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4. Rationale:

While individuals aged 65 and older represented 14.5% of the population in 2014, the number of
older adults will double by 2060.% In most societies advancing age is associated with an exponential
increase in burden from many age-related chronic conditions,? and the global burden of disease and
disability rises as populations age.?



Aging is conceptualized by geroscience as a gradual and progressive deterioration of integrity across
multiple organ systems,* a process that can be quantified in animal models and humans. Instead of
a stochastic process towards dysfunction and ultimately death, in the geroscience one conceptual
framework seeks to identify deterministic mechanisms that modulate aging and inter-individual
variability in the rate of aging,® characterizing aging as an adaptive process that can be amenable to
modification intended to extend health span and life span.

The most effective means to reduce age-related disease burden and its societal costs is to delay the
progression of multisystem deterioration to extend health span, i.e., the years of life lived free of
disease and disability,® although a better understanding of aging itself is needed to extend the
health span.” Translation of the insights into the aging processes gained from model organisms to
humans has been made difficult by the long duration of the human lifespan and the diversity of the
exposures proposed to influence human aging. Further, much research on aging in humans has
been cross-sectional in design, and conducted among older individuals and thus of difficult
interpretation.® For a better understanding of aging trajectories and of eventual intervention and
prevention efforts, studies of aging focused on earlier life epochs have been promoted.?

Quantifying biologic age and rate of aging

Since the pace and extent of age-related changes vary among individuals at any given chronological
age,® the term biological aging serves to conceptualize the observations that individuals differ in
manifest age as they age chronologically. Thus, measures that characterize biological or functional
age separately from chronological age are needed. No optimal ways to measure inter-individual
differences in aging in humans have been established. Several candidate measures of biological
aging have been proposed, including telomere length, algorithms applied to genome-wide DNA
methylation data, and algorithms combining information on multiple clinical biomarkers. Similarly,
various algorithms have been proposed,® based on multiple linear regression, principal component
analysis, as well as more complex approaches,? but little validation work has been reported.! It is
not known at present to what degree various approaches to measure biological aging assess
different aspects of the aging process, i.e., different biological aging measures may reflect different
underlying “hallmarks” or “pillars” of aging and the domains of the aging phenotypes.> 13 Further,
validation studies of biological aging measures have focused primarily on predicting life span,
whereas it is not known whether some of the proposed methods are more closely associated with
health span than others.

A limitation of molecular measures such as telomere-length and epigenetic-clock algorithms is that
they are typically implemented in a single tissue, whereas multi-biomarker measures of biological
age, age-related homeostatic dysregulation, and pace-of-aging measures draw information from
multiple systems throughout the body. Multi-biomarker algorithms have been proposed as a more
accurate alternative to single-marker measures of aging.'® * Composite measures from multiple
systems may thus be better suited to reflect the hallmarks of aging and the domains of aging
phenotypes, and allow for a multi-function examination of their ability to predict the development
of the aging phenotypes.



Belsky and collaborators studied 7 methods to quantify biological aging in a cohort followed to
midlife, quantifying telomere length; telomere erosion; 353-, 99-, and 71-CpG epigenetic clocks and
the clocks’ longitudinal ticking rates; and 3 multiple-biomarker algorithms (KDM biological age, age-
related homeostatic dysregulation, and the pace of aging).2 All epigenetic clocks matched the
chronological age at which blood samples were taken and showed the expected patterns of
telomere erosion and epigenetic aging according to the time elapsed between sample collections.
The epigenetic clocks correlated with one another and so did the biomarker algorithms, but
correlations between the epigenetic clocks and biomarker algorithms were remarkably low, as were
correlations of both sets of measures with telomere length. Notably, the measures of biological
aging were strongly associated with health span—related traits (balance, grip-strength, motor
coordination, physical limitations, cognitive decline, self-rated health, and facial aging) whereas the
molecular measures of biologic aging were not.

Health span

Considering health as a continuous, dynamic variable that changes throughout life and whose
trajectory can vary in different individuals, measures of health span are intended to quantify overall
health. A consensus definition of health span does not exist, considering that ‘good health’ is
subjective as well as reversible (among other challenges to standardization).'> A common definition
of health span applies to the period of life spent in good health, free from the chronic diseases and
disabilities of aging, implying a measure of chronological time beginning at birth and ending at some
subsequent time. The incidence of selected diseases has been proposed as a measure of an
organism’s resilience and thus of progression of the aging process, indexing disease-free survival
(the health span) as a phenotype directly associated with the rate of aging. Health span and survival
free of major disease are related and often used interchangeably, understood to apply to age of first
chronic disease, or disability-free life expectancy.'®

Zenin and collaborators examined the incidence of chronic diseases strongly associated with age
after the age of 40 in a population of European descent and ranked the conditions by the number of
occurrences.'’ The top eight clinically manifest morbidities from the cluster, considering an
individual’s age, gender, genetic variation and other covariates were selected. The risk of the
selected diseases was observed to increase exponentially at similar rates, with a doubling time of
approximately eight years, close to the mortality risk doubling time from Gompertz’ law of
mortality, and consistent with a commonality of underlying mechanisms. Health span was defined
as the age of onset of the first disease from the list of the selected “Gompertzian” diseases or death.

Our objective in this manuscript is to characterize the aging-related metabolic dysregulation at Visit
2 of the ARIC cohort (baseline), and the rate of aging from mid-life to older adulthood, and relate
these markers of aging to functional capabilities of older adults and to health span.

5. Main Hypothesis/Study Questions:

Are an older physiology at mid-life, indexed by multi-system metabolic dysregulation, and a faster

rate of aging from midlife to older adulthood associated with:



i.  Anindividual’s health span?
ii.  Diminished physical ability in late life?
iii. Indicators of cognitive aging from midlife to older adulthood?
6. Design and analysis (study design, inclusion/exclusion, outcome and other variables of interest

with specific reference to the time of their collection, summary of data analysis, and any
anticipated methodologic limitations or challenges if present).

Prospective longitudinal design with repeat measures of time-varying exposures, accounting for
cohort effects and attrition.

Measurements

Biological Age
Age-Related Homeostatic Dysregulation

Age-related homeostatic dysregulation will be calculated by applying the biomarker Mahalanobis
distance (Dm) method described by Cohen and colleagues to cohort members.'® *° The biomarker
Mahalanobis distance method measures how deviant an individual’s physiology is relative to a
reference norm,® interpreting the Mahalanobis distance from the reference as an indicator of age-
related homeostatic dysregulation, a sign of biological aging. We propose to use the mean of
specified biomarker values from the reference population as the indicator of a ‘normal’
physiological state.

Reference population

A random sample stratified on sex, race-center distribution, will serve as the internal reference
population of ARIC cohort members aged 48-53 years old at ARIC’s visit 2 (baseline) and free of
chronic disease manifestations and/or diagnoses within the first three years of follow-up.

Study population

Observations measured at all scheduled visits with complete single or combined biomarkers per
Dm analysis requirement.

Biomarkers (Appendix 1)

Age-related homeostatic dysregulation will be calculated from the following biomarkers (each
standard normal transformed, e.g., log-transformation if necessary for normality, then
subtracted from the mean and divided by the standard deviation):

Body mass index (BMI), waist girth, forced expiratory volume in one second (FEV1), forced
vital capacity ratio (FEV1/FVC), hsCRP, the inflammation index from biomarkers measured at
visit 1 (white blood cell count [WBC(], fibrinogen, von Willebrand factor, and factor VIII),
HbA1c, HOMA-IR, systolic blood pressure (SBP), hs-cTnT, NT-proBNP, eGFR, high density
lipoprotein cholesterol (HDL-C), total cholesterol, and triglycerides.
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Dm calculation

Dm is a measure of multivariate statistical distance from a multivariate normal distribution,
following the formula:

Dm(x) = /& — TS (% — &)

where x is a vector of biomarker values for a given participant at a given visit. 4 and S are
calculated from the reference population, denoting as the reference mean and variance-
covariance matrix, respectively, for the equivalent-length vector of biomarkers.

In our primary analyses we will calculate Dm using the full set of the biomarkers listed above for
each of the observations at all visits. Missing biomarkers measures will be imputed whenever
possible. Given its right-skewed distribution with a lower bound at zero, Dm will be log-
transformed and scaled by its standard deviation. As a sensitivity analysis to confirm the
robustness of biomarker selection we will repeat the Dm calculation for each biomarker and all
available combinations.

Outcomes

Diminished Physical Capacity

Physical capacity will be assessed from (a) short physical performance battery (SPPB), grip strength,
and the two-minute walk (2MW) test, and (b) self-reported functional status (ability to: i. do usual
activities; ii. walk half a mile; iii. walk up and down stairs; iv. do heavy work).

Physical function was examined at ARIC visit 5-7 using grip strength and the SPPB, a summary
measure of performance in three components: repeated chair stands, standing balance, and gait
speed. Based on population-based norms, 0 (poorest) to 4 (best) was assigned to each component,
yielding a composite score ranging from 0 to 12. A component score <2 or SPPB score <6 was
considered to be poor physical function.

Specifically, participants were timed up to 60 seconds (s) to repeat five times standing from a seated
position as quickly as they can with arms folded across their chest. Participants were scored 0 points
if unable to accomplish, 1 point if it took 16.7-<60s, 2 points if 13.7-<16.7s, 3 points if 11.2 -<13.7 s,
and 4 points if <11.2s. For the standing balance test,?° the time (up to 10 seconds) that the
participant can hold each position (side-by-side, semi-tandem, tandem) was recorded. Beginning
with semi-tandem stand, if unable to hold this position for 10s, the participants then were tested on
side-by-side stand. Those who completed semi-tandem were assumed to be able to complete side-
by-side and subsequently evaluated in the tandem stand. 1 point was assigned for completion of
the side-by-side stand, another point for completing the semi-tandem stand, and 1 point for holding
tandem position 3-<10s. Two points were given for holding tandem position 10s. Time to walk 4
meters at the participant’s usual pace was measured. Participants were scored 0 point if unable to
accomplish, 1 point if it took 28.70s, 2 points if 6.21 -<8.70s, 3 points if 4.82 -<6.21s, and 4 points if
<4.82s.



Grip strength in kilograms of force was measured at ARIC visit 5-7 using a Jamar Hydraulic Hand
Dynamometer in participant's dominant hand. Two trials were taken for each participant and the
better one was used for this analysis. If participants only completed one trial, the single trial result
was used.

The 2MW, a measure of functional endurance, was examined at visit 6 and 7. The 2MW records the
distance walked on a 50-foot course (out and back, marked by cones at each end) in two minutes.
Participants were instructed to slow down or stop if needed but to continue walking once able. The
test was discontinued and the timer was stopped if the participant experienced chest
pain/pressure/tightness, then the test was marked as ended incompletely with the reason for doing
so. Once the 2 minutes concluded, the participant was instructed to stop and remain stationary
while the end point was marked. The participant’s raw score is the distance walked in two minutes,
reported in feet.

Functional status was assessed during routine annual telephone interviews from 1993 through 2007
and from 2015 until the present using a modified Rosow-Breslau questionnaire consisting of four
guestions: 1) Are you able to do your usual activities, such as work around the house or recreation?
2) Are you able to walk up and down stairs without help? 3) Are you able to do heavy work around
the house, such as shoveling snow or washing windows? 4) Are you able to walk half a mile without
help? A composite functional status score by summing up the response (yes=1, no=0) of
aforementioned 4 questions were ranging from 0 (poorest) to 4 (best).?% 22

Cognitive Aging

We propose to use the 3 standardized neuropsychological assessments measured at visits 2, 4, and
5 (Delayed Word Recall Test, the Digit Symbol Substitution Test, and the Word Fluency Test),
converting test scores from each visit to z scores based on the visit 2 population mean (SD). A
composite factor score will be created as the sum of the 3 test-specific z scores and standardized to
the visit 2 composite z score mean and SD for all participants.

Subjective cognitive complaints will be ascertained from repeated assessments of cognitive
complaints (Do you feel as if your memory is becoming worse? Does this worry you?).

Health span

Following the approach developed by Zenin and collaborators in the UKB cohort we will estimate
the age at onset of the first among a cluster of clinical health event manifestations that increase
exponentially with age, as an individual’s health span.'’” The top eight morbidities strongly
associated with age after the age of 40 that are defined by a discrete clinical outcome, as ranked by
the number of occurrences in the UKB include heart failure, cancer, myocardial infarction, chronic
obstructive pulmonary disease, diabetes, stroke, dementia, and death. The risks of these conditions
increase exponentially with age at approximately the same rates.

Analytic Approach

Association between Dm and age



The association of Dm with age will be evaluated using linear mixed effects regression models by
fitting linear and quadratic age terms in addition to a priori selected biomarkers of metabolic
dysregulation. This will allow for the assessment of non-linear associations. We propose to employ
random intercepts and slopes to account for individual differences and use an unstructured
correlation matrix.

Dpi = Bo + By X age; + B, X agef + by; + by; X age; + ¢

where 8, denotes mean level of Dm, and ; and 8, are Dm changes over age at the
population level. by ; and b, ; are the random deviations of individual i from the population
averaged Dm and its change with age, respectively. &; is a residual error term. We will store
by ; and by ; for each individual as predictors for the subsequent analyses.

In sensitivity analyses to explore the importance of including a given biomarker in Dm calculation to
model fit, we will repeat the aforementioned analyses for all biomarker combinations. Then we will
extract the Akaike information criterion (AIC) as the dependent variable and run univariate
regression models on presence/absence of a given biomarker. A greater -coefficient will indicate
the importance to include the corresponding biomarker in estimating the age-related homeostatic
dysregulation. As sensitivity analysis, this process will be repeated using the Bayesian information
criterion (BIC).

We will use Dm or estimated individual Dm trajectory parameters (b, ; and b, ;) assessed above as
the predictors for the health outcomes:

a. Association of Dm with diminished physical ability in late life

Associations of midlife metabolic dysregulation and rate of aging (Dm at visit 2 or b, ; and
b, ;, either continuously or categorically) with poor physical functional performance (i.e.,
SPPB score <6 points) at visit 5 will be quantified using multivariable logistic regression
model, negative binomial regression will be used for SPPB modelled over a full spectrum of
0-12 as outcome, and linear regression model if physical function measures are modelled
continuously (i.e., gait speed in m/s). Whenever possible, the associations with physical
function change over visit 5 to 7 (i.e., SBBP change from visit 5 to 7, and 2MW change from
visit 6 to 7) will be estimated as well.

We propose to use generalized estimating equations with an unstructured correlation matrix
and robust variance to estimate the difference in population-averaged functional status
score change over time according to midlife physiologic dysregulation and rate of aging. Two
models will be considered. The first model will regress on Dm updated at all available visits.
The second model will include individual midlife metabolic dysregulation and rate of aging
parameters (by; and b, ;); again, those parameters will be considered as continuous and as
categorical variables. Time (age) on study will be modeled with a 2-piece linear spline with a
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knot at year 65. Interaction terms between the exposure and each of the 2 time spline terms
will be included to examine whether rates of functional status change differ by level of
exposure.

b. Association of Dm with indicators of cognitive aging from midlife to older adulthood

The trajectory of cognitive change over time across midlife physiologic dysregulation and
rate of aging will be estimated using the same method proposed for functional status. All
models will be adjusted for age at visit 2, sex, race, education, and ApoE. All participants
with cognitive data available at baseline (visit 2) will be in the analytic set. Informative
missingness will be addressed through multiple imputation by chained equations (MICE) in
longitudinal models where appropriate.

c. Association of Dm with health span

c.1 Incidence of disease calculation

We will estimate incidence of the 7 selected chronic diseases, risk of death (the mortality
rate) and health span across Dm categories. The disease incidence rates will be calculated
independently (cohort members that have more than one condition during follow-up period
will counted for every disease, except for health span which is defined as the first event
occurred.

Incident event determinations will follow the definitions used by the ARIC study. The age of
first occurrence will be defined for each condition, ascertained from various sources: self-
reported information from annual/semiannual follow up calls, cohort examination visits, the
occurrence of a diagnostic code in hospital discharge records, and death certificates. The
minimal age will serve as the age the health span terminates. In calculating disease incidence
rates each participant is counted regardless of other disease earlier in life (individuals may
have different event times for different conditions).

Computation of the incidence rate at a given age t will consider the set of participants who
are free of the specified health conditions at age t and whose health status is available in the
whole age range. The maximum follow-up age does not coincide with the age at the
diagnosis and is inferred from the study data. An underlying assumption is that the diagnosis
of these diseases did not influence the enrollment, which is likely the case except for
mortality; the mortality rate calculation may thus require a correction.

c.2 Association of Dm with health span and lifespan

A Bayesian natural history model will be used to describe the transition rate from normal to
onset of the first clinical outcome (health span), to the disease diagnoses, to a cluster of
health event manifestations, then to death (lifespan) based on the joint modeling of



longitudinal Dm levels, age at the health span terminates, and clinical health event
manifestations. The modeling procedures are presented in the following form:

c.2.1. Longitudinal Dm - Dm level D, ;; at age t for each participant i was modeled as
Dpic = @i(t) + &

@;(t) = bo; + byt + by (t —t;p)*

Where g;; ~N(0, 62) and x* = max(x, 0). Function ¢ (.) describes the true growth
of the Dm. The growth of Dm is constant until disease onset at age t;q which in turn
induces a change in the Dm trajectory.

c.2.2. Time to transition and to clinical diagnosis
Ao(t) = yot,t > 0

(0,0 <t <ty
Aa(t) = {VAY(t)' t>1tjp

_(0,0<t<t
Ae(6) = {m(t). t> tio

Where t;, t;c t;4 are disease onset, disease diagnosis, and multiple disease
manifestations, respectively, and A, 4., A4 denotes corresponding hazard function.
The assumptions made here are 1) the hazard rate for the onset of disease increases
linearly with age; 2) the cumulative hazard function for t;. t;, depends only on the
ratio of true Dm increment and annual Dm change rate (by; + b, ;).

c.2.3. Hierarchical model for the growth rate follows
bij ~N(B;, 0%) and B;~N(my, v?))
1/ 0%; ~Gamma (aaj,baj) and 1/ 6> ~Gamma(a, ,b, )

Yo ~Gamma(agy, by),y, ~Gammal(a,,b.), and y, ~Gamma(ay, by)

Then several alternative specifications for the hazard functions was applied for
tio, tic tia- And we repeated this analysis for the different clinical event
manifestations and by sex, race.

Potential Limitations

Using health span relies on accurate information regarding the age of onset of the diseases
considered. The actual date may be unknown since subclinical disease is common and diagnosis
may lag behind onset; this difference likely leads to a systematic bias towards later ages. Cancer,
diabetes, dementia, COPD, and heart failure typically develop gradually and accurate
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determinations of their onset are difficult. Clinically manifest Ml, stroke and death likely have the
smallest lag between the condition onset and corresponding diagnosis or event. Further,
information on age at onset is obtained from different sources, such as self-report, examinations
conducted at varying time intervals, hospital records and death certificates.

If the discrepancy between the actual and the reported ages is random the incidence statistics still
provide a good estimate of the real incidence rates, with reductions in statistical power. Some bias —
probably negative — is likely to be present in incidence rate estimates.

7.a. Will the data be used for non-ARIC analysis or by a for-profit organization in this manuscript?
Yes __X__No

b. If Yes, is the author aware that the current derived consent file ICTDERO5 must be used to

exclude persons with a value RES_OTH and/or RES_DNA = “ARIC only” and/or “Not for
Profit” ? Yes No

(The file ICTDER has been distributed to ARIC Pls, and contains
the responses to consent updates related to stored sample use for research.)

8.a. Will the DNA data be used in this manuscript? Yes X__No

8.b. If yes, is the author aware that either DNA data distributed by the Coordinating Center must
be used, or the current derived consent file ICTDERO5 must be used to exclude those with
value RES_DNA = “No use/storage DNA”? Yes No
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Brain

ARIC Study Visit Visit 1 Visit 3 Visit 4 MRIP Visit 5 Visit 6 Visit 7 | Visit 8/9
Calendar Year 1987-89 1993-95 1996-98 2004-06 2011-13 2016-17 2018-19 | 2020-21
Follow-up, years 0 6 9 17 24 29 31 32
Age range, years 45-64 48-73 52-75 ? 66-90 71-94 72-95 ?
Examinees, n 15,792 12,887 11,656 1,812 6,538 4,003 3,589 ?
Body mass index

(kg/m2) X X X X X X

Waist girth X X X X X X

FEV1 (L) X X

FEV1/FVC X X

hsCRP (mg/L) X X X X

leggg /I?:]?:): Count X X (N=3404) X (N=6003) X X X

fibrinogen X X X

von Willebrand

factor X X X

factor VI X

Fasting glucose " " " " ¥ "

(mg/dL)
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HbA1lc (%)

HOMA-IR X
Systolic blood "
pressure (mmHg)
NT-proBNP X
hsTNT X
eGFR (creatine) X
Total cholesterol

X
(mg/dL)
High-density
lipoproteins X
(mg/dL)
Triglyceride (mg/dL) X

Physical Function

Chair stands

Stand balance

Gait speed

Grip strength (kg)

Two minute walk

13




References:

1. World Health Organization

https://apps.who.int/iris/bitstream/handle/10665/186463/9789240694811 eng.pdf;jsessionid=F36D58CE5E5EDEASD8BFB1C0715A
581D?sequence=1. 2015;2020.

2. Belsky DW, Caspi A, Houts R, Cohen HJ, Corcoran DL, Danese A, Harrington H, Israel S, Levine ME, Schaefer JD, Sugden K,
Williams B, Yashin Al, Poulton R and Moffitt TE. Quantification of biological aging in young adults. Proceedings of the National
Academy of Sciences. 2015;112:E4104.

3. Vos T, Flaxman AD, Naghavi M, Lozano R, Michaud C, Ezzati M, Shibuya K, Salomon JA, Abdalla S, Aboyans V, Abraham J,
Ackerman |, Aggarwal R, Ahn SY, Ali MK, AlIMazroa MA, Alvarado M, Anderson HR, Anderson LM, Andrews KG, Atkinson C, Baddour
LM, Bahalim AN, Barker-Collo S, Barrero LH, Bartels DH, Basaiiez M-G, Baxter A, Bell ML, Benjamin EJ, Bennett D, Bernabé E, Bhalla K,
Bhandari B, Bikbov B, Abdulhak AB, Birbeck G, Black JA, Blencowe H, Blore JD, Blyth F, Bolliger |, Bonaventure A, Boufous S, Bourne
R, Boussinesq M, Braithwaite T, Brayne C, Bridgett L, Brooker S, Brooks P, Brugha TS, Bryan-Hancock C, Bucello C, Buchbinder R,
Buckle G, Budke CM, Burch M, Burney P, Burstein R, Calabria B, Campbell B, Canter CE, Carabin H, Carapetis J, Carmona L, Cella C,
Charlson F, Chen H, Cheng AT-A, Chou D, Chugh SS, Coffeng LE, Colan SD, Colquhoun S, Colson KE, Condon J, Connor MD, Cooper LT,
Corriere M, Cortinovis M, de Vaccaro KC, Couser W, Cowie BC, Criqui MH, Cross M, Dabhadkar KC, Dahiya M, Dahodwala N,
Damsere-Derry J, Danaei G, Davis A, De Leo D, Degenhardt L, Dellavalle R, Delossantos A, Denenberg J, Derrett S, Des Jarlais DC,
Dharmaratne SD, Dherani M, Diaz-Torne C, Dolk H, Dorsey ER, Driscoll T, Duber H, Ebel B, Edmond K, Elbaz A, Ali SE, Erskine H, Erwin
PJ, Espindola P, Ewoigbokhan SE, Farzadfar F, Feigin V, Felson DT, Ferrari A, Ferri CP, Fevre EM, Finucane MM, Flaxman S, Flood L,
Foreman K, Forouzanfar MH, Fowkes FGR, Franklin R, Fransen M, Freeman MK, Gabbe BJ, Gabriel SE, Gakidou E, Ganatra HA, Garcia
B, Gaspari F, Gillum RF, Gmel G, Gosselin R, Grainger R, Groeger J, Guillemin F, Gunnell D, Gupta R, Haagsma J, Hagan H, Halasa YA,
Hall W, Haring D, Haro JM, Harrison JE, Havmoeller R, Hay RJ, Higashi H, Hill C, Hoen B, Hoffman H, Hotez PJ, Hoy D, Huang JJ,
Ibeanusi SE, Jacobsen KH, James SL, Jarvis D, Jasrasaria R, Jayaraman S, Johns N, Jonas JB, Karthikeyan G, Kassebaum N, Kawakami N,
Keren A, Khoo J-P, King CH, Knowlton LM, Kobusingye O, Koranteng A, Krishnamurthi R, Lalloo R, Laslett LL, Lathlean T, Leasher JL,
Lee YY, Leigh J, Lim SS, Limb E, Lin JK, Lipnick M, Lipshultz SE, Liu W, Loane M, Ohno SL, Lyons R, Ma J, Mabweijano J, MacIntyre MF,
Malekzadeh R, Mallinger L, Manivannan S, Marcenes W, March L, Margolis DJ, Marks GB, Marks R, Matsumori A, Matzopoulos R,
Mayosi BM, McAnulty JH, McDermott MM, McGill N, McGrath J, Medina-Mora ME, Meltzer M, Memish ZA, Mensah GA, Merriman
TR, Meyer A-C, Miglioli V, Miller M, Miller TR, Mitchell PB, Mocumbi AO, Moffitt TE, Mokdad AA, Monasta L, Montico M, Moradi-
Lakeh M, Moran A, Morawska L, Mori R, Murdoch ME, Mwaniki MK, Naidoo K, Nair MN, Naldi L, Narayan KMV, Nelson PK, Nelson
RG, Nevitt MC, Newton CR, Nolte S, Norman P, Norman R, O'Donnell M, O'Hanlon S, Olives C, Omer SB, Ortblad K, Osborne R,
Ozgediz D, Page A, Pahari B, Pandian JD, Rivero AP, Patten SB, Pearce N, Padilla RP, Perez-Ruiz F, Perico N, Pesudovs K, Phillips D,

14


https://apps.who.int/iris/bitstream/handle/10665/186463/9789240694811_eng.pdf;jsessionid=F36D58CE5E5EDEA8D8BFB1C0715A581D?sequence=1
https://apps.who.int/iris/bitstream/handle/10665/186463/9789240694811_eng.pdf;jsessionid=F36D58CE5E5EDEA8D8BFB1C0715A581D?sequence=1

Phillips MR, Pierce K, Pion S, Polanczyk GV, Polinder S, Pope CA, Ill, Popova S, Porrini E, Pourmalek F, Prince M, Pullan RL, Ramaiah
KD, Ranganathan D, Razavi H, Regan M, Rehm JT, Rein DB, Remuzzi G, Richardson K, Rivara FP, Roberts T, Robinson C, De Leon FR,
Ronfani L, Room R, Rosenfeld LC, Rushton L, Sacco RL, Saha S, Sampson U, Sanchez-Riera L, Sanman E, Schwebel DC, Scott JG, Segui-
Gomez M, Shahraz S, Shepard DS, Shin H, Shivakoti R, Silberberg D, Singh D, Singh GM, Singh JA, Singleton J, Sleet DA, Sliwa K, Smith
E, Smith JL, Stapelberg NJC, Steer A, Steiner T, Stolk WA, Stovner LJ, Sudfeld C, Syed S, Tamburlini G, Tavakkoli M, Taylor HR, Taylor
JA, Taylor WJ, Thomas B, Thomson WM, Thurston GD, Tleyjeh IM, Tonelli M, Towbin JA, Truelsen T, Tsilimbaris MK, Ubeda C,
Undurraga EA, van der Werf MJ, van Os J, Vavilala MS, Venketasubramanian N, Wang M, Wang W, Watt K, Weatherall DJ, Weinstock
MA, Weintraub R, Weisskopf MG, Weissman MM, White RA, Whiteford H, Wiersma ST, Wilkinson JD, Williams HC, Williams SRM,
Witt E, Wolfe F, Woolf AD, Wulf S, Yeh P-H, Zaidi AKM, Zheng Z-J, Zonies D, Lopez AD and Murray CIL. Years lived with disability
(YLDs) for 1160 sequelae of 289 diseases and injuries 1990&#x2013;2010: a systematic analysis for the Global Burden of Disease
Study 2010. The Lancet. 2012;380:2163-2196.

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

5. Gonzalez-Freire M, Diaz-Ruiz A, Hauser D, Martinez-Romero J, Ferrucci L, Bernier M and de Cabo R. The road ahead for health
and lifespan interventions. Ageing Res Rev. 2020;59:101037.

6. Goldman DP, Cutler D, Rowe JW, Michaud PC, Sullivan J, Peneva D and Olshansky SJ. Substantial health and economic returns
from delayed aging may warrant a new focus for medical research. Health Aff (Millwood). 2013;32:1698-705.

7. Burch JB, Augustine AD, Frieden LA, Hadley E, Howcroft TK, Johnson R, Khalsa PS, Kohanski RA, Li XL, Macchiarini F,
Niederehe G, Oh YS, Pawlyk AC, Rodriguez H, Rowland JH, Shen GL, Sierra F and Wise BC. Advances in geroscience: impact on
healthspan and chronic disease. J Gerontol A Biol Sci Med Sci. 2014;69 Suppl 1:51-3.

8. Mitnitski AB, Mogilner AJ and Rockwood K. Accumulation of deficits as a proxy measure of aging. ScientificWorldJournal.
2001;1:323-36.
9. Levine ME. Modeling the rate of senescence: can estimated biological age predict mortality more accurately than

chronological age? J Gerontol A Biol Sci Med Sci. 2013;68:667-74.

10. Klemera P and Doubal S. A new approach to the concept and computation of biological age. Mech Ageing Dev. 2006;127:240-
8.

11. Cho IH, Park KS and Lim CJ. An empirical comparative study on biological age estimation algorithms with an application of
Work Ability Index (WAI). Mech Ageing Dev. 2010;131:69-78.

12. Lépez-Otin C, Blasco MA, Partridge L, Serrano M and Kroemer G. The hallmarks of aging. Cell. 2013;153:1194-1217.

13. Kuo PL, Schrack JA, Shardell MD, Levine M, Moore AZ, An Y, Elango P, Karikkineth A, Tanaka T, de Cabo R, Zukley LM,
AlGhatrif M, Chia CW, Simonsick EM, Egan JM, Resnick SM and Ferrucci L. A roadmap to build a phenotypic metric of ageing: insights
from the Baltimore Longitudinal Study of Aging. J Intern Med. 2020;287:373-394.

15



14, Gruenewald TL, Seeman TE, Ryff CD, Karlamangla AS and Singer BH. Combinations of biomarkers predictive of later life
mortality. Proc Natl Acad Sci U S A. 2006;103:14158-63.

15. Kaeberlein M. How healthy is the healthspan concept? GeroScience. 2018;40:361-364.

16. Crimmins EM. Lifespan and Healthspan: Past, Present, and Promise. Gerontologist. 2015;55:901-11.

17. Zenin A, Tsepilov Y, Sharapov S, Getmantsev E, Menshikov LI, Fedichev PO and Aulchenko Y. Identification of 12 genetic loci
associated with human healthspan. Commun Biol. 2019;2:41.

18. Cohen AA, Milot E, Yong J, Seplaki CL, Fll6p T, Bandeen-Roche K and Fried LP. A novel statistical approach shows evidence for
multi-system physiological dysregulation during aging. Mech Ageing Dev. 2013;134:110-7.

19. Cohen AA, Li Q, Milot E, Leroux M, Faucher S, Morissette-Thomas V, Legault V, Fried LP and Ferrucci L. Statistical distance as a
measure of physiological dysregulation is largely robust to variation in its biomarker composition. PLoS One. 2015;10:e0122541.

20. Guralnik JM, Simonsick EM, Ferrucci L, Glynn RJ, Berkman LF, Blazer DG, Scherr PA and Wallace RB. A short physical
performance battery assessing lower extremity function: association with self-reported disability and prediction of mortality and
nursing home admission. J Gerontol. 1994;49:M85-94.

21. Rosow | and Breslau N. A Guttman health scale for the aged. J Gerontol. 1966;21:556-9.

22. Kucharska-Newton A, Griswold M, Yao ZH, Foraker R, Rose K, Rosamond W, Wagenknecht L, Koton S, Pompeii L and
Windham BG. Cardiovascular Disease and Patterns of Change in Functional Status Over 15 Years: Findings From the Atherosclerosis
Risk in Communities (ARIC) Study. J Am Heart Assoc. 2017;6.

23. Inoue LY, Etzioni R, Morrell C and Miiller P. Modeling Disease Progression with Longitudinal Markers. J Am Stat Assoc.
2008;103:259-270.

16



	SC Reviewed: _________  Status: _____   Priority: ____
	First author:   Yifei Lu
	While individuals aged 65 and older represented 14.5% of the population in 2014, the number of older adults will double by 2060.P1P In most societies advancing age is associated with an exponential increase in burden from many age-related chronic cond...
	Biological Age
	Outcomes
	UDiminished Physical Capacity
	UCognitive Aging
	We propose to use the 3 standardized neuropsychological assessments measured at visits 2, 4, and 5 (Delayed Word Recall Test, the Digit Symbol Substitution Test, and the Word Fluency Test), converting test scores from each visit to z scores based on t...
	Subjective cognitive complaints will be ascertained from repeated assessments of cognitive complaints (Do you feel as if your memory is becoming worse? Does this worry you?).
	UHealth span
	Following the approach developed by Zenin and collaborators in the UKB cohort we will estimate the age at onset of the first among a cluster of clinical health event manifestations that increase exponentially with age, as an individual’s health span.1...
	Analytic Approach
	Association between Dm and age
	The association of Dm with age will be evaluated using linear mixed effects regression models by fitting linear and quadratic age terms in addition to a priori selected biomarkers of metabolic dysregulation. This will allow for the assessment of non-l...
	,𝐷-𝑚,𝑖.=,𝛽-0.+,𝛽-1.×,𝑎𝑔𝑒-𝑖.+,𝛽-2.×,𝑎𝑔𝑒-𝑖-2.+,𝑏-0,𝑖.+,𝑏-1,𝑖.×,𝑎𝑔𝑒-𝑖.+,𝜀-𝑖.
	where ,𝛽-0. denotes mean level of Dm, and ,𝛽-1. and ,𝛽-2. are Dm changes over age at the population level. ,𝑏-0,𝑖. and ,𝑏-1,𝑖. are the random deviations of individual 𝑖 from the population averaged Dm and its change with age, respectively. ,𝜀...
	In sensitivity analyses to explore the importance of including a given biomarker in Dm calculation to model fit, we will repeat the aforementioned analyses for all biomarker combinations. Then we will extract the Akaike information criterion (AIC) as ...
	We will use Dm or estimated individual Dm trajectory parameters (,𝑏-0,𝑖. and ,𝑏-1,𝑖.) assessed above as the predictors for the health outcomes:


