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Abstract

Purpose: This study examines productive engagement among
middle-age and older adults as a predictor of body mass classification
over time, from a role theory perspective.

Methods: Longitudinal data (2010-2018) from the Health and
Retirement Survey were analyzed using multinomial logistic
regressions, with separate analyses for two age groups: middle-age
(age 50-64; n=8,005) and older adults (age 65 and over; n=9,123).

Results: For the middle-age sample, working more hours increased
odds of being overweight, and more time spent caring for parents
increased the odds of being obese. For older adults, informal
volunteering decreased the odds of being underweight. For the most
part, being in the obese category was predicted by health (more
chronic conditions, worse self-rated health, less frequent vigorous
exercise, and non-smoker status), and sociodemographic factors
(lower earnings, lower education, Black race, and younger age) for
both younger and older samples.

Implications: The findings reinforce the benefits of public support
for workplace wellness initiatives that promote healthy eating and
exercise behaviors. Further, public funding could be used to support
programs that promote informal volunteering for older adults could
reduce the risks associated with being underweight, thus advancing
social aims while promoting public health.

Keywords: BMI, Volunteering, Paid employment, Parental
caregiving, Longitudinal
Introduction

This study examines productive engagement as a predictor
of body mass index over time. A growing research literature
demonstrates productive engagement as a predictor of overall health
and psychological well-being. Productive engagement — defined
as paid or unpaid activities that produce goods and services [1]-
is increasingly becoming an area of interest for researchers. Little
attention, however, has been paid to how productive engagement can
affect weight in older adults. This is notable given the many health
risks associated with being underweight and obese. Examining the
relationship between productive engagement and body mass index
among middle-age and older adults links these areas of research, and
expands our understanding of the mechanism related to healthy aging.
We begin with an overview of the literature about body mass index,
how it changes over time, and how it is associated with relative health
risks. We then describe the literature on productive engagement, our
theoretical framework, and previous empirical findings about the

relationship between productive engagement and body weight.
Body Mass Index of Adults

Body mass index (BMI) is a widely used measurement of physical
health. BMI is calculated as weight in kilograms divided by height
in meters squared. The World Health Organization [2] uses the
following BMI cut-off points: below 18.50 (underweight), 18.50 —
24.99 (normal range), 25.00 — 29.99 (overweight), and 30.00 and
over (obese). These cut-offs are used as a screening tool for various
health risks, including heart problems and mortality.

Flegal et al. [3] found that body mass index gradually increases for
both men and women throughout most of their adult life, peaking
between ages 50-59 [3]. After the age of 60 mean body weight and
BMI then begin to decrease. Most studies, which have evaluated
obesity related complications, however, have not been conducted
on older adults. These studies instead sample primarily middle-
aged people. Because obese persons have a higher mortality rate at
younger ages, the cross-sectional studies may have been affected by
survival bias [4].

Overweight and Obesity: Over two-thirds of middle-aged and older
men are overweight or obese (77.8% for men age 40-59 vs. 78.4%
for men age 60 and over). For women, 66.3% of those age 40-59 are
overweight or obese, compared to 68.6% of those age 60 and over
[5]. When considering obesity classifications only, over one third of
men and women are obese (BMI of 30 or more; 34.3% of men and
38.2% of women age 40-59; 37.1% of men and 33.6% of women age
60 and over).

Being obese is associated with greater risk of avoidable
hospitalizations for older adults [6], metabolic diseases [7], arthritis
[8], sleep apnea [9], urinary incontinence[10], visual impairment due
to cataracts [ 11], some cancers [12], and impaired balance control [ 13].

There is a linear relationship between BMIs over 25 and increased
risk of ADL disability, compared to those who are normal weight
[14]. However, in a meta-analysis of the relationship between being
overweight/obesity and mortality, Flegal and colleagues [15] found
that being overweight reduced the risk of mortality for adults age 65+
compared to normal weight older adults. Being overweight can also
mitigate the risks associated with frailty (e.g., falls, illness-related
weight loss, muscle and bone mass loss).

Underweight: While much public attention is devoted to obesity,

being underweight is also linked to poorer health outcomes for older
adults. For older adults, having a BMI of less than 18.5 is associated
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with increased risk of ADL disability [14], mortality [14], and
avoidable hospitalizations [6], compared to those who are normal
weight. Older adults who experienced a faster rate of BMI decline
were at greater risk of chronic health conditions and functional
disability [16].

Productive Engagement among Older Adults

Advances in healthcare and increased knowledge regarding healthy
lifestyles have contributed to higher numbers of people living longer.
According to the United States Census Bureau, in 2018 there were
over fifty-four million people in the United States age 65 and older
[17]. Longer, healthier lives mean many more people today are
remaining active far beyond the age of retirement.

This extension of healthy longevity has drawn increased attention
to how individuals sustain and change their involvement in various
activities. Of particular interest are productive activities, which
generate goods or services, whether for pay or on a voluntary basis.
Research on productive engagement in later life reveals that older
adults are commonly involved in many different types of activities
that can be considered productive, including employment, formal
volunteering, informal volunteering, and parental caregiving [18].
These activities can be viewed as occurring within specific roles, as
they are defined by a set of responsibilities, the performance of which
requires the individual to invest time, energy, and often resources.
Role theory [19], which is widely used to examine human behavior,
offers insight into role expectations of older adults and the impact that
productive engagement has on weight. Prior studies have explored
the connection between productive activities and various indicators
of health, functioning and well-being in later life.

Productive engagement involves varying levels of physical and
intellectual activity and exposes the individual to increased social
activity. Its connection to health and other measures of well-
being among older adults has been repeatedly demonstrated and
shown to be bidirectional [20]. Work to date reveals there are
complex interrelationships among the antecedents and outcomes
of engagement. Yet there is evidence to suggest engagement in
productive roles has a significant, independent effect on health and
functioning in later life [21]. Fried and her colleagues [22] offer
a social model of health promotion that reflects this view. They
propose the mixture of social, physical and cognitive factors evident
in productive activities creates a set of pathways within the observed
relationship with health and functioning. Collectively, these factors
are also likely to help explain why engagement is related to weight.

Individuals hold many roles simultaneously at any given point in the
life course. These activities often occur in an organizational context
(i.e., workplace, volunteer program, church) and involve other
people as collaborators or beneficiaries (i.e., caregiving, informal
volunteering). Thus, formal and informal expectations shape how and
when the individual performs the activities. These demands on the
individual and their resources become more complex when multiple
activities are undertaken concurrently — a common situation for
many older persons [18]. Concurrently fulfilling the responsibilities
of these roles places additional demands on the individual, and role
theory indicates that this impacts well-being. Engagement in multiple
productive roles has been shown to be associated with more positive
physical, psychological and emotional health [21, 23]. More recently,
Jabs and Devine [24] show that engagement in a greater number of
productive activities (employment, volunteering, attending meetings,
and caregiving) is associated with a reduction of inflammation
in a sample of adults age 57-85, with the strongest benefit from
volunteering. This finding underscores evidence of physiological
pathways linking productive engagement and health.

Performance of single or multiple concurrent productive roles
requires time. Time pressures are known to affect both dietary
habits and physical activity [25, 26]. Again, limited research has

examined the impact of time use in productive activities on weight
among older adults. Mercan et al. [27] found that older workers who
worked more than 60 hours per week were more likely to gain weight
than older workers who worked fewer hours. This finding is consistent
with that of other studies showing a decrease in healthy behaviors or
an increase in risky health behaviors linked to body weight among
those intensely involved in productive roles like caregiving [28].
Caregiving has been shown to impact weight-related behaviors like
diet [29]. Schulz and colleagues [30] also found that caregivers
experienced no change in weight upon death of their care recipient
spouse while non-caregiving widows and widowers exhibited
significant weight loss. Their findings reveal a direct and dynamic
relationship among engagement, health behaviors and weight.

Related research suggests how some types of productive activity may
indirectly affect an individual’s weight. For example, by generating
financial resources that can be used to access food, paid employment
might allow an individual maintain healthy weight or facilitate their
becoming overweight. Enhanced feelings of self-efficacy through
effective performance of role responsibilities and management
of related stress such as those involved with caregiving may also
lead individuals to engage in more positive health behaviors [31].

Productive Engagement and Body Mass Index

Maintenance of healthy weight in later life is influenced by health
behaviors, physical activity [32], genetic [33] and socio-economic
factors [34]. In turn, weight, especially unhealthy degrees of being
under or overweight, can selectively affect the performance of
Activities of Daily Living (ADLs) and Instrumental Activities
of Daily Living (IADLs) [35], as well as engagement in social
activities [36]. The empirical evidence linking weight and productive
engagement specifically is very limited, and largely considers
how weight constrains engagement [37, 38]. More attention has
been given to the weight-engagement relationship among younger
persons. For example, Schreier et al. [39] found that teenagers who
volunteered had a lower body mass index post-intervention than
those in the control group. Given the growing importance placed on
promoting healthy weight in an aging population, the current study
aims to address this gap. We use Role Theory to conceptually frame
the potential association between late life productive engagement
and weight.

The current study does not attempt to tease out the mechanisms
that connect weight and productive engagement in later life. Instead,
we explore how that relationship varies in relation to differences
in engagement and across categories of weight as measured by
body mass index. Using role theory and the role enhancement
perspective as a framework, as well as previous studies that suggest
that productive engagement enhances health and well-being of older
adults, we hypothesized that more hours of engagement in each of
four productive roles would be associated with reduced odds of being
in unhealthy weight categories for middle age and older adults.

Methodology
Participants

This study utilized data from Health and Retirement Survey [40],
with the cleaned and streamlined version of the HRS data created
and maintained by the RAND Corporation [41]. This is a nationally-
representative study of community-based adults over the age of 50,
with over samples of Blacks, Hispanics and Florida residents [42].
HRS is an on-going biannual study funded by the National Institute
on Aging (NIA U01AG009740) and conducted by the University of
Michigan.

For this study, data from 2010-2018 were used. In the HRS (post-
1998), many measures were asked the same way at every wave and
were coded consistently (e.g., age, sex, race, height, weight). The
initial sample size was 42,053 individuals. The following sample
selection criteria were used for this study:
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*  Age 50 and older in 2010 (excluded 21,011).

*  White or Black race (“Other races” were eliminated due to the
small percentage of respondents among these groups; excluded
1,705).

*  Respond to 2010 (baseline) interview, with data not provided by
proxy respondent (excluded 1,247).

*  Sample selection weight at baseline greater than zero (excluded
310).

. Complete baseline data for race, education, sex, income and
marital status (excluded 302).

* At least one wave of complete data for other study variables
(excluded 350).

These restrictions resulted in a final sample size of 17,128 respondents.

Measures

Body Mass Index: (BMI; dependent variable). This index was a
measure of body fat based on weight and height (kg/m?). For the
analyses, BMI was measured as a categorical variable. WHO [2]
guidelines were used to categorize respondents into one of four
groups at each wave: underweight, normal weight, overweight, or
obese. Respondents were divided into two subsamples based on age:
the younger sample (age 50-64 in 2010) and the older sample (those
age 65 and over in 2010) and analyses were conducted separately for
the two age cohorts.

Productive Engagement: Productive engagement was measured
in terms of number of hours of participation in four roles: paid
employment (number of hours working at main and secondary
job), formal volunteering (volunteer work during the past 12
months for religious, educational, health-related or other charitable
organizations), informal volunteering (help provided during the past
12 months to friends, neighbors, or relatives who did not live with
the respondent and did not pay for the help), and parental caregiving
(assistance with basic personal care or errands provided to parents or
parents-in-law within the past two years).

As HRS asked about number of hours of formal and informal
volunteering as categorical variables starting in 2004, a decision was
made to apply the same analytic strategy for hours of employment
and parental caregiving as well. Hours of paid employment and
hours of parental caregiving were both recoded into quintiles; for
employment, responses were coded so that O=none, 1=1-24, 2=25-
39, 3=40-45, and 4=46 or more hours per week. For parental
caregiving, responses were coded as 0=none, 1=1-199 hours, 2=200-
399 hours, 3=400-599 hours, and 4=600 or more hours during the
past two years. Both formal and informal volunteering were coded as
0=none, 1=less than 100, 2=about 100, 3=101-199, 4=about 200, and
S=more than 200 hours.

Control variables: Demographic variables included age, race, sex,
education, marital status, and income. Age was measured as years old
by the end of each interview. Age was centered by subtracting the
minimum age for the subsample (i.e., age 50 for the younger group
and age 65 for the older group) to facilitate intercept interpretation
and model convergence. Race was coded 0 for Whites/Caucasians
and coded 1 for Blacks/African Americans (all other races were
excluded as part of the sample selection criteria). Sex was coded 0
for males and 1 for females. Education was measured as the years
completed when the respondent first entered the HRS study (0 to
17=17 or more), and was centered around the subsample mean.
For marital status, respondents were coded 1 if they were married
or partnered, or 0 if they were never married, separated, divorced,
widowed, or had an unknown marital status). For income, the RAND
variable for total individual annual earnings was used; A nominal
constant value ($100) was added to all values to eliminate zeros, then
the natural log transformation was used to address problems with
skew and kurotos is, and then this value was centered around the
subsample baseline mean for the multilevel analyses.

Health control variables included measures of physical health,
health behaviors, and mental health. Self-rated health was asked as

a single item that was reverse coded so that higher numbers indicated
better health (0=poor to 4=excellent). Respondents were asked
if a doctor had ever diagnosed them with any of the following
chronic conditions: “1) high blood pressure or hypertension; 2)
diabetes or high blood sugar; 3) cancer or a malignant tumor
of any kind except skin cancer; 4) chronic lung disease except
asthma such as chronic bronchitis or emphysema; 5) heart attack,
coronary heart disease, angina, congestive heart failure, or other
heart problems; 6) stroke or transient ischemic attack (TIA); 7)
emotional, nervous, or psychiatric problems; and 8) arthritis or
rheumatism” [41 p. 614]; responses were then summed into a
count of conditions (range 0-8). For health behaviors, respondents
were asked if they were current smokers (l1=yes, 0=no), if they
currently ever drink alcohol (1=yes, 0=no), and how regularly they
engaged in vigorous exercise (O=never, to 4=every day). Depressive
symptomatology was measured using the 8-item dichotomous
version of the Center for Epidemiologic Studies — Depression
(CES-D) Scale [43]. Respondents were asked if they had experienced
any of the following symptoms in the previous week (yes/no): felt
depressed, felt lonely, was happy (reverse coded), felt that everything
was an effort, sleep was restless, felt sad, enjoyed life (reverse
coded) and could not get going; results were summed into a scale
(range 0-8; higher numbers indicate more depressive symptoms).

Data Analysis Strategy

As data were longitudinal and multinomial, analyses used
Hierarchical Generalized Linear Modeling (HGLM) with HLM
6.08 software and full penalized quasi-likelihood estimation. This
approach is ideal because it “allows level-1 predictors to have
different associations with the probabilities of different types of
[outcome]” [44 p. 326]. It also takes into account clustering of
observations within individuals, computes corrected standard errors,
and retains cases for any wave with complete data.

The level-1 model represents the effects of time and time-varying
predictors on body weight categories: the four types of productive
activity, health control variables, and sociodemographic factors. For
time-varying covariates, HLM averages the effect of the relationship
between time-varying covariates and the outcome across all waves
[46]. The level-2 model represents the moderation effects of time-
invariant predictors (i.e., race, sex, age, education, income, marital
status) on the relationship between level-1 predictors and body
weight.

The analyses were conducted as a series of nested models. Model
1 consisted of baseline body weight (i.e., intercept), linear rate of
change in body weight category (i.e., time slope), and hours of
engagement in four roles — all entered as fixed effects. Model 2 added
age, race, sex, education, income, and marital status as predictors of
the intercept; vigorous exercise, self-rated health, chronic conditions,
smoking, alcohol drinking, and depressive symptomatology were
entered as time-varying, fixed effects on body weight. Below is a
simplified version of the mixed equation for Model 2:
n BMI = y00(Intercept) + y10(Time) + y20(Productive Roles) +
v30(Control Variables) + u,

where 1 represents the log-odds of falling into each of the body
weight categories relative to that of falling into the reference
category. The intercept (y00) represents the expected log-odds of
being in particular weight category (relative to the reference group)
at baseline for a person at the minimum age for their subgroup (age
50 or age 65), who is White, male, has average education and income,
is not married at baseline, who does not engage in frequent vigorous
exercise, has no chronic conditions, is a non-smoker, does not drink
alcohol, who self-rates health as “poor,” who has no depressive
symptoms, and who does not work, volunteer, or engage in parental
caregiving. This model has three random effects (u) — one for each
body weight category (relative to the reference group).

All analyses are weighted using person-level weights from 2010
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(baseline) to account for HRS’ complex sampling. These weights
“are structured to match the ... ACS from 2004-2016 forward, which
includes living, non-institutionalized respondents” [41 p. 86].

Missing Data & Attrition

ISR and the RAND Corporation have implemented strategies to
reduce or impute missing data [41]. First, the HRS study design
often used a series of follow-up questions to fill-in a value when the
respondent answered “don’t know” or otherwise refused to answer
(e.g., in 2010 respondents who said that they engaged in formal
volunteering were asked how many hours they volunteered; those
who said “don’t know” or refused to answer were asked if the number
of hours was less than 100 hours, about 100 hours, or more than 100
hours. If they said it was more than 100 hours, they were asked if
it was less than, about equal to, or more than 200 hours). RAND
also used information from the HRS cover sheet, tracker files, and
other variables (e.g., question about prostate exams to assign sex) to
fill in missing data about marital status, sex, race, etc. Second, HRS
utilized a complex skip pattern for some variables, like smoking;
starting in 2004 HRS only asked respondents about their smoking if
they had reported being a smoker for any of the previous waves; all
respondents who had missing data for the smoking question in waves
7 and beyond because of this skip pattern were recoded as 0 (non-
smoker) by RAND. For chronic conditions, if a respondent had ever
reported having a condition (e.g., diabetes), that person is always
coded as having that condition (but they can dispute that information
in the future). Our sample selection criteria further eliminated those
with missing data for age (as well as those who were younger than
50; step 1), race (as well as those who were Hispanic and/or were
“Other Race” category in the HRS public use data; step 2), as well as
waves where respondents did not participate in the survey.

After these strategies were employed, we had less than 1% of
missing data for any of the study variables. Therefore, we employed
listwise deletion to remove 350 respondents (less than 1%) who did
not have data for all study variables for a minimum of one wave since
this method is unlikely to bias results when the proportion of subjects
with missing data is small and the sample size is large [46].

The 210 respondents who were eliminated from the younger
sample due to missing data at baseline were slightly more likely to
be female, non-smoking, and their mean age, education, income,
chronic conditions, and self-rated health was lower than for those
with complete data; there were no statistically significant differences
for race, marital status, drinking, vigorous exercise, or depressive
symptomatology at baseline. For the older sample, the 140
respondents who were eliminated due to missing data were more likely
to be female, not married, smoking, have fewer years of education,
less frequent vigorous exercise, lower self-rated health, and more
depressive symptoms than those with no missing data at baseline.

Respondents with missing data were eliminated on a per-wave
basis (sample selection criteria step 6), as HLM does not require
respondents to provide data for every wave in order to be included
in the sample [44]. There was less attrition evidenced in the younger
sample than the older sample. Data for four or five waves were
provided by 6,223 (77.7%) respondents in the younger sample,
compared to 5,534 (60.7%) for the older sample. Independent
samples t-tests were used to compare baseline body mass index for
those who provided data for all five waves (“completers”) with those
who were missing for one or more waves, by sample. There was no
difference in the mean BMI for the younger sample, but for the older
subsample, the group of completers had a higher BMI at baseline
than noncompleters (M=28.36 and M=27.21, respectively; p<.01).

Results

Table 1 presents unweighted and weighted descriptive statistics for
study variables at baseline, for the younger and older samples. For the
younger sample, the majority of respondents were White, female, and
married, with a mean BMI of 29.57 (SD=6.55, range=7.0-83.0). For
the older sample, most respondents were White, female, and married
or partnered, with a mean BMI of 27.65 (SD=5.59, range=8.9-92.8).
On average, both younger and older samples engaged in one or
more productive roles (M=1.83 and M=1.04, respectively), and the
most common productive activity for both age cohorts was informal
volunteering. The younger sample was more likely than the older
sample to engage in each of the productive roles.

-~

~

N

Younger sample (Age 50-64) Older sample (Age 65 and Over)
Unweighted® Weighted Unweighted® Weighted
M (SD) or N (%) | M (SD) or (%) M (SD) or N (%) M (SD) or (%)
Body Mass Index 29.57 (6.55) 29.07 (6.22) 27.76 (5.58) 27.71 (5.59)
Hours: Paid employment® 1.81 (1.58) 1.94 (1.59) .35 (.88) 40 (.94)
Hours: Formal volunteering® .80 (1.35) .85(1.39) 78 (1.38) .81 (1.41)
Hours: Informal volunteering® 1.05 (1.27) 1.13 (1.29) .76 (1.16) .80 (1.18)
Hours: Parental caregiving® .33 (.90) .35(.93) .05 (.38) .06 (.41)
Age 56.90 (3.94) 57.05 (4.05) 75.21 (6.93) 74.66 (7.38)
Race (1=Black) 2303 (28.77%) 12.57% 1309 (14.35%) 8.85%
Sex (1=Female) 4586 (57.29%) 53.16% 5294 (58.03%) 56.56%
Education (0-17+ years) 13.26 (2.79) 13.73 (2.59) 12.52 (3.02) 12.76 (2.94)
Marital status (1=married) 5230 (65.33%) 69.65% 5395 (59.14%) 57.55%
Income earnings (annual) 31014 (48676) 36813 (57040) 4521 (18770) 5681 (21850)
Frequency: vigorous exercise 1.21(1.34) 1.31 (1.35) .94 (1.31) .96 (1.31)
Table 1, to be cont.
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Self-rated health 2.21(1.12) 2.36 (1.10) 2.15(1.04) 2.20 (1.04)
# Chronic conditions 1.60 (1.41) 1.52 (1.85) 2.45 (1.40) 2.39 (1.40)
Depressive symptomatology? 1.64 (2.14) 1.44 (2.05) 1.30 (1.83) 1.25 (1.80)
Current smoker® 1837 (22.95%) 20.26% 797 (8.74%) 9.21%
Current alcohol drinker® 5258 (65.68%) 69.02% 4506 (49.39%) 51.98%

Note. *N =8,005.°N = 9,123. <Categorical; average hours work per week, hours of formal volunteering during past
12 months, hours of informal volunteering during past 12 months, and hours in parent caregiving during last 2 years.

dCenter for Epidemiologic Studies — Depression Scale. 1 = yes.

k Table 1. Descriptive Statistics at Baseline )

Table. 2 presents the results of the weighted HGLM analyses for
the younger sample. For this group, working more hours per week
decreased the risk of being underweight but increased the odds
of being overweight (Model 1), relative to being normal weight.
After controlling for demographic and health variables (Model 2),
more hours of paid employment and parental caregiving were both
significant predictors of being classified as overweight, and more
parental caregiving was associated with higher risk of being obese.

Each additional year of age at baseline decreased the risk of being
obese by 6%, while the odds of being obese decreased by 5% per
year, relative to normal weight. The random intercepts for the BMI
categories were statistically significant for Model 1, suggesting that
there was unexplained variance between individuals at baseline.
Inclusion of sociodemographic and health control variables in Model
2 explained this variance for the underweight category, but not for the
overweight and obese categories.

-

~

-

Underweight Overweight Obesel
Fixed Effects 1 2 1 2 1 2
Intercept .02 .08 1.82 5.27 2.03 7.47
Time Slope 1.00 1.00 1.02™ 1.00 1.02 95%*
Paid employment®® 76 92 1.09™ 1.06 1.00 1.06
Formal volunteering®* .96 98 1.02 1.03 98 1.02
Informal volunteering®® 1.02 1.06 1.00 1.01 .96 1.01
Parental caregiving®¢ .94 1.05 1.03 1.08" 1.07° 1.12"
Age (baseline)*f 1.04 .98 .94*
Race (1=Black)" 1.78 1.14 2.00"
Sex (1=Female)" 98 .34 ST
Education®! .96 .89™ -.84"
Marital status (I=married/ 94 1.31° 1.25
partner)”
Income®e 97 1.07™ 1.13"
Vigorous exercise® 79" 917 15"
Self-rated health 75 .96 73"
(higher=better)
# Chronic conditions (0-8) 1.10 1.23" 1.74™
Depressive symptomatology 1.02 98 .95
(0-8)"
Current smoker' 1.15 43" 18"
Current alcohol drinker' .79 .93 91
Random intercept [variance | 15.23 (85911)™ | 2.42 (1972.1) | 3.06 (14016)™ | 4.04 (13127)™ | 7.52 (13840)" | 9.62 (1361086)™
)]
Note. *Average hours worked per week, *categorical, *hours volunteered during past 12 months, ‘hours cared for parent during past 2
years, “centered, ‘non-time varying, fannual, logged individual earnings, "Center for Epidemiologic Studies — Depression Scale, '1 =
yes, ireference group: normal weight. Convergence criterion = .0001.
p<.05."p<.0l.
Table 2. Multinomial Logistic Regression Odds Ratios Predicting BMI Weight Category Over Time in a Sample of 50-64 Year Olds
(N=8,005)
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Table. 3 presents the results of the weighted HGLM analyses for
the older sample. The odds ratios represent the risk of being in each
weight category relative to being overweight weight (the healthiest
weight category for older adults). In Model 1, prior to entering the
control variables, more hours of paid employment reduced the odds
of being normal weight, and more hours of informal volunteering
decreased the odds of being underweight or normal weight.

After controlling for demographic and health variables (Model
2, Table 3), more hours of informal volunteering reduced the
odds of being in the underweight category (OR=.83), related
to being in the overweight category. For the older sample, paid
employment, parental caregiving and formal volunteering were
not statistically significant predictors of BMI weight category.
Older age increased the odds of being overweight by 8% but reduced
the odds of being obese by 8%.

The odds of being underweight increased by 18% per year and of
being normal weight by 8%, and while reducing the risk of being
obese by 7% per year, relative to the overweight category. Similar to
results for the younger sample, in the older adults sample the random
intercepts for the BMI categories were statistically significant for
Model 1, which was explained by sociodemographic and health
control variables (see Model 2, Table 3) for the underweight category,
but not the other BMI categories.

In post hoc analyses, a variable was created for the sum of
productive activities (0-4 types of activities), and added as a time
varying covariate in Model 2. Results indicated that the number of
types of activities was not a significant predictor of body weight
category for the middle-age sample. For the older adult sample, the
sum of productive activities was statistically significant (OR=.81, p
<.05) for the odds of being in the underweight category, but not for
the normal or obese weight categories.

-

~

Underweight Normal weight Obesel
1 2 1 2 1 2
Intercept .06 .00 .62 32 Sl .81
Time Slope 1.08™ 1.18" 1.03™ 1.08™ 96" .93
Paid employment*® .82 92 .89 .98 1.03 1.00
Formal volunteering®* .92 95 .98 .98 .97 .99
Informal volunteering®* 72 .83" .95 .98 1.01 1.00
Parental caregiving®¢ 1.05 1.12 1.07 1.13 1.00 .99
Age (baseline)®' 1.11 1.08™ .92
Race (1=Black)f .96 .80 1.41™
Sex (1=Female)" 4.18™ 2.07" 1.30™
Education®! 1.05 1.07" 97"
Marital status (1=married)” .87 .87 91
Income®e 1.04™ .99 1.02
Vigorous exercise® 97 1.05™ .90™
Self-rated health (higher=better) 817 .94* .89
# Chronic conditions (0-8) 81 817 1.27"
Depressive symptomatology 1.02 .99
(0-8)" 1.10™
Current smoker’ 7.22"™ 2.30™ S
Current alcohol drinker' .83 .99 .99
Random intercept [variance (x2)] | 1.94 (8244) | 8.51 (3427) | 3.29 (18122)™ | 3.29 (18048)"" | 4.80 (2847558)" | 3.36 (16210)"
Note. *Average hours worked per week, *categorical, “hours volunteered during past 12 months, ‘hours cared for parent during past 2
years, ‘centered, non-time varying, tannual, logged individual earnings, "Center for Epidemiologic Studies — Depression Scale, 1 =
yes,reference group: overweight. Convergence criterion =.0001. "p <.05. “p <.01.
Table 3. Multinomial Logistic Regression Odds Ratios Predicting BMI Weight Category Over Time in a Sample Aged 65 and Over

N=9,123
\_ ¢ ) Y,

Discussion

In general, our results were contrary to the primary hypothesis
that productive engagement would have a beneficial impact on
body weight. Rather, for the middle-age sample more hours of
paid employment was associated with an increased risk of being
overweight, and more hours of parental caregiving was associated
with an elevated risk of obesity. However, for the older sample, more
hours of informal volunteering was associated with lower risk of
being underweight.

Overall, productive activity was a more consistent predictor of
BMI classification for middle-aged adults than for older adults.

Since the younger sample is more likely to be engaged in paid
employment than the older sample (62.8% vs. 17.6%, respectively)
and they work more hours per week on average, this age cohort is
more likely to be juggling work and other productive activities; the
middle-age cohort was more likely to be engaged in each of the four
productive roles than the older adult group. Engagement in multiple
productive roles could reduce available time for meal preparation and
consumption, resulting in eating food of poor nutritional quality. This
idea is supported by findings that Baby Boomers engaged in informal
caregiving were more likely to report less healthy eating behaviors
(i.e., consumption of soda and fast-food) than non-caregivers [47].
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According to the U.S. Bureau of Labor Statistics, labor force
participation rates for adults age 55 and over have been increasing
since the mid-1990s and are expected to continue to rise until at
least 2024 [48], making the relationship between employment and
unhealthy weight a point of caution in public health. Corporate
wellness programs may be able to address this need by offering
encouraging high intensity workplace behavioral weight loss
programs as well as support and incentives [49, 50].

We found that more hours of informal volunteering decreased
the risk of being underweight for older adults. This is noteworthy
since being underweight is a health status of particular concern for
older adults [14, 51]. The social aspect of volunteering, which often
involves food, may explain the reduction in risk of being underweight.
Informal volunteering may also increase access to food through
shared meals, payment (in food) as thanks for assistance, etc., as well
as providing more opportunities for others to note food insecurity.
The health benefit of volunteering for older adults is consistent with
previous research [24, 52].

Previous research suggests that formal productive roles (e.g.,
employment, formal volunteering) places performance demands on
individuals and provides intrinsic benefits, such as status, resources,
and gratification [53]. Other research found that performance in
meaningful roles promotes a sense of self efficacy that has been
linked to several important health outcomes and behaviors in later
life [31, 54]. Further, much productive engagement activities involve
a physical activity component, and even light intensity movement
can reduce body fatness. Productive engagement has also been linked
with better mental health [55], and in turn, mental health predicts other
health behaviors such as eating patterns and exercise. Future research
should explicitly examine the relationship between volunteering and
both eating patterns and exercise, with an eye toward determining
whether facilitating and incentivizing volunteer activity may have
additional salutary public health benefits.

Strengths and Limitations

Our study has a number of strengths worth noting. First, our study
used nationally representative data from the Health and Retirement
Study. Second, use of eight years (2010-2018) of longitudinal data
enables the examination of changes in body weight categories over
time in response to changes in engagement in productive activities.
Third, our measure of productive engagement included four potential
roles that individuals could engage in: working, formal volunteering,
informal volunteering, and parental caregiving. Fourth, we used
multilevel modeling of repeated measures, which does not require
individuals to provide data for all waves, so attrition is reduced
and generalizability is increased. This modeling also permitted
differential examination of the relationship between the intensity of
engagement for each role, and separate BMI weight categories.

One limitation of our study is the difficulty in concluding cause and
effect given the design of the HRS. We used categorical variables
to capture (broadly) the amount of engagement in four types of
productive activity as the main independent variables and BMI
weight classification as the dependent variable. Yet, as in many
previous studies on engagement which rely on survey data, we
cannot assert these are causally related. Extant research shows that
being underweight is associated with frailty [51], which is defined as
difficulty with activities of daily living. Therefore, an individual who
is considered frail might be less likely to be engaged in productive
roles, while healthier individuals may be more likely to undertake
and sustain involvement in a greater number of productive roles [21].
Analysis of baseline differences between study participants who
provided data for all five waves versus those who were missing data
for one or more waves, found significant differences (sex, educational
level, health status, and BMI) between those with complete data and
those with missing data, which could have potentially biased our
findings. In addition, our categorical approach for measurement of

BMI may not be sensitive to change over time. For example, someone
who had been classified as obese and took on multiple productive
roles may have had lost a significant amount of weight, yet they may
have remained in the obese category.

While we examined the impact of productive engagement on body
mass index classification, our study did not study the mechanisms
or characteristics of roles that might affect the health benefits of
engagement. For example, most productive activities involve relating
with others, and perhaps it is the social interactions that explain the
health benefits of volunteering for older adults. Additionally, the
current study did not consider qualitative aspects of engagement,
such as the individual’s perceptions of the activity (e.g., high vs. low
demand) or reason for engagement (e.g., financial need, desire to help
others, boredom). These aspects of role quality may moderate the
health benefits of volunteering, for example, as Everard [56] found
for the benefits of social activities. Further research should explore
whether the role quality, intensity, salience and rationale affect its
relation to weight.

Conclusions

This study provides important information for researchers and
clinicians regarding the impact that productive engagement has on
BMI. Findings from this study generally do not show a positive
relationship between activity and weight, but nonetheless add
to the previous research and further our knowledge about living
actively during middle age and older adulthood. New questions also
emerge. For example, what factors account for the overall pattern of
results for the middle-age adults showing that greater investments
of time in productive activities are related to unhealthy weight?
Almost half (47.5%) of the older adults in this sample engaged in
informal volunteering, which had a protective effect against being
underweight. From a public health perspective, could promoting
this type of volunteering among older adults reduce health risks
associated with being underweight? The findings suggest that public
funding of programs such as Experience Corps, which promotes
older adult volunteerism, can help to advance key social aims while
helping to promote a key public health priority in our aging society.
Furthermore, well-designed, high intensity workplace-based weight
loss programs may help middle-aged workers who are juggling
multiple roles and competing time demands.
Conflict of interests: The authors have no conflicts of interest
to declare regarding the present manuscript.
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