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Abstract
Background: Aging is a complex process, starting early in life, manifesting across a hierarchy of biological bodily domains with heterogeneity by 
sex and increasing age. Several molecular and organ-level biological aging measurements have been developed. Reported associations of these 
measurements with aging-related functional health status are typically limited to cross-sectional research and studies in old people only.
Methods: Using data from UK Household Longitudinal Study, we examined associations between composite biological aging measures (Biological 
Health Score and DNA methylation algorithms) and grip strength, cognitive function, Short Form 12-item Survey scores, self-rated health 
cross-sectionally (up to 13 231 participants), as well as subsequent 12-year trajectories of Short Form 12-item Survey scores and self-rated health 
(up to 112 915 observations).
Results: Accelerated biological aging was found to be associated with worse functioning both cross-sectionally and longitudinally. However, 
associations can be moderated by sex and age group. For example, longitudinally, Biological Health Score was negatively associated with self-rated 
health (coefficient = −0.06) with a moderating effect of sex (coefficient = −0.02, p < .05; male = reference) and some age groups (40-52 years: 
coefficient = −0.04, p < .001; 53-65 years: coefficient = −0.03, p < .01; reference = 16-39 years), but not for the oldest group (66+ years: coeffi-
cient = −0.01, p = .34).
Conclusions: We conclude that measures of biological age are associated with individual functioning trajectories across the entire adult age span, 
and studies should consider sex differences and examine the entire age range to fully capture distinct facets of aging complexity.
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Introduction
Aging is a multisystem process, and can be measured at differ-
ent bodily domains and levels, including molecular, cellular, 
organ, and organism. Organ system-level physiological bio-
markers can be grouped by the organ systems on which they 
are based, such as respiratory, renal, bone marrow, neurocog-
nitive, musculoskeletal, integumentary, sensory, digestive and 
hepatic, cardiovascular, immune, and endocrine. “Biological 
Age” (BA) has been developed to combine information from 
multiple organ-system level physiological biomarkers into a 
single latent variable to quantify a person’s biological state.1,2 
Researchers have proposed several algorithms based on theo-
ries, such as homeostasis and balance, wear-and-tear, or stress. 
Biological Health Score (BHS), as one of the algorithms, indi-
cates people’s physiological wear-and-tear.3 Molecular and 
cellular measures, derived using the hallmarks of aging theory,4 
include biomarkers such as DNA methylation (DNAm). 
DNAm, the covalent addition of a methyl group to 

cytosine-guanine (CpG) base pairs on the genome, is a key 
epigenetic mechanism regulating gene expression. The 
first-generation DNAm algorithms were tested and trained to 
predict chronological age using samples from multi-tissue 
(“Horvath”5 clock) or whole-blood (“Hannum”6 clock). These 
were followed by BA DNAm algorithms built and trained to 
predict both lifespan and healthspan (“PhenoAge”7 clock) or 
“pace of ageing” (“DunedinPACE”8 DNAm algorithms) using 
whole-blood samples. There was no apparent overlap between 
the BA DNAm algorithms’ CpG sites and chronological clocks’ 
CpG sites, which might be because biological and chronological 
DNAm algorithms’ CpG sites are largely distinct loci, thus, the 
chronological and BA DNAm algorithms may reflect different 
underlying processes.9,10 Aging-related changes measured at the 
molecular and organ-system levels have been found across the 
adults’ age span. For example, biological aging was found to 
fluctuate across life-course from age 40 to 80.11,12 In addition, 
sex differences were found in biological aging.13,14
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At the individual level, aging can be captured by both sub-
jective and objective healthspan-related characteristics, includ-
ing measures of functioning such as physical strength, cognitive 
competence, mental and physical health capacity, and 
self-assessed general health.1,15 Functional status is an individ-
ual’s ability to perform normal daily activities required to meet 
basic needs, fulfil usual roles, and maintain health and 
well-being. Both subjective and objective functioning measures 
encompass the underlying processes that contribute to the 
development of disease, disability, and frailty. Evidence sug-
gested some dimensions of objective functioning grow over 
time until old age and then decline, whereas others decline since 
young adulthood.16,17 For example, while certain cognitive 
functions, such as verbal and numerical abilities, show little 
age-associated decline, others, such as memory, tend to decline 
from middle age or even earlier.16,17 A study showed cognitive 
ability of men outperforms women for younger adults, while 
men’s cognitive performance shows greater decline.18

Few studies link the molecular and organ-system level aging 
measures with longitudinal trajectories of aging-related func-
tional status,19–21 and no study has used UK cohort. In addition, 
most studies mainly examine the aging process from mid or 
later adulthood,22,23 and few cover the entire age span of adult-
hood along with sex stratification. We aim to assess the asso-
ciations between the molecular and organ-system level 
biological aging measures and aging-related functional status 
cross-sectionally and longitudinally across the entire adult age 
span in the United Kingdom, and whether sex and age groups 
moderate these associations.

Methods
Data
This study used data from the UK Household Longitudinal 
Study (UKHLS). The main survey of UKHLS began in 2009, 
collecting data annually with 14 collection waves to date. 
About 5 months after waves 2 and 3 of the main survey 
(2010-2012), participants aged 16 years and older in Great 
Britain received a Nurse Health Assessment in which blood 
samples and a range of biomedical measures were collected.24 
In total, 13 286 participants provided blood, and due to finan-
cial availability, 3654 provided DNAm samples.25,26 This study 
used data from Nurse Health Assessment in waves 2 and 3 for 
cross-sectional analysis, as different people participated in each 
wave, and waves 3-14 (2012-2024) of the main survey for 
longitudinal analysis.

Of 13 286 participants recruited at Nurse Health Assess-
ment, 55 participants had missing data in all blood biomarkers 
and were excluded from analyses. For cross-sectional analysis, 
we first used the closest main wave (2 or 3) data to impute 
missing data for variables at Nurse Health Assessment and then 
did complete case analysis. The participant numbers can be 
found in Table S1. There were 112 915 observation points 
available in the subsequent 12 waves (waves 3-14) for longi-
tudinal analysis (Table S2). As there were less than 5% missing 
in questionnaire-measured variables (Table S1), complete case 
analysis was conducted for longitudinal analysis.

Aging measurements
In this article, molecular and organ-system level aging mea-
surements referred to as “composite measures of biological 

ageing” with higher value means biologically older, while 
individual-level aging measurement referred to as 
“ageing-related functional status” with higher scores indicate 
better functioning.

Composite measures of biological aging
BHS measures cumulated biological risk across organ systems. 
The BHS is a composite measure of physiological wear-and-tear 
as indicated by adverse (using a “worst quartile” approach) 
levels of blood-derived biomarkers that reflect liver, kidney, 
endocrine system, inflammatory, cardiovascular, and metabolic 
processes. BHS is calculated as the sum across all aging-related 
biomarkers of binary variables indicating if a person belongs 
to the “at-risk” quartiles of each biomarker. The “worst quar-
tile” approach follows the previous literature.3,27,28 The 
“at-risk” quartiles are calculated for both sexes and each age 
group (participants’ age tertile as cut-off point, and categorized 
participants to 16-39, 40-52, 53-65, and 66+ years groups) 
separately. Biomarkers were collected during Nurse Health 
Assessment and selected based on previous literature,3,27,28 their 
availability in the dataset,25 and statistical significance and 
strength of their relationship with chronological age (Table S3). 
Biomarkers used in BHS calculation can be classified into 6 
physiological subsystems, and the detailed biomarkers selected 
are listed in Table S4.

Horvath,5 Hannum,6 PhenoAge,7 and DundinPACE8 algo-
rithms calculated from DNA extracted from blood samples 
collected during Nurse Health Assessment were used as 
molecular-level aging measures. Detailed information on DNAm 
algorithms in UKHLS can be found in previous papers.29,30 Mea-
surement is restricted to samples from White/European partic-
ipants. Horvath,5 Hannum,6 and PhenoAge7 algorithms were 
regressed with chronological age to calculate residuals, and 
named “DNAm age deviation”22,31: Horvath age deviation 
(ΔHorvathDev), Hannum age deviation (ΔHannumDev), and 
PhenoAge age deviation (ΔPhenoAgeDev). DundinPACE was 
measured in years of accelerated aging per year of aging. Tech-
nical covariates, including barcode and various cell composition 
estimates, were controlled for all DNAm algorithms.26

Aging-related functional status
Grip strength as an objective measurement was assessed using 
a dynamometer during the Nurse Health Assessment. Both 
valid maximum readings of grip strength for the dominant 
hand (in kg) and the nondominant hand (in kg) were collected. 
Grip strength was averaged if both left and right-hand data 
available, otherwise only used dominant hand data.

Cognitive function as the other objective measurement was 
collected at wave 3 of the main survey.32 Indicators include 
episodic memory, working memory, fluid reasoning, category 
fluency, and numeracy ability. Considering different domains 
of cognitive function decline at different speeds,16,17,33,34 we 
combined episodic and working memory as memory domain 
measurement, and combined fluid reasoning, category fluency, 
and numeracy ability as non-memory domain measurement. 
All indicators were min–max normalized considering the dif-
ference in measurement range, and then the mean score of 
memory and non-memory domains was calculated separately.

We used both the physical component score (PCS) and men-
tal component score (MCS) of the Short Form 12-item Survey 
(SF12) as subjective measurements collected at waves 2 and 3 
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for cross-sectional analyses and at subsequent waves 3-14 for 
longitudinal analyses.

Self-rated health was measured at all waves captures a 
dimension related to overall health and was assessed by the 
question “In general, would you say your health is excellent, 
very good, good, fair, or poor?” collected at all waves on a 
5-point scale (1 = poor to 5 = excellent).

Covariates
This paper controlled several sociodemographic factors, includ-
ing sex, age groups (participants’ age tertile as cut-off point, 
and categorized participants to 16-39, 40-52, 53-65, and 66+), 
income (quintiles of individual monthly disposable income, and 
higher quintile is lower income), occupation (“management & 
professional”, “intermediate”, “routine” based on the 3 class 
National Statistics Socio-economic classification (NS-SEC), and 
added “retired”, “full-time student”, as well as “others” 
groups), education (highest education attainment, “degree/
professional or higher” (higher than A-levels or equivalent), 
“school level” (up to A-levels or equivalent), and “no qualifi-
cation”), urbanity (living in “urban” or “rural”) and partner-
ship status (“married or living with a partner”, “others”). 
Except for the DNAm subsample, ethnicity (“white” and “oth-
ers”) was included as a covariate.

Statistical analysis
Because some aging measurements were not normally distrib-
uted, Spearman’s correlations with permutation test were used 
to examine the correlation between aging measurements and age, 
as well as between the composite measures of biological aging.

Missingness is patterned sociodemographic factors (Table S5); 
thus, we controlled for previously mentioned covariates to min-
imize the influence from the biomarkers’ missing on the results.

Linear regressions were used to assess cross-sectional asso-
ciations between composite measures of biological aging and 
aging-related functional status.

Growth curve models were specified as multilevel models to 
estimate longitudinal associations, with participants as level 2 
and each time observation as level 1. Sex, baseline age groups, 
ethnicity (not for DNAm), and technical covariates (only for 
DNAm) were controlled as fixed covariates; income, occupa-
tion, education, urbanity, and partnership status as time-varying 
factors. This paper used the unstructured variance–covariance 
structure of random effects.

All tests were two-sided with a significance level of p < .05. 
Statistical analyses were conducted using Stata 18.0.

Results
Descriptive statistics
The mean age of participants included in the cross-sectional 
analyses was 51.58 years, and 55.43% were female. Table 1 
describes baseline characteristics in men and women. As antic-
ipated, the functioning performance of males and females has 
some differences. For example, the mean grip strength in males 
(mean: 41.60, SD: 9.81) is greater than the mean grip strength 
in females (mean: 25.70, SD: 6.59). Those with advancing age 
achieve lower scores on all aging measurements (Table S6). For 
example, people aged over 66 were more likely to have lower 
physical functioning measured by PCS (mean: 43.92 [SD: 
11.49] for males and mean 42.45 [SD: 12.38] for females), 

compared to people aged 16-39 (mean: 54.26 [SD: 7.06] for 
males and mean 53.75 (SD: 8.45) for females).

Links of aging measurements to chronological age
Table S7 showed that both biological aging and functioning 
measures correlated with chronological age. The correlation 
coefficients showed that people of older age were biologically 
older and had poorer function. However, for MCS, older peo-
ple had better mental well-being. For sex and age-specific cor-
relation (Table S8), correlation coefficients varied in each sex 
and age group.

Correlation between composite measures of 
biological aging
BHS positively correlated with DNAm algorithms (Table S9), 
while the correlations between BHS with ΔHorvathDev (0.029) 
and ΔHannumDev (0.048) were very weak. All DNAm algo-
rithms positively correlated with each other, and exhibited 
low-to-moderate intercorrelations (r value range: 0.029-0.478).

Cross-sectional associations between composite 
measures of biological aging and aging-related 
functional status
The associations between composite measures of biological 
aging and aging-related functional status (Table S10) were 
mostly negative from crude to fully adjusted models, which 
means accelerated biological aging was associated with worse 
functioning. Fully adjusted model between BHS, ΔPhenoAg-
eDev, and DunedinPACE with PCS, MCS, cognitive functions, 
and self-rated health largely remain robust.

When fully adjusted models stratified by sex (Figure 1 and Table 
S11), some sex differences can be found (see the difference in β 
values [standardized coefficient]), for example, in the associations 
between DunedinPACE and grip strength. While for most of the 
associations, β values of male and female groups looked similar.

When we further stratified models by age groups (Table S12), 
a higher proportion of females were found to have negative 
associations between BHS and functioning. In addition, most 
of the previous significant results were only found now in early 
mid-adulthood and later mid-adulthood.

Longitudinal associations between composite 
measures of biological aging and aging-related 
functional status
Table S13 showed that before and after making sex and age 
groups interaction with composite measures of biological 
aging, except ΔHorvathDev and ΔHannumDev, most biological 
aging measures were negatively associated with functioning. 
In addition, random effects indicated significant variability in 
intercepts and slopes, suggesting heterogeneity in individual 
functioning trajectories. For example, the BHS (baseline com-
posite measures of biological aging) was negatively associated 
with PCS, and the fixed intercept (coefficient = 58.87) random 
intercept (variance = 90.05) and fixed slope (coefficient = −0.33) 
random slope (variance = 0.51) varied at the sex and age groups 
interaction model. The moderation effect of sex and age groups 
was seen for the association between BHS and functioning, 
while for DNAm, only the age groups’ moderation effect was 
shown for some DNAm algorithms, including ΔHorvathDev 
and DunedinPACE.
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When we additionally introduce interaction of composite mea-
sures of biological aging with data collection wave to the previous 
models (Table S14), the coefficients of the most wave and com-
posite measures of biological aging interaction term were nega-
tive, although only for measuring aging-related functional status 
by PCS, interaction terms were statistically significant. Thus, for 
people with accelerated biological aging at baseline, their physical 
functioning declined faster. The predicted trajectories (Figure 
2A-C) showed that health functioning declined with time. People 
with baseline accelerated biological aging (higher than mean 
BHS, DNAm age deviation > 0, and DunedinPACE > 1) have 
worsened functioning. The aging-related functional status 

decreased in all sexes and age groups. Older people had worse 
functional status compared to younger people for PCS and 
self-rated health. However, for MCS, people in higher age groups 
had better mental well-being. Females had lower MCS in almost 
all age groups compared to males at the baseline.

Discussion
This study extends the existing body of literature demonstrating 
associations between biological aging and aging-related func-
tional status, which is largely in older age groups and reports 
that these associations are apparent across the entire age range. 

Table 1.  Characteristics of participants (2010-2012).

Male Female

Characteristics n = 5897 n = 7334 Maximum n = 13 231

ΔHorvathDev, mean (SD) 0.58 (4.53) −0.47 (4.34) 1.68e-9 (4.46)
ΔHannumDev, mean (SD) 1.29 (3.76) −1.03 (3.43) 8.50e-10 (3.76)
ΔPhenoAgeDev, mean (SD) −0.02 (5.43) 0.01 (5.43) 3.27e-10 (5.43)
DunedinPACE, mean (SD) 1.07 (0.14) 1.05 (0.13) 1.06 (0.14)
BHS (0-16), mean (SD) 3.65 (2.33) 3.61 (2.27) 3.63 (2.30)
Grip strength (kg), mean (SD) 41.60 (9.81) 25.70 (6.59) 32.84 (11.39)
Cognitive function (memory domains), mean (SD) 0.74 (0.13) 0.73 (0.15) 0.74 (0.14)
Cognitive function (non-memory domains), 

mean (SD)
0.58 (0.12) 0.54 (0.12) 0.56 (0.12)

PCS, mean (SD) 49.82 (10.44) 49.14 (11.61) 49.44 (11.11)
MCS, mean (SD) 51.42 (8.80) 49.19 (9.91) 50.18 (9.49)
Self-rated health, N (%)
  Poor 306 (5.19) 405 (5.52) 711 (5.37)
  Fair 878 (14.89) 1159 (15.80) 2037 (15.39)
  Good 1707 (28.95) 2043 (27.86) 3750 (28.34)
  Very good 2110 (35.78) 2545 (34.70) 4655 (35.19)
  Excellent 896 (15.19) 1182 (16.12) 2078 (15.70)
Highest qualification, N (%)
  Degree/professional or higher (higher than 

A-levels or equivalent)
2011 (34.26) 2559 (35.01) 4570 (34.67)

  School level (up to A-levels or equivalent) 3143 (53.54) 3583 (49.02) 6726 (51.04)
  No qualification 716 (12.20) 1168 (15.98) 1884 (14.29)
Occupation, N (%)
  Management and professional 1533 (26.00) 1641 (22.38) 3174 (23.99)
  Intermediate 799 (13.55) 991 (13.51) 1790 (13.53)
  Routine 1216 (20.62) 1293 (17.63) 2509 (18.96)
  Retired 1657 (28.10) 2096 (28.58) 3753 (28.36)
  Full-time student 162 (2.75) 167 (2.28) 329 (2.49)
  Others 530 (8.99) 1146 (15.63) 1676 (12.67)
Quintiles of individual monthly disposable income, N (%)
  1 (high) 1277 (21.66) 1374 (18.73) 2651 (20.04)
  2 1230 (20.86) 1420 (19.36) 2650 (20.03)
  3 1176 (19.94) 1467 (20.00) 2643 (19.98)
  4 1139 (19.31) 1500 (20.45) 2639 (19.95)
  5 (Low) 1075 (18.23) 1573 (21.45) 2648 (20.01)
Ethnicity, N (%)
  White 5627 (95.42) 6997 (95.42) 12 624 (95.41)
  Others 270 (4.58) 336 (4.58) 606 (4.59)
Urbanity, N (%)
  Urban 4360 (73.95) 5443 (74.22) 9803 (74.10)
  Rural 1536 (26.05) 1,891 (25.78) 3427 (25.90)
Partnership status, N (%)
  Married or cohabitation 4287 (72.70) 4754 (64.82) 9041 (68.33)
  Others 1610 (27.30) 2580 (35.18) 4190 (31.67)

Numbers may not sum to the total due to missing values. These are the maximum numbers available in the dataset rather than the actual numbers for later 
regression models. Abbreviations: BHS, Biological Health Score; DunedinPACE, DunedinPACE DNAm algorithm; HannumDev, Hannum age deviation 
DNAm algorithm; HorvathDev, Horvath age deviation DNAm algorithm; MCS, Mental Component Score; PCS, Physical Component Score; PhenoAgeDev, 
PhenoAge age deviation DNAm algorithm.
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This study reveals that no matter which aging measurements are 
used, accelerated biological aging is associated with worse func-
tioning both cross-sectionally and longitudinally. This research 
advocates for a life-course or life span approach for aging 

studies, incorporating diverse measures and longitudinal analy-
ses to fully capture the complexities of aging dynamics.

As anticipated,13,35–37 all biological aging measures correlated 
with chronological age, though less strongly in some sex and 

Figure 1.  Sex stratified cross-sectional associations. BHS, Biological Health Score; DunedinPACE, DunedinPACE DNAm algorithm; HannumDev, Hannum 
age deviation DNAm algorithm; HorvathDev, Horvath age deviation DNAm algorithm; MCS, Mental Component Score; PhenoDevAge, PhenoAge age 
deviation DNAm algorithm; PCS, Physical Component Score.
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Figure 2.  Predicted trajectories of aging-related functional status (A) Predicted trajectories of PCS. (B) Predicted trajectories of MCS. (C) Predicted 
trajectories of self-rated health. BHS, Biological Health Score; DunedinPACE, DunedinPACE DNAm algorithm; HannumDev, Hannum age deviation 
DNAm algorithm; HorvathDev, Horvath age deviation DNAm algorithm; PCS, Physical Component Score; PhenoAgeDev, PhenoAge age deviation  
DNAm algorithm; MCS, Mental Component Score.
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Figure 2.  Continued.
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Figure 2.  Continued.
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age groups. Low-to-moderate intercorrelations among molec-
ular and organ-system level measures suggest they capture 
distinct aspects of biological aging, consistent with prior 
studies.13,19,20,38

Except ΔHorvathDev and ΔHannumDev, most composite 
measures of biological aging were significantly negatively asso-
ciated with functioning both cross-sectionally and longitudi-
nally, which may be because Horvath and Hannum DNAm 
algorithms have near-perfect predictive accuracy of chronolog-
ical age. This accords with previous research that Horvath and 
Hannum DNAm algorithms do not correlate with people’s 
aging-related functioning.39,40 Horvath and Hannum DNAm 
algorithms were trained to predict chronological age,5,6,41,42 
while the other BA algorithms additionally reflected different 
healthspan characteristics.

BHS and DunedinPACE performed similarly, strongly asso-
ciated with most functional status, particularly with cognitive 
function and PCS. Besides, longitudinally, accelerated biolog-
ical aging predicted faster functional decline over 12 years, in 
line with previous research.23 The cross-sectional and longitu-
dinal associations between epigenetic and blood-based mea-
sures of biological aging and deficits in physical functioning, 
identified here are consistent with previous studies on US and 
Irish cohorts.8,23,43 Theoretically, aging is driven by several 
interconnected biological processes known as the hallmarks of 
aging, and aging hallmarks are interdependent among each 
other as well as among the hallmarks of health.4,44,45 Our find-
ings align with these theories and previous evidence on associ-
ations between BA and physical/cognitive function.20,21,23,39,46 
Whilst there is still a lack of consensus surrounding whether 
organ-system or DNA based algorithms are most effective,20,43,47 
our results, much like previous studies in the United Kingdom, 
United States, and Ireland showed that BHS, and PhenoAge/
DunedinPACE DNAm algorithms were associated with objec-
tively and subjectively measured functioning.23,43,47 The subjec-
tively assessed functional status, although using different scales 
in different studies, all have good performance in aging 
research,20,21 like our finding, which highlighted the advantages 
of using them to identify the healthy aging process as a com-
plement to objective measures.

We find no single aging measure is consistently strongly asso-
ciated with all others across sex and age groups, aligning with 
prior research that different measures capture distinct aspe
cts.19,37,39,46 Aging measures may vary in sensitivity and speci-
ficity across sexes and life stages. While our findings, which are 
consistent with evidence that men’s functioning outperformed 
women,18 past cross-sectional studies reported faster biological 
aging in men.14 We found that more pronounced cross-sectional 
associations appeared in females and mid-adulthood, consis-
tent with prior findings.11,37,48 Longitudinally, some DNAm 
measures showed age moderation, while BHS exhibited both 
sex and age moderation. Unlike our findings, previous longi-
tudinal study showed men presented lower functional status,20 
possibly due to differences in measurement, social and cultural 
variation and population characteristics compared to our 
study.49,50 Subjective measures like SF12 and self-rated health 
effectively tracked functional aging across adult ages, not just 
in old populations. Given that aging-related decline in different 
bodily domains and levels may begin since young adulthood 
until old age,11,12,16,17,20,33 it is recommended to include partici-
pants from a young age to ensure healthy or general popula-
tions included to avoid selection bias in aging-related research.

Blood biomarkers and functional trajectories may help iden-
tify high-risk populations before disability or disease onset, 
making them promising for clinical translation.31 Aging mea-
sures in our study, including minimally or noninvasive assess-
ments, like BHS, cognitive function, and subjective health 
status, showed interrelationships, supporting their combined 
use. Subjective functioning measures, which are linked to qual-
ity of life, effectively tracked aging across whole adulthood. 
Besides, our findings supported that there was potential for 
clinical use of both biochemical and physiological biomarkers 
to identify aging-associated dysfunction from a young age. 
Young adulthood offers a key window for early intervention, 
yet is often overlooked.51 Aging begins before old age, so 
research and interventions should span the full adult lifespan 
to address early physiological decline and promote healthier 
aging outcomes in later life.

This study captured aging dynamics across molecular, phys-
iological systems, and included both objective and subjective 
measures. Unlike most previous studies focused on old people 
only, we included adults from a young age, thus moving closer 
toward a life span approach. Limitations include incomplete 
understanding of biological aging mechanisms, because of lack 
consensus on which molecular, cellular, or physiological 
changes are causal to aging.22,52 We didn’t disentangle disease, 
disability, and biological aging processes fully, and further 
studies need to distinguish physiological from pathological 
processes.53 BHS was constructed using cohort-specific worst 
quartile thresholds, which may limit direct comparability with 
epigenetic aging measures derived from externally validated 
algorithms and suggests that the observed associations could 
partly reflect sample-specific variability. DNAm was only col-
lected in white people, limiting generalizability to other ethnic-
ities. The biological aging metrics and objective functioning 
were available only at baseline, and thus, temporal changes in 
those were not investigated. While analyses were limited to 
aging measures available in UKHLS, our findings and others’ 
suggest that similar trends are apparent whichever measure of 
aging is used.23 In addition, as with most longitudinal studies, 
there was attrition over the follow-up period. Although less 
than 5% missing on sociodemographic variables, there was a 
large amount of missing blood biomarkers. Despite controlling 
for some covariates, unmeasured and residual confounders may 
bias findings.
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