves of continuous NHANES. Mean biological-age advancement 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) 

(Supplemental Table S12). Results of Kitagawa-Oaxaca-Blinder decompositions for selected 

candidate biomarkers are summarized below; detailed results are shown in Supplemental Table 

S13. All decompositions were adjusted for demographic characteristics used in the calculation of 

NHANES weights (i.e., age, race, sex). 

BMI. The 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 naphthalene and pyrene. The mean difference in 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). 

Comparative mediation analysis. Comparative mediation 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 reported in Supplemental Table S14. 

Exploratory analysis: mediation with time modelled as a continuous variable. We conducted 

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 reported in Supplemental Table 

S15. 

Decomposition of Black-White disparities in biological aging, 1999-2018. Black NHANES 

participants evidenced faster biological aging than White NHANES participants over the first two 

decades of the 21st 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) (Supplemental Table S16). Results of Kitagawa-Oaxaca-Blinder 
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decompositions for selected candidate biomarkers are summarized below; detailed results are 

shown in Supplemental Table S17. All decompositions were adjusted for demographic 

characteristics used in the calculation of NHANES weights (i.e., age, race, sex). 

BMI. The 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 prevalence. The mean difference 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. 

Environmental exposures. The mean difference 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. 

Comparative mediation analysis. Comparative analysis 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 shown in Supplemental Table S18. 

Exploratory analysis: comparing decompositions of racial disparities in early vs. late waves of 

continuous NHANES. We repeated analysis 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 reported in Supplemental Table S19. 
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Sensitivity analysis: Homeostatic Dysregulation-based measure of biological aging. We repeated 

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 (Supplemental Table S4). Unlike the PhenoAge 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 (Supplemental Table 

S20). 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 (Supplemental Table S21).  

Discussion and Conclusion 

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 21st 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 

BMI. 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 21st 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 ɝ 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 21st-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 

Methods Appendix. There are many distinct 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.  



 

164 

 

References 

1. Vellas BJ, Albarede JL, Garry PJ. Diseases and aging: patterns of morbidity with age; 

relationship between aging and age-associated diseases. The American journal of clinical 

nutrition. 1992;55(6):1225S-1230S.  

2. 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.  

3. Fleischer NL, Diez Roux AV, Hubbard AE. Inequalities in body mass index and smoking 

behavior in 70 countries: evidence for a social transition in chronic disease risk. American 

journal of epidemiology. 2012;175(3):167–76.  

4. Schooling CM, Leung GM. A socio-biological explanation for social disparities in non-

communicable chronic diseases: the product of history? Journal of Epidemiology & 

Community Health. 2010;64(11):941–9.  

5. Link BG, Phelan JC, Miech R, Westin EL. The resources that matter: fundamental social 

causes of health disparities and the challenge of intelligence. Journal of health and social 

behavior. 2008;49(1):72–91.  

6. Link BG, Phelan J. Social conditions as fundamental causes of disease. Journal of health 

and social behavior. 1995;80–94.  

7. Kuh D, Ben-Shlomo Y, Lynch J, Hallqvist J, Power C. Life course epidemiology. Journal of 

epidemiology and community health. 2003;57(10):778.  

8. 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.  

9. Lumey LH, Stein AD, Susser E. Prenatal Famine and Adult Health. Annu Rev Public 

Health. 2011 Apr 21;32(1):237–62.  

10. Landrigan PJ, Sonawane B, Butler RN, Trasande L, Callan R, Droller D. Early 

Environmental Origins of Neurodegenerative Disease in Later Life. Environ Health 

Perspect. 2005 Sep;113(9):1230–3.  

11. Glymour MM, Manly JJ. Lifecourse social conditions and racial and ethnic patterns of 

cognitive aging. Neuropsychology review. 2008;18:223–54.  

12. Belsky DW. INTEREST GROUP SESSION—EPIDEMIOLOGY OF AGING: 

BIOSOCIAL RESEARCH ON BRAIN AGING AND BIOLOGICAL AGING. Innovation 

in Aging. 2019 Nov 8;3(Supplement_1):S348–S348.  

13. Kuh D. A life course approach to healthy aging, frailty, and capability. The Journals of 

Gerontology Series A: Biological Sciences and Medical Sciences. 2007;62(7):717–21.  



 

165 

 

14. 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.  

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

16. López-Otín C, Blasco MA, Partridge L, Serrano M, Kroemer G. The hallmarks of aging. 

Cell. 2013;153(6):1194–217.  

17. 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.  

18. Barzilai N, Cuervo AM, Austad S. Aging as a biological target for prevention and therapy. 

JAMA. 2018;320(13):1321–2.  

19. Kritchevsky SB, Justice JN. Testing the Geroscience Hypothesis: Early Days. The Journals 

of Gerontology: Series A. 2019;75(1):99–101.  

20. Gluckman PD, Hanson MA. Living with the past: evolution, development, and patterns of 

disease. Science. 2004;305(5691):1733–6.  

21. 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.  

22. 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.  

23. Jylhävä J, Pedersen NL, Hägg S. Biological age predictors. EBioMedicine. 2017;21:29–36.  

24. 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:e59479.  

25. 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.  

26. Graf GH, Li X, Kwon D, Belsky D, Widom CS. Biological aging in maltreated children 

followed up into middle adulthood. Psychoneuroendocrinology. 2022;143:105848.  

27. 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.  



 

166 

 

28. 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.  

29. 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.  

30. 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.  

31. 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.  

32. 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.  

33. 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.  

34. 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.  

35. 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.  

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

37. Levine ME, Crimmins EM. Is 60 the new 50? Examining changes in biological age over 

the past two decades. Demography. 2018;55(2):387–402.  

38. Graf GHJ. Chapter 3: Evaluating Age-Period-Cohort Trends in Biological Aging in the U.S. 

Population, 1999-2018. In: PhD Dissertation: Evaluating the Promise of Biological Aging 

as a Leading Indicator of Population Health. 2023.  

39. 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.  

40. Gostin LO, Hodge JG, Levin DE. Legal interventions to address us reductions in life 

expectancy. JAMA. 2020;324(11):1037–8.  

41. 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.  



 

167 

 

42. 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.  

43. Barzilai NR. Targeting aging with metformin (TAME). Innovation in Aging. 

2017;1(suppl_1):743–743.  

44. 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.  

45. McEwen BS. Stress, adaptation, and disease: Allostasis and allostatic load. Annals of the 

New York academy of sciences. 1998;840(1):33–44.  

46. McEwen BS. Sex, stress and the hippocampus: allostasis, allostatic load and the aging 

process. Neurobiology of aging. 2002;23(5):921–39.  

47. Geronimus AT. The weathering hypothesis and the health of African-American women and 

infants: evidence and speculations. Ethnicity & disease. 1992;2(3):207–21.  

48. Geronimus AT, Hicken M, Keene D, Bound J. “Weathering” and age patterns of allostatic 

load scores among blacks and whites in the United States. American journal of public 

health. 2006;96(5):826–33.  

49. Danese A, McEwen BS. Adverse childhood experiences, allostasis, allostatic load, and age-

related disease. Physiology & behavior. 2012;106(1):29–39.  

50. Epel ES, Lithgow GJ. Stress biology and aging mechanisms: toward understanding the 

deep connection between adaptation to stress and longevity. Journals of Gerontology Series 

A: Biomedical Sciences and Medical Sciences. 2014;69(Suppl_1):S10–6.  

51. Barnes DM, Bates LM. Do racial patterns in psychological distress shed light on the 

Black–White depression paradox? A systematic review. Social psychiatry and psychiatric 

epidemiology. 2017;52(8):913–28.  

52. 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.  

53. Danese A, Moffitt TE, Pariante CM, Ambler A, Poulton R, Caspi A. Elevated inflammation 

levels in depressed adults with a history of childhood maltreatment. Archives of general 

psychiatry. 2008;65(4):409–15.  

54. Anisimov V. Syndrome of accelerated aging induced by carcinogenic environmental 

factors. Rossiiskii Fiziologicheskii Zhurnal Imeni IM Sechenova. 2010;96(8):817–33.  

55. Martens DS, Nawrot TS. Air pollution stress and the aging phenotype: the telomere 

connection. Current environmental health reports. 2016;3:258–69.  



 

168 

 

56. Hou J, Yin W, Li P, Hu C, Xu T, Cheng J, et al. Joint effect of polycyclic aromatic 

hydrocarbons and phthalates exposure on telomere length and lung function. Journal of 

Hazardous Materials. 2020;386:121663.  

57. Spring A. Short-and long-term impacts of neighborhood built environment on self-rated 

health of older adults. The Gerontologist. 2018;58(1):36–46.  

58. 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.  

59. 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.  

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.  

61. 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.  

62. Ljungvall Å, 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.  

63. 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.  

64. 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.  

65. 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.  

66. CDC. Current cigarette smoking among adults in the United States. Center for Disease 

Control and Prevention. 2019;  

67. 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 

68. 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.  



 

169 

 

69. Shao S, Liu L, Tian Z. Does the environmental inequality matter? A literature review. 

Environmental Geochemistry and Health. 2022;44(9):3133–56.  

70. Morello-Frosch RA. Discrimination and the political economy of environmental inequality. 

Environment and Planning C: Government and Policy. 2002;20(4):477–96.  

71. Graf GHJ. Chapter 2: How to Measure Population Healthy Aging – A Systematic Review 

of Novel Population Aging Measures From a Public Health Perspective. In: PhD 

Dissertation: Evaluating the Promise of Biological Aging as a Leading Indicator of 

Population Health. 2023.  

72. Malecki K, Andersen JK, Geller AM, Harry GJ, Jackson CL, James KA, et al. Integrating 

environment and aging research: opportunities for synergy and acceleration. Frontiers in 

Aging Neuroscience. 2022;14:824921.  

73. National Health and Nutrition Examination Survey. About the National Health and 

Nutrition Examination Survey. 2017;  

74. Ezzati-Rice TM. Sample design; third National Health and Nutrition Examination Survey. 

1992;  

75. Statistics (US) NC for H. National health and nutrition examination survey: Analytic 

guidelines, 1999-2010. Department of Health and Human Services Public Health Servic; 

2013.  

76. Chen TC, Clark J, Riddles MK, Mohadjer LK, Fakhouri TH. National Health and Nutrition 

Examination Survey, 2015− 2018: sample design and estimation procedures. 2020;  

77. Curtin LR, Mohadjer LK, Dohrmann SM, Kruszon-Moran D, Mirel LB, Carroll MD, et al. 

National Health and Nutrition Examination Survey: sample design, 2007-2010. Vital and 

health statistics Series 2, Data evaluation and methods research. 2013;(160):1–23.  

78. Curtin LR, Mohadjer LK, Dohrmann SM, Montaquila JM, Kruszan-Moran D, Mirel LB, et 

al. The National Health and Nutrition Examination Survey: Sample Design, 1999-2006. 

Vital and health statistics Series 2, Data evaluation and methods research. 2012;(155):1–39.  

79. RStudio Team. RStudio: integrated development for R. 2015;  

80. Salvestrini V, Sell C, Lorenzini A. Obesity may accelerate the aging process. Frontiers in 

endocrinology. 2019;10:266.  

81. Rastogi T, Girerd N, Lamiral Z, Bresso E, Bozec E, Boivin JM, et al. Impact of smoking on 

cardiovascular risk and premature ageing: Findings from the STANISLAS cohort. 

Atherosclerosis. 2022;346:1–9.  

82. Skjodt N, Mamoshina P, Kochetov K, Cortese F, Kovalchuk A, Aliper A, et al. Smoking 

causes early biological aging: a deep neural network analysis of common blood test results. 

2018;  



 

170 

 

83. Mamoshina P, Kochetov K, Cortese F, Kovalchuk A, Aliper A, Putin E, et al. Blood 

biochemistry analysis to detect smoking status and quantify accelerated aging in smokers. 

Scientific reports. 2019;9(1):1–10.  

84. Lei M, Beach SR, Dogan MV, Philibert RA. A pilot investigation of the impact of smoking 

cessation on biological age. The American journal on addictions. 2017;26(2):129–35.  

85. 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.  

86. Jamal A, Homa DM, O’Connor E, Babb SD, Caraballo RS, Singh T, et al. Current cigarette 

smoking among adults—United States, 2005–2014. Morbidity and mortality weekly report. 

2015;64(44):1233–40.  

87. 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.  

88. Trinidad DR, Pérez-Stable EJ, White MM, Emery SL, Messer K. A Nationwide Analysis of 

US Racial/Ethnic Disparities in Smoking Behaviors, Smoking Cessation, and Cessation-

Related Factors. Am J Public Health. 2011 Apr;101(4):699–706.  

89. Miracle VA. Lead poisoning in children and adults. Dimensions of Critical Care Nursing. 

2017;36(1):71–3.  

90. Vorvolakos T, Arseniou S, Samakouri M. There is no safe threshold for lead exposure: a 

literature review. Psychiatriki. 2016;27(3):204–14.  

91. Shih RA, Hu H, Weisskopf MG, Schwartz BS. Cumulative lead dose and cognitive 

function in adults: a review of studies that measured both blood lead and bone lead. 

Environmental health perspectives. 2007;115(3):483–92.  

92. Morrow L, Needleman HL, McFarland C, Metheny K, Tobin M. Past occupational 

exposure to lead: association between current blood lead and bone lead. Archives of 

environmental & occupational health. 2007;62(4):183–6.  

93. Dignam T, Kaufmann RB, LeStourgeon L, Brown MJ. Control of lead sources in the 

United States, 1970-2017: public health progress and current challenges to eliminating lead 

exposure. Journal of public health management and practice: JPHMP. 2019;25(Suppl 1 

LEAD POISONING PREVENTION):S13.  

94. 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.  



 

171 

 

95. Danziger J, Mukamal KJ, Weinhandl E. Associations of community water lead 

concentrations with hemoglobin concentrations and erythropoietin-stimulating agent use 

among patients with advanced CKD. Journal of the American Society of Nephrology. 

2021;32(10):2425–34.  

96. Statistics NC for H. NHANES survey methods and analytic guidelines. Availabe online: 

https://wwwn cdc gov/nchs/nhanes/analyticguidelines aspx# sample-design (accessed on 8 

December 2022). 2018;  

97. Agency for Toxic Substances and Disease Registry (ATSDR). What Are Polycyclic 

Aromatic Hydrocarbons (PAHs)? [Internet]. [cited 2024 Jan 20]. Available from: 

https://www.atsdr.cdc.gov/csem/polycyclic-aromatic-hydrocarbons/what_are_pahs.html 

98. Kim KH, Jahan SA, Kabir E, Brown RJ. A review of airborne polycyclic aromatic 

hydrocarbons (PAHs) and their human health effects. Environment international. 

2013;60:71–80.  

99. Liu B, Xue Z, Zhu X, Jia C. Long-term trends (1990–2014), health risks, and sources of 

atmospheric polycyclic aromatic hydrocarbons (PAHs) in the US. Environmental pollution. 

2017;220:1171–9.  

100. Lawal AT. Polycyclic aromatic hydrocarbons. A review. Cogent Environmental Science. 

2017;3(1):1339841.  

101. Department of Health and Human Services. Toxicological profile for polycyclic aromatic 

hydrocarbons. Agency for Toxic Substances and Disease Registry, Atlanta, GA. 1995;  

102. Jann B. The Blinder–Oaxaca decomposition for linear regression models. The Stata 

Journal. 2008;8(4):453–79.  

103. O’Donnell O, Van Doorslaer E, Wagstaff A, Lindelow M. Explaining differences between 

groups: Oaxaca decomposition. Analyzing health equity using household survey data. 

2008;  

104. Kitagawa EM. Components of a difference between two rates. Journal of the american 

statistical association. 1955;50(272):1168–94.  

105. Blinder AS. A model of inherited wealth. The Quarterly Journal of Economics. 

1973;87(4):608–26.  

106. Blinder AS. Wage discrimination: reduced form and structural estimates. Journal of Human 

resources. 1973;436–55.  

107. Oaxaca R. Male-female wage differentials in urban labor markets. International economic 

review. 1973;693–709.  

108. Jackson JW, VanderWeele TJ. Decomposition analysis to identify intervention targets for 

reducing disparities. Epidemiology (Cambridge, Mass). 2018;29(6):825.  



 

172 

 

109. Shi B, Choirat C, Coull BA, VanderWeele TJ, Valeri L. CMAverse: a suite of functions for 

reproducible causal mediation analyses. Epidemiology. 2021;32(5):e20–2.  

110. Chen TC, Parker JD, Clark J, Shin HC, Rammon JR, Burt VL. National health and 

nutrition examination survey: estimation procedures, 2011–2014. 2018;  

111. Mirel LB, Mohadjer LK, Dohrmann SM, Clark J, Burt VL, Johnson CL, et al. National 

Health and Nutrition Examination Survey: estimation procedures, 2007-2010. Vital and 

health statistics Series 2, Data evaluation and methods research. 2013;(159):1–17.  

112. Lumley T. Analysis of complex survey samples. Journal of statistical software. 2004;9:1–

19.  

113. Lumley T. Complex surveys: a guide to analysis using R [Internet]. John Wiley & Sons; 

2011 [cited 2024 Mar 19]. Available from: 

https://books.google.com/books?hl=en&lr=&id=L96ludyhFBsC&oi=fnd&pg=PP12&dq=L

umley+T+(2010).+Complex+Surveys:+A+Guide+to+Analysis+Using+R:+A+Guide+to+A

nalysis+Using+R.+John+Wiley+and+Sons.&ots=ifWt6fwDr2&sig=Lt0BvN2FQN4_Bc44

mVSOg47oBiw 

114. Aune D, Sen A, Prasad M, Norat T, Janszky I, Tonstad S, et al. BMI and all cause 

mortality: systematic review and non-linear dose-response meta-analysis of 230 cohort 

studies with 3.74 million deaths among 30.3 million participants. bmj. 2016;353.  

115. Jørgensen TSH, Osler M, Ängquist LH, Zimmermann E, Christensen GT, Sørensen TIA. 

The U‐shaped association of body mass index with mortality: Influence of the traits height, 

intelligence, and education. Obesity. 2016 Oct;24(10):2240–7.  

116. Franzago M, Pilenzi L, Di Rado S, Vitacolonna E, Stuppia L. The epigenetic aging, obesity, 

and lifestyle. Frontiers in Cell and Developmental Biology. 2022;10:985274.  

117. Ho E, Qualls C, Villareal DT. Effect of diet, exercise, or both on biological age and healthy 

aging in older adults with obesity: secondary analysis of a randomized controlled trial. The 

journal of nutrition, health & aging. 2022;26(6):552–7.  

118. Kok P, Seidell JC, Meinders AE. The value and limitations of the body mass index (BMI) 

in the assessment of the health risks of overweight and obesity. Nederlands tijdschrift voor 

geneeskunde. 2004;148(48):2379–82.  

119. Nevill AM, Stewart AD, Olds T, Holder R. Relationship between adiposity and body size 

reveals limitations of BMI. Am J Phys Anthropol. 2006 Jan;129(1):151–6.  

120. Adab P, Pallan M, Whincup PH. Is BMI the best measure of obesity? 2018;360.  

121. Abarca-Gómez L, Abdeen ZA, Hamid ZA, Abu-Rmeileh NM, Acosta-Cazares B, Acuin C, 

et al. Worldwide trends in body-mass index, underweight, overweight, and obesity from 

1975 to 2016: a pooled analysis of 2416 population-based measurement studies in 128· 9 

million children, adolescents, and adults. The lancet. 2017;390(10113):2627–42.  



 

173 

 

122. Chakhtoura M, Haber R, Ghezzawi M, Rhayem C, Tcheroyan R, Mantzoros CS. 

Pharmacotherapy of obesity: An update on the available medications and drugs under 

investigation. EClinicalMedicine [Internet]. 2023 [cited 2023 Nov 27];58. Available from: 

https://www.thelancet.com/journals/eclinm/article/PIIS2589-5370(23)00059-7/fulltext 

123. Jameson CW. Polycyclic aromatic hydrocarbons and associated occupational exposures. 

2021 [cited 2023 Nov 30]; Available from: https://europepmc.org/books/nbk570325 

124. Yamano Y, Hara K, Ichiba M, Hanaoka T, Pan G, Nakadate T. Urinary 1-hydroxypyrene as 

a comprehensive carcinogenic biomarker of exposure to polycyclic aromatic hydrocarbons: 

a cross-sectional study of coke oven workers in China. International archives of 

occupational and environmental health. 2014;87:705–13.  

125. Kanoh T, Fukuda M, Onozuka H, Kinouchi T, Ohnishi Y. Urinary 1-hydroxypyrene as a 

marker of exposure to polycyclic aromatic hydrocarbons in environment. Environmental 

research. 1993;62(2):230–41.  

126. Strickland P, Kang D. Urinary 1-hydroxypyrene and other PAH metabolites as biomarkers 

of exposure to environmental PAH in air particulate matter. Toxicology letters. 

1999;108(2–3):191–9.  

127. Louro H, Gomes BC, Saber AT, Iamiceli AL, Göen T, Jones K, et al. The use of human 

biomonitoring to assess occupational exposure to PAHs in Europe: A comprehensive 

review. Toxics. 2022;10(8):480.  

128. Lu W, Pikhart H, Sacker A. Domains and measurements of healthy aging in 

epidemiological studies: a review. The Gerontologist. 2019;59(4):e294–310.  

  



 

174 

 

Tables and Figures 

Table 1. Composition 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. 
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Table 2. Time trends in biological aging in the U.S. population by race and sex, 1999-2018. 

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. 
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Figure 1. Time trends in biological aging in the U.S. population, 1999-2018. The figure shows 

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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Figure 2. Time trends 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). 

 

 



 

178 

 

Chapter 4 Supplemental Material 

Supplemental Table S1. Literature review of candidate social and environmental drivers of 

biological aging. The table provides a 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 

2018 (2); Li 2019 (3); Etzel 

2022 (4) 

Wang 2007 (5); 

Ljungvall 2012 (6); 

Wong 2014 (7) 

Wang 2007 (5); 

Ljungvall 2012 (6); 

Wong 2014 (7); Anekwe 

2020 (8) 

Smoking Mamoshina 2019 (9); Beach 

2015 (10); Lei 2017 (11); 

Skjodt 2018 (12) 

Jamal 2015 (13); 

Drope 2018 (14) 

Drope 2018 (14); 

Thompson 2018 (15); 

Nguyen-Grozau 2020 

(16) 

Polycyclic 

Aromatic 

Hydrocarbons 

(PAH) 

exposure 

Li et al 2018 (17); Pavanello 

et al 2020 (18); Anisimov 

2010 (19); Hou 2020 (20) 

Hudson-Hanley 

2021 (21); Liu 

2017 (22) 

Hudson-Hanley 2021 

(21) 

Lead 

exposure 

Reuben 2018 (23); Wu 2012 

(24); Chen 2022 (25) 

Muntner 2005 (26); 

Dignam 2019 (27) 

Muntner 2005 (26); Teye 

2021 (28); Muller 2018 

(29); Danzinger 2021 

(30) 
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Supplemental Table S2. Detection limits (LOD) for urinary PAH and blood lead levels, by 

NHANES cycle. The analytic 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

-

2000  

2001

-

2002  

2003

-

2004 

2005

-

2006 

2007

-

2008 

2009

-

2010 

2011

-

2012 

2013

-

2014 

2015

-

2016 

2017

-

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-

fluorene 

 NA 4.5 NA 5 10 10 8 8  

3-OH-

fluorene 

 NA 6.9 NA 5 10 10 8 8  

1-OH-

phenanthren

e 

 NA 2.6 NA 5 10 10 9 9  

2-OH-

phenanthren

e 

 NA 3.8 NA 5 10 10 10 10  

3-OH-

phenanthren

e 

 NA 2.6 NA 5 10 10 10 10  

1-OH-

pyrene 

 NA 4.9 NA 5 10 10 70 70  

Blood Lead 

levels (μg/dL) 

0.6 0.6 0.25 0.25 0.25 0.25 0.25 0.07 0.07 0.07 
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Supplemental Table S3. Number of participants in full biological aging sample and 

exposure subsamples, by wave and subgroup. 
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Supplemental Table S4. Time trends in biological aging in the U.S. population, 1999-2018. 

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. 
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Supplemental Table S5. Time trends in Black-White disparities in biological aging in the U.S. 

population, 1999-2018. The table shows differences in mean biological-age advancement 

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. 
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Supplemental Table S6. Association of candidate exposures with biological aging. The tables 

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/m2) 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 following page) 



 

184 

 

 



 

185 

 

Supplemental Table S7. Time trends in mean BMI in the U.S. population by race and sex, 

1999-2018. The 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/m2 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 following page) 
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Supplemental Table S8. Time trends in smoking prevalence in the U.S. population by race 

and sex, 1999-2018. The tables 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 (‍=0.02, 

p<0.05), reflecting smaller (and non-significant) decreases in smoking prevalence among Black 

Americans compared with White Americans. 

 

(table on following page) 
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Supplemental Table S9. Time trends in blood lead levels in the U.S. population by race and 

sex, 1999-2018. The tables below provide estimates of yearly change in blood lead levels (μg/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 μg/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 following page) 

 



 

190 

 

  



 

191 

 

Supplemental Table S10a-d. Time trends in urinary PAH levels in the U.S. population by 

race and sex, 1999-2018. The tables below 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. 

 

(tables on following pages)  
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a. Naphthalene (1-, 2-hydroxynaphthalene). Significant increases 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). 
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b. Fluorene (2-, 3-hydroxyfluorene). Significant decreases 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). 
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c. Phenanthrene (1-, 2-, 3-hydroxyphenanthrene). Significant decreases were 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). 
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d. Pyrene (1-hydroxypyrene). Significant increases 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). 
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Supplemental Table S11. Racial disparities in candidate social and environmental exposures, 

1999-2018. The 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/m2 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 μg/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 following page) 
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Supplemental Table S12. Mean differences in biological aging between early (1999-2008) and 

late (2009-2018) NHANES waves. The table depicts mean 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). 
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Supplemental Table S13. Kitagawa-Blinder-Oaxaca decomposition of early vs. late NHANES 

periods. The table 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 following page) 
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Supplemental Table S14. Mediation analysis of differences in biological aging in early vs. late 

NHANES through candidate exposures. The 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 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. Mediation analysis of differences in biological aging in early vs. late NHANES through 

candidate exposures, no exposure-mediator interaction.  
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b. Mediation analysis of differences in biological aging in early vs. late NHANES through 

candidate exposures, allowing for exposure-mediator interaction.  
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Supplemental Table S15. Comparative mediation analysis of time trends in biological aging 

from 1999-2018, with time modelled as a continuous variable. The tables below show results 

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. Mediation analysis of time trends in biological aging from 1999-2018 through candidate 

exposures, no exposure-mediator interaction and time modelled as a continuous variable.  
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b. Mediation analysis of time trends in biological aging from 1999-2018 through candidate 

exposures, allowing for exposure-mediator interaction and time modelled as a continuous 

variable.  
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Supplemental Table S16. Mean Black-White disparities in biological aging, 1999-2018. The 

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). 
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Supplemental Table S17. Kitagawa-Blinder-Oaxaca decomposition of Black-White 

disparities in biological aging, 1999-2018. The table shows results of Kitagawa-Blinder-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). 

 

(table on following page) 
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Supplemental Table S18. Mediation analysis of Black-White disparities in biological aging, 

1999-2018. The 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. Mediation analysis of Black-White disparities in biological aging, 1999-2018, through 

candidate exposures, no exposure-mediator interaction.  

 



 

209 

 

b. Mediation analysis of Black-White disparities in biological aging, 1999-2018, through 

candidate exposures, allowing for exposure-mediator interaction.  
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Supplemental Table S19. Kitagawa-Blinder-Oaxaca decomposition of Black-White 

disparities in biological aging, stratified by early and late NHANES periods. The tables below 

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 following pages) 
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a. Kitagawa-Blinder-Oaxaca decomposition of Black-White disparities in biological aging, 

1999-2008 
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b. Kitagawa-Blinder-Oaxaca decomposition of Black-White disparities in biological aging, 

2009-2018 
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Supplemental Table S20. Sensitivity Analysis: Time trends in Homeostatic Dysregulation in 

the U.S. population by race and sex, 1999-2018. The tables below provide estimates of yearly 

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 following page) 
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Supplemental Table S21. Sensitivity Analysis: Kitagawa-Blinder-Oaxaca decomposition of 

Black-White disparities in Homeostatic Dysregulation, 1999-2018. The table shows results of 

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 following page) 
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Supplemental Figure S1. Time trends in mean BMI in the U.S. population by race and sex, 

1999-2018. The 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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Supplemental Figure S2. Time trends in current smoking prevalence in the U.S. population 

by race and sex, 1999-2018. The figure shows the 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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Supplemental Figure S3. Time trends in blood lead levels in the U.S. population by race and 

sex, 1999-2018. The 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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Supplemental Figure S4. Time trends in urinary PAH levels among non-smokers in the U.S. 

population by race and sex, 1999-2018. The figure below shows creatinine- and 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. 

 

(figure on following page) 
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Supplemental Figure S5. Sample-weighted candidate exposure levels by age and 

measurement wave (period), 1999-2018. The figure shows sample-weighted 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. 

 

(figures on following pages) 
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Chapter 5: Conclusion 

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 21st 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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I 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, I 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 20th century in the overall population and by 

race-sex subgroups. Specifically, I 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 21st 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, limitations, and future directions 

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 21st 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 21st-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. 



 

235 

 

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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Chapter 6: Methods Appendix – Development and Testing of Biological Aging Measures 

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 

measures.  

I. Biological Aging: Conceptual Overview and Selection of Algorithms 

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: 

 

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. 

II. Training, Testing, and Analytic Sample 

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). Training 

sample: The initial 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. Testing and analytic sample: 

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. 

III. Correction for batch effects and selection of candidate biomarker pool 

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 study year (next 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): 

 

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, HbA1c, HDL cholesterol, total cholesterol, and number of hours since last 

ate or drank: 
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IV. Biomarker selection for primary measures of biological aging 

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

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 

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

and HbA1c. Results of elastic net regularization, showing effect-sizes of 

each selected biomarker on mortality risk are shown in the table (right). 
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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 (r=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: 

 

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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V. Assumptions  

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 

III 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 below). Empirical 

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. 

 



 

249 

 

References 

1. 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.  

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

3. 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.  

4. 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.  

5. Jylhävä J, Pedersen NL, Hägg S. Biological age predictors. EBioMedicine. 2017;21:29–36.  

6. 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:e59479.  

7. 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.  

8. 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.  

9. 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.  

10. 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.  

11. 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.  

12. Graf GH, Li X, Kwon D, Belsky D, Widom CS. Biological aging in maltreated children 

followed up into middle adulthood. Psychoneuroendocrinology. 2022;143:105848.  

13. 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.  



 

250 

 

14. 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.  

15. 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.  

16. National Health and Nutrition Examination Survey. About the National Health and 

Nutrition Examination Survey. 2017;  

17. Ezzati-Rice TM. Sample design; third National Health and Nutrition Examination Survey. 

1992;  

18. Statistics (US) NC for H. National health and nutrition examination survey: Analytic 

guidelines, 1999-2010. Department of Health and Human Services Public Health Servic; 

2013.  

19. Chen TC, Clark J, Riddles MK, Mohadjer LK, Fakhouri TH. National Health and Nutrition 

Examination Survey, 2015− 2018: sample design and estimation procedures. 2020;  

20. Curtin LR, Mohadjer LK, Dohrmann SM, Kruszon-Moran D, Mirel LB, Carroll MD, et al. 

National Health and Nutrition Examination Survey: sample design, 2007-2010. Vital and 

health statistics Series 2, Data evaluation and methods research. 2013;(160):1–23.  

21. Curtin LR, Mohadjer LK, Dohrmann SM, Montaquila JM, Kruszan-Moran D, Mirel LB, et 

al. The National Health and Nutrition Examination Survey: Sample Design, 1999-2006. 

Vital and health statistics Series 2, Data evaluation and methods research. 2012;(155):1–39.  

22. RStudio Team. RStudio: integrated development for R. 2015;  

 


