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Abstract

This study characterizes heterogeneous trajectories of health among older Americans and investigates
how employment histories differentiate them. Using the Health and Retirement Study, we examine the
impact of occupations on patterns of limitations in activities of daily living for women and men between
1996-2010. Preliminary results from Growth Mixture Models depict four trajectory classes that change non-
linearly: one with no baseline limitations but a subsequent sharp increase, a second with few and steadily
rising limitations, a third with individuals who do not develop limitations, and a fourth characterized by
some baseline limitations and subsequent recovery. HRS Men engaged in managerial, professional, and
sales occupations were least likely to be in the trajectory class with a high number of limitations. Our next
steps are to add detailed data on job characteristics from the O*NET repository, incorporate time-varying
covariates into the models, and compare results across genders and HRS cohorts.



Background

Recent and projected increases in the absolute and relative size of the older population have raised
concerns about the level of pension spending and its sustainability into the future. Advocates for raising
the pension eligibility age note that life expectancy in the US was less than 61 years in 1935 (when the
eligibility age was set at 65), and point to improvements in life expectancy to argue that older Americans
are living longer, healthier lives, and are thus capable of working longer. In response to these trends and
concerns about fiscal viability, the full retirement age for Social Security benefits has been rising: it is
scheduled to reach 67 for individuals born in and after 1960 (Kingson and Altman, 2011), and there are
proposals to further increase it to 70 (Office, 2010).

However, life expectancy alone does not capture all the health information that would be relevant for
assessing the capacity of American workers to stay on the job beyond traditional retirement ages. Tra-
jectories of physical and mental health in later life are known to vary greatly across individuals and socio-
demographic groups (Liang et al., 2010, 2011, Xu et al., 2010, Quiñones et al., 2011), reflecting the dynamic
influence of innate endowments and the cumulative impact of lived experiences in specific environmental
and socioeconomic contexts. Thus, though people tend to live longer, the additional years are not always
healthy ones: they may also be burdened by health problems that lower their quality of life and limit their
ability to continue working.

While limitations in physical activities become increasingly common with age, the nature and pattern
of health declines in later life may be associated with particular prior exposures in early and mid-life. A
substantial literature documents higher levels and earlier onset of disability and impaired physical function
among minorities and individuals of lower socioeconomic status (Deaton and Paxson, 1998, Geronimus
et al., 2001, Zajacova et al., 2014). While survival to and health in older ages have been linked to measures
of socioeconomic position, the specific mechanisms that predispose individuals to particular impairment
patterns are not well understood. Occupation, as a nearly universal adult experience, is an exposure of
special interest both for life-course researchers and for those engaged in retirement age policy debates. In
this paper, we ask how individuals exposed to particular occupations (with their concomitant physical and
psychosocial working conditions) vary in their likelihood of following differing physical health trajectories
in later life.

Past research has postulated that individuals who have held jobs characterized by lower socioeconomic
position and poor physical or psychosocial working conditions will tend to have worse physical and psy-
chosocial health in later life and shorter life expectancies (Marmot et al., 1997, Case and Deaton, 2005).
However, longitudinal studies (often relying on limited data on past occupational exposures) have found
mixed evidence on how occupations may influence health of older adults (Pietiläinen et al., 2011, Gue-
orguieva et al., 2009).

By linking detailed, newly-available occupational information to the rich individual data available in the
Health and Retirement Study (HRS), this research will contribute to current knowledge in several respects.
The HRS offers an opportunity to examine the association between work and health in a nationally repre-
sentative sample, including both men and women (who have been less studied) with varied backgrounds.
Linking the HRS with detailed occupational information from O*NET (an online occupational data repos-
itory) will enable us to construct detailed psychosocial working conditions variables that facilitate the
analysis of cumulative exposures to specific job characteristics and their impact on health. Finally, a latent
class approach to modeling health trajectories will provide a nuanced analysis of differences in baseline
health as well as impairment progression patterns, linking them to occupations and working conditions.
Our findings will improve our understanding of differentiation processes and factors that promote or hin-
der compression of morbidity (and need for support) in later life and inform policy debates regarding the
pension eligibility age and post-retirement health and survival.

Research Questions and Hypotheses

Our project seeks to answer two broad questions:

• Question 1 How do past occupational exposures affect older Americans’ physical health?

• Hypothesis 1 We expect that individuals who previously held jobs with poor physical or psychosocial
conditions will have worse physical health outcomes later in life.

• Question 2 Do past occupational exposures have different effects on the health trajectories of older
Americans depending on their birth cohort and sex?

• Hypothesis 2 We hypothesize that past occupational exposures will be more varied and have a greater
influence on the health trajectories of older men than of older women because men in these cohorts
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spent more time in the formal labor force. We further expect that the effect of physically or psycholog-
ically demanding occupations on health trajectories may be most manifest among older cohorts based
on their greater exposure to physically and psychologically stressful working conditions.

Data and Methods

Data

This analysis is based on the Health and Retirement Study (HRS), a longitudinal survey of community-
dwelling middle-aged and older Americans with extensive information on both socioeconomic conditions
and health status (Juster and Suzman 1995, National Institute on Aging 2007).

In the present study, baseline data were obtained from responses in 1996 for the HRS cohort. Follow-
up data were gathered every two years up to 2010. HRS data collected in 1992 and 1994 were excluded
because several key questions about health and occupations, as well as their response options, were worded
differently in those waves, rendering comparisons difficult. We additionally exclude individuals who were
part of the HRS military subsample because their past occupational exposures were quite different from the
general sample. We use the RAND data file, and the final analytical sample consisted of 27,628 individuals
at baseline, with 17,721 (64% of the initial sample) surviving to the last wave of the survey in 2010.

In order to study how current and past occupational exposures and stressors may contribute to health as
individuals enter older ages, we plan to combine longitudinal occupational data available in the HRS with
detailed information on occupational characteristics available in the O*NET database (an online repository
that has updated the Dictionary of Occupational Titles used in previous research on aging and retirement
and occupational epidemiology: http://www.onetonline.org/). The O*NET data will add information on spe-
cific working conditions (e.g. work control, psychological job demands, social support, physical demands,
and job hazards) to the rich personal health and employment data in the HRS.

Outcomes
Our primary outcome of interest in this analysis was the number of Activities of Daily Living (ADLs)

with which respondents reported having difficulty. The six ADLs include dressing, walking, bathing or
showering, eating, getting in or out of bed, and using the toilet. Self-reported ADL difficulties have been
shown to be comparable to objective performance measures in predicting functional capacity (Idler and
Benyamini, 1997, Fried et al., 2001) and to be accurate for the majority of men and women across a range
of socio-economic contexts (Merrill et al., 1997, Wray and Blaum, 2001). Figure 1 displays the average
number of ADL limitations across survey waves for each sex and cohort grouping. As expected, members of
older cohorts have a higher prevalence of limitations than members of younger cohorts, and women report
higher levels of ADL limitations than males in the same age cohort.

In future analyses to be added to this paper, we may also consider other measures of physical impairment
including trajectories of limitations in activities of daily living and number of chronic diseases. Through
additional analyses, we will examine how sensitive our estimated trajectories are to the specific measure
of physical health impairment used.

Independent Variables
The HRS includes information on all respondents’ current job as well as their longest-held one. Research

has shown that health is sensitive to working conditions, and understanding the structure of a career – not
merely the circumstances most proximate to retirement – is essential for understanding the long-term
influence of job characteristics on later life health (Moore and Hayward, 1990, Gueorguieva et al., 2009)

The first 7 waves of the HRS used the 1980 Census occupation codes, with 17 categories. In wave 8
(2002), the HRS changed its occupational coding to include 25 categories, in accordance with the 2000
Census. In this analysis these categories are collapsed into eight mutually exclusive categories based on
similarities in required education and income. The final categories are (1) professional and technical sup-
port (reference); (2) managerial; (3) clerical and administrative support; (4) sales; (5) mechanical construc-
tion, and precision Production Longest Occ; (6) service (including private household services, protective
services, food preparation, health service, and personal service); (7) operators, fabricators, and laborers;
and (8) farming, forestry, and fishing. Fewer than 10 respondents who reported being in the armed forces
were dropped from the analysis.

In addition to these broad occupational categories, we are currently in the process of constructing
detailed measures of occupational strain by linking each individual’s longest-held and current occupation
to the physical and psychological strain score associated with that specific occupation as measured in
O*NET, an online dictionary of occupations and their associated qualifications, physical and social work
environments, and job characteristics (including physical and psychological job demands and hazards).

Controls
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We hypothesize that there may be significant variation in health trajectories and occupational exposures
by sex and cohort. Consequently, we run separate models by gender and birth cohort. We divide cohorts
according to HRS administrative standards AHEAD, HRS, CODA, Additionally, we expect that health trajec-
tories may be shaped by sociodemographic and life style factors. Thus, we include time-invariant factors
like race and ethnicity (black, white, hispanicity), educational attainment (less than high school, ged, high
school graduate, some college, 4 year college degree and more than college), health insurance type, and
wealth measured in 1998. We also examine time varying factors like marital status (single, married, sep-
arated, divorced, widowed) smoking status, and retirement status (not retired/retired). More information
on select covariates is shown in Table 1.

Methods

To capture how individuals’ health changes over time and information about differences in individual tra-
jectories of change while accounting for heterogeneity in the larger population, we use growth mixture
modelling (GMM). GMM is a person-centered analysis strategy in that the focus is on relationships among
individuals with the goal of classifying individuals into distinct groups based on individual patterns of health
limitation, onset, and progression. The analysis then assigns an individual a probability of being a member
of each identified group, where the likelihood of an individual’s group membership may be influenced by
other model covariates – e.g. past occupational strain.

ADL limitations are treated as a zero-inflated count variable and estimated using a Poisson model (con-
sistent with the patterns of limitations shown in Figure 1). For each sex and cohort group, we sequentially
build models to test the influence of past occupational exposures on the pattern of ADL limitations. We first
construct growth mixture models with health outcomes modelled only as a linear function of time. Next,
we estimate models that estimate these models as a linear function of time but including the time invariant
characteristics described in Controls as well as information on the longest held occupation a respondent
held at the baseline wave. Then we explore whether model fit can be improved by incorporating polynomial
terms. Finally, we add time varying covariates, again allowing for potential non-linearity in the trajectories
over time. The final models will also include dropout due to mortality and dropout due to other or unknown
reasons as covariates. All trajectory analyses are done using Mplus 7.11 (Muthen and Muthen 2013). Fol-
lowing suggested practice (Jung and Wickrama, 2008), we determine the best fitting model based on the
smallest BIC value combined with a significant Lo, Mendell, and Rubin likelihood ratio test. .

To test our first hypothesis, we determine if there are distinctly different trajectories of health within
each HRS gender-specific cohort and whether a person’s expected trajectory is related to prior occupation
exposures. We address our second hypothesis by comparing the number of trajectories and their shapes
across cohorts and sexes.

Preliminary Results

Below, we present the results of preliminary models describing trajectories of ADL difficulties among mem-
bers of the main HRS male cohort. The models incorporate time invariant factors including educational
attainment, race, and longest held occupation at baseline and test for non-linearity in the health trajectory
as a function of time.

Based on LMRT and BIC values (shown in Table 2), we find that the best fitting model for the cohort
of HRS men has four distinct classes of health trajectories and health is a non-linear function of time;
we include a quadratic term in models. The estimated trends in ADLs across survey rounds is shown
in Figure 2 1. Class 1 characterizes individuals who start at the baseline with no health limitations but
experience a sharp rise in limitations across survey rounds. Class 2 consists of individuals who start with
some limitations at the base line survey round and experience a steady rise in health limitations over time.
Class 3 Consists of persons who started without a health limitation and did not develop one over followed
survey rounds. Finally, class 4 has individuals who had some limitation at baseline but recovered across
survey rounds.

In addition to finding distinct classes of health trajectories, we also find that a person’s longest-held oc-
cupation is predictive of their most likely class. Compared to persons without any longest held occupation,
respondents whose longest held occupation had been in managerial, professional, or sales work were sig-
nificantly less likely to be in Class 2, the class characterized by significant health limitations that increased
across survey rounds. Table 3 shows the full relations of race, education, and occupational categories to
an individual’s predicted class.

1Due to limitations in software, these trends represent approximate trajectories based on a model without covariates. In most
cases, this provides an good approximate of the fitted trajectories with covariates.
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Next Steps

Early estimates have shown that past occupation does significantly affect the health trajectories of men
in the HRS cohort. While we currently employ a crude measure of occupational exposures, we are in
the process of developing more nuanced measures of occupational exposures by linking the O*NET data
with three digit specific occupation codes found in restricted HRS data files. The linkage will allow us to
incorporate more nuanced information on the physical and mental strain associated with particular jobs
into our models. Subsequent work will also incorporate additional time-varying covariates, and expand
comparisons by gender and across HRS study cohorts.
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Tables and Figures

Figure 1: Trends in Activities of Daily Living (ADL) Limitations by Cohort and Gender, 1996-2010
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Table 2: Model Fit Statistics

Model Adjusted BIC Entropy LMR Value LMR P
2 Class 26989.103 0.707 908.368 0
2 Class Quadratic 26926.055 0.703 1939.642 0
3 Class 27048.137 0.779 26.79 0.03
3 Class Quadratic 26753.093 0.699 632.731 0
4 Class 26650.369 0.609 198.717 0.0025
4 Class Quadratic 26617.778 0.628 225.324 0
5 Class 26648.166 0.693 35.085 0.0739
5 Class Quadratic 26584.518 0.671 100.316 0.7334

Note: The best-fitting model based on the adjusted Bayesian Information Criterion and the
Lo-Mendel-Rubin likelihood ratio test is the 4 class quadratic model.
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Table 3: Factors Predicting Class Membership

C#1      ON BETA SE T-STAT P VALUE

RACE-BLACK -0.272 0.219 -1.239 0.215

RACE-OTHER 0.306 0.309 0.99 0.322

LESS THAN HS 0.828 0.232 3.575 0

HIGH SCHOOL 0.534 0.215 2.483 0.013

SOME COLLEGE 0.757 0.224 3.389 0.001

PROFESSIONAL LONGEST OCC -0.035 0.285 -0.123 0.902

MANAGER LONGEST OCC -0.465 0.268 -1.738 0.082

CLERICAL LONGEST OCC 0.231 0.339 0.683 0.495

SALES LONGEST OCC -0.502 0.342 -1.466 0.143

PRODUCTION LONGEST OCC 0.216 0.246 0.879 0.38

SERVICE LONGEST OCC 0.185 0.336 0.552 0.581

OPERATIONS LONGEST OCC 0.093 0.252 0.368 0.713

FARMING LONGEST OCC 0.222 0.369 0.603 0.547

C#2      ON BETA SE T-STAT P VALUE

RACE-BLACK 0.485 0.133 3.654 0

RACE-OTHER 0.303 0.232 1.308 0.191

LESS THAN HS 1.412 0.194 7.295 0

HIGH SCHOOL 0.5 0.204 2.451 0.014

SOME COLLEGE 0.655 0.205 3.189 0.001

PROFESSIONAL LONGEST OCC -0.5 0.243 -2.053 0.04

MANAGER LONGEST OCC -0.521 0.2 -2.604 0.009

CLERICAL LONGEST OCC -0.336 0.294 -1.144 0.253

SALES LONGEST OCC -0.457 0.255 -1.793 0.073

PRODUCTION LONGEST OCC -0.231 0.174 -1.33 0.183

SERVICE LONGEST OCC 0.244 0.211 1.16 0.246

OPERATIONS LONGEST OCC -0.03 0.16 -0.187 0.851

FARMING LONGEST OCC -0.036 0.258 -0.139 0.889

C#4    ON BETA SE T-STAT P VALUE

RACE-BLACK 0.02 0.227 0.089 0.929

RACE-OTHER -0.57 0.506 -1.127 0.26

LESS THAN HS 0.761 0.237 3.214 0.001

HIGH SCHOOL 0.022 0.238 0.093 0.926

SOME COLLEGE 0.226 0.245 0.926 0.354

PROFESSIONAL LONGEST OCC -0.119 0.299 -0.396 0.692

MANAGER LONGEST OCC -0.264 0.291 -0.908 0.364

CLERICAL LONGEST OCC -0.117 0.447 -0.262 0.793

SALES LONGEST OCC 0.181 0.317 0.573 0.567

PRODUCTION LONGEST OCC -0.053 0.268 -0.199 0.842

SERVICE LONGEST OCC 0.231 0.352 0.656 0.512

OPERATIONS LONGEST OCC 0.007 0.266 0.025 0.98

FARMING LONGEST OCC 0.44 0.357 1.232 0.218
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