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ABSTRACT
Occupational characteristics have been studied as risk factors for several age-related diseases and 
are thought to impact the ageing process, although there has been limited empirical work 
demonstrating an association between adverse occupational characteristics and accelerated age
ing and this prior work has yielded mixed results. We used the 2010 and 2016 waves of the Health 
and Retirement Study (n = 1,251) to examine the association between occupation categories and 
self-reported working conditions of American adults at midlife and their subsequent epigenetic 
ageing as measured through five epigenetic clocks: PCHorvath, PCHannum, PCPhenoAge, 
PCGrimAge, and DunedinPACE. We found that individuals working in sales/clerical, service, and 
manual work show evidence of epigenetic age acceleration compared to those working in 
managerial/professional jobs and that the associations were stronger with second- and third- 
generation clocks. Individuals reporting high stress and high physical effort at work showed 
evidence of epigenetic age acceleration only on PCGrimAge and DunedinPACE. Most of these 
associations were attenuated after adjustment for race/ethnicity, educational attainment, and 
lifestyle-related risk factors. Sales/clerical work remained significantly associated with PCHorvath 
and PCHannum, while service work remained significantly associated with PCGrimAge. The results 
suggest that manual work and occupational physical activity may appear to be risk factors for 
epigenetic age acceleration through their associations with socioeconomic status, while stress at 
work may be a risk factor for epigenetic age acceleration through its associations with health 
behaviours outside of work. Additional work is needed to understand when in the life course and 
the specific mechanisms through which these associations occur.
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Introduction

A common adage is that working in a particularly 
stressful or demanding job ages one prematurely. 
This is supported by anecdotes such as the early 
greying of presidents’ hair, but beyond these anec
dotes about aesthetic aspects of ageing, it is unclear 
whether demanding work is associated with acceler
ated ageing at the molecular level. Understanding 
whether individuals in certain jobs age faster than 
others is important to understand the process 
through which work affects health at older ages.

One way to assess the pace of ageing is through 
epigenetic age acceleration. Gene expression can 
be influenced by the addition of methyl groups to 
CpG sites, locations of the DNA where cytosine is 
followed by guanine [1]. Because certain CpG sites 
have predictably increased or decreased methyla
tion with age, the amount and location of DNA 

methylation (DNAm) can be used to construct 
summary measures of ageing, often called epige
netic clocks because they reveal how much time 
has elapsed according to one’s epigenome [2,3]. 
Epigenetic age acceleration (EAA) refers to the 
difference between epigenetic age and chronologi
cal age, and positive EAA is associated with mar
kers of social disadvantage and is predictive of 
mortality and the onset of several age-related dis
eases [2,4–10].

Several epigenetic clocks have been developed. 
First generation clocks, including the Horvath and 
Hannum clocks, were early measures developed to 
predict chronological age from DNAm patterns 
[11,12]. While first-generation clocks were strongly 
associated with chronological age, they were not 
consistently associated with other age-related out
comes, so researchers developed second-generation 
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clocks to predict morbidity and mortality [2,3]. For 
example, PhenoAge was trained on a phenotypic age 
estimated from chronological age and nine age- 
related physiologic biomarkers [13], while 
GrimAge was developed by first identifying DNAm 
markers of plasma proteins and lifetime smoking 
and then utilizing these DNAm markers in combi
nation with chronological age and sex to estimate 
remaining lifespan [14]. Last, DunedinPoAM and 
the more-recent DunedinPACE measures can be 
described as third-generation measures that capture 
the rate of epigenetic ageing, as opposed to current 
epigenetic age, because they are trained on trajec
tories of age-related biomarkers [15].

Occupational characteristics have been stu
died in relation to numerous health outcomes 
at older ages, with research indicating that indi
viduals with less favourable working conditions 
tend to have increased risk of age-related health 
outcomes. Compared to those in professional or 
managerial occupations, individuals in both 
manual and service work have worse self- 
assessed overall health [16,17], and individuals 
in manual work have increased risk of hyper
tension [18]. Psychosocial stressors at work 
have been associated with lower cognitive func
tioning and diabetes [19,20], while physical 
demands at work have been associated with 
reduced physical and cognitive functioning 
[21,22], and long working hours have been 
associated with increased risk of coronary 
heart disease [23]. In addition to these associa
tions with health conditions at older ages, ser
vice work, psychosocial job stress, physical 
demands, and long working hours have been 
associated with accelerated biological ageing as 
measured through physiologic biomarkers, sug
gesting these working conditions may influence 
an underlying ageing process [24].

Until recently there has been limited research 
examining the association between occupational 
characteristics as risk factors for EAA. Prior 
studies have examined occupational position or 
prestige as it relates to epigenetic age, with sev
eral finding that individuals in lower ranked 
occupations have positive EAA, especially when 
measured with second-generation clocks 
[6,10,25,26]. With the exception of Freni- 
Sterrantino et al. [25,26], these studies have 

typically treated occupation as a component of 
or proxy for socioeconomic status. While occu
pation is an important component of socioeco
nomic status, it also includes a set of conditions 
and exposures that can influence one’s health, 
and from these previous studies it is unclear 
whether it is the types and characteristics of 
jobs or the job’s association with other aspects 
of socioeconomic status that should be consid
ered risk factors for accelerated ageing. Research 
assessing the associations between specific work
ing conditions and epigenetic ageing is also lim
ited, though studies in Finland and the United 
Kingdom have found long working hours, psy
chosocial job strain, and physical job demands 
to be associated with accelerated epigenetic age
ing [25–27].

The objective of this study is to examine how 
both occupational categorizations and self- 
reported working conditions are associated with 
EAA and how these associations are modified by 
adjustment for social background characteristics 
and lifestyle-related risk factors for EAA. 
Occupational categorizations may better proxy 
for one’s socioeconomic background and status 
while working conditions provide information on 
the specific tasks or stressors faced at work, and 
the consideration of both is important to under
stand which aspects of work should be considered 
risk factors for accelerated ageing. In this study, we 
use data from the Health and Retirement Study 
(HRS) to examine these associations in 
a population-based sample of older American 
adults employed in a wide range of occupations 
and industries.

Data

Data are taken from the Health and Retirement 
Study (HRS), a nationally representative panel 
study of older adults in the United States. The 
HRS (Health and Retirement Study) is spon
sored by the National Institute on Aging (grant 
number NIA U01AG009740) and is conducted 
by the University of Michigan. In 2016, the HRS 
added the Venous Blood Study (VBS), which 
included DNAm assays for a representative sub
sample of the VBS participants [28]. VBS parti
cipants were aged 56 and over when DNAm was 
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measured in 2016. To obtain information on 
occupational characteristics of these participants 
at younger ages, we pull information on occupa
tional characteristics from the 2010 wave, when 
these participants were aged 51 and over. We 
further restrict our sample to individuals under 
age 65 in 2010 to limit the effect of selection out 
of the labour force when individuals reach typi
cal retirement and Medicare eligibility ages. We 
also limit our analyses to individuals working in 
non-military occupations, as military occupa
tions are not easily categorized into the occupa
tion categories used in our study. The sample 
selection process is summarized in Figure 1 and 
results in an overall analytic sample of 1,251 
individuals.

These data are available to registered users who 
meet security requirements and agree to data use 
conditions specified by the HRS. The secondary 

analysis of these data for this study was approved 
by the Institutional Review Board at the University 
of Southern California.

Measures

Epigenetic age
As part of the HRS VBS in 2016, phlebotomists 
conducted in-home visits to VBS participants and 
collected six blood samples, including one in a 10  
mL EDTA whole blood tube, from which DNA 
was extracted. DNAm was assayed using the 
Infinium Methylation Epic BeadChip (v1.0), with 
samples randomized across plates by demographic 
variables. All sample processing and assays were 
conducted by the Advanced Research and 
Diagnostic Laboratory at the University of 
Minnesota. Further details on the data collection 

Figure 1. Sample selection diagram. Data are from the health and retirement study. VBS = Venous blood study.
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and processing are available from the HRS [28]. 
From the DNAm data, epigenetic clocks were esti
mated and made available to researchers [28].

Of the 13 epigenetic age measures available for 
VBS participants, we chose five that have been 
analysed in the previous literature examining 
occupational characteristics or socioeconomic 
position as predictors of EAA and that have been 
associated with the types of ageing-related out
comes we would expect to be related to occupa
tional characteristics. These include Horvath 
DNAmAge, Hannum DNAmAge, PhenoAge, 
GrimAge, and Dunedin PACE. With the exception 
of the Horvath clock, these clocks are not adjusted 
for blood cell composition, so they implicitly take 
into account age-related changes in immune func
tioning and can be considered to measure ‘extrin
sic ageing’ [2]. This analysis uses the ‘PC’ versions 
of epigenetic clocks estimated through principal 
components analysis, which improves the reliabil
ity of these estimates [29]. These PC clocks were 
estimated from the DNAm data by the Levine 
Lab [29].1

Occupational characteristics
HRS respondents who report currently working 
for pay are asked a series of questions about 
their main job in the HRS core interviews. We 
use occupation codes, derived from respondents’ 
reports about their job titles or job descriptions, 
to classify respondents’ occupations into four 
broad categories: managerial/professional, sales/ 
clerical, service, and manual. We also utilize 
respondents’ answers to questions about the 
amount of stress involved at work, physical 
effort required, and their typical hours worked 
per week at their main job. We dichotomize 
these self-reported working conditions into 
high stress for respondents reporting they 
strongly agree (as opposed to agree, disagree, 
or strongly disagree) that their job involves lots 
of stress, high physical effort for respondents 
reporting that their job requires lots of physical 
effort all or almost all the time (as opposed to 
most of the time, some of the time, or none or 
almost none of the time), and long working 
hours for respondents working at least 55 hours 
per week, a threshold that has been shown in 

prior studies to be associated with adverse 
health outcomes [30].

Covariates
Demographic characteristics include sex and 
chronological age in 2016, the same year in 
which epigenetic age is measured. We also con
sider two social factors that are associated with 
selection into occupations and have been asso
ciated with epigenetic ageing in prior work: educa
tional attainment and race/ethnicity. We 
categorize educational attainment as college 
degree, some college, high school or equivalent, 
and less than high school, and race/ethnicity as 
non-Hispanic white, non-Hispanic Black, 
Hispanic, and non-Hispanic other. Last, we 
include four lifestyle-related risk factors for epige
netic ageing that are measured in 2016. Smoking 
status is categorized as never smoker, former smo
ker, or current smoker. Alcohol consumption is 
categorized as non-drinker, moderate drinker, 
which is defined as drinking at most one drink 
per occasion for women and at most two drinks 
per occasion for men, and more than moderate 
drinker, which is defined as drinking in excess of 
the cut-offs for moderate drinking. Physical inac
tivity is defined as hardly ever or never engaging in 
either moderate or vigorous physical activity. Body 
mass index (BMI) is categorized as healthy weight 
or underweight (BMI <25), overweight (25 � BMI 
<30), obese class I (30 � BMI <35), and obese class 
II or II (BMI � 35).

Analysis
We conduct three sets of analyses to estimate the 
associations of the five epigenetic age measures 
with a) occupational categorizations, b) self- 
reported working conditions, and c) both occupa
tional categorizations and self-reported working 
conditions. For each set of analyses, we estimate 
three nested linear regression models (ordinary 
least squares) that are theoretically informed by 
our objectives for this analysis. Our first objective 
is to establish differences in epigenetic age mea
sures by occupational characteristics after standard 
demographic adjustments for age and sex and for 
this reason, Model 1 includes the occupational 
characteristics, chronological age in 2016 and sex. 
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The second objective is to assess whether differ
ences in epigenetic age by occupational charac
teristics persist after adjustment for social 
background characteristics that are related to 
selection into occupations and thus may con
found the observed associations between occu
pational characteristics and epigenetic age. 
Model 2 additionally includes race/ethnicity 
and educational attainment, which have been 
associated with EAA [4,8,9,31]. If associations 
remain significant after adjustment for these 
factors, occupational characteristics may be 
independently associated with EAA. Our third 
objective is to examine potential mechanisms 
through which occupational differences in epi
genetic age measures may occur by including 
more-proximate behavioural predictors of EAA, 
including smoking status, alcohol consumption, 
physical inactivity, and overweight/obesity 
[4,8,9,31]. Model 3 thus includes the following 
lifestyle-related risk factors assessed in 2016: 
smoking status, alcohol consumption physical 
inactivity, and BMI category. If occupational 
differences in epigenetic age arise because occu
pational characteristics influence these lifestyle- 
related risk factors, we would expect the associa
tions to be attenuated or reduced once we 
include these more-proximate risk factors in 
our models.

Because these models include chronological 
age, the coefficients can be interpreted as the 
degree of epigenetic age acceleration (EAA) asso
ciated with the occupational characteristic. 
However, when the outcome is DunedinPACE, 
the coefficients should be interpreted as the 
change in the pace of ageing per year of chron
ological age. Because approximately 6% of our 
analytic sample was missing at least one variable 
included in the analyses, we used multiple impu
tation by chained equations to probabilistically 
impute 10 plausible values of missing items [32]. 
In addition to the variables contained in the ana
lysis, we included information on longest- 
reported occupation category, individual earn
ings, household income, and household wealth 

in the imputations. The results presented below 
are pooled estimates across these 10 complete 
datasets. All analyses include the respondent 
weights created by the HRS for the DNA methy
lation subsample.

Results

Summary statistics of the analytic sample are dis
played in Table 1. The average chronological age 
of sample participants in 2016 is 62.4, and the 
average ages on the PCHorvath (59.7), 
PCHannum (61.2), and PCPhenoAge (59.5) clocks 
are all similar. However, the average age of the 
PCGrimAge clock (72.1) is nearly a decade higher 
than the average chronological age. As expected, 
the pace of epigenetic ageing, as measured by 
DunedinPACE, is approximately one year for 
each chronological year. The most prevalent occu
pation category held by sample members is man
agerial/professional (44%), followed by sales/ 
clerical (25%), manual (17%), and service (14%). 
High stress and high physical effort are reported 
by approximately one-fifth of the sample, while 
10% report working at least 55 hours per week.

Occupational categorizations

Results from regressions predicting the epigenetic 
age measures from occupational categories are dis
played in Figure 2; additional output from the 
regressions, including p-values and goodness-of-fit 
statistics are displayed in tables A1-A3 in Appendix 
A. The displayed effect sizes are the coefficients from 
linear regressions along with the 95% confidence 
intervals around these coefficients. For reference, 
we include the dashed vertical line at 0 to facilitate 
distinguishing between statistically significant asso
ciations that do not cross this line and nonsignificant 
associations that cross this line. The reference occu
pational category is managerial/professional, so the 
coefficients for the other categories indicate the esti
mated difference in the epigenetic age measure 
between that category and managerial/professional 
after accounting for the other included covariates. 
For example, in the minimally adjusted model 1, 
sales/clerical work is significantly associated with 
1.03 years older epigenetic age on the PCHorvath 
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clock relative to individuals of the same age and sex 
who have managerial/professional occupations, but 
the other occupational categories are not signifi
cantly associated with epigenetic age on the 
PCHorvath clock.

In both the PCHorvath and PCHannum 
clocks, sales/clerical work is significantly asso
ciated with accelerated epigenetic ageing, and 
this association remains significant after adjust
ment for both sociodemographic and lifestyle- 
related risk factors. In the minimally adjusted 
model predicting PCPhenoAge, sales/clerical 
work is associated with 1.55 years, service work 
with 2.44 years, and manual work with 1.91 years 
of EAA compared with managerial/professional 
work. Service work remains associated with 1.1  
years of EAA in the model controlling for race/ 
ethnicity and education, but none of these cate
gories remain significant after controlling for 
lifestyle-related risk factors. With PCGrimAge, 
the minimally adjusted model shows a clear gra
dient wherein sales/clerical work is associated 
with 0.86 years, service work with 1.55 years, 
and manual work with nearly 2 years of EAA 
compared to managerial/professional work. 
Both service and manual work remain associated 
with 0.88 and 1.05 years of EAA in model 2, but 
only service work remains significantly asso
ciated with 0.62-years of EAA in the fully 
adjusted model. Last, sales/clerical, service, and 
manual work categories are all associated with 
a significantly faster pace of ageing on the 
DunedinPACE measure in the minimally 
adjusted model, but these associations are no 
longer significant after adjusting for sociodemo
graphic characteristics.

Self-reported working conditions

The next set of models, displayed in Figure 3, 
examines the self-reported working conditions 
as predictors of epigenetic ageing. These self- 
reported working conditions are all binary mea
sures, so the coefficients refer to the estimated 
difference in a measure between individuals with 
and without this occupational characteristic after 
accounting for the other included covariates. 
These conditions – high stress, high physical 
effort, and long working hours – are not signif
icantly associated with epigenetic ageing on the 
PCHorvath, PCHannum, or PCPhenoAge clocks. 
High physical effort is associated with 0.56 years 
of accelerated epigenetic ageing on the 
PCGrimAge clock in the minimally adjusted 

Table 1. Summary statistics of analytic sample: percent or 
mean (SD).

Mean (SD) or 
%

Percent 
Missing

Number of respondents 1,251
Chronological age in 2016 62.4 (3.8) 0
Epigenetic clocks in 2016 0

Horvath 59.7 (5.8)
Hannum 61.2 (6.3)
PhenoAge 59.5 (6.8)
GrimAge 72.1 (4.8)
Dunedin PACE 0.99 (0.14)

Current occupational category in 
2010

<1

Professional/managerial 43.8
Sales/clerical 24.8
Service 14.1
Manual 17.3

Self-reported occupational 
characteristics in 2010

High stress 21.7 <1
High physical effort 17.1 <1
Long hours (55+ hours per week) 10.3 1.3

Covariates
Sex 0

Male 49.0
Female 51.0

Race/ethnicity <1
Non-Hispanic White 79.3
Non-Hispanic Black 9.1
Hispanic 8.1
Non-Hispanic Other 3.5

Educational attainment <1
Less than high school 36.8
High school or equivalent 10.7
Some college 46.7
College or more 5.8

Smoking status in 2016 <1
Never smoker 45.2
Former smoker 43.3
Current smoker 11.5

Alcohol consumption in 2016 <1
Non-drinker 29.0
Moderate drinker 49.3
More than moderate drinker 21.7

Physical activity in 2016 <1
Active 91.6
Inactive 8.4

Body Mass Index in 2016 <1
Underweight/Healthy weight 
(< 25)

23.6

Overweight (25 to < 30) 39.1
Obese class I (30 to < 35) 24.2
Obese class II/III (�35) 13.1

Note: Data are from the Health and Retirement Study. The sample is 
restricted to participants aged 51–64 in 2010 who reported working 
for pay in a non-military occupation in the 2010 HRS core wave and 
who subsequently participated in the 2016 Venous Blood Study (VBS) 
and were part of the DNA methylation assay subsample. Summary 
statistics are weighted with VBS DNA methylation sample weights. 
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model, and high stress is significantly associated 
with 0.58 years of EAA in model 2. However, 
none of these conditions are significant predic
tors of PCGrimAge in the fully adjusted model. 
Last, high physical effort is associated with 
a 0.03-year per year faster pace of ageing in 
the minimally-adjusted model and high stress 
with a 0.02-year per year faster pace of ageing 
in model 2, but none of the characteristics 
remain significant in the fully-adjusted model.

Joint modelling of occupational categorizations 
and self-reported working conditions

In the last set of regressions, shown in Figure 4, we 
included both occupational categorizations and self- 
reported working conditions in the same models. The 
coefficients for both the occupational categories and 
working conditions are similar to those in the 

previous sets of models. High stress at work has 
stronger associations with PCGrimAge (0.74 years) 
and DunedinPACE (0.02-year per year faster pace of 
ageing), while high physical effort has weaker associa
tions with these measures than in the prior versions of 
these models that did not account for occupational 
category. As with the previous sets of models, few 
occupational characteristics are associated with EAA 
on these clocks after adjustment for lifestyle-related 
risk factors for EAA: only the associations between 
sales/clerical work and the PCHorvath (0.79 years) 
and PCHannum (1.08 years) clocks and between ser
vice work and PCGrimAge (0.66 years) remain statis
tically significant.

Supplementary analyses

In addition to the main specification predicting 
epigenetic age measures from the category of 
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Figure 2. Associations between current occupation category in 2010 and epigenetic age measures in 2016. The displayed effect sizes 
are the coefficients from linear regressions along with the 95% confidence intervals around these coefficients. The reference 
occupational category is managerial/professional and the coefficients for the other categories indicate the estimated difference in 
the epigenetic age measure between that category and managerial/professional after accounting for the other included covariates. 
Model 1 adjusts for age and sex. Model 2 additionally includes race/ethnicity and educational attainment. Model 3 additionally 
includes smoking status, alcohol consumption, physical inactivity, and Body Mass Index (BMI) category.
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current occupation, we considered an alternative 
specification in which we categorized individuals 
according to their longest occupation reported to 
the HRS by the 2010 wave. Appendix B presents 
the results from models based on the longest occu
pation reported to the HRS. These results (Table 
B3) are largely similar to those based on current 
occupation category, in that service and manual 
work show strong associations with epigenetic age
ing on the second- and third-generation clocks. As 
in the main analyses, these associations are typi
cally attenuated after adjustment for sociodemo
graphic characteristics and health behaviours.

As an alternative to the self-reported degree of 
stress involved at one’s job, we considered high job 
strain, which indicates that a worker experiences 
high job demands but low job control and is 
thought to better identify workers at risk of 
adverse psychological consequences than the 
demands of the job alone [33] (Appendix C). 
Although this measure is commonly used in the 

psychology literature and has been associated with 
the types of health measures on which the second- 
and third-generation clocks are trained, we do not 
consider job strain as our main specification 
because it is constructed from questions that are 
asked in the HRS psychosocial leave-behind ques
tionnaire and approximately 30% of our analytic 
sample either did not return this leave-behind 
questionnaire or did not answer enough of the 
questionnaire for us to determine their level of 
job strain. In the subset of respondents with mea
sures of job strain, 42% were classified as having 
a high job strain (above median demands and 
below median control), approximately double the 
percentage strongly agreeing that their job 
involved lots of stress. Despite the differences 
between these measures, we found associations 
between high job strain and PCGrimAge and 
DunedinPACE that were of similar magnitude 
and significance as the associations between high 
job stress and these clocks (Table C2). However, 

Figure 3. Associations between self-reported working conditions in 2010 and epigenetic age measures in 2016. The displayed effect 
sizes are the coefficients from linear regressions along with the 95% confidence intervals around these coefficients. These self- 
reported working conditions are all binary measures and the coefficients refer to the estimated difference in a measure between 
individuals with and without this occupational characteristic after accounting for the other included covariates. Model 1 adjusts for 
age and sex. Model 2 additionally includes race/ethnicity and educational attainment. Model 3 additionally includes smoking status, 
alcohol consumption, physical inactivity, and Body Mass Index (BMI) category.
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Figure 4. Joint association between current occupation category and self-reported working conditions in 2010 and epigenetic age 
measures in 2016. The displayed effect sizes are the coefficients from linear regressions along with the 95% confidence intervals 
around these coefficients. The reference occupational category is managerial/professional and the coefficients for the other 
categories indicate the estimated difference in the epigenetic age measure between that category and managerial/professional 
after accounting for the other included covariates. Model 1 adjusts for age and sex. Model 2 additionally includes race/ethnicity and 
educational attainment. Model 3 additionally includes smoking status, alcohol consumption, physical inactivity, and Body Mass Index 
(BMI) category.
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the associations between high job strain and 
PCPhenoAge were of greater magnitude than 
those using job stress and were significant in 
both the minimally-adjusted model and model 
controlling for race/ethnicity and education. In 
these models with job strain as the measure of 
psychosocial stress, high physical effort was signif
icantly associated with EAA on the PCHannum 
clock in all three models, in contrast to the main 
analyses in which no self-reported working condi
tions were associated with this clock.

Discussion

This study examined associations between occupa
tional characteristics of older adults and five mea
sures of epigenetic ageing in a population-based 
sample of older adults in the United States 
employed in a variety of industries and occupa
tions. We find evidence to suggest that individuals 
working in or those who have a history of working 
in sales/clerical, service, and manual work show 
evidence of EAA, but for the most part, these 
associations are substantially diminished and 
most are no longer significant after accounting 
for race/ethnicity and education.

We find that there are stronger associations in 
the expected directions with the second- and 
third-generation epigenetic clocks than with the 
first-generation epigenetic clocks. This is consis
tent with prior research finding that later- 
generation clocks show stronger and more consis
tent associations with social factors than do first- 
generation clocks [3,4,8]. With the first-generation 
PCHorvath and PCHannum clocks, sales/clerical 
was the only occupation category significantly 
associated with EAA, which was unexpected 
because service and manual work have been asso
ciated with worse self-rated health and increased 
risk of age-related disease in previous research 
[16–18]. In contrast, with the later-generation 
clocks, the minimally adjusted models reveal that 
sales/clerical, service, and manual occupations all 
exhibit accelerated ageing relative to managerial/ 
professional occupations. With the PCGrimAge 
clock, service work remains a significant predictor 
of EAA even in the fully-adjusted model, consis
tent with prior work finding that service workers 

experience accelerated biological ageing as mea
sured through a set of physiologic biomarkers [24].

Previous findings regarding occupational pat
terns of epigenetic ageing have been mixed and 
dependent on the epigenetic clock studied, but as 
with our study, when there are significant associa
tions, they tend to be with the later-generation 
clocks [6,10,25,26,34,35]. Austin et al. [34] found 
no difference in epigenetic ageing on the 
PCHorvath clock between adults employed in ser
vice/manual work compared to managerial/profes
sional work. Freni-Sterrantino et al. [25] found 
that white collar Finnish workers displayed signs 
of decelerated epigenetic ageing compared to blue 
collar workers with GrimAge and DunedinPoAm, 
but not with the Horvath, Hannum or PhenoAge 
measures. Using the UK Understanding Society 
study, Freni-Sterrantino et al. [26] observed decel
erated epigenetic ageing among workers in profes
sional and managerial jobs compared to those in 
routine occupations with the PhenoAge, GrimAge, 
DunedinPoAm, and Dunedin PACE measures but 
not the first-generation clocks. George et al. [6] 
studied British workers at age 53 and found no 
association between respondent’s occupation and 
the Horvath or Hannum clocks, an association 
between unskilled manual labour and accelerated 
PhenoAge, and a clear occupational gradient in 
accelerated GrimAge, with more disadvantaged 
occupations exhibiting greater degrees of age 
acceleration. McCrory et al. [35] found no associa
tion between current occupational position and 
the Horvath, Hannum, or PhenoAge clocks 
among Irish adults over age 50 in The Irish 
Longitudinal Study on Ageing (TILDA). Schmitz 
et al. [10] studied the association between occupa
tional prestige and epigenetic ageing among parti
cipants in the HRS and the Multi-Ethnic Study of 
Atherosclerosis (MESA), using General Social 
Survey rankings of occupational prestige, finding 
that lower occupational prestige was significantly 
associated with GrimAge and DunedinPoAm EAA 
but not PhenoAge.

With few exceptions, we did not find the self- 
reported working conditions of high physical 
effort, high job stress, and long working hours 
to be as consistently associated with epigenetic 
ageing. We did find high physical effort and 
high stress to be associated with accelerated 
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PCGrimAge and DunedinPACE, which is consis
tent with prior work demonstrating that these 
working conditions are risk factors for the types 
of biomarkers and health outcomes on which 
these epigenetic measures were trained, although 
this would also be true for PCPhenoAge 
[24,36,37]. However, these associations were 
more modest than those of the occupational cate
gories, which could reflect the fact that occupa
tional categories capture numerous working 
conditions, exposures, and benefits beyond the 
specific conditions examined in this study. These 
associations generally did not remain significant 
after adjustments for social factors and health 
behaviours, suggesting that occupational physical 
activity may appear to be a risk factor for EAA 
through its associations with socioeconomic sta
tus while stress at work may be a risk factor for 
EAA through its associations with health beha
viours outside of work. A prior study based on 
the FinnTwin12 cohort of Finnish twins similarly 
found that occupational physical activity among 
older adults (aged 55–74) was associated with 
accelerated epigenetic ageing on the GrimAge 
clock when adjusting for age and sex, but that 
this association no longer persisted after adjust
ments for BMI [27]. However, this same study 
found stronger, more persistent associations 
among a younger cohort of adults in their 20s, 
suggesting that working conditions may influence 
epigenetic ageing earlier in the life course. 
Another prior study based on a Finnish birth 
cohort examined associations between several 
working conditions at age 46 and the same five 
clocks as in the present study [25]. Their study 
also found that occupational physical activity was 
associated with EEA on the GrimAge clock that 
did not persist after similar adjustments; however, 
this study found long working hours to be asso
ciated with EAA on the Horvath and Hannum 
clocks even after adjustment for a similar set of 
covariates as used in the present study [25]. Freni- 
Sterrantino et al. [26], examined work hours and 
occupational physical activity in relation to these 
same clocks, finding that full-time (40 hours per 
week) workers showed evidence of EAA on 
PhenoAge relative to part-time workers (less 
than 40 hours per week) and that high occupa
tional physical activity was associated with EAA 

on GrimAge and DunedinPACE, but only the 
association between occupational physical activity 
and DunedinPACE remained after adjustment for 
a similar set of covariates as in our study.

Last, we jointly considered the occupational 
categories and the self-reported working condi
tions as predictors of the epigenetic age measures. 
Although high work stress was a significant pre
dictor of PCGrimAge and DunedinPACE, work
ing conditions do not appear to explain why 
individuals employed in lower status occupations 
display EEA, because in the minimally adjusted 
models, the occupational categorizations remain 
strongly associated with the second- and third- 
generation clocks even in the presence of these 
self-reported working conditions. As with the pre
vious analyses, the initial associations are largely 
attenuated after adjustment for social characteris
tics, and only a few associations remain signifi
cant after adjustment for health behaviours.

This study contains several limitations. Because 
we have epigenetic measures available at only one 
time point for respondents when they are age 56 
and above, it is not clear when epigenetic modifi
cations occurred among our sample respondents 
relative to the occupational characteristics we 
study. Our measures of occupational characteris
tics are taken from jobs held around midlife, but 
prior work has emphasized the importance of early 
life disadvantage for epigenetic ageing [3,34,38– 
40]. To address this issue, we have considered 
the longest-reported occupation among jobs 
reported to the HRS, but we acknowledge that 
this does not necessarily capture the longest-held 
occupation over respondent’s careers. In addition 
to data limitations regarding the timing of mea
surement of epigenetic age and occupational char
acteristics, we are also limited by the occupational 
characteristics available with the HRS data, which 
do not include important risk factors for epige
netic ageing identified in prior literature. For 
example, night shift work has been associated 
with accelerated epigenetic ageing and methylation 
at specific CpG sites related to circadian rhythm 
[25,26,41–43]. Future work should assess these 
associations at younger ages, take advantage of 
longitudinal epigenetic age measurements, and 
examine additional occupational characteristics to 
overcome these limitations.
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Despite these limitations, our study adds to 
the literature on work as a social determinant of 
accelerated ageing. Our findings suggest that 
occupational characteristics at midlife are asso
ciated with accelerated epigenetic ageing 
on second- and third-generation epigenetic 
clocks, but that these associations are largely 
accounted for by the relationships between 
occupational characteristics and sociodemo
graphic characteristics of individuals. More 
work is needed to understand when in the life 
course and the specific mechanisms through 
which these associations occur.

Note

1. The code to estimate the PC clocks is available from the 
L e v i n e  L a b  g i t h u b :  h t t p s : / / g i t h u b . c o m /  
MorganLevineLab/PC-Clocks. Because DunedinPACE 
already excludes CpG sites with low reliability, there is 
not an additional PC version of this measure.
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Appendix B. Analyses of longest occupation category reported to the HRS

In addition to the main specification predicting epigenetic age measures from the category of current occupation, we considered an 
alternative specification in which we categorized individuals according to the longest occupation reported to the HRS by the 2010 

wave. The longest reported job tenure is constructed by RAND as the maximum tenure of a) current jobs reported in the core waves, 
b) the last job reported by individuals not working at their first interview, and c) the most recent job held before the current or last job 
that was held for 5 or more years. Because of these restrictions, the occupational category of the longest-reported job is not necessarily 
the occupational category of the longest-held job over the respondent’s lifetime.

Table B1. Summary statistics of longest-reported occupational 
category in analytic sample.

Number of respondents 1,246

Longest-reported occupational category in 2010a

Professional/managerial 44.0%
Sales/clerical 24.6%
Service 11.6%
Manual 19.8%
Military <1%

Note: Data are from the Health and Retirement Study. The sample is 
restricted to participants aged 51–64 in 2010 who reported working 
for pay in the 2010 HRS core wave and who subsequently partici
pated in the 2016 Venous Blood Study (VBS) and were part of the 
DNA methylation assay subsample. Individual earnings are con
structed by RAND and already contain imputations for missing 
values. Summary statistics are weighted with VBS DNA methylation 
sample weights. 5.4% of respondents were missing longest- 
reported occupation category. Missing values were imputed using 
multiple imputation before running the regression analyses. 
Respondents reporting a military occupation as their longest-held 
job were excluded because military occupations do not neatly fall 
into these categories and there are too few respondents with 
a history of military work for it to be a distinct category. 

Table B2. Current occupational category by longest-reported occupational category.
Longest-reported occupation category in 2010 wave

Managerial/professional Sales/clerical Service Manual

Current occupation category in 2010 wave
Managerial/professional 9.1 10.2 4.2 5.5
Sales/clerical 5.6 81.0 10.3 6.9
Service 1.8 6.6 77.7 11.7
Manual 2.4 2.2 7.8 76.0
Total 100% 100% 100% 100%
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Table B2 below displays the distribution of current occupation category in the 2010 wave by the longest-reported occupation 
category in the 2010 wave. Within each category of longest-reported occupation category, the majority of individuals (upwards 
of 75%) are still employed in the same category. Continued employment in the same category as one’s longest-reported job is 
most common among workers with a history of managerial/professional employment, and least common among workers with 
a history of manual employment.

Appendix C. Analyses of job strain as measure of job stress

As an alternative measure of job stress, we considered job strain, which is a concept in the psychology literature defined by the 
combination of job demands and job control. Unlike the question about overall job stress that is asked of every working 
respondent in the core HRS waves, these questions related to job demands and job control are asked as part of the leave-behind 
questionnaire, which respondents must fill out and mail back on their own. The leave-behind questionnaire is administered to 
alternating halves of the sample in each wave, so for individuals in our analytic sample who were not assigned the leave-behind 
questionnaire in 2010, we took their responses from 2008 or 2012. Approximately 30% of the sample did not respond to the 

Table C1. Summary of job demands and job control questionnaire items.

Variable Question wording
Possible 

responses Coding

Job demands items
Time pressure I am under constant time pressure due to a heavy 

workload.
1 = strongly 
disagree 
2 = disagree 
3 = agree 
4 = strongly 
agree

Kept original coding scale

Working fast Considering the things I have to do at work, I have 
to work very fast.

1 = strongly 
disagree 
2 = disagree 
3 = agree 
4 = strongly 
agree

Kept original coding scale

Conflicting demands In my work I am free from conflicting demands that 
others make.

1 = strongly 
disagree 
2 = disagree 
3 = agree 
4 = strongly 
agree

Reverse coded such that 1 = strongly agree and 4 = 
strongly disagree.

Job control items
Freedom over work I have very little freedom to decide how I do my 

work.
1 = strongly 
disagree 
2 = disagree 
3 = agree 
4 = strongly 
agree

Reverse coded such that 1 = strongly agree and 4 = 
strongly disagree.

Control over what 
happens

At work, I feel I have control over what happens in 
most situations.

1 = strongly 
disagree 
2 = disagree 
3 = agree 
4 = strongly 
agree

Kept original coding scale

Opportunity to 
develop skills

I have the opportunity to develop new skills. 1 = strongly 
disagree 
2 = disagree 
3 = agree 
4 = strongly 
agree

Kept original coding scale
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leave-behind questionnaire in any of these waves or did not respond to enough of the questions necessary to construct our 
measure of job strain.

For the subset of our analytic sample who responded to the leave-behind questionnaire in one of these waves, we 
constructed summary indices of job demands and job control based on the average of the variables described in Table C1. 
Where necessary, we reverse coded variables within the indices so that higher scores indicate greater job demands or greater 

job control. In cases where respondents were missing individual items within job demands or within job control, we calculated 
the average of the items for which they had non-missing responses.

After creating the indices of job demands and job control, we dichotomized both at their sample medians and 
individuals with above-median job demands and below-median job control were classified as having high job strain 
[44]. 42% of the respondents who participated in the leave-behind questionnaire were classified as experiencing high job 
strain.

The results of models predicting the epigenetic age measures from this measure of high job strain, high physical effort, and 
long working hours are displayed in Table C2.
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Table C2. Associations between self-reported working conditions and epigenetic age measures in subsample that responded to 
psychosocial leave-behind questionnaire: High job strain as measure of job stress.

PCHorvath PCHannum PCPhenoAge PCGrimAge DunedinPACE

M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3

High job strain 0.427 0.334 0.268 0.54 0.468 0.42 0.834* 0.864* 0.715+ 0.469* 0.461* 0.251 0.023* 0.025** 0.018*
High physical 

effort
0.603 0.607 0.669 1.256* 1.209* 1.315* 0.766 −0.092 −0.032 0.757* 0.334 0.243 0.018 −0.009 −0.011

Long work hours 0.237 0.084 −0.015 −0.011 −0.112 −0.176 −0.822 −0.392 −0.353 0.216 0.37 −0.059 −0.008 0.006 −0.002
Controls for age & 

sex?
X X X X X X X X X X X X X X X

Controls for race & 
education?

X X X X X X X X X X

Controls for 
health

X X X X X

behaviors in 
2016?

N 886 886 886 886 886 886 886 886 886 886 886 886 886 886 886
+p < 0.10, * p < 0.05, ** p < 0.01, *** p <0.001. Results are pooled across 10 imputations. Model 1 adjusts for age and sex. Model 2 additionally 

includes race/ethnicity and educational attainment. Model 3 additionally includes smoking status, alcohol consumption, physical inactivity, and 
Body Mass Index (BMI) category. 
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