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Abstract

In this paper, we characterized health trajectories over an 18-year period for a cohort of
American workers. We used administrative data to track monthly, health-related events for six
chronic diseases (asthma, arthritis, diabetes, depression, ischemic heart disease, and
hypertension) including the diagnoses of new disease, hospitalizations, and outpatient visits.
Using these data, we first used sequence and cluster analysis to characterize long-term
trajectories of health and to group workers according to their patterns of work experience. We
then modeled the relationship of these health trajectories to retirement age, accounting for
baseline underlying health, as well as a number of demographic and job-related characteristics.
Finally, we consider the role of physical and psychosocial job demand in retirement age.

Our analysis produces a number of findings that should be of interest to those studying
retirement policy. In our data, workers can be categorized into a small number of distinct work
trajectories. While the majority of workers in this sample remain relatively healthy for much of
the observation window, others exhibit patterns of health-related events that are often marked by
hypertension and/or arthritis. We find that clusters characterized with health events related to
hypertension and arthritis are likely to retire later, not earlier. We offer a possible interpretation
that these numerous health-related events are signaling the proper management of these chronic
diseases, allowing workers to extend their working life. Moreover, we find an association with
job demands and retirement, even after controlling for health. Specifically, we find that
increases in exposure to heat are associated with lower retirement age, as is less decision-making
autonomy. The limitations of this paper include the lack of a representative sample, a relatively
small sample size, and the strong incentives of retirement pensions in this cohort that may

overwhelm other factors related to retirement decisions.

The paper found that:
e There are six distinct clusters of health trajectories, which are largely characterized by
diagnosis and management of hypertension and arthritis.
e Workers with health trajectories that involve more health-related events, and in particular
hypertension, were actually more likely to retire later relative to their healthier peers.
This may reflect better management of hypertension through more frequent outpatient

physician visits, or a greater need for health insurance coverage.



e Increases in one physical job demand—heat —and decreases in one psychosocial job

demand —decision-making autonomy—were associated with lower retirement age.

The policy implications of the findings are:
e Interventions to decrease the prevalence of, or help in the management of, hypertension
and arthritis may help keep workers healthier while working.
e Retirement pensions and health insurance provide strong incentives for employees to
work longer.
e Lessening demanding job conditions, and in particular exposure to heat, could allow
workers to retire later. Likewise, creating opportunities in the workplace for workers to

have greater decision-making autonomy may also incentivize later retirement.



Background

The transition from work to retirement is a complex process that can follow various
pathways and evolve from multiple influences. Health is often considered one of the most
important factors in the transition to retirement (Munnell, Sanzenbacher, & Webb, 2015). As
such, there a is long literature exploring the role of health in retirement (Duggan, Singleton, &
Song, 2007; Dwyer & Mitchell, 1999; McGarry, 2004; Munnell, Soto, & Golub-Sass, 2008).
Indeed, research suggests that the growing gap in retirement ages may be a function of growing
inequality in health and longevity (Rutledge, 2018). However, most work studying the role of
health on retirement is based on short time frames, with little follow up and/or long lags of time
between follow ups, or centered on the time period immediately preceding or following the
retirement decision.

However, the state of an individual’s health state at retirement is the result of a
cumulative process of deteriorating health across the entire span of adulthood. While it has been
assumed in both the scientific and policy-oriented literatures that life course experiences are
important factors for understanding retirement, the relevance of mid-life experiences have often
remained implicit or been neglected in empirical studies. The limited evidence focused on the
relationship of mid-life health and retirement often focuses on specific health shocks and not
longer-term health trajectories. Little is known about the cumulative patterns of health during
active employment on retirement patterns.

Scholarly efforts in this domain have been stymied, because opportunities to track
longitudinal data through long periods of working histories are extremely rare. We address this
gap in knowledge through use of a unique database of nearly 5,000 retirees who were previous
employees at a large national firm, with detailed, longitudinal health claims data on their tenures
at the firm.

We seek to answer two questions: First, can early retirement of workers be explained by
midlife health trajectories? Second, given that previous work with these data suggests that
workers whose jobs have high physical job demand retire earlier (Modrek & Cullen, 2012) we
also ask: How is that relationship influenced by job demand? We explore the relationship
between these health trajectories and job demand, and ask whether job demand mediates the

health-retirement association. We explore patterns in job demand over employment and job



characteristics, how those patterns are related to past or subsequent changes in health, and how
these effects cumulate jointly to inform retirement decisions.

This project seeks to answer the following questions:

1. How are trajectories of health across mid-life related to retirement age?

2. How is the relationship between long-term health trajectories and retirement decisions

mediated by job characteristics and job demand?

Data

This study employs a set of administrative data, the American Manufacturing Cohort
(AMC), that track the employment, health, and job characteristics of a large cohort of workers at
a major American manufacturing firm between 1996-2013. These data are both dynamic—
capturing changes to employees’ job characteristics, health, and employment status as they
occur—and long term, following individuals so long as they are employed at the firm within the
observation period. We draw on multiple sources of administrative data from AMC. The two
central components of the data are: i) the human resources (HR) records that detail all changes in
work status (i.e., hiring, firing, retirement, entering or returning from leave status, promotion,
etc.) for all employees, and ii1) health claims data, which record all inpatient and outpatient visits,
as well as disease diagnoses for all workers eligible for the employer-sponsored medical
insurance. We combine these records with data on job characteristics and job demand, as well as
other worker-level covariates including sex, age, race, plant location, state of birth, and tenure at
the firm.

Our primary analytical sample contains 4,672 retirees from 26 plant locations who were
employed at the firm for at least 12 consecutive months between 1996 and 2013 and retired
during that period, and who are eligible for employee-sponsored health care benefits. For
analysis involving questions related to job demand, we must restrict our analytical sample to the
plants at which the job demand survey (see description in measures section below) was
administered. As such, our analytical sample for analysis related to job demand is 1,707 from

seven principal plants.



Measures
Health Measures

Health status is assessed through linkages to medical claims records from employee-
sponsored health insurance and includes all inpatient and outpatient visits and diagnoses of
health conditions. Nearly all workers are eligible and covered under the employee-sponsored
health insurance so data are available for any eligible workers during the 18-year time period
between 1996-2013.

Six chronic diseases will be assessed using ICD-9 codes from the health claims data:
asthma/COPD, arthritis, diabetes, depression, hypertension, ischemic heart disease, and
musculoskeletal problems. We assess three different health-related events: a hospitalization, a
new diagnosis, and a change to treatment or care of a chronic disease through outpatient visits.

We also measure baseline underlying health through the use of a health risk score. The
health risk score is computed using an individual’s Current Procedural Terminology (CPT) and
ICD codes and use of healthcare services from the previous year and is a measure of individual-
level health expenditures in the last year. These inputs are used to predict an individual’s health
expenditures in the coming year. The scores are standardized such that a score of 1 indicates that
the individual’s health expenditures are likely to fall at the median in the following year. Each
unit increase predicts a one-fold increase in expenditures above the median. This score is
produced by Verisk Health. Past work has shown that these (Hamad, Modrek, Kubo, Goldstein,
& Cullen, 2015) scores are a close measure of general health. These scores are available for all
workers on a yearly basis; we use baseline data for every worker, which is used to represent

baseline general health.

Retirement

The HR records contain a dated record of all employee records. When an employee
leaves the firm, retirement is coded as the reason for leaving. We calculate age at retirement by
subtracting the date (day, month and year) of a retiree’s listed birthdate from the HR records

from their date of retirement.



Job Demand

Job demand data come from a job demand survey that includes externally rated measures
of physical and psychosocial work for the majority of hourly workers. We will include two
measures of physical demand: exposure to heat and physical demand. Both are measured on a
Likert scale with the lowest value representing the lowest demand. We also include four
measures of psychosocial demand based on the following questions: frequency of the need to
work fast, importance of doing work without mistakes, frequency of conflicting demands, and
level of decision-making and autonomy. A single expert rater at each plant rated the job demand
by department and determined the job demand score. The raters were safety and health mangers
who received training on the criteria to rate each job prior to the data collection. While the
survey was done in 2003, the standardized titles allow us to assign workers job demand scores
going both forward and back in time because the nature of work for hourly workers (the majority
of the sample) has not changed drastically. We match job titles from 1996 through 2013. In
order to avoid time-varying confounding, we use job demand at baseline, which represents either
1996 for workers hired before that year, or the year of hire for workers hired after that year. The
vast majority of workers do not transition to lower or higher demand jobs across the observation
window so baseline job demand is highly representative of a worker’s demand for the entire
observation window. In all cases, job demand variables are coded such that higher values equal

more difficult or challenging demands.

Disability

The pathway from poor health to retirement decisions sometimes passes through short- or
long-term disability. Previous work (Harrati, Hepburn, Meausoone & Cullen, under review)
explored detailed trajectories of transitions into and out of employer-sponsored short- and long-
term disability for this cohort. We will use these data in our current analysis as well. Gathered
from HR records, the data include daily dates and duration of every episode of employee
sponsored short and long-term disability. In previous work, we use cluster analysis to group
workers by their trajectories of disability. We use worker cluster-membership in our analysis.

We also flag any worker who ends up on company long-term disability insurance (N=65).



Other Covariates

The HR records also contain a number of other metrics that we will use as covariates or
additional measures of job characteristics. These include: age, sex, tenure at company (based on
original hire date, which is often before our observation window of 1996), whether the worker is

unionized, and whether the employee works in a smelter or a fabrication plant.

Methods

Our empirical strategy consists of two parts. First, we estimate individual trajectories of
health and then group, or cluster, workers with similar trajectories. Secondly, we model
retirement age as a function of these health trajectories, as well as job demands and other
personal and job-related characteristics. To do so, we employ three analytic techniques.

First, using the detailed health claims data for our sample of workers, we record any
health-related incident (new diagnosis, hospitalization, new prescription, or office visit) for six
chronic diseases for every month between 1996-2013. Importantly, these trajectories reflect their
medical claims data and remain free of the bias inherent in self-reported data.

We use these data to create a matrix spanning 4,672 workers over 216 months (running
from January 1, 1996 to December 31, 2013). Each month is coded with a measure of health if,
in that month, there is: 1) a new diagnosis, or i1) an outpatient visit for any one of the six health
conditions detailed above, or iii) an inpatient hospitalization for any one of the health conditions.
If more than one health event takes place in a month, both are listed (the cluster analysis,
described below, can appropriately handle multiple events in the same time period). This matrix,
thus, tracks trajectories of any new health events for any and all months for which a worker is
employed during this 18-year observation period.

Second, we use cluster analysis to group workers into common trajectories of health. We
use the technique of discrepancy analysis (Studer et al., 2011) as our methodological framework.
The result of this analysis gives us groups of individuals clustered under the same typology of
health patterns. We attempted clustering using a number of algorithms and find the most robust
results (judging by average silhouette width) with both the Ward’s minimum variance method

(Blashfield, 1976) and the Partitioning Around Medoids (PAM) method (Kaufman &



Rousseeuw, 2005), yielding similar clusters. We use the Ward method for our reporting and our
modeling.!

Third, we model the relationship between membership in a specific health cluster and
retirement age, controlling for a number of demographic, job, and plant-level characteristics at
baseline (1996) listed above. We carefully consider physical and psychosocial job demand, as
well as transitions into employer-sponsored disability to understand pathways between health
and retirement decisions. Because the distribution of retirement age is normally distributed, we
use ordinary least squares (OLS) models with plant and year fixed effects. In order to ensure that
we are not controlling for factors that are on the causal pathway between health trajectories and
retirement age, we first model membership into a cluster by the list of covariates using a
multinomial logit model. We exclude the covariate of unionized because it is collinear with
smelter and the plant fixed effects.

Similarly, we model the distribution of retirement age as a function of job demand for the
subsample for whom data are available (N=1707). We include health trajectories as well as the
same covariates as in the model specification focused on health. Given the small sample size, we
are underpowered to run a formal mediation analysis between health trajectory clusters and the
various metrics of job demand but instead describe relationships between these health trajectories
and job demand in the results section. We exclude smelter as a covariate in these specifications

because of collinearity with a number of job demands.

Results
Descriptive Statistics

Table 1 displays the summary statistics for the entire analytical sample of retirees. The
mean age at retirement is 58 (s.d. 4.59 years). This is much lower than the national average and
can be explained by the strong pension system available to workers in the company. Workers
become pension eligible under a variety of circumstances, but typically after 30 years of service.
As such, many workers who start their employment in their early or mid-20s are eligible for full
retirement by their mid-50s. This is further underscored by the mean tenure, which is 30.7 years
of service. Given that this is a manufacturing company, the sample is majority male and also

majority White. Seventy percent of the sample are hourly workers (as opposed to salaried) at

! Results for analysis using clusters created with PAM are available upon request.



baseline and about 60 percent work in smelters (versus fabrication plants). Workers in this firm
have high rates of use of disability insurance benefits. More than 40 percent of workers had at
least one spell of short-term disability during the observation window, 21.5 percent had two or
more spells, and 1.4 percent of workers (N=65) went onto long-term disability during the
observation period.

Table 3 displays the prevalence of disease for the six health conditions for our retirees
while they were employed between 1996-2003. This prevalence is calculated using the date of
new diagnoses and includes incident of disease before and during the observation window
between 1996-2013 but does not include any new diagnosis after workers have retired.
Hypertension and arthritis have the highest prevalence in this cohort, followed by diabetes and
ischemic heart disease. The mean total number of inpatient and outpatient visits for workers is
5.8 visits for hypertension and 3.5 visits for diabetes (Table 1). One quarter of the sample has
been diagnosed with one health condition, 12 percent have two health conditions, and 5 percent

have been diagnosed with three or more of the health conditions in this study (Table 4).

Health Trajectories and Clusters

The cluster analysis using Ward’s minimum variance method yields six different groups
of workers that share similar health trajectories during the observation time period prior to
retirement. The average silhouette width, a metric to validate the clusters, is 0.66. A silhouette
width is a measure of how similar an object, in this case an individual health trajectory, is to its
own cluster relative to other clusters. The silhouette ranges from -1 to 1, where a high value
indicates that a trajectory is well matched to its cluster and poorly matched to other clusters
(Rousseeuw, 1987). As the name implies, the average silhouette width is the mean of each of the
4,672 individual silhouette widths.

The largest of the six clusters, which we have dubbed Mostly Healthy, comprises 63
percent of the sample and is characterized by workers who remain disease free for most or all of
the observation time. The second cluster, Hypertension (HTN), is comprised of workers whose
health trajectories are dominated by hypertension, and represent 4.5 percent of the sample. The
third cluster, Diabetes (DM), is made up of workers who have been diagnosed with diabetes as
their only or primary health condition; they consist of 4 percent of the sample. The fourth cluster

is called Few HTN-Arthritis. These are individuals whose trajectories are characterized by the



diagnosis and management of both hypertension and arthritis, but who experience relatively few
health-related events over the observation window. This cluster is the second largest cluster and
represents 27.5 percent of the sample. The fifth cluster, Many HTN-Arthritis, is similar to the
cluster previously described, but with many health-related events associated with hypertension
and arthritis. Finally, the sixth cluster, which represents less than 1 percent of workers, is
characterized by workers who have a diagnosis of diabetes, but also myriad other health
conditions, and whose trajectories involve a large number of health-related events.

Figure 1 plots the frequency of each of the six clusters. These plots describe the 10 most
frequent sequences, or trajectories, for each of the six clusters. The x-axis represents a transition
in the trajectory: for example, a new diagnosis, an inpatient visit, or a health-related event of a
different health condition. Each value of s1-sn, therefore, represents a “transition” in the
sequence. The y-axis represents the percentage of the total workers in that cluster that this
particular trajectory represents; thicker bars, thus, represent a greater share of workers sharing
this trajectory. Each health event is color-coded, following the legend.

Figure 2 plots the sequence density plots for each of the six clusters. These plots
represent all of the individual-level worker trajectories in that cluster. The x-axis can be
interpreted similarly to Figure 1, as markers of a health-related transition in the trajectory. The
y-axis represent the frequency of each sequence. In essence, a sequence density plot can be
interpreted as all of the individual-level, color-coded, health trajectories stacked vertically on top
of each other to represent the entire cluster.

Table 5 displays summary statistics for each of the six clusters. We observe small
differences in mean retirement age; an anova test (Table 6) confirms that these mean ages are
statistically different from each other. We also observe higher shares of women and Whites in
the Mostly Healthy cluster relative to the other groups and the total sample. As expected, large
health gradients exist between clusters, though baseline underlying health, as measured by the
risk score, is lowest in the hypertension cluster and highest in the DM mix group, a cluster where
workers have higher numbers of health-related transitions and more co-morbidities. There also
appear to be health-related gradients by job and plant characteristics. Individuals who work in
smelters, which are considered to be environments with more physically-intensive jobs and
higher levels of occupational exposures, are not as prevalent in the “Mostly Healthy” cluster

relative to any other group.



Modeling of Retirement Age

Prior to our formal modeling, we run anova tests to ensure that mean retirement age does
indeed differ between groups. Table 6 displays the results for anova tests with all of the job
demand categories as well as the health clusters. There are statistically significant differences
among mean retirement age for the health clusters and for all job demand metrics except the need
to work without making mistakes.

Table 7 shows the results from the modeling of retirement age on the health clusters. The
first column displays the results of the association for each of the five health clusters, relative to
the mostly healthy group, on retirement age. The model is an OLS and coefficients can be
interpreted in the usual linear fashion. Two clusters are positively associated with retirement
age: the cluster characterized by workers with hypertension and the cluster characterized by a
relatively limited number of health events related to hypertension and arthritis. In both cases,
membership in these clusters increases the average age of retirement by 0.8 of a year and 0.33 of
a year, respectively. The second column in Table 7 adds demographic and health controls
including sex, race/ethnicity, and baseline underlying health, as measured by the risk score. The
coefficients on the health clusters remain relatively unchanged and statistically significant. The
third column adds job-related characteristics including whether an individual works in a smelter,
their total tenure, and whether they are hourly (rather than salaried). Again, the coefficients on
health clusters HTN and Few HTN-Arthritis remain stable and statistically significant. In other
specifications not shown here, we include an indicator for workers who experience long-term
disability. Perhaps unsurprisingly, spending time on long-term disability decreases average
retirement age by 1.07 years (p=0.079) in the full model.

Table 8 displays the associations between retirement age, health trajectories, and job
demand for the subset of 1,707 workers with information on job demand. The relationship
between retirement age and health clusters remains fairly consistent to the full model, with both
the HTN cluster and the Few HTN-Arthritis cluster positively associated with retirement age and
with slightly higher coefficients than in Table 7. After the inclusion of demographic and job
characteristics (column 3), only two facets of job demand are associated with retirement age.
Increased exposure to heat at work is also positively associated with a later retirement age. With
regards to psychosocial demand, lower autonomy of decision-making is associated with lower

retirement age.



Discussion

In this paper, we characterized health trajectories over an 18-year period for a cohort of
American workers. To do so, we used administrative data to track monthly, health-related events
for six chronic diseases (asthma, arthritis, diabetes, depression, ischemic heart disease, and
hypertension), including the diagnoses of new disease, hospitalizations, and outpatient visits.
Using these data, we first used sequence and cluster analysis to characterize long-term
trajectories of health and to group workers according to their patterns of work experience. We
then modeled the relationship of these health trajectories to retirement age, accounting for
baseline underlying health, as well as a number of demographic and job-related characteristics.
Finally, we consider the role of physical and psychosocial job demand in retirement age.

Our analysis produces a number of findings that should be of interest to those studying
retirement policy. In our data, workers can be categorized into a small number of distinct work
trajectories. While the majority of workers in this sample remain relatively healthy for much of
the observation window, others exhibit patterns of health-related events that are often marked by
hypertension and/or arthritis. We find that clusters characterized with health events related to
hypertension and arthritis are likely to retire later, not earlier. Moreover, we find an association
with job demand and retirement, even after controlling for health. Specifically, we find that
increases in exposure to heat are associated with higher retirement age, and less decision-making
autonomy with lower retirement age.

A number of the results that are not particularly intuitive. In particular, membership in
health clusters characterized by hypertension and arthritis, relative to the mostly healthy cluster,
are positively associated with retirement age. We offer a possible interpretation that these
numerous health-related events are signaling the proper management of these chronic diseases,
thus allowing workers to extend their working life. Trajectories in which there are a greater
number of health-related events could largely reflect workers’ outpatient visits used to properly
manage their health conditions through regular medical follow-up. This is even more likely
given that the diseases in question, hypertension and arthritis, are chronic rather than acute in
nature, and patients have a number of treatment options to consider. In this way, trajectories
may reflect an intensity of health care and management rather than work-limiting health
problems. Moreover, workers with chronic conditions that need to be actively managed may be

at higher need for health insurance, which is provided through employment at the firm. The two
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coupled together could create a powerful incentive to stay at work longer. Further work could
explore measures of the severity of disease in the data as a way to distinguish between health
events that may be considered management of chronic diseases versus work-limiting illnesses.
Moreover, the relationship between exposure to heat and retirement appears counterintuitive.
This relationship may be explained by healthy worker selection (Li & Sung, 1999), a form of
bias whereby the healthiest workers are more able to withstand harsher work environments and
remain more consistently employed. Healthy worker selection bias has been demonstrated in
this cohort in past work (Brown et al., 2017). On the other hand, the results demonstrating lower
decision-making abilities associated with earlier retirement is consistent with extant literature
demonstrating that lower perceived control at work is often associated with lower participation at
work, lower work satisfaction, and earlier retirement (Spector, 1986).

We acknowledge a number of limitations. The primary limitation has to do with the
nature of our sample: workers at Alcoa are not a nationally representative group. While this does
limit the generalizability of our findings, the workforce in the AMC cohort is also like the
American public on a number of key dimensions (Cullen et al., 2006). Second, the methods
employed here allow us to describe overall trajectories of health, but do not do they account for
the timing or duration of the spells. Subsequent analyses will pursue such possibilities, and the
strong incentives of retirement pensions in this cohort that may overwhelm other factors related

to retirement decisions.
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Table 1. Summary Statistics for Entire Sample of Retirees (N=4,672)

Mean SD

Retirement age 58.6 4.59

Demographics

Female (%) 11.2

Nonwhite (%) 10.1

Health

Baseline Risk Score 1.4 1.51

Total Inpatient and Outpatient Visits in Observation Period
Asthma 0.7 3.19
Arthritis 2.5 4.98
Depression 0.3 1.45
Diabetes 3.5 10.06
Ischemic heart disease 1.9 5.64
Hypertension 5.8 8.64

Job Characteristics

Smelter (%) 62.0

Hourly (%) 70.2

Unionized (%) 57.7

Tenure at company 30.7 8.45

Disability

Ever on long-term disability (%) 1.4

At least one short-term disability event (%) 443

More than one short-term disability event (%) 21.5

N 4,672
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Table 2. Frequency of Physical and Psychosocial Job Demands (N=1,707)

Job demand Frequency (%)
Physical demand
Sedentary 2.5
A little heavy 14.5
Somewhat heavy 54.6
Mostly heavy 27.1
Very heavy 1.4
Exposure to heat
Never or almost never 35.3
Only occasionally 39.5
Sometimes 14.5
Almost all the time 10.7
Frequency of consecutive tasks difficult to combine
Never or almost never 294
Only occasionally 19.1
Sometimes 39.1
Often 12.4
Extremely important to do work with NO mistakes
Never or almost never 33.6
Sometimes 27.5
Often 38.9
Importance of Working Fast
Never or almost never 36.4
Only occasionally 21.2
Sometimes 23.8
Often 18.6
Complete discretion of how work gets done
Often 253
Sometimes 353
Only occasionally 18.6
Never or almost never 20.8
N 1,707
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Table 3. Prevalence of Health Conditions While Employed for Retiree Sample (N=4,672)

Health condition Frequency Percent
Asthma 203 4.4
Depression 200 4.3
Diabetes 426 9.1
Hypertension 1,082 23.2
IHD 295 6.3
Arthritis 866 18.5
Sample size 4,672

Table 4. Prevalence of Multiple Health Conditions while Employed for Retiree Sample
(N=4,672)

Number of health conditions Frequency Percent
0 2,715 58.1

1 1,155 24.7
2 553 11.8
3 196 4.2

4 48 1.0

5 7 0.1
Sample size 4,672
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Table 5. Summary Statistics of the Sample by Health Trajectory Cluster

Mostly healthy Hypertension Diabetes Few HYP-ART Many HYP-ART Many DM-Mix
Mean/ Mean/ Mean/ Mean/ Mean/ Mean/
Cluster type Percent S.D. Percent S.D. Percent S.D. Percent S.D. Percent S.D. Percent S.D.
Retirement age 58.46 4.68 5926 393 5898 4.09 58.78 457 59.79 3.68 59.14 3.09
Demographics
Female (%) 12.74 5.71 5.38 9.70 6.06 7.69
Nonwhite (%) 9.35 10.00 14.52 10.95 9.09 23.08
Health
Baseline Risk Score 135 168 120 0.74 1.51 125 137 1.23 1.36 1.20 1.59  0.81
Total inpatient and outpatient
VISits
Asthma 027 123 245 736 052 180 1.33 4.55 0.29 1.13 0.33  1.00
Arthritis 146 287 387 576 331 464 421 6.68 8.19 16.02 522 8.8l
Depression 0.16 093 023 070 022 098 045 227  0.19 0.60 0.00  0.00
Diabetes 1.13 398 4.09 7.20 3221 21.18 3.40 7.13 3.55 8.50 61.33 46.56
Heart disease 0.86 295 648 11.66 4.74 883 284 6.60 439 1029 5.67 11.67
Hypertension 212 394 21.72 12.55 10.54 10.99 8.93 7.65 3748 12.61 11.67 13.56
Job characteristics
Smelter (%) 56.34 75.27 73.81 69.68 77.42 77.78
Hourly (%) 63.25 83.33 87.10 80.75 90.91 92.31
Unionized (%) 52.13 69.89 69.64 63.96 87.10 100.00
Disability
Ever on long-term disability (%) 1.30 1.61 1.19 1.66 0.00 0.00
At least one short-term disability
event (%) 35.92 63.98 58.33 55.48 61.29 55.56
More than one short-term
disability event (%) 14.60 37.10 40.48 28.85 51.61 55.56
Percent of total sample 63 4.49 3.98 27.35 0.71 0.28
(N=4,672)

17



Table 6. Anova Test of Retirement Age with Job Demand and Health Trajectories Clusters

Prob > F F-test value

Job demand metric (N=1,707) )

Physical demand 0.013 3.18
Heat 0.000 8.47
Combining tasks 0.075 2.31
No mistakes 0.698 0.36
Working fast 0.002 4.83
Discretion how work gets done 0.001 5.52
Health trajectory clusters (N=4,672) 0.024 2.59
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Table 7. Results from OLS Regression of Retirement Age on Health Clusters

Variables (1) (2) (3) 4)
Clusters (ref= healthy)
Hypertension (HTN) 0.807** 0.806** 0.890%** 0.928***
(0.328) (0.328) (0.325) (0.334)
Diabetes (DM) 0.520 0.494 0.466 0.318
(0.347) (0.347) (0.344) (0.351)
Few HTN-arthritis 0.328** 0.320** 0.348%** 0.397**
(0.154) (0.154) (0.153) (0.164)
Many HTN-arthritis 1.330%* 1.333* 1.356* 1.087
(0.803) (0.803) (0.796) (0.788)
Many diabetes-mix 0.679 0.607 0.557 -0.204
(1.275) (1.275) (1.264) (1.455)
Female 0.0290 -0.0894 0.558**
(0.214) (0.214) (0.241)
Nonwhite 0.536** 0.471%* 0.103
(0.225) (0.224) (0.2406)
Baseline Risk Score 0.370%*** 0.297%**
(0.0442) (0.0473)
Tenure (years) 0.0710%**
(0.00951)
Smelter -1.188%%**
(0.153)
Hourly 1.717%%*
Constant 58.46%*** 58.40%** 57.89%** 55.03%**
(0.0844) (0.0904) (0.107) (0.337)
Observations 4,672 4,672 4,672 4,672
R-squared 0.003 0.004 0.019 0.076

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 8. Results from OLS Regression of Retirement Age on Health Clusters and Job Demand

) 2) A3)
Cluster (ref=healthy)
Hypertension (HTN) 1.301%*** 1.380%*** 1.214%**
(0.429) (0.434) (0.421)
Diabetes (DM) 0.730 0.564 0.382
(0.447) (0.456) (0.443)
Few HTN-arthritis 0.8309%** 0.845%** 0.619%**
(0.236) (0.239) (0.234)
Many HTN-arthritis 2.373%* 2.253%* 1.817
(1.158) (1.233) (1.196)
Many diabetes-mix 1.601 1.583 1.090
(1.414) (1.393) (1.354)
Physical job demand (ref=low/sedentary)
A little heavy -1.273 -1.077
(0.777) (0.755)
Somewhat heavy -0.943 -0.692
(0.739) (0.719)
Mostly heavy -0.283 -0.158
(0.773) (0.750)
Very heavy 3 111%* -2.258*
(1.250) (1.216)
Exposure to heat (ref= none) sk
Only occasionally 0.714 0.838#**
(0.334) (0.324)
Sometimes 1.013** 1.106%**
(0.423) (0.410)
Often 0.772%* 0.964**
(0.458) (0.444)
Tasks are difficult to combine (ref=never)
Only occasionally -0.278 -0.0960
(0.365) (0.354)
Sometimes -0.294 -0.343
(0.317) (0.308)
Often 0.154 0.184
(0.463) (0.449)
Cannot make mistakes (ref=never)
Sometimes 0.256 0.325
(0.321) (0.312)
Often 0.322 0.300
(0.326) (0.316)

-continued-
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Table 8. Results from OLS Regression of Retirement Age on Health Clusters and Job Demand

(cont’d)
€)) 2) (€))
Must work fast (ref=never)
Only occasionally 0.461 0.166
(0.347) (0.340)
Sometimes -0.210 -0.529
(0.358) (0.349)
Often 0.486 0.552
(0.378) (0.368)
Ability to make decisions (ref=always)
Often -0.221 -0.160
(0.333) (0.324)
Only occasionally -1.107%** -1.103%#**
(0.382) (0.371)
Never -0.907** -0.911**
(0.397) (0.385)
Female 1.189%**
(0.530)
Non white 0.521
(0.384)
Tenure (years) 0.150%**
(0.0179)
Hourly 3.425%**
(0.563)
Constant 58.16%** 58.79%** 50.36%***
(0.154) (0.854) (1.164)
Observations 1,707 1,707 1,707
R-squared 0.013 0.045 0.105

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 1. Frequency Plots of the 10 Most Common Sequences (Trajectories) for Each Health
Cluster
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Figure 2. Density Plots for All Six Health Trajectory Clusters
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