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ABSTRACT

This paper evaluates the causal effects of working part-time and working
full-time on body weight using data from the Health and Retirement Study.
Additionally, we study these effects when we allow for heterogeneity across socio-
economic status measured by income and education. Since retirement decision is a
potential source of endogeneity, we follow an instrumental variable approach
using retirement eligibility ages as instruments. We also investigate possible
mechanisms which could explain the effects of working part-time and working full-
time on body weight. To do this, we use data from the American Time Use Survey.
We find that retirees have higher BMI than old workers. We also find that
individuals with a higher socio-economic status usually have lower BMI.
Furthermore, the allocation of time made by retirees and full-time workers on
activities such as watching TV seems to favor sedentarism.
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1. Introduction

In developed countries, the population is aging fast. The fall in fertility rate
and the increase in life expectancy are factors that promote the rise of aging
populations. Consequently, dependency ratios present an increasing trend in
industrialized nations. The exponential growth of the dependency ratio could only
be diminished by the rise in the fertility rate of the native population or
immigration composed by groups of young people. Besides, immigration of
qualified and young individuals would enrich the country and help to promote
future economic growth. Also, migration of low educated individuals who could
occupy blue-collar positions which national workers are not willing to fill would
have positive externalities for their economy. Additionally, the aging population
has noticeable implications for the public budget since it increases the cost of
public health care and public pensions. The labor force is then changing in
developed countries, and there is an increase in labor participation of the elderly.
Consequently, older people are retiring later. According to the report "Aging in the
United States" published by the Population Reference Bureau (PRB) (Mather et al,,
2015), by 2014, about 23% of men and 15% of women with ages 65 and above 65
were in the labor force, and these levels are projected to rise further shortly.
Longevity is a key factor that explains this behavior but is not the only one. There
are other economic and social factors that might help to explain why the elderly
are postponing their retirement (Szinovacz et al, 2013). The Great Recession
(2008-2009) influenced late retirements for those individuals who were younger
than 65 given the rising unemployment and the instability in the stock market
(Pfeffer et al., 2013, Gustman et al., 2014). Furthermore, the households where the
head of the family is an older person are more likely to retire later. Mostly, if they
still have children (Rohwedder, 2009). Also, they are even more likely to postpone
their retirement in those households where a close relative was affected by the
consequences of the economic crisis such as the loss of her/his house,
unemployment or decrease of net wealth due to the fall on the stock
market(Pfeffer et al., 2013). Therefore, the elderly not only might work longer but
also, they might reduce their own consumption to help sustain their families. The
latter could translate into reducing their own health care expenditures (Hurd &
Rohwedder, 2013). All of these could force old individuals to remain working
longer. Hence, macroeconomic factors have an impact on an individual's
participation in the labor force, whereas personal factors are crucial.

Retiring late, then might affect health problems for the elderly and worsen
their health conditions. It is relevant to notice that in industrialized countries, the
elderly often suffer from some diseases very related to obesity and overweight. In
the U.S., obesity is one of the major health problems. The mentioned PRB report
reveals that obesity has been increasing among the elderly, reaching about 40% of
the population who are between 65 and 74 years old in 2009-2012. Since almost
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half of the American population suffers from obesity and the U.S. leads the list of
countries with a higher rate of obesity, this issue is an object of concern. Obesity
has great implications on health care costs (Finkelstein et.al, 2003) and could bring
a wide variety of illnesses such as hypertension, diabetes, cardiovascular diseases
and physical disabilities (Van Itallie et al., 1985; Must et al., 1999; Zamboni et al.,
2005; Sturm et al., 2004). Furthermore, the implications are not only limited to the
field of health. It also influences socio-demographic and economic factors. Wang et
al. (2005) predict that by 2030, about 86% of the adults will become obese or
overweight. Besides, health-care costs due to obesity and overweight are
forecasted to double every decade, and it will comprise between 16% and 18% of
the total amount of the U.S. health-care costs. As a consequence, to the future
dimension of this health problem, life expectancy in the U.S. will fall since current
generations will follow the same or worse behavioral health pattern as their
parents and so on and so for (Olshansky et al,, 2005). The latter, jointly with the
decreasing trend in fertility, does not ensure the rise of the dependency ratio.
Therefore, education, health care, and pensions and all the types of public
expenditures will need to adjust to this reality.

There is a growing interest in the relationship between income level and
obesity. There is an inverse relationship between these two variables (Jeffry et al.,
1991). Low income earners usually buy lower quality nourishment because of
their low price in comparison with healthier food. This type of nutriment is high on
sugar and fats. It is to say, food with higher energy intake (Drewnowski & Specter,
2004). This fact combined with the sedentary behavior of American citizens is a
key factor that cause obesity. Also, food portions in marketplaces are substantially
higher than recommended, which contributes to the obesity epidemy. This trend
has increased since the '70s and exceed federal standards for nutritional guidance
and food labels. Firms have noticed that consumers feel more attracted to big size
packages and low prices (Young et al., 2002), and the American Institute of Cancer
Research claims in a recent survey that Americans usually do not pay attention to
the size of portions and keeping a proper body weight. Therefore, education is an
essential factor to address the obesity problem and the overall current dietary of
Americans. Likewise, the link between education level and obesity is a focus of
interest in the literature. Education is observed to be negatively correlated with
obesity and positively correlated with income level. Promoting education might
relieve income disparities and mortality due to obesity (Meara et al., 2008).
Wealthier and higher educated individuals choose healthier food because they
know it is better for them and they have a higher level of disposable income to do
so. Higher education is associated with higher income, longer life expectancy and
better health at old ages. Hence, the socio-economic status given by income and
education is a very important factor of influence on overweight and obesity.

After all these arguments, we suspect that there is a clear relationship
between labor participation of older people in industrialized countries and obesity.
There has been a rising trend to sedentary jobs. Automatism of productions and
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digital transformation might be two of the most remarkable reasons why this is
becoming the fashion among all types of jobs, such as blue and white-collar jobs.
Hence, this type of labor market configuration favors overweight and obesity,
which increases the importance of the latter cited issues. Therefore, it is quite
relevant to study the effect of the number of work hours on a worker's weight.
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Figure 1: BMI by age and labor market status

Figure 1 shows that retired American individuals have on average higher
Body Mass Index (BMI) than old full-time workers and old part-time workers. We
also observe that full-time workers present a higher BMI than part-time workers.
Therefore, retiring partially or fully seems to be correlated with higher body
weight. On the one hand, we could expect that, in general, retirees spent more time
in sedentary activities such as watching TV than exercising since it is very likely
that they suffer from some impairment condition or cardiovascular disease.
Overall, old Americans occupy most of their day in sedentary activities (Matthews
et al,, 2008). Also, retirees have more time to cook and have a healthier diet. On the
other hand, retirement also brings isolation and depression for some people who
transitioned from a very demanding job to have a great disposable amount of time
(Wenger et al., 1996) and leads them to an unhealthy lifestyle concerning activities
and eating behavior.

However, identifying the causal effect of retirement on health outcomes is
difficult since retirement decision is usually a source of endogeneity. De Vaus et al.
(2007) find that the diminishing responsibilities of individuals who gradually
transition from work to retirement lead them to have better overall health in
comparison to those who directly transition directly to retirement. This study does
not account for endogeneity. Dave et al. (2008) find that American individuals who
are partly retired have better health outcomes than people who enjoy full
retirement, and both groups are worse in comparison with those who are working
full-time. Neuman (2008) observes that retirement and a decrease in the number
of work hours sustain physical health in the United States. He considers that
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individuals are retired if they work less than 1,200 hours per year. He then
assumes that partially retired and fully retired individuals are the same. He uses
retirement eligibility ages of the respondent as instrumental variables for the
number of hours worked.

We already cited some reasons why the effect of retirement hours usually
implies weight gain. It is necessary to go deeper into the mechanisms that might
motivate this relation. The literature on this topic is rather scarce. Eibich (2015)
finds that retirement could improve health considerably since individuals could
destine more time to sleep or exercise. However, there are studies about how time
spent on different activities link to higher better health outcomes. Sleeping less
than 7 hours a day is considered harmful for health and leads to higher BMI
(Knutson et al., 2007; Watson et al., 2010). Ham et al. (2009) provide empirical
evidence that additional time exercising is usually negatively correlated with low
BMI. Overall, eating at restaurants in the U.S. and prepared food entails weight gain
and obesity (Lin et al., 1999). Satia et al. (2004) observe that individuals who
spend additional time eating in a fast-food restaurant on average have higher BMI
than those who do not.

On the contrary, Kolodinsky and Goldstein (2011) find that this type of
activity does not cause overweight or obese, but it does in those cases when an
individual has a BMI higher than 25. Also, eating and drinking while doing other
activities such as watching TV entails weight gain. The type of food and drinks that
individuals consume while watching a film are usually high on sugar and fat.
Consequently, there is a positive relationship between eating while watching TV
and overweight (Liang et al, 2009). Abramowitz (2016) investigates the
relationship between working time, time spent on health-related activities and
BMI.

In this study we investigate a number of issues which have not been
addressed previously in the literature. First, we study the effect of working on
physical health. In particular, we address separately the effect of working full-time
and working part-time to understand how it varies with respect to retirement. We
use as a measure of physical health body fat, particularly, we use BMI. We follow an
instrumental variable approach, using retirement eligibility ages of respondent
and spouse as instruments for working part-time and working full-time.

We already motivated the importance of income and education respect to
health outcomes. This leads to the second question which is related to the
heterogeneity effects of income and education on the impact of working part-time
and working full-time on BMI. We intend to study the impact of socio-economic
status on the relationship of retirement decision on BMI. The reasoning behind this
motivation is that, under the assumption that individuals are rational, people with
a higher socioeconomic level will buy higher-quality food and healthier food which
is usually more expensive in the US. Level of income and level of education are two
variables which inform about an individual’s socio-economic status and allow to
differentiate across socioeconomic groups. The effect of labor force participation
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on BMI across these two socio-economic factors might differ. Therefore, we would
like to study whether having higher income has a lower impact on retiring has on
BM], since we expect that these individuals eat healthier than individuals with low
income level. Moreover, we would like to analyze whether old workers with high
education are healthier since we expect that they are more aware of the effect that
certain type of food has on health. To answer these questions, we use panel data
from the Health and Retirement Study (HRS). This dataset includes detailed
information on demographic features, labor market force characteristics and
health-related characteristics of the elderly population in the U.S.

The third research question is related to the study of the mechanisms which
might drive the effect of labor market participation on BMI. Here we also consider
differentials in income and education since mechanisms might differ among these
groups. We consider time use data to answer our second question. The American
Time Use Survey (ATUS) provides information about daily time spent on several
activities, demographic characteristics, and health features.

This paper is structured as follows. In Section 2, we answer the first two
research questions. Section 2.1 contains the data description and the summary
statistics and description of the main variables which are used to investigate the
effect of working part-time and working full-time on BMI. In Section 2.2, we
provide a detailed explanation of the followed methodology and description of the
main assumptions. Section 2.3 provides an exploratory graphical analysis. Section
2.4 discusses the results. Section 2.5 describes robustness checks performed to the
results. Section 3 includes the analysis of the mechanisms that drive the effect of
working part-time and full-time on physical health along with the study of the
heterogeneous effects of income and education for the impact of labor market
participation on BMI. Section 3.1 describes the ATUS, includes descriptive statistics
on the main variables and time use activities. Section 3.2 describes the
methodology. Section 3.3 presents the main results. Section 3.4 describes
robustness checks of the results. Finally, Section 4 contains the conclusions of the
study and issues for further research.
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2. Effects of working part-time and full-time on
BMI

2.1 Data description
2.1.1 General description of the survey data

To study the effects of working part-time and working full-time on BMI for the
elderly, we use data from the Health and Retirement Study (HRS). The HRS is a
longitudinal biennial survey launched since 1992, which collects representative
information on retirement and health of more than 20,000 American respondents
who are older than 50, it is to say, of the elderly. The HRS is carried out by phone
(usually for those respondents who are 80 or older) or face to face (main
procedure for those younger than 80). This study is performed in even years by the
Survey Research Center at the University of Michigan and supported by the
National Institute of Aging (NIA) and the Social Security Administration (SSA). This
survey collects information on several aspects such as demographic features,
health indices, health care expenditures, wages, work, and pension plans. We make
use of 8 waves which comprehend the period 2000-2014 and count with most of
the data for our dependent variables.

We impose the following sample restrictions. First, we only consider
individuals between 50 and 75 years old. Second, we exclude respondents who
never worked, who are unemployed or disabled; and we also, do not consider
those whose last worked age was 50 or if information on last worked age is
missing in all survey years nor if information on last worked age was complete but
data on last worked year is missing in all other survey years. Third, we dropped
respondents who reported their last job ended before the age of 50 in all survey
years, or who reported this in given survey years and this information was missing
in other survey years, or if this information was missing in all survey years. These
sample restrictions lead to an unbalanced panel dataset with a sample size of
21,127 respondents and 213,162 observations.

2.1.2 Measuring hours worked

One of the aims of this research is to study how time use of people spending
different working hours affect their physical health, measured by BMI. The
definition we use for labor market status is based on the total number of hours
worked in all jobs. In the HRS, information about a worker's main job and
secondary job (if he/she has more than one job). The questions are "Are you doing
any work for pay at the present time?"” and "Are you currently doing any other work
for pay such as another business of your own, a second job or the military reserves?”,
respectively. Thus, we take as the total number of hours worked, the average
number of hours worked in the main job and the secondary job. We consider the
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number of hours worked per week and the number of weeks worked per year as
the main criteria to distinguish between different categories for labor status. We
define full-time workers as those individuals who work 35 or more hours of work
per week and 36 or more weeks per year. As part-time workers, we consider those
individuals who work less than 35 hours per week and less than 36 or more weeks
per year. Finally, fully retired individuals are those who do not work any hour per
week.

It is important to mention that HRS offers two definitions of labor statuses
for those who work less than 35 hours per week: "working part-time" and "partly
retired." An individual can report working part-time but also being retired. In this
case, we assign this kind of respondent the labor force status "partly retired,"
which we include in the part-time working category.
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Figure 2: Distribution of hours worked per week and weeks worked per year (after sample restrictions)
Figure 2 depicts the distributions of the number of hours worked per week

in all the survey years comprehend in the period of study (2000-2014). The graph
displays that most of the respondents work more 35 or more hours per week and
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more than 36 weeks per year. Among these individuals, 74% work 35 hours or
more while and among those respondents who work less than 35 hours per week,
21% of individuals work less than 20 hours per week.

2.1.3 Measuring health

We use Body Mass Index (BMI) as a measure of physical health. BMI is defined as
the ratio between the respondent's weight in kilograms and the squared of their
height in meters. Additionally, we also consider other indices such as being obese
and overweight. According to the existing literature, obesity is defined as a BMI
higher than 30, and overweight greater than 25 and lower or equal to 30.

2.1.4 Measuring income

The HRS provides broad information about the respondent's income. We expect
that individuals with higher income level are healthier, in the sense that they shall
have lower BMI. There are several reasons why this might occur such as the fact
that American people with higher income level will buy healthier and more
expensive food (Young et al., 2002) or will take care of their own health since they
can afford it (Meara et al., 2008).

To study the impact that working time has across different socio-economic
groups, we focus first on the level of income to study the heterogeneous impact
that working time might have on individuals with different income level within our
sample and to extrapolate the resulting finding to the population we consider
several measures of income. That way, we explore whether using different
definitions of income lead to different results. We expect that results are similar for
all the considered income measures, and thus obtaining more robust results.

First, we make use of the total household income which is defined as the
total of income that a household accumulates per year. That way, it also includes
individual earnings and the pension of the respondent and partner. Second, we
consider separately individual earnings. The latter measure is defined as the total
of respondent's yearly salary (including several types of earnings such as bonuses,
extra pay, salary from a second job, military reserve earnings, professional
practice, and trade income. Third, we consider the net total household income
which we define as the difference of total household income and individual
earnings (yearly). Fourth, we use total wealth, including secondary housing, and
we define it as the total of wealth components excluding debt components.
Furthermore, the weekly wage rate is also considered and defined as the weekly
wage for respondent's who are currently employed and the imputed weekly wage
for those who are unemployed. Lastly, we consider the total weekly wage rate as
the sum of both respondent and partner's weekly wage. These six income
measures are used as dummy indicators to group our sample into two categories:
low income and high income. Some of these variables, such as weekly wage rate,
total weekly wage rate, and individual earning, show a high number of missing
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observations. These measures are conditioned on being employed or being part of
the labor force after retirement. In Figure 3, we present the distribution of each
income measure after applying sample restrictions. We observe that the
distributions are skewed right so our data for these variables are lower bounded. If
we set the two categories for these variables, we may find a problem of bias since
we would have many missing observations and values of zero after setting the
retirement eligibility ages. To ease this issue, we make use of the average income
for each income measure as the best representative of the center of the
distributions. As a threshold, we consider the median, and we will use in a later
stage of the paper average as a robustness check. Hence for each income measure,
the category "low income" comprehends the mean values which are lower than the
median, and "high income" those above or equal to the median.
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Figure 3: Distributions of the income measures (after sample restrictions)
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2.1.5 Measuring education

As we pointed out in the Introduction section, one of the targets of this paper is to
explore the impact that working time has on BMI across different socio-economic
groups for old individuals. We expect that the effect differs across them since they
might have different behaviors with respect to their own health care.

We already mentioned in the previous section why we focus on income
level groups since it is a measure of an individual’s socio-economic status. Another
important indicator of the socio-economic status is the level of education, which is
highly correlated with income level according to previous research (Meara et al,,
2008). We hold the hypothesis that higher educated individuals are expected to be
healthier since they might be more conscious of the impact on certain behaviors
have on their weight. Individuals with high income level and highly educated might
choose healthier food since they are more likely to know what is better to consume
for them and they have more disposable income to do so. HRS provides detailed
information about the educational attainment reached by the respondent. We
make use of this information to explore the impact that working part-time and
working full-time has on BMI across differentials in education level.

In the U.S., education is mandatory by law for the range of age 5 to 18. This
range varies according to the state government. The education levels that fall
within that age span are organized as follows: elementary school, middle school,
and high school. For those who do not finish high school for any reason, they can
still obtain a similar diploma called GED certification! Apart from the compulsory
education, individuals could have a higher education which can be classified as
follows: junior college, bachelor, graduate and post-graduate. In Figure 4, we can
explore the distribution of our sample across different education levels. We
observe that most of the individuals have at least the high school diploma.

1 The General Educational Development test (GED) is addressed to those individuals who did not
graduate in high school, but they completed at least 40% of the credits of the last high school year
(this percentage also may depend on the State), and its certification is equivalent to the high
school diploma.
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Figure 4: Distribution of the variable education level (after sample restrictions).?

Taking all this information into consideration, we construct a binary
indicator for "low education" and "high education" using information based on the
HRS question about the highest education level completed. We group then those
respondents who have at least obtain high school graduate in the former category,
and we encompass those with higher qualifications than high school level in the
latter category. Then, our indicator takes the value of one if the respondent belongs
to the category "high education” and zero if she/he belongs to the "low education”
group.

2.1.6 Instrumental variables

The variable retirement is considered to be endogenous. To deal with this source
of bias, we follow the instrumental variable approach. We choose as instruments
retirement eligibility ages. We make use of six instruments which consist of the
retirement eligibility ages for respondent and spouse. Three of this set of
instruments are dummy variables which are indicators to whether the respondent
is between early and the normal retirement age, between the normal retirement
age and the age of 70, and above the age of 70. The same indicators are presented
for the spouse. It is necessary that these variables affect retirement decision
separately by itself, so they are good predictors of the effects of labor market
choice. That is, the instruments should be strongly correlated with the endogenous
variable and orthogonal to the error term. Then, the instrumental variables
provide independent sources of exogenous variation for each endogenous variable,
so that they alone allow to identify the causal effect on BMI.

2 The category “1” refers to the number of individuals who attained education until high school, “2”
refers to those who did not attained high school level but obtained the GED diploma, “3” refers to
those with high school diploma, “4” refers to those with some college, and “5” to those with a
college diploma and/or a higher education level.
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According to the United States Social Security Administration, the early
retirement age is 62 while individuals’ normal retirement occurs within 65 and 67,
and late retirement beyond 67. In the US, individuals are allowed to delay their
retirement until they are 70 and even beyond their 70's. Most of the individuals
who are above their 70's are not likely to be part of the earnings scheme, that is
they are not working anymore since they are retired. The former, allows them to
obtain higher retirement benefits from Social Security because of the actuarial
adjustment. This is the reason why some individuals prefer to postpone their
retirement to that age since future benefits are higher even though current
benefits are lower. Therefore, we expect that retirement eligibility ages are good
predictors of labor market participation as it has been already discussed in the
literature. Coile and Gruber (2000), Bonsang et al. (2012), Mazzona and Peracchi
(2012, 2017), Kantarci (2017, 2018) show in their studies that retirement
eligibility ages are significant predictors of retirement decisions and labor market
participation. Furthermore, Neuman (2008) also considers retirement eligibility
ages of the partner since it makes sense that the respondent's retirement choice
depends on whether the companion is eligible for social security benefits. The
latter behavioral finding is supported by several studies which conclude that
individuals tend to coordinate their retirement with spouse's retirement since they
value it more (Gustman and Steinmeier, 2000, 2004, 2014).

As robustness checks, we explore the use of other instrumental variables.
We consider being ever able to reduce work hours as an instrument. It is based on
a question from HRS which asks the respondent whether she/he could reduce
work paid hours in the regular schedule. We construct a dummy indicator which
takes the value of one if the respondent can reduce work paid hours and zero
otherwise. This variable is an instrument for working part-time given that
reducing work time increases the likelihood of working full-time rather than full-
time.

Additionally, we consider being self-employed as an instrumental variable.
To construct a binary indicator, we use information from HRS based on the
question of whether the respondent is or has ever been self-employed in her/his
current or past main job. However, in the survey, we do not have information
about this question for retirees and for those who skipped the question for being
out of the labor force. Hence, we use a dummy variable that takes a value of one if
the respondent has been self-employed in one or more survey years and zero
otherwise. It is expected that this instrument is a good predictor of the effects of
working part-time and full-time on BMI since these individuals have more
flexibility to choose their way to participate in the labor force, that is, between
working part-time, full-time or being partly retired.

Finally, we also consider firm size as an instrument. This variable is relevant
for our analysis since depending on the firm-size, old individuals could choose to
work more or fewer hours. Small-size firms usually offer higher flexibility to their
employees allowing them to work part-time for several reasons. For instance, the
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relationship between employer and employee is closer than it could be in a large-
size firm, so it is more likely that the former consent the latter’s requests. Some of
these firms are even formed by family members. There are also economic-based
reasons that can explain this fact. One of these motives is the fact that it is costly
for this type of firms to hire and fire individuals, so they are more likely to hold
agreements that satisfy both the employer and worker. However, large-size firms
are usually less flexible and old workers are less likely to ask for working fewer
hours since the firm can replace them more easily, and also the cost of it would
probably not affect much their activity. It is based on the HRS question about the
number of employees working in at the respondent's place of work. As it occurred
with the latter instrument, there is missing information for those who are retired
or skip the question. We construct a fictitious variable which takes the value of one
if the respondent has ever worked in a large firm for one or more survey years. We
use the definition given in the Affordable Act from the U.S. House of
Representatives (2010) which agrees that a firm could be considered large if it has
50 or more employees.

2.1.7 Descriptive statistics

In table 1, we present the sample statistics. We distinguish between the averages
for the full-time survey period and for the waves 1992, 2002 and 2014, to explore
how the average values change over time for certain variables. Hence, we can
observe that during the period 2000-2014 the average age is 62.30, where 48.24%
are women, 51.33% are under early retirement eligibility age, 14.74% are between
early and normal retirement eligibility ages, 16.17% are between normal
retirement eligibility ages and age of 70, 17.17% are over the age of 70, 49.34 of
the sample has high education, the average BMI is 28.05, 40.59% have overweight
and 29.20% are obese, 74.65% has a spouse or partner. With regards to labor
market information, 16.06% work part-time, 46.49% work full-time, 37.42% are
retired, 24.79% have been self-employed, 59.09% have ever been able to reduce
work hours, and 47.66% have ever worked in a large firm.

The most remarkable difference between the survey waves is observed for
the variables overweight and obese. The percentage of respondents who are
overweight decreases noticeably, while the percentage of respondents who are
obese decreases and increases noticeably from1992 wave to 2014 wave. Also, we
observe that the percentage of respondents who work full-time and are retired
increase from the 1992 wave to 2002 and the 2014 wave.
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Table 1: Descriptive statistics (HRS)

All waves

1992 wave 2002 wave 2014 wave
Demographics
Age (50-75) (average) 62.30 57.04 64.20 63.01
Female (%) 48.24 39.75 48.03 53.64
Under early ret. age (%) 51.33 87.68 37.18 47.62
Bet. early and nor. ret. age (%) 14.74 6.66 16.99 21.12
Bet. nor. ret. age and age 70 (%) 16.17 4.57 24.68 13.61
Over age 70 (%) 17.17 1.10 21.16 17.65
High education (%) 49.34 41.31 46.69 57.70
BMI 28.05 26.94 27.80 29.27
Overweight (%) 40.59 43.04 41.24 37.55
Obese (%) 29.20 20.40 27.51 37.91
Married or partnership (%) 74.65 74.86 81.02 69.82
Labour market information
Part-time worker (%) 16.06 15.50 16.26 16.05
Full-time worker (%) 46.49 69.08 38.53 42.95
Retired (%) 37.42 15.42 45.20 41.00
Ever been self-employed (%) 24.79 25.53 26.25 22.42
Ever been able to reduce work hours (%) 59.09 56.94 62.12 55.41
Ever worked in a large firm (%) 47.66 44.42 47.25 50.19
N.Obs. 91,379 5,844 6,929 8017
N.Ind. 21,127

Notes: 1. Those values presented in percentages might not add up to 100% due to rounding. 2. The percentages
(are averages) and averages are calculated with out considering missing values. 3. The number of observations and

individuals are based on employment status.
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2.2 Empirical approach

This section aims to explain the methodology that we follow to disentangle the
effects of working part-time and working full-time on BMI for older people with
differentials in income level and education. To do so, we use panel data from HRS
for the period (2000-2014) and follow an instrumental variable approach to obtain
causal effects of labor market participation on BMI across income level and
education groups. In the literature, retirement eligibility ages have been used as
valid instruments of retirement. We follow the approaches of Neuman (2008) and
Kantarci (2017, 2018) who investigate the effect of the number of hours worked
on different health outcomes. We distinguish between two estimation models,
fixed effects model and random effects model, depending on the assumption we
make about the unobserved time-invariant characteristics. In order to choose
which model results more efficient for the purpose of the study, we make use of
the Hausman test. Hereby, we provide a detailed explanation of the
implementation of the empirical methodology.

2.2.1 Panel data

In this subsection, we base our explanations on Verbeek (2008). One of the aims of
the study is to investigate the effect of working part-time and working full-time on
physical health measured by BMI for older people, accounting for differentials in
income and education. We then use panel data from the HRS for the period 2000-
2014. The use of panel data allows us to exploit the within-individual variation to
identify the causal effect of labor market participation on BMI since it allows to
analyze changes at individual level outcomes. That way, we could get more
efficient estimators and solve endogeneity bias problems. A first attempt to
estimate this causal relationship could be to estimate the parameter of the variable
of interest using Ordinary Least Squares (OLS), given by the following equation:

Yie = a+ f(Agey) + xieB + wy, (2.2.1)

where i refers to the respondent (i= 0, 1, 2, .., I) and t to the time period (¢=0, 1, 2,
. T), yi+ is BMI of respondent i in period t, f(Age;;) is defined as a continuous
polynomial in age for individual i in period t to capture the non-linear relationship
between age and body weight. x;, is defined as the variance covariance matrix
which includes dummy variables for working part-time and working full-time for
respondent i in period t. The variable retirement is left as category of reference to
avoid perfect multicollinearity. The parameter of interest is f. This vector
measures the effects of working part-time and working full-time on BML.

Ui = Q; + Eit (222)
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The error term u;; is defined as the idiosyncratic error term and includes the
component «; which accounts for unobserved heterogeneity that is constant for
each i. In other words, «; refers to all individual effects on BMI which are constant
and unobservable. This term then identifies potential correlation overtime. It is a
random component. &;; is defined as the remaining idiosyncratic error term, which
is assumed to be random, and independently and identically distributed (i.i.d.).

Vie = a; + A + f(Agey) + i + & (2.2.3)

Since we deal with several time periods, there is also the chance that specific
periods are correlated with our variables. Hence, we could include the parameter
A+ which captures the correlation over individuals i within one period in time T.
The error composite error term u;; is assumed to be as follows:

Ui = Q; + At + Eit (224)

To obtain consistent estimates of 5, the OLS estimation method requires to assume
that E(x;u;) =0, it is to say, that the residuals are uncorrelated with the
explanatory variables. This assumption is difficult to hold since there could be
unobserved variables included in u; that are correlated with both the BMI and
variables in xi: such as working part-time and working full-time (also with age)
mentioned, there are two advantages of using panel data. The first advantage is
related to the efficiency argument. This improvement of efficiency in our
estimations is made from the comparison between the use of cross-sectional data
and panel-data. Since panel data presents variation over two dimensions, time and
individuals, it results in a lower variance of the estimates. On the contrary, cross-
section data only offers information about the time dimension. We assume a panel
data sample and the following econometric model:

YVie = Qi + U T &g, (2.2.5)

where p, is the constant term, that is, the average of the population in period t:
Yie = 201y and t= 0,1, 2, ..., T. If we estimate the change in the average over time
U: — Uy tto s (t #r), the variance calculation shows a positive covariance over time
for each individual i:

V(i — f) = V(i) + V(@) — 2cov(fle — Ayr) (2.2.6)

This yields to a lower variance overall than in the case of cross-section data with
two independent random samples since the positive covariance reduces the sum of
the two variances. The second advantage is related to the identification argument.
The structure of panel data allows controlling for omitted variable bias solving
identification problems. If we use cross-section dataset as a pooled panel dataset
would lead to biased estimates through «;. However, if we transform panel data by
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taking the first difference or by demeaning the data, all time-invariant and
unobserved individual characteristics will drop. Running an OLS afterward with
the transformed data will lead to unbiased estimates. To check whether we need to
include unobserved individual effects and unobserved time effects we could run an
OLS estimation and store the residuals as our best guess for the error term. We
then run an OLS estimation, allowing for lags of u;;. Statistically significant results
are evidence to include time-invariant individual effects. To decide on the inclusion
of time effects, we could introduce time dummies on the latter model and seek
significant results for these parameter estimates.

2.2.2 Fixed effects model

The present subsection uses explanations from Verbeek (2008). The fixed effects
model results from augmenting equation (2.2.1) to the following model through
equation (2.2.2). It can be expressed as follows:

yie = a+ f(Agey) + x{iB + a; + &, (2.2.7)

where ¢;; is assumed to be random and identically and independently distributed
(i.i.d.) with mean zero and variance 2. We assume zero correlation. As we already
mentioned in the former subsection, this assumption is not likely to hold for the
reasons we explained. Here we also assume that «a; as N fixed unknown
parameters. We can rewrite equation (2.2.7) by introducing a dummy variable for
each respondent i in the model.

Vie = Xi=10; dij + f(Agey) + x{ B + &, (2.2.8)

where d;;= 1 if i = j and 0 otherwise. Therefore, we have a set of N dummy
variables in model (2.2.8). We then can estimate the set of parameters a4, a5, ..., @y
and the vector B by OLS. The estimator for  is known as the least squares dummy
variable (LSDV) estimator. The main disadvantage of using this estimation
procedure is that as N gets larger, the number of parameters to estimate increases.
Then, to avoid overfitting the model and increase artificially the variance of the
estimated parameters, we can transform the data to estimate f and eliminate the
time invariant individual effects ;. To simplify expressions, we include the age
variable into x;.. If we apply the sample average of y;, across time we obtain the
following expression:

Vie = a; + Xy + &, (2.2.9)

where ¥, = T 1Y v, Xie =T 120 % and &, =T 1 YI_, &;. If we compute
Vit — Vit we get the following expression:

i = i = Oy = X)' B+ (g — &) (2.2.10)
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Here the set of parameters a; vanish and we obtain the same estimate for £ as in
the LSDV estimator. This is referred as the within transformation and the OLS
estimator for f is denominated the fixed effect estimator or the within estimator,
which is equivalent to the LSDV estimator. The expression for the OLS fixed effects
estimator for S is the following:

Bre = ((Bloy boa Crie — %) (e — £ Bl Xioa (e — %) e — 71, (2.2.11)
if we assume normality of the error term ¢;, the fixed effects estimator also
presents a normal distribution. For consistency we need that E[(x;; — X;)¢;:] = 0.
This is the assumption of strict exogeneity and implies that x;; are uncorrelated
with the error term and x; is also orthogonal to the error term. If these
assumptions hold, the N intercepts can be estimated as the following expression:

Qi = Vi + X Pre (2.2.12)

The intercepts®; are consistent estimates for the fixed effects a; as T goes to
infinity. If T is fixed, the individual effects do not converge since y; and x; do not
converge if the number of individuals increases. Since we assume that ¢;; are i.i.d.
across individuals and time periods, the variance matrix for the fixed effects
estimator is given by the following expression:

V(BFE) = 03(2%:1 Z;fr=1(xit — X)) (X — fi)’)_l: (2.2.13)

if T is not large enough to estimate the true individual intercepts, the estimate for
covariance matrix will underestimate the true variance. The reason behind this is
that in the transformed regression equation the error covariance matrix is
singular, and the variance of (g; — &) is (T — 1)/To? instead of 2. A consistent
estimate for 62 can be obtained by estimating the sum of the squared within error
terms divided by N(T — 1). Hence, the estimator for o2 takes the following

expression:
~ 1 . . A
62 = 3= Zim Zi=1(Vie — & = xiePrr).? (2.2.14)

And it can be rewritten as follows:

62 =——%_ ¥ (vie — ¥ — (e — %) Prs))? (2.2.15)

N(T-1)

We can apply the freedom degrees correction by subtracting K number of
parameters to the denominator in the latter equation. If we estimate [ using
equation (2.2.8), it is consistent since there is a correction of the degrees of
freedom of the N parameters corresponding to the time-invariant individual
effects. Additionally, under weak regularity conditions the estimator is
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asymptotically normal, and thus statistical inference can be used on them through
hypothesis testing with methods such as the T-test and the Wald test.

2.2.3 Random effects model

This subsection is based on Verbeek (2008). The random effects model assumes
that a; are random thus they cannot be treated as parameters. It takes the
following form:

yie = a+ f(Agey) + xif + a; + & (2.2.16)

This model assumes that a; is i.i.d. with mean zero and variance ¢2, and ¢;, is i.i.d.
with mean zero and variance o2. Then, there is a composite error term which
consist of (a; + €;;), a part which contains the unobserved heterogeneity due to
time invariant individual effects, and a part which refers to the remaining
idiosyncratic error term, respectively. We assume that ¢;; is not correlated over
time, and that ; and ¢;; are mutually independent and independent of x;;. Hence,
the OLS estimates are unbiased and consistent. Unless 62 = 0, Generalized Least
Squares (GLS) estimator are more efficient and exploits the structure of the error
covariance matrix. In this case, OLS estimates would be incorrect since they would
not control for autocorrelation in the error term. The error term covariance matrix
can be expressed as follows:
V(ajir + a;) = Q = o2a;ir + o1y, (2.2.17)

where [ is the identity matrix. We can transform the data to obtain the GLS
estimator for f by multiplying all y; vectors by a square matrix P such we can write
Q1= PP’. That way, Q = (PP’)"' =P~1P~1 and PQP = 1. We assume Q! to be
known and takes the following expression:

1

— 1 ’ 1 ’
Ql:]EkH_FWW+¢FWW} (2.2.18)

oé

where ) = 5. Thus, the GLS for estimator can be written as follows:

082 +Tog

Bors = Ciay Xiea (ie — %) Ocie — %) + YT Bioq Grie — %) (e — fi)/)_l (Bhoq Xt (e —
%) Wie — ¥) + YT O — ) (yie — ¥0)) (2.2.19)

Notice that if y=0, we obtain the fixed effects estimator for 3, and if y=1 we get the
OLS estimator and (1 is now the diagonal matrix and accounts for the heterogeneity
across individuals. In addition, Y tends to zero, and T tends to infinity, the fixed
effects and random effects estimators are equivalent, it is to say, they converge to

the same values given that all sources of heterogeneity come from ai. From
(2.2.19) it can be derived:

30



Bors = W s + (I — W) Bz, (2.2.20)

where f; denotes the between estimator for § which is the OLS estimator in the
model for individual means presented in equation (2.2.9). W refers to the
weighting matrix and it is the inverse of the covariance matrix of fz. The GLS
estimator is the matrix-weighted average of the within estimator and between
estimator, where the weight depends on the relative variances of the two
coefficients from the two estimators. The GLS estimator is the optimal combination
of the fixed effects and the OLS estimator. However, the assumptions needed for
GLS are stronger than the ones for OLS and FE to work, since for OLS we need
independence and zero correlation between the error term and x;; within the same
period, and for fixed effects we need strict exogeneity of x;; and no assumptions for
a;. Also, we assume that we know 62 and o2 when they are unknown in practice.
Thus, the GLS estimator is unfeasible. We need to estimate 62 and o2 through a
two-step procedure to obtain a feasible GLS estimator for § (FGLS). First, we
estimate o2 from the fixed effect estimation. Note that for the between regression

equation the error variance is specified as o2 + (;) o2, which is consistently

estimated as follows:

1 _ A~ —1 A \2
of =Xl (Fi — @5 — %i.Bs) (2:221)
Then, we estimate ¢ as follows:
62 =62 — 62 (2.2.22)

As the case for fixed effects estimator, it is possible to apply a degrees of freedom
correction, subtracting K+1 in the denominator of equation (2.2.21). Under weak
regularity conditions, the random effects estimator is asymptotically normal, and
its covariance matrix is as follows:

V(Bre) = 62(iey 21—y Gie — %) Ocie — %) + YT Xhoy (e — %) (e — fi)/);_l(z-z-zz)

which reflects that the random effects estimator is more efficient than fixed effects
if Y>0.

2.2.4 Hausman test

We follow the contents of Verbeek (2008). We make use of the test developed by
Hausman (1978) to decide whether to estimate by fixed effects estimator or
random effects estimator. The Hausman test compares whether the two estimators
are significantly different. The difference between the fixed effects model and the
random effects model lies in the assumption about a;. The null hypothesis consists
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on the assumption that x;; and a; are uncorrelated. If this is true, fixed effects and
random effects are consistent and random effects estimator is more efficient. On
the opposite, the alternative hypothesis states that x;; and «; are correlated. Then,
only the fixed effects estimator is consistent. The Hausman estimator is expressed
as follows:

(Bre = Pre)' 1V (Bre) = V(Bre )1 (Bre — Prs). (2:2.23)

which under the null hypothesis follows a Chi-squared distribution with K degrees
of freedom.

2.2.5 Instrumental variables approach and causality of the
estimated effects

This subsection uses explanations from Verbeek (2008). The fixed effects model
eliminates the source of bias from unobserved individual effects through the
within transformation. There might be also other sources of bias coming from the
composite error term such as the fact that respondents with higher BMI prefer
retiring rather than working part-time or full-time (reverse causation), which
make the fixed effects estimator inconsistent.

The use of the instrumental variables approach solves the endogeneity
problems and allows for causal interpretation of . We use the two-stage least
squares estimation method. In the first stage, we regress the suspected
endogenous variables (working part-time and working full-time) on the exogenous
variables and instruments. Following Neuman (2008) and Kantarci (2017, 2018)
we use retirement eligibility ages of respondent and spouse as instrumental
variables. That way, we obtain a linear probability model since the dependent
variables are binary indicators. In a second stage, the predicted values are used to
estimate the coefficients for § from the within transformed equation (2.2.10).

The validity of the instruments lies in the compliance of the exogeneity and
relevance restrictions. It is to say, they are not correlated with the error term and
must be relevant predictors of working part-time and working full-time.
Furthermore, given that we have two endogenous variables, we need that the
instruments provide independent sources of exogenous variation for each of them
to identify their causal effects on BMI. If this is not the case, the endogenous
variables could be weakly identified (Angrist and Pischke, 2009).

2.3 Exploratory graphical analysis
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One of the aims of this thesis is to study the effects of working full-time and
working part-time on BMI for the elderly who have different income levels and
distinct education levels. In this section, we study graphically the relationships
between age and BMI for each income group for all income measures and, also for
each education level group. We then seek graphical evidence of the effects of
working full-time and working part-time with respect to these variables. Hereby
we provide graphical evidence of the differentials on BMI for individuals between
50 and 75 years old who work part-time, full-time and those who are retired.

In Figure 5 and Figure 6, we present univariate nonparametric regressions
for the variable BMI against the variable age for part-time workers (red), full-time
workers (blue) and retired respondents (grey). To disentangle the effects of BMI
against age for individuals with different income levels, we also considered each
income group for each income measure. Furthermore, we draw 95% confidence
intervals around each of the resulting curves. The first relevant finding is that
most of the curves for full-time workers and part-time workers do not cross each
other until the age of 65. This result suggests that for these individuals the
difference in the groups for all income measures are statistically significant at the
5% level of significance until that age.

The second noticeable finding, and very related to the previous one, is that
the BMI decreases with age for retired individuals. There might be several reasons
for this result. For instance, it might occur that this group of individuals is still
doing some exercise. Also, their way of eating and time spent of different activities
could be related to this result.

Another result which is worthy to note is that overall, on average, BMI is
lower for the high income groups than for the low income groups. Therefore, we
obtain graphical evidence for our hypothesis: individuals with higher income
present lower BMI. Likewise, we find confirmation about the findings shown in the
literature. American individuals who are wealthier can afford buying expensive
food which is generally healthier (Young et al., 2002), and they take care of their
health since they can afford to do so (Meara et al., 2008). When we specifically
focus on the differences between income groups across labor market participation
status, we find that retirees have on average higher BMI than part-time workers
and full-time workers, and that overall part-time workers present lower BMI than
full-time workers.
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Figure 5: BMI average across age of respondent among part-time workers (red), full-time workers (blue) and
retired respondents (grey) by low income level (left) and high income level (right) for each income measured
considered in the analysis. Kernel-smoothed local polynomials with 95% confidence intervals.

34



Indwdus Esrmings Indivdual Easnings

= 1
v 34 “ ;
H =
S R
= g4 G
5 2a
= Rq° - = I e e ST s
- "‘-\ - g 4 = =
& il
o~
%0 5 & 8 70 75 0 55 &0 B3 o =
Ax e
Weekly Wage Raw Weskly Wags Rate
;.
=
- -
g = &
g8 8 &1 z
= 8- = : o =
i 2+ T—
X - - 2N
= BT > ey i
— = g‘-
- s
g
P © P ) ™ % % P ke ® =
A Age
Total WeeklyWage Rate Toml WeeityWage Rae
b
2.
.
—_—
P~
: s
g 8 : .
g 2 2 R -
— - —
a -
K
= .
a B4
B « ¢ 65 9 78 0 5 B &5 70 7
Age A

Figure 6: BMI average across age of respondent among part-time workers (red), full-time workers (blue) and
retired respondents (grey) by low income level (left) and high income level (right) for each income measured
considered in the analysis. Kernel-smoothed local polynomials with 95% confidence intervals.

Similarly, in Figure 7 we consider the low education group and the high
education group. We observe that the curves for low educated individuals do not
cross each other until the age of 65 approximately. Hence, the differences between
part-time workers, full-time workers, and retired individuals are statistically
significant until that moment. Again, we find that BMI diminishes with age. For
both low education and high education groups, on average, BMI of retirees is
higher than the BMI of full-time and part-time workers. For highly educated
individuals, the curves do not cross each other until the age of 65 approximately so
that the differences among part-time workers, full-time workers and retired are
statistically significant until that age. Here, we also find that BMI decreases with
age. However, it is worthy to note that BMI of retirees, full-time workers and part-
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time workers, is on average lower that for the low educated groups. Likewise, we
find that for low educated respondents, on average, the BMI of full-time workers is
slightly higher than the BMI of part-time workers while, for the highly educated
individuals, the BMI of those who work full-time is higher than the BMI of those
who work part-time.

From these findings, we can conclude that BMI diminishes with age for
retired individuals, that those with higher income level present on average lower
body weight and, that low educated individuals have higher body weight than
those who are highly educated. Furthermore, we can conclude that overall retirees
with low- income have larger BMI than part-time workers and full-time workers,
and that this difference is larger for those respondents within the high income
group. Additionally, for low income respondents part-time workers have, in
general, slightly higher BMI than those who work full-time, and we observe that
the difference is larger for the high income group. Finally, we can also conclude
that BMI is larger for low educated individuals than the BMI for respondents who
attained a higher level of education. Particularly, retirees overall have higher BMI
than part-time and full-time workers. We conclude that for low educated
respondents, full-time workers present slightly higher than those who work part-
time, and for high educated respondents, the difference between these groups of
workers is higher.

These conclusions seem to be in line with the literature. Drewnowski and
Specter (2004) find that individuals with low income level usually buy unhealthy
food with high levels of fat and sugar because of their low prices. Related to this
finding Young et al. (2002) finds that American consumers are more attracted to
high portions of food with low prices and do not care about their body weight.
Education might be crucial to address the obesity problem. In line with our
findings, and in the literature, education appears to be negatively correlated with
BMI. Meara et al. (2008) finds this relationship and states that promoting
education might diminish obesity of Americans and relieve income disparities.
Higher educated and wealthier individuals will take healthier food options since
they can afford it. Then, higher socio-economic status implies lower levels of BMI.
Additionally, there are some mechanisms that might drive these relationships, and
we investigate these matters along the contents of this paper.
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considered in the analysis. Kernel-smoothed local polynomials with 95% confidence intervals.
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2.4 Results

2.4.1 Instrument relevance and validity

In Table 2, we present the first stage estimation of the linear probability model
from the second stage equation. Consequently, the predictions of the model might
fall outside the unit interval, and standard errors are heteroskedastic by
construction. Therefore, we correct for heteroskedasticity and obtain standard
errors robust to heteroskedasticity (Eicker-Huber-White standard errors). This
model assumes that residuals are not normally distributed. However, since our
sample is large, we can use traditional tests for inference based on normal
distributions

As described in Section 2.2, we use two set of instruments which
corresponds to indicators for retirement eligibility ages of respondent and
retirement eligibility ages of spouse (or partner). According to the estimates from
Table 2, we conclude that both sets of instruments have a statistically significant
effect on the probability of working part-time and working full-time. The effect is
more pronounced for the probability of working full-time. The economic intuition
behind this result is that most workers stop working full-time once they become
eligible for retirement and thus for social security benefits and other pension
payments. Retirement eligibility ages for both respondent and spouse are
statistically significant at 1% of significance level. Hence, we can state that they
are relevant predictors for labor market participation of older people. Estimates
for retirement eligibility ages of respondent are statistically significant at standard
levels of confidence, but they do differ in signs and magnitude size for working
part-time and working full-time. It is also worthy to note that the spouse's
retirement decision is a relevant predictor of respondent's retirement choice, and
this finding is line with the literature (Gustman and Steinmeier, 2000, 2004, 2014).

The use of instrumental variables approach solves the endogeneity
problems and allows for causal interpretation of 5. We use the two-stage least
squares estimation method. In the first stage, we regress the suspected
endogenous variables (working part-time and working full-time) on the exogenous
variables and instruments. Following Neuman (2008) and Kantarci (2017, 2018)
we use retirement eligibility ages of respondent and spouse as instrumental
variables. That way, we obtain a linear probability model since the dependent
variables are binary indicators. In a second stage, the predicted values are used to
estimate the coefficients for  from the within transformed equation (2.2.10). Also,
we find that there is a nonlinear effect of age on the probability of working part-
time and working full-time.

The validity of instruments is proven through the Angrist and Pischke
(2009) first-stage conditional F test statistic for the endogenous regressors. This
statistic tests for weak identification of each endogenous regressor, it is to say, for
the fact that each instrument must provide independent sources of exogenous
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variation for each endogenous regressor so their causal effect on BMI can be
identified. A second test that we perform is the Sanderson and Windmeijer test
(2016), which is an improvement of the latter described F statistic. Sanderson and
Windmeijer (2016) find that the variance expression in the denominator of the F
statistic should be adjusted to obtain the right asymptotic distribution when the
null hypothesis is tested with two endogenous regressors in a model. This test
consists of a two-stage methodology. First, an endogenous regressor is regressed
on the first stage fitted values of the regressors (endogenous and exogenous).
Second, the residuals, which come from the latter regression, are regressed on the
instruments. If the instruments are jointly significant, then there is empirical
evidence against the null hypothesis, that is, instruments weakly identified for a
considered endogenous regressor. Furthermore, Sanderson and Windmeijer
(2016) state that their proposed F statistic is equivalent to the Cragg-Donald
(1993) minimum eigenvalue statistic. Results from Table 2 suggest that our
instruments are not weakly identified for any of the two endogenous regressors.
Therefore, our instruments provide independent sources of variation for each
endogenous variable and, they alone allow identifying the causal effect of the
endogenous variables on BMI. In Table 3, we present the results for the Sargan-
Hansen test based on the Hansen ] statistic, which follows a Chi-Squared
distribution under the null hypothesis, and tests for the null hypothesis that all
moment restrictions are valid of the overidentification test. According to the
results, we fail to reject the null hypothesis and hence we do not have
overidentifying restrictions and they are orthogonal to the error term. Therefore,
we conclude that our instruments are valid.
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Table 2: Baseline FE - First stage results

Part-time Full-time
Bet. early and normal ret. age 0.036%* —0.162*"*
(0.005) (0.007)
Bet. normal ret. age and age 70 0.045%* —0.242%**
(0.008) (0.009)
Over age 70 00317 =207
(0.011) (0.012)
Bet. early and nor. ret. age (P) —0.011** —0.027*
(0.006) (0.006)
Bet. nor. ret. age and age 70 (P) —0.040™" —0.021*"
(0.008) (0.009)
Over age 70 (P) —0.084™ 0.012
(0.012) (0.013)
Age 0.016™ 0.001
(0.006) (0.007)
Age2 —0.000%* —0.0007=*
(0.000) (0.000)
Constant —0.3437 1.354™%
(0.189) (0.202)
F test quadratic age 5.31% 542.70***
F test for excluded instruments 18,917 176.93"°"
Weak identification test 12.682%*= 37.223%*
N. Obs. 68, 151
N. Ind. 14, 556

Notes: 1. Linear probability model with fixed effects. 2. First stage results.
3. (P) refers to married or unmarried partner. 4. Weak identification test
is based on Sanderson Windmeijer F statistic. It tests the null hypothesis
that the endogenous variable alone is not identified. 5. Heteroskedasticity
standard errors and clustering on panel groups are in parentheses. 6. ***
p<0.01, ** p<0.05, * p<0.1.

2.4.2 Effects of working part-time and working full-time on BMI

In Table 3, we present the second stage estimates for the fixed effects baseline
equation (2.2.7). We find statistically significant results at the standard levels of
statistical significance for the effects of working part-time and working full time on
BMI. Additionally, we reject the equality of working part-time and working full-
time at 5% level of significance. This means that labor market participation has a
significant effect on BMI and that this effect varies with the number of hours
worked.

[t is relevant to notice that the impact of working part-time on BMI is almost
three times larger than the effect of working full-time, in absolute value. That is,
part-time workers have on average lower BMI than full-time workers and retirees.
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Working full-time also has a negative impact on BMI in comparison to individuals
who are retired. The mechanisms will be further analyzed in the second part of the
paper.

Table 3 also shows significant results for the age terms. We conclude that
the effect of age on BMI is nonlinear. Age seems to have an average positive impact
on BMI, keeping everything else constant, until a certain age when the effect
substantially decreases and becomes negative and very close to zero.

Table 3: Baseline FE - Second stage results

BMI
Part-time —-3.021""* ¢
(1.003)
Full-time —0.846"""
(0.275)
Age 0.556"**
(0.054)
Age? —0.004™""
(0.000)
Endogeneity test 13.813*"
Overidentification test 1.394
F test for work status 10.543"*"
F test for quadratic age 187.750"**
N. Obs. 65, 865
N. Ind. 13,001

Notes: 1. Linear probability model with fixed
effects and instrumental variables. 2. Second
stage results. 3. Instruments: indicators for re-
tirement eligibility ages of respondent and part-
ner. 4. t indicates that we reject the equality of
the coefficients of part-time and full-time at the
0.05 level. 5.Endogeneity test is based on the C
statistic. It tests the null hypothesis that "part-
time" and "full-time" are exogenous. It tests the
null hypothesis that part-time and full-time are
exogenous variables. 6. Overidentification test
is based on the Hansen J statistic. It tests the
null hypothesis that all instruments are orthog-
onal to the error term. 7. Heteroskedasticity
standard errors and clustering on panel groups
are in parentheses. 8. *** p<0.01, ** p<0.05,
*p=<0.1.

2.4.3 Effects of working part-time and working full-time on BMI
by income level

To capture the differences in the studied treatment effects across individuals with
different socio-economic status we first analyze these effects for individuals with
different income levels. As mentioned in Section 2.3, we consider several income
measures: total household income; individual earnings; net total household
income; weekly wage rate and total weekly wage. For each of these measures, we
consider a dummy indicator for low income and high income. We perform separate
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fixed effects regressions for each income measure considered corresponding to the
first stage and second stage of the regression equation (2.2.7).

In Table 4 and Table 5, we present the second stage results for the two
levels of each income measure. For all income groups, we fail to reject the null
hypothesis of overidentifying restrictions at the standard levels of significance.
Hence, the instruments are valid. However, we fail to reject the endogeneity test in
some cases. For the low income group from the following measures total
household income, net total household income and total wealth, we find that
working part-time and working full-time are not endogenous. Therefore, for these
cases, we can treat the latter two regressors as exogenous variables. Also, for the
high income group, we observe that from individual earnings, weekly wage rate
and total weekly wage rate, working part-time and working full-time are not
endogenous either.

Besides, the effects of working part-time and working full-time on BMI are

overall similar to those obtained in Table 3. We comment first on the effects for
high income groups. For total household income, we find that working part-time
has a significant impact on BMI at 5% of significance level whilst the effect of
working full-time is not significant. As in the baseline results, the impact of age is
non-linear and is also statistically significant at 1% level of significance. Also, we
find significant results for the effect of work status and quadratic age. Likewise, we
reject the null hypothesis of the equality of working part-time and working full-
time at 1% level of significance. For net total household income, we find similar
results to the baseline results but as mentioned in the previous paragraph working
part-time and working full-time can be considered exogenous regressors. With
regards to individual earnings, we do not find significant impacts of working part-
time and working full-time on BMI and we can consider these regressors as
exogenous. The impact of quadratic age though is statistically significant at the
standard levels of significance. For total wealth, the results are very similar to
those from Table 3. For both weekly wage rate and total weekly wage rate, we do
not observe significant effects of working part-time and working full-time on the
dependent variable and, also the result from the endogeneity test we can consider
these two variables as exogenous.
We can conclude that, as in Table 3, for most of income measures, we find that the
impact of working part-time on body weight is larger than working full-time. It is
to say, that working part-time is related to lower BMI while working full-time has
low impact on BMI. Hence, for individuals with high income level, working less
hours is linked with lower body fat.

For low income groups, we observe that for total household income the
impact of working part-time is not statistically significant while the effect of
working full-time is significant at 10% level and it presents similar size to the
effect of this regressor in the baseline regression equation from Table 3.
Additionally, the impact of age is non-linear and is also statistically significant at
1% level of significance. We also find a statistically significant effect for quadratic
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age, but we fail to reject the endogeneity test so that we can treat working part-
time and full-time as exogenous regressors. For net total household income, we do
not find significant results for working part-time either, and we do find a
statistically significant at 10% level of significance which is similar to the result in
Table 3 for working full-time. As we previously explained, working part-time and
working full-time can be considered exogenous regressors. For individual
earnings, we find a statistically significant effect of working part-time at 1% level.
The average impact of working part-time is larger (-3.519) than the effect of this
regressor in Table 3 (-3.021). The impact of working full-time on BMI is though not
statistically significant at the standard levels of confidence. The estimates for age
are statistically significant at the standard levels of significance, and the results are
very similar to those from Table 3. In relation to the weekly wage rate, the effect of
working part-time is on average lower (-2.015) than the average effect of this
regressor in Table 3 (-3.021). Moreover, the effect of working part-time is
significant at 10% level of significance. The effect of working full-time is slightly
larger (-0.919) than the impact of this variable in the baseline results. Likewise, the
results are both statistically significant at 1% level of confidence. For total weekly
wage rates, the effect of the two indicators for labor market participation are
significant and larger than the baseline results and the estimates for other income
measures (-3.578 for working part-time and -1.439 for working full-time). The
estimate for age and squared age are also larger and statistically significant at 1%
level. These findings show that for individuals with low income level, the impact of
working part-time and working full-time on BMI is larger than for those
individuals with high income level. We find statistically significant results for the
effect of working part-time for the income groups measured by individual
earnings, weekly wage rate and total weekly wage rate. The impact of working
part-time for these groups is larger than the impact we found in Table 3. It is to
say, the effect of working part-time on BMI is negative and larger than the effect we
found for the baseline results. The effect of working full-time is also similar to the
effect we observed in the baseline results, low and negative. In summary, for low
income groups, working part-time and working full-time have negative impact on
BM], and the size of these effects is larger than for the high income groups.
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Table 4: Income heterogeneity FE - Second stage results (1)
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Table 5: Income heterogeneity FE - Second stage results (1)
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2.4.4 Effects of working part-time and working full-time on BMI
by education level

Education level is one of the determinants of the socio-economic status. In this
subsection, we intend to capture the differences in the effects of working part-time
and working full-time on BMI for groups of individuals with differentials in
education attainment level. We construct a binary indicator which groups
respondents into the category of low education if those who at least obtained a
high school graduate diploma or similar diploma, and groups respondents into the
category of high education if they attained a higher education level. As in the
previous subsection, we estimate separate fixed effects regressions for each
education group for the first stage and second stage of the regression equation
(2.2.7).

Table 6: Education level heterogeneity FE - Second stage results

BMI
Low education High education

Part-time —3.3317" —2.780%*1

(1.482) (1.374)
Full-time —0.9917* —0.624

(0.362) (0.438)
Age 0.568""" 0.536™"

(0.073) (0.077)
Age” —0.004%** —0.0047"*

(0.001) (0.001)
Endogeneity test B.582% 5.812%
Overid. test 1.219 3.394
F test quadratic age 81.08%"" 106.08°"
F test work status T.52% 4.16**
F test for equality 3.65% 4.047%
N. Obs. 32,689 33,174
N. Ind. 6,512 6, 488

Motes: 1. Linear probability model with fixed effects and in-
strumental variables. 2. Second stage results. 3. Instru-
ments: indicators for retirement eligibility ages of respondent
and partner. 4. § indicates that we reject the equality of the co-
efficients of part-time and full-time at the 0.05 level. 5. Endo-
geneity test is based on the C statistic. It tests the null hypoth-
esis that "part-time" and "full-time" are exogenous. 6. Overi-
dentification test is based on the Hansen J statistic. It tests the
null hypothesis that all instruments are orthogonal to the error
term. 7. Heteroskedasticity standard errors and clustering on
panel groups are in parentheses. 8. *** p<0.01, ** p<0.05, *
p<0.l.

In Table 6, we indicate the second stage results for each education
attainment level. For both groups, we fail to reject the null hypothesis of
overidentifying restrictions. Thus, the instruments are orthogonal to the error
term. Furthermore, we reject the null hypothesis that working part-time and
working full-time are exogenous. Overall results are similar to the baseline results.
The effect on BMI is larger for part-time workers and the difference between the
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effects of working part-time and working full-time is significant. These results are
in line with the findings observed in Figure 7. The curves for part-time workers
and full-time workers are lower than the curves for the retired- The effect of
working part-time is negative and larger for the low educated individuals. We
observe that on average and ceteris paribus part-time workers have lower BMI
respect to retirees, and this effect is larger for individuals with low education. We
find a statistically significant negative effect of working full-time on BMI for
individuals with low education level which is lower than the effect of working part-
time. We then conclude that, on average and keeping everything else equal,
working part-time has a larger and negative impact on BMI for low educated
individuals than for highly educated individuals, while working full-time has a
negative and statistically significant impact at standard levels of significance on
BMI for low educated respondents. We expect that the analysis of the behavioral
mechanisms which might drive these relationships help to explain these results.
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2.5 Robustness checks

In this paper, we make several assumptions with respect instrument identification
and model specification. In this section, we check the sensitivity of our results to
the set of instruments. We use in addition to our set of instrumental variables, an
alternative set of instruments which consist of binary indicators for having ever
been able to reduce work hours, ever worked in a large firm and ever been self-
employed. We also check the sensitivity of the results to model specifications by
studying whether the results are sensitive to age specification and the definition of
income level groups. Finally, we check the sensitivity of the results to the
econometric model.

2.5.1 Set of instrumental variables

In Section 2.1, we describe alternative instrumental variables to retirement
eligibility ages of respondent and partner. We consider dummy indicators for ever
have been able to reduce paid work hours within the regular work schedule, ever
have worked in a large firm, and have ever been self-employed. In this section, we
perform the analysis using these alternative instruments in addition to the
baseline instrumental variables. That way, we can study the sensitivity of our
results to the introduction of new instruments. Because of the introduction of
these new instrumental variables, we shall change the model assumption about
unobserved time-invariant individual characteristics («;). The fixed effects model is
not valid this time because these additional variables have a high level of variation
over time for respondent i. Furthermore, Hausman test indicates that the random
effects model is appropriate. Additionally, these new instrumental variables are
not independent of each other. The HRS asks about being able to reduce work
hours only if the respondent is not self-employed. We hence include these
variables in two different set of instruments and check the sensitivity of the results
for both sets of variables.

We first consider a set of instruments which consist of retirement eligibility
ages of respondent and partner, an indicator for have ever been able to reduce
work hours and an indicator for having ever worked in a large firm. In Table 7 and
Table8, we include the first stage and second stage baseline results for the random
effects model. The effects of ever have been able to reduce paid work hours and
ever have worked in a large firm on the probabilities of working part-time and
working full-time are statistically significant at 1%. The interpretation of the
coefficients is as follows: if an individual can reduce paid work hours within
her/his regular schedule, she/he is more likely to work part-time; and, if an
individual is working on a large firm, she/he is more likely to work full-time. The
instruments are jointly significant at 1% level of significance. Then, instruments
are powerful and if we look at the weak identification test (Sanderson and
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Windmeijer, 2016), each instrument provides exogenous variation to explain the
effects of the two endogenous regressors independently. Also, results from the test
of overidentifying restrictions in Table 8 show that the instruments are orthogonal
to the error term. Hence, we have valid instruments. Furthermore, results for the
retirement eligibility ages in Table 6 and Table 7 are very similar to the fixed
effects baseline results. This information suggests that our baseline results are
robust to the set of instruments and the assumption over the unobserved
individual effects.

Table 7: Robustness check — Baseline RE - First stage results

Part-time Full-time
Bet. early and normal ret. age 0.046""" -0.167"""
(0.007) (0.008)
Bet. normal ret. age and age 70 0.057""" —-0.246"""
(0.011) (0.012)
Over age 70 0.037** —-0.189**"
(0.017) (0.018)
Bet. early and nor. ret. age (P) 0.006 —0.055""*
(0.006) (0.007)
Bet. nor. ret. age and age 70 (P) -0.014* -0.064"""
(0.009) (0.010)
Over age 70 (P) -0.042"*" —0.048"""
(0.012) (0.013)
Age 0.015° 0.064*
(0.009) (0.009)
Age” ~0.000 -0.001"**
(0.000) (0.000)
Ever been able to red. work hours 0.136""" -0.019"*"
(0.006) (0.007)
Ever worked in large firm -0.106*** 0.064***
(0.006) (0.007)
Constant -0.319 —0.483"
(0.256) (0.256)
F test quadratic age 7.28°" TT74.83"""
F test for excluded instruments 124.97°°° 109.34"*°
Weak identification test 167.85""* 183.68***
N. Obs. 45,207
N. Ind. 8. 544

Notes: 1. Linear probability model with random effects. 2. First stage results.
3. (P) refers to married or unmarried partner. 4. Weak identification test is
based on Sanderson Windmeijer F statistic. 5. Heteroskedasticity standard
errors and clustering on panel groups are in parentheses. 6. *** p<0.01, **
p<0.05, * p<0.1.
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Table 8: Robustness check — Baseline RE - Second stage results

BMI
Part-time —3.724""" ¢
(0.682)
Full-time —1.234™"
(0.295)
Age 0.598***
(0.065)
Age’ —0.005""*
(0.001)
Constant 10.817"*"
(1.695)
Endogeneity test 34.79""
Overidentification test 3.62
F test for work status 30.14*
F test for quadratic age 144.29™"
N. Obs. 44, 650
N. Ind. 8,516

Notes: 1. Linear probability model with random
effects and instrumental variables. 2. Second
stage results. 3. Instruments: indicators for re-
tirement eligibility ages of respondent and part-
ner, indicator for being able to reduce working
hours and indicator for having ever worked in
a large firm. 4. i indicates that we reject the
equality of the coefficients of part-time and full-
time at the 0.05 level. 5. Endogeneity test is
computed by hand since there is no package in
Stata to do so. It tests the null hypothesis that
part-time and full-time are exogenous variables.
6. Overidentification test is based on the Hansen
J statistic. It tests the null hypothesis that all in-
struments are orthogonal to the error term. 7.
Heteroskedasticity standard errors and cluster-
ing on panel groups are in parentheses. 8. ***
p<0.01, ** p<0.05, * p<0.1.

With regards, to the heterogeneous effect of working part-time and working
full-time across groups with differences in income levels, we perform separate
random effects regressions for each income measure considered corresponding to
the first stage and second stage. In Table 9, we present the second stage results.
For all income groups, we fail to reject the null hypothesis of overidentifying
restrictions at the standard levels of significance. Thus, the instruments are
orthogonal to the error term, and hence, they are valid instruments. Furthermore,
we reject the endogeneity test in all cases. We then have empirical evidence that
working part-time and working full-time can be treated as endogenous regressors
for the two income levels and all the considered income measures. We find
significant effects of working part-time and working full-time on BMI. However, as
it happened in Table 4 and Table 5, the interpretation for working part-time and
working full-time across income levels is somehow cumbersome since the effects
are not equivalent for all income measures. In general, we can find that the effect of
working part-time is larger than working full-time in comparison to retirees for
those who have high income level in comparison to individuals with low income
level. Overall, we observe that the impact of both endogenous regressors is more
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pronounced in high income level groups. However, the size of the effect of working
full-time on BMI across income levels depends on the analyzed income measure. In
general terms, we could conclude that the effect of working full-time is more
pronounce for low income individuals.

Furthermore, the effect of the variables age and squared age are statistically
significant at the standard levels of significance, and their size is pretty similar to
the coefficients obtained in Table 4 and Table 5. It is also worthy to note that the
use of these instrumental variables gives statistically significant results for most of
the income level groups and income measures. We then can conclude that the IV
estimator is more efficient when we add these instruments. In addition, all of these
findings suggest that our results are robust to the new set of instruments.

In Table 10, we present the second-stage results for each education
attainment level using the new set of instruments. For both low education group
and high education group we fail to reject the null hypothesis of overidentifying
restrictions. Then, the set of instruments is orthogonal to the error term. Besides,
we reject the null hypothesis that both working part-time and working full-time
are exogenous at the standard levels of significance. Overall, results are similar to
those obtained in Table 6. The effect of working part-time and working full-time
are larger and more pronounced in comparison to retirees for low educated
individuals. Overall part-time workers have lower BMI than full-time workers. We,
therefore, conclude that our results for the differences across education level
groups are robust to the new set of instruments.

Now we consider another set of instruments which consist of retirement
eligibility ages of respondent and partner, an indicator an indicator for have ever
worked in a large firm and an indicator for have ever been self-employed. If we
look at tables A1 and A2 from the Appendix, we find empirical evidence that these
instruments are good predictors of labor market participation. As it occurred when
we used the previous set of instruments, we obtain statistically significant results
for most of the income measures and education level groups (tables A3 and A4).
Hence, we conclude that the IV estimator is more efficient, and this set of
instruments is more powerful. Moreover, most of the results remain the same in
terms of the sign and size of the coefficients. Thus, all these findings suggest that
our results are robust to the new set of instruments.
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Table 9: Robustness check - Income level heterogeneity RE — Second stage results
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Table 10: Robustness check - Education level heterogeneity RE - Second stage results

BMI
Low education High education
Part-time —4.045**"% —3.207*"
(0.937) (0.967)
Full-time —1.392%*= —0.916%*
(0.386) (0.448)
Age 0.586** 0.578**=
(0.095) (0.086)
Age’ —0.005"** —0.004%*"
(0.001) (0.001)
Constant 11.945%** 10.478%**
(2.564) (2.182)
Endogeneity test 21.63** 12.98***
Overid. test 4.830 4.561
F test quadratic age 52277 06.44%**
F test work status 19.47%%7 11.21%**
F test for equality 13.20%** 10.12***
N. Obs. 20, 890 23,758
N. Ind. 3. 940 4,575

Notes: 1. Linear probability model with random effects and in-
strumental variables. 2. Second stage results. 3. Instruments: in-
dicators for retirement eligibility ages of respondent and partner,
indicator for being able to reduce working hours and indicator for
ever having worked in a large firm. 4. i indicates that we reject
the equality of the coefficients of part-time and full-time at the
0.05 level. 5. Endogeneity test is computed by hand since there is
no package in Stata to do so. It tests the null hypothesis that part-
time and full-time are exogenous variables. 6. Overidentification
test is based on the Hansen J statistic. It tests the null hypothesis
that all instruments are orthogonal to the error term. 7. Het-
eroskedasticity standard errors and clustering on panel groups are
in parentheses. 8. *** p<0.01, ** p<20.05, * p<0.1.

2.5.2 Age specification

We have observed empirical evidence that the relationship between age and BMI is
nonlinear, which is in line with the findings in the literature. It appears that the
effect of age on BMI is positive until a certain point at which the direction of the
relationship reverses and turns negative. In this part, we investigate the sensitivity
of the results to higher-order polynomials. We analyze the results for linear,
quadratic and cubic functions of age. We only explore the relationships until cubic
age since higher-order polynomials might lead to overfitting the model. We
present in Table 11 and Table 12 the first stage and second stage fixed effects
results.
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In the first stage results, we find that the coefficients for working part-time
and working full-time do not vary much between a model in which we consider a
linear function of age and the model with a quadratic function of age. However,
when we control for cubic age, the size of these coefficients decreases. Also, we
find that the coefficient for cubic age is virtually zero. We also observed that the
coefficients for the two endogenous variables are also lower for the regressions
with a linear function of age. Then, this model might not be capturing well
nonlinear effects of age on BMI and instruments have lower predictive power.
Therefore, we conclude that the results with the quadratic specification of age
captures the nonlinear relationship between age and BMI adequately and allows
the instruments to maintain their predictive power.

With regards to second stage results, the effects of working part-time and
working full-time are positive and statistically significant at standard levels of
significance when we control for linear age. The effect of working part-time is
larger than working full-time as in the rest of the specifications. When we control
for quadratic age, we obtain a smaller coefficient for working part-time. The
estimate for working full-time is statistically significant at 1%, and the effect is
negative and lower than working part-time in comparison with retirees. There is
empirical evidence of a nonlinear concave relationship between age and BMI. We
find that when we control for cubic age, the effect of working part-time is lower.
Likewise, the effect of working full-time is also smaller and not statistically
significant at standard levels of significance. Also, the term for cubic age is virtually
zero and not statistically significant. The ] statistic is more powerful when we
control for linear age, and we reject the null hypothesis of overidentifying
restrictions. Thus, our instruments are not valid since they are not orthogonal to
the error term.

In summary, our instruments lose predictive power when we introduce a
quadratic term and they become even less powerful when we include a cubic term.
We consider that the model with a quadratic age function specification captures
well the nonlinearity between the variable age and the variable BMI.
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Table 11: Robustness check - Age specification - First stage results

T0>d 4 ‘S0°0>d 4y ‘T0°0>d wuy "9 "sesaiuaied ul a1e sdnoid pued uo SuLPISNP PUE SIOLIA PIBPUE]S ADUSEPAYsS0Ialal 'S "dNSHEIS 4 IRawpuipm
UOSIDPUES UC PIseq 511531 UONEIYNUPI Yeapy f 1aued palueuun 1o paLleur 0l s12Jal () "¢ "synsa1 ade1s 15114 'g 's1ajja paxy yim [apowr Aiqeqord 1eaur] ' :saloN

96¢ FT pul ‘N
16T ‘89 sqO "N
«s:0L0709 wesLO0ET +enETTLE «42T89°TT +esE8T°6TT < LOEST 1531 UOTEOYNUSPT JEIM
«aBLETT w0601 +e+E8€°90T «42GEO°0T +esBGOTFT «se0GLET SIUSWINIISUI PAPN[OXD 10§ 1597
«++087GRE +++84°8 23e 21qNd 1591
w01 TFC s 16°C a3e oneipenb 1591 g
(662T) (¥291) (z0z°0) (681°0) (9%0°0) (6£070)
eaxGIVEC— B A5} S 6 LFE0— ++xG0T°C K600 JuelIsuo)
0000 00070
«x000°0 «+x000°0— m“uwﬁ.
(10070) (T0070) (00070) (00070)
«+000°0— «++700°0 +++000°0— +000°0— Nu.wqq_.
(6R070) (6L070) (L0070) (90070) (T0070) (to0°0)
e CTTT w890~ T00°0 +910°0 wesFTO0— «sT00°0 a3y
(e100) (z10°0) (e10°0) (z10°0) (¢10°0) (z1070)
FI0°0 G800~ z10°0 s FRO0— 900°0 el 800~ (d) 04 28 1240
(600°0) (80070) (600°0) (800°0) (600°0) (80070)
S10°0— wrsGF00— 12070~ wxe0F00— «+£20°0— wss [FO°0— (d) 0z @3e pue ade 321 Iou ‘12g
(900°0) (90070) (900°0) (900°0) (900°0) (50070)
480070~ wCT100— w4 lTO0— wIT0°0— w2+LT0°0— wIT00— (d) @3e -321 Iou pue A[Ied I9g
(F10°0) (e1070) (z10°0) (t10°0) (e10°0) (110°0)
e llTT0— €100 el 0T 0— s TE0°0 v CFT0— 11070 0/ 28e 12A0
(T10°0) (010°0) (600°0) (800°0) (010°0) (80070)
.:I,@W._”.D| **MNCC *’*N¢N.0| ..*..m_r.g.c .I:L.MN.C| .:I,hm.D.D ON. uMm Uﬂm UMN 121 —N.E.:U.ﬂ ‘1°9g
(L00°0) (90070) (L00°0) (Go0°0) (200°0) (g0070)
e lOT0— w4s7C0°0 w4 09T 0— 98070 +x99T°0— P00 a8e 121 [euwrou pue A[1ed 19g
UE.._uuz_._,m uE._uutmm oE_u.—.__._,m oEE-ﬁm& oE_u-:_._n— UE_u-u.ﬁmﬁ—
ade 21qn) a3e oneIpend) 23e 1BaUT]

55



Table 12: Robustness check - Age specification - Second stage results

BMI
Linear age Quadratic age Cubic age
Part-time 2468t 3.021"*f  -2.878"""!
(0.650) (1.003) (1.005)
Full-time 0.343°"" -0.846™"" -0.469
(0.214) (0.275) (0.409)
Age 0.085""" 0.556""" -0.594
(0.009) (0.054) (0.875)
Age® -0.004*** 0.014
(0.000) (0.014)
Age’ -0.000
(-0.000)
Constant 22.134™* 10.494°7" 33.457°
(0.703) (1.426) (17.474)
Endogeneity test 23.236""" 13.813"*" 10.5307""
Overid. test 51.906"** 1.394 1.037
F test quadratic age 187.73"""
F test cubic age 189.44"**
N. Obs 67,382
N. Ind 14,518

Notes: 1. Linear probability model with fixed effects and instrumental
variables. 2. Second stage results. 3. Instruments: indicators for re-
tirement eligibility ages of respondent and partner. 4. 1 indicates that
we reject the equality of the coefficients of part-time and full-time at
the 0.05 level. 5. Endogeneity test based on the C statistic. It tests the
null hypothesis that part-time and full-time are exogenous variables. 6.
Overidentification test is based on the Hansen J statistic. It tests the
null hypothesis that all instruments are orthogonal to the error term. 7.
Heteroskedasticity standard errors and clustering on panel groups are
in parentheses. 8. *** p<0.01, ** p<0.05, * p<0.1.

2.5.3 Income threshold

In this section, we study the sensitivity of our results to a change in the definition
of the heterogeneous income groups. That way, we redefine the income threshold
to build up sample groups with differentials in income level. In Section 2.1, we
used as a threshold the median of each income measure to create binary indicators
for high- and low income levels. We now set the threshold as the average income
for each income measure. Thus, we create binary indicators which are equal to one
if the respondent's income level is higher or equal to the average income level of
our sample and zero elsewhere.

Table 13 presents the second stage results of this robustness check. The
first relevant finding is that instruments are orthogonal to the error term
according to the results from the overidentifying restriction test for all income
measures and groups. The second finding is that, as in Table 4 and Table 5, we fail
to reject the endogeneity test in some cases. For the low income group from a
couple of income measures such as net household income and total wealth, we fail
to reject the null hypothesis of the endogeneity test. That is, the variables working
part-time and working full-time can be treated as exogenous. Likewise, for the high
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income group from the income measure individual earnings and weekly wage rate
those regressors can also be considered exogenous. Furthermore, the effects of
working part-time and working full-time are overall similar to the estimates from
Table 3. Another finding is that signs of the coefficients do not vary across income
measure specifications with respect to the results from Table 4 and Table 5. Also,
the significance and magnitude of the results vary slightly with respect to Table 4
and Table 5. For high total household income respondents, the impact of working
part-time is statistically significant at 5% level of significance while the effect of
working full-time is only significant at 10%. For respondents with a high level of
net total household income, we find similar results. For individuals with a high
level of earnings, working full-time and working part-time are exogenous variables
as we mentioned, and they do not have a significant impact on BMI. For
respondents with a high level of total wealth, the impact of working part-time is
statistically significant at 5% while working full-time does not have a significant
impact. For high total weekly wage rate, respondents working part-time and
working full-time are exogenous, and their effects on BMI are not statistically
significant. For respondents with low total household income, working part-time is
statistically significant at 5% and working full-time is statistically significant at 1%.
For individuals with low level of net total household income the variables working
part-time and working full-time are exogenous, and their impact on BMI is not
statistically significant. For individuals with low earnings, both working part-time
and working full-time are statistically significant at 1%, and we reject the equality
of the estimates of these two variables at 5%. Overall, the magnitude of the
estimates is slightly larger. Standard errors are also larger for most of the
coefficients. The effect of age is nonlinear and statistically significant at 1% for all
income groups and very similar to results in Table 4 and Table 5. Standard errors
are also larger for most of the coefficients. Since these results do not lead to
different conclusions, we could state that our results are robust to changes in the
income threshold definition.
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Table 13: Income threshold - Second stage results
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2.5.4 Econometric model

As we have previously indicated, retirement decision and thus the number of
hours worked are endogenous variables in our econometric model. We make use
instrumental variables to address the endogeneity problem. Likewise, we also take
advantage of the longitudinal component of the HRS dataset which allows us to
estimate by fixed effects and address the sources of endogeneity originated by the
unobserved time-invariant individual effects. We include three additional models
to check for the sensitivity of our results to different model estimation methods
and model assumptions. Results for these sensitivity tests are presented in Table
14. The first model considers cross-section information and does not uses panel
data information. It is a pooled regression model estimated by OLS. It does not deal
with the endogeneity problem through instrumental variables either. The second
model presented exploits the nature of the panel dataset and allows for fixed
effects. Here we deal with the endogeneity which might come from time-invariant
individual effects. However, we do not consider instruments as in the first model.
The third model presented is a pooled instrumental variable (IV) model estimated
by the two-stage least squares estimator (2SLS). This model approaches the
endogeneity problem in our model caused by the number of hours worked, but it
does not account for the endogeneity coming from unobserved heterogenous
individual effects. The last model considers both the panel dimension of the HRS
data and instrumental variables. It estimates by 2SLS after the within-group
transformation.

On the one hand, results across the models do not lead to different
conclusions. Working part-time and working full-time with respect to retirees have
lower BMI. The effect on BMI is larger for part-time workers. Nonetheless, results
from the pooled IV show a positive impact of working part-time and working full-
time on BMI. On the other hand, the size of the coefficients does vary across the
considered models. The magnitude of the coefficients decreases substantially when
we consider the panel data dimension in comparison with the pooled OLS and
decreases when we compare pooled IV model with IV-FE panel data model.
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Table 14: Robustness check - Econometric model

BMI
Pooled OLS FE Pooled IV IV-FE

Part-time —0.932°**1 —0.027 8.421%**¢ —3.021%**%

(0.057) (0.042) (3.194) (1.003)
Full-time —0.542%** —0.034 0.744 —0.846%**

(0.052) (0.039) (0.676) (0.275)
Age 0.394%* 0.443*** 0.128 0.556%**

(0.053) (0.032) (0.097) (0.054)
Age? —0.004*** —0.003*** —0.001 —0.004***

(0.000) (0.000) (0.001) (0.000)
Constant 18.129%** 12.266%** 222407 10.494***

(1.677) (1.011) (2.349) (1.426)
End. test 16.719*** 6.58%*
QOve. test 0.452 1.394
N. Obs 90, 328 90, 328 67,382 67, 382
N. Ind 18, 398 14,518

Notes: 1. Linear probability model with and without fixed effects, and linear probability model with
and without instrumental variables. 2. Second stage results. 3. Instruments: indicators for retirement
eligibility ages of respondent and partner. 4. i indicates that we reject the equality of the coefficients
of part-time and full-time at the 0.05 level. 5. Endogeneity test based on the C statistic. It tests the null
hypothesis that part-time and full-time are exogenous variables. 6. Overidentification test is based on
the Hansen J statistic. It tests the null hypothesis that all instruments are orthogonal to the error term.
7. Heteroskedasticity standard errors and clustering on panel groups are in parentheses (the latter is
only indicated for FE and IV-FE models). 8. *** p<0.01, ** p<0.05, * p<0.1.
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3. Mechanisms: Time use channels

3.1 Data description
3.1.1 General description of the survey data

To investigate the mechanisms which might drive the effects of the number of
work hours on BMI for older people, we make use of time use data from the
American Time Use Survey (ATUS) linked with the Eating and Health module from
the Compendium of Physical Activities (Tudor-Locke et al., 2009). The ATUS is a
survey carried out by telephone by the U.S. Census Bureau. This survey is based on
the Current Population Survey (CPS) collected by the United States Census Bureau
for the Bureau of Labor Statistics (BLS). The CPS interviews randomly about
60,000 households every month. During this interview process, a portion of the
interviewed is excluded from the survey because they do not comply with the
requirements we describe further below. Every month they gather data on labor
market statistics and several topics such as school enrollment, child support, and
volunteerism. It takes between 2 and 5 months to fulfill the survey interviews.
This final sample is common to the ATUS.

The ATUS collects information on demographic characteristics,
respondent’'s market labor time and non-market activities such non-paid work,
exercising, eating, sleeping, socializing among others. The requisite to be
interviewed is to be an American resident, at least 15 years old, not being in the
active military forces and those who are not permanent residents in nursing
homes and prisons. From each household, one person is chosen randomly from
the CPS final sample to be the respondent of the ATUS survey interview. The
respondent is asked by phone about how she/he spends her/his time between
04:00 of the previous day and 04:00 of the interview day. For each time use
question, the respondent must report where and with whom she/he was doing the
activity. We make use of the survey data collected between the period 2003 and
20153.

In similarity with the restrictions we imposed on the HRS dataset, we
execute the following restrictions: we only consider respondents between 50 and
70 years old, we drop respondents with missing observations, we drop from the
sample those individuals who report being unemployed, disabled or who are not in
the labor force for any other reason, we only keep observations from the years
2006, 2007, 2008, 2014 and 2015 for a reason which will be explained later on this
section. We also exclude pregnant women from the sample because their reported
BMI might not be representative of the population. This results in a sample size of

3 For further information please see the U.S. Bureau of Labor Statistics and U.S. Census Bureauy,
2016. American Time Use Survey User's Guide - Understanding ATUS 2003 to 2015,
http://www.bls.gov/tus /atususersguide.pdf.
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170,842 observations, which are around 12,000 observations each year
considered.

The ATUS does not contain information about one of our variables of
interest, BMI. Nevertheless, there are supplementary modules to this survey which
contain health-related information. The already mentioned Eating and Health
module from the Compendium of Physical Activities is collected in the years 2006,
2007, 2008, 2014 and 2015. That way, we can make use of this information to
analyze the time use patterns and their relationship with BMI and employment
status. Furthermore, the inclusion of this data allows studying descriptive
information about the rate of energy spent on physical activities (Ainsworth et al.,
1993). The Compendium of Physical Activities links a five-digit code that provides
information about the intensity of physical activities which is measured by the
Metabolic Equivalent of Task (MET) defined as the ratio of work metabolic rate to
a resting metabolic rate. For an average adult, one MET is equivalent to one
kcal/kg/hour. This measure ranges intensity of physical activities from 0.9 METs
(sleeping) to 23 METSs (running) (Ainsworth et al., 2011).

Furthermore, since the ATUS survey gathers information of different
demographic groups, sample weights are provided along with the data to obtain a
representative sample of the underlying population for statistical and inference
purposes. Additionally, the sample is not uniformly distributed across the days of
the week. There are differences in the response rate and distribution of time spent
on activities across each day of the week. Because of that, each day of the week is
weighted using the sample weights. That way, each day is equally represented
among the total number of days of the week and one can obtain meaningful results.
Likewise, BLS draws a set of random subsamples each month to calculate
variances estimates and creates replicate weights using the regular estimation
method for each of the subsamples. Standard errors are calculated with the
replicate variance method*.

3.1.2 Measuring hours worked

Analogously to the HRS labor market status definition and considering the
information available in the ATUS, we define full-time work as working 35 hours
or more per week and part-time as working less than 35 hours per week. The
definition of a full-time worker and part-time worker are based on the following
survey questions: "How many hours per week do you usually work at your job?"
These definitions comprise the total number of hours spent in all jobs. Moreover,
we only account for those hours worked during work days since half of the
respondents were interviewed during the weekend and this information is not

4 For further information on this matter please see Chapter 7 from the U.S. Bureau of Labor
Statistics and U.S. Census Bureau, 2016. American Time Use Survey User's Guide - Understanding
ATUS 2003 to 2015. http://www.bls.gov/tus/atususersguide.pdf. Also, see Chapter 14 of CPS
Technical Paper 66 at https://www.census.gov/prod/2006pubs/tp-66.pdf for further information
on the replicate variance method.
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representative because respondents usually do not work on Saturday and Sunday.
Retired individuals are also defined as those who do not work any hour per week.

Fraction

0

alla b I i_l.l_h.
::H:urs workad ]:é.‘?:._n in the main J:\b:sl -
Figure 8: Distribution of hours worked per week (after sample restrictions)

Figure 8 displays the distributions of number of hours worked per week in
all the chosen survey years (2006, 2007, 2008, 2014 and 2015). We observe that
the majority of the respondents work more 35 or more hours per week. Among
these respondents, 78% work 35 hours or more while and among those
respondents who work less than 35 hours per week, 12% of individuals work less
than 20 hours per week. Hence, the distribution of hours worked per day are
similar in the two surveys (see Figure 2). Taking all this information into
consideration, we can say that the definition of labor market status is consistent
across the samples from the HRS survey and the ATUS survey.

3.1.3 Measuring health

As in the HRS sample, we use BMI as a measure of physical health. Information for
this measure is not contained in the ATUS data but in the Eating and Health
supplementary modules from the Compendium of Physical Activities, which is only
available for the periods 2006-2008 and 2014-2015. Again, we define BMI as
respondent's weight in kilograms divided by the square of their height in meters,
and we also consider other indices such as being obese and overweight.

3.1.4 Income measure

The CPS provides information about family income. To address patterns in
time use on activities of the elderly who work part-time and full-time with income
differentials, we consider family income as the indicator of income level. That way,
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we classify our sample into two categories: low income and high income.
Analogously to the construction of the indicator for the HRS sample, we make use
of the average income, and we set as a threshold the median. Notice that ATUS also
provides information about weekly earnings and hourly earnings. However, for
brevity, we only focus on family income.

6

4
1

Fraction

4 .
Income level

Figure 9: Distribution of the variable income level (after sample restrictions)

3.1.5 Education measure

Information on educational attainment is collected in the CPS. To explore the
difference in the patterns in time use of the elderly who are working part-time and
working full-time and have different education levels, we create a binary indicator
for "low education" and "high education". We group those individuals who at least
attended high school, and we group those with higher qualifications in the
category "high education." Then, our indicator takes the value of one if the
respondent belongs to the category "high education” and zero otherwise.
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Figure 10: Distribution of the variable income level (after sample restrictions)
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3.1.6 Set of instrumental variables

As in the previous analysis using the HRS sample, we use retirement eligibility ages
as instrumental variables for retirement decision. Given the information available
in the ATUS, we make use of a set of three instruments: indicators to whether the
respondent is between early and normal retirement age, between normal
retirement age and age of 70, and above the age of 70.

3.1.7 Descriptive statistics

In Table 15, we present the descriptive statistics of the main demographic
variables and labor market information for the restricted sample. Across the
survey years of study, the average age is 46.69. Our ATUS sample is, on average,
younger than our HRS sample. 56.29% of the respondents are women, 77.40% are
under early retirement eligibility age, 50.63% are between the early and regular
retirement eligibility ages, 48.08% are between normal and the age of 70, and
12.73% are over the age of 70, 57.64% have higher education, the average BMI is
27.43, 48.26% are overweight and 27.62% are obese, 53.30% are married or in a
relationship. Regarding labor force information, 11.67% are working part-time,
49.31% are working full-time, and 17.63% are retired.

Table 15: Descriptive statistics (ATUS)

Mean
Demographics
Age (50-75) (average) 46.89
Female (%) 56.29
Under early ret. age (%) 77.40
Bet. early and nor. ret. age (%) 50.63
Bet. nor. ret. age and age 70 (%) 48.08
Over age 70 (%) 12.73
High education (%) 57.64
BMI 27.43
Overweight (%) 48.26
Obese (%) 27.62
Married or partnership (%) 53.30
Labour market information
Part-time worker (%) 11.67
Full-time worker (%) 49.31
Retired (%) 17.63
N.Obs. 170, 842

MNotes: 1. Averages are calculated using ATUS population
representative-weights. 2. The values presented in percentages
might not add up to 100% due to rounding. 3. The percentages
(are averages) and averages are calculated with out considering
missing values.
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3.1.8 Time use activities

The target of this part of the analysis is to find how time use on different activities
works as a mechanism between time spent working and BMI for old individuals
with differentials in income and education. The ATUS contains information about
the time spent in 485 activities organized into 17 major categories. Since we use
BMI as a measure of physical health, we only focus on those activities that seem
related to this indicator. We follow Abramowitz (2016) for the selection of health-
related activities which could have an impact on BMI. The chosen channels can be
classified into three categories: eating, physical activities, and health. Table 15
depicts descriptive statistics of time use on activities by income level in minutes
and Table 16 presents the summary statistics for the time use on activities by
education groups.

Among the activities within the eating category, we distinguish primary and
secondary eating, preparing food, grocery shopping and purchasing prepared food.
We consider that this set of activities are relevant for our analysis since the way of
eating is very related to the number of hours working and health. Individuals who
work more hours tend to spend less time cooking food, and it is more likely that
they consume prepared food. In addition, individuals who are busier tend to have
less time to eat and they do it while working or doing something else. The kind of
food that they eat is usually high on sugar and very caloric (Satia et al., 2004; Jeffry
et al.,, 2006; Chou et al., 2004). Physical activities are also a relevant factor for body
weight. We consider time spent in sleeping, exercise, housework, screen time
(includes watching TV and personal computer usage) and commuting. The time
spent in these non-working activities allows the analysis of how the time spent
working impacts physically demanding and sedentary activities. If individuals
replace time at work by sedentary activities such as sleeping or watching TV, we
expect that if they work more hours, they will have higher BMI. On the contrary, if
individuals substitute time at work by demanding physical activities, they will have
lower BMI. With regards to health, we consider the time spent on own medical care
which refers to investment in own health such as visits to the doctor. People that
work more hours usually have less time to take care of their own health.
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Table 16: Time use on activities by income level
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Table 17: Time use on activities by education level
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3.2 Empirical methodology

The target of this section is to provide detailed explanations about the
methodology we follow to investigate the effect of different mechanisms that might
drive the effect of working part-time and working full-time on BMI for the elderly
across groups with differentials in income level and education level attainment. We
identify different physical health-related mechanisms through time use
information on several activities for these groups of the population. These
mechanisms are identified using pooled cross-sectional data from the ATUS for the
period 2006-2008 and 2014-2015. We follow Abramowitz (2016) for the
identification of these health-related channels and the identification of these
mechanisms.

Abramowitz (2016) investigates the effect of time spent working on BMI for
men and women using data from 2006, 2007 and 2008 ATUS survey linked with
the Eating and Health modules and the Compendium of Physical Activities.
Furthermore, he analyzes the mechanisms which could explain the relationship
between the impact of the number of hours worked on BMI. He first estimates a
baseline ordinary least squares specification model to study the effect of time
spent working and BMI and he controls for individual characteristics.
Furthermore, he also controls for strenuous and non-strenuous job. Then,
following the approach described in Fertig et al. (2009), he estimates a series of
equation models including controls for time use channels related to eating,
working time and health. Likewise, Abramowitz (2016) considers that time use on
each activity is an omitted variable and checks if its inclusion impacts
significatively on the effect of time spent working on BMI, That way, he attempts to
capture the direct causal effect of hours worked on BMI and the effect of
unobservable individual characteristics which might cause correlations and
reverse causation (Abramovitz, 2016). That way, Abramovitz (2016) re-estimates
the baseline specification model including control variables for time spent on each
of the potential channels. He then follows the specification model used by Fertig et
al. (2009). He estimates a regression model for each of the potential time use
channels. That is, he augments the model adding one control for each time use
channel. He estimates each regression model for women and men separately to
study whether we obtain different results for each group.

In contrast to the approach of Abramowitz (2016), we differentiate between
working part-time and working full-time instead of considering the total number
of work hours. Hence, we focus on labor market participation. Besides, we
investigate the effects of working part-time and working full-time on different
income and education groups. We include controls for time use on selected
activities on a baseline equation which is similar to the baseline equation
presented in Section 2. Following the approach of Fertig et al. (2009) and
Abramovitz (2016), we augment this model adding one control for time channels
each time and regress each equation for each income and education level group.
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We then estimate the model controlling for all time activities for each income and
education level group. Following the literature, we apply the instrumental variable
approach using retirement eligibility ages of respondent as instruments to find a
causal relationship of working part-time and working full-time on BMI.

3.2.1 Implementation

Analogously to Section 2.2, we start the analysis from a baseline equation model
using OLS to identify the causal effect of labor market participation on BMI for
different income and education groups:

yi = a+ f(Age;) + Part_time;B, + Full_time; B, + c;B5 + &, (3.2.1)

where i refers to the respondent (i= 0, 1, 2, .., I), y; is BMI of respondent i, f(Age;)
is defined as a continuous polynomial in age for individual i to capture the non-
linear relationship between age and BMI. c¢; refers to a set of demographic
characteristics such as race, ethnicity, marital status, season of the year, place of
residence  (non-metropolitan or metropolitan area) and state of
residence. Part_time; is defined as a dummy variable which takes a value of 1 if
respondent i works part-time and O elsewhere. Full_time; refers to a dummy
variable which is equal to 1 if respondent i works full-time and 0 otherwise. The
variable retirement is left as category of reference to avoid perfect
multicollinearity. The parameters of interest are f; and 8, which measure which
measures the effects of working part-time and working full-time on BM],
respectively. We assume that ¢; is i.i.d. with mean zero and variance 2. We use a
variance replicate method to calculate standard errors as suggested by the ATUS
Guide (Chapter 7).

Following Fertig et al. (2009) and Abramovitz (2016), for each time use
channel we consider time spent on certain activity in hours and we introduce time
use channels (t) as controls in the baseline equation (3.2.1):

yi = a + f(Age;) + Part_time; B, + Full_time; B, +c; B+t B3 + € (3.2.2)

We then estimate equations (3.2.1) and (3.2.2) for each income level group and
each education level group. In each regression, we augment (3.2.2) with a control
variable related to the time spent on a certain activity. In other words, we estimate
several regressions in which each of them we add a new control variable related to
the time spent on a selected activity. This way, we can compare estimates from
(3.2.1) with each of these regressions and interpret the change in the coefficients
from the omitted variable bias point of view. Thus, the omitted variable bias can be
expressed as follows:

(3.2.3)

5Part—r:’m3 = Jgi + JSEJG! [3 2 4]

Oruti—time = B2 + By,
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where p and y refers to the correlation between working part-time and
working full-time, respectively, and the potential time use channel. It is to say,
these parameters refer to the coefficient estimates of working part-time and
working full-time, respectively, in each augmented regression. The omitted
variable bias can be interpreted follows: a positive (negative) result from
(Oruti—time — P2), implies that Bz;y > 0 (B3 <0). We then conclude that the
impact of the time spent on the chosen activity on BMI and the effect of working
full-time on the time spent on the selected activity have the same (the opposite)
sign. The interpretation of the omitted variable bias for working part-time and
working full-time are similar. We discuss the case for the effect of working full-
time. If (Opyi—time — B2) is positive, y and S5 present opposite signs and B3y > 0.
Then, the impact of the time use channel on BMI (f3)and the correlation between
the working full-time and the time use channel (y) has the opposite sign. For
instance, the difference controlling for screen time is positive. The more hours the
respondent works, the less time she/he spends on screen time (negative y) but
given that this is a sedentary activity, it leads to a higher BMI (positive £3). Hence,
if (6ruii—time — P2) is significant, working full-time could lead to a higher BMI since
the respondent is sedentary for a longer amount of time. Then, if we omit the
variable screen time, we would underestimate the effect of working full-time on
BML If (8pyii—time — B2) is negative, y and S5 present the same sign and S5y < 0.
For example, the difference controlling for time spent on household tasks is
negative. The more hours the respondent works, the less time she/he spends on
housework (negative y). Moreover, we could state that time spent on household
tasks is negatively correlated with BMI (negative f;) since it involves certain
physical activity. Therefore, the effect of working full-time on BMI is higher when
we add time spent on household task in the model equation. Hence, if (8pyi;—time —
B>) is significant, the direct impact of working full-time on BMI is intensified when
we include the time spent on housework in the model equation. If we omit the
control for time spent on household tasks, we would overestimate the impact of
working full-time on BML

[t is important to notice that all the activities selected add up to a total of 24
hours and time use channels could be correlated with each other., we control for
all time channels spent on the activities. We specify similar omitted variable bias
equations as we did in equations (3.2.3) and (3.2.4) by adding an extra term to
these equations which accounts for the correlations between the time spent in all
time use channels for working part-time and working full-time, respectively. If the
differences between the coefficients for the variables of interest and the latter
correlations are significant then we can conclude the effects of working part-time
and working full-time on BMI when we are considering the time spent in a day in
all the selected activities.
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3.2.2 Instrumental variables approach and causality of the
estimated effects

As already mentioned, part-time and full-time working appears to be endogenous.
Following Neuman (2008) and Kantarci (2017, 2018), we consider retirement
eligibility ages of respondent as instruments. In the first stage, we regress the
endogenous variables (working part-time and working full-time) on the exogenous
variables and retirement eligibility ages. Then, in the second stage, the predicted
values are used to estimate the coefficients for working part-time and working full-
time on BMI. These instrumental variables must comply the exogeneity and
relevance restrictions. The instruments must provide independent sources of
exogenous variation for part-time and full-time working to identify their causal
effects on the BMI to avoid that the endogenous variables could be weakly
identified (Angrist and Pischke, 2009).

From the first stage results (see Table B1 in the Appendix) we find these
instruments are good predictors of working part-time and working full-time.
However, the endogeneity test from the second stage results shows that working
part-time and working full-time can be considered exogenous variables since we
do not reject the null hypothesis that these instruments are exogenous (y2(2) =
0.695). Then, we expect that the incorporation to the model of variables related to
individual characteristics and time allocation can help us to find the causal effects
of working part-time and working full-time on BMI and the effect of time use
allocation.
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3.3 Results
3.3.1 Effects of working part-time and full-time on BMI

Table 18 shows the results for the baseline equation (3.2.1). We observe the
results from a linear regression model which indicates the effects of working part-
time and full-time for two groups of income and two groups of education. For full-
time workers, we find a negative relationship, although we do not find significant
results except for the low education group at 1% of significance level. The
estimated effects of working part-time on BMI are more pronounced than the
effects of working full-time. We find statistically significant results for part-time
workers with high income level, low education, and high education at 1% level of
significance. For these groups, there is a significant negative correlation between
working part-time and BMI. According to the results, working part-time and
having a higher income level shows a negative relationship with BMI. We also find
a significant and negative impact of working part-time on BMI at 10% level of
significance for the group of low income level. However, the impact on BMI is
lower than for the group of part-time workers with high income level. Part-time
workers with lower education level present slightly higher BMI than those with
higher education. In other words, the higher is the education level, the lower will
be, on average, their BMI. Individuals who attain a higher level of education are
more aware of the consequences of overweight and obesity and the importance of
having a balanced diet. These results are in line with Kantarci (2017, 2018) who
finds that the effect of working part-time is substantially higher than the effect of
working full-time. We find empirical evidence that respondent’'s age has a non-
linear and significant effect on BML.

With regard to the set of demographic characteristics, it is worthy to note
that black respondents have on average higher BMI than respondents with other
ethnicities. The effect for Hispanic respondents is similar. Other ethnicities such as
Asians present the lowest coefficient for BMI. We also find positive and significant
results for those individuals who live in a non-metropolitan area. That is,
individuals who live in rural areas tend to weight more than those who live in
metropolitan areas. Intuitively, we could conclude that people who live in rural
areas might be less socially pressured to stay physically active than those who do
not live far from their neighbors.
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Table 18: Effects of working part-time and working full-time on BMI

BMI
Low income  High income  Low education  High education
Part-time 0.385" -1.282°"" -0.778"" -0.729"""
(0.232) [0.244) (0L271) (0228}
Full-time -0.391° -0.129 -0.507 -0.242
(0.217) [0.197) (0.235) (0.183)
Age 0.407°" 0.374"" 0.236 0.557"""
(0.184) (0.168) (0.199) (0.154)
Age? -0.002" -0.002%" -0.002 0.004™""
(0,001 ) (0.001) (0.002) (0.001)
Black 2.008%%* 20457 1.530% 2. 3BE"**
(0.204) (0.297) (0.238) (0231}
Hispanic 0.976""" 1.376""" 0.522" 1.285"""
(0.219) (0.311) (0L278) (0.302)
Other race -1.201* -1.844%F -2 144 -1.239%%F
(0.479) (0.326) (0.497) (0.315)
Married -0.12% 0342 -0.202 -0.05%
(0.129) (0.152) (0.159) (0.129)
Mon metropolitan 0441 0527 0.592%* 0.508%"
(0.195) [0.234) (0.201) (0220}
Constant 15.03™° 16.817"" 21.09"" 1164
(5.914) (5.168) (6.434) (4.818)
M. Obs 9,384 7,833 6,623 10,594

Motes: 1. Lisear regression model. 2. Regression resulis for the determinants of BMI aceross
heterogeneous reatment group effects: income level and educacion level. The income mea-
surerment refers o potal household income. Low Income category groups the sample that has
an income level lower than the 50°% percentile, thar iz below the median, and high income s
defined as the opposite. Low educatlon refers 1o under high school graduare level and high
income o levels higher than high school graduare. 3. Fixed effects for survey year, state dum-
mules and season of the year are incdduded In the model. 4. Hereroskedasticlny robust standard
errors are ln parenthesis and caleculated using tee replicate variance method. 5. *** p<0.01, ™
p<0.05, * pill.

3.3.2 Effects of time use channels on working part-time and full-
time

As we explained in Section 3.3, we augment equation (3.2.2) by including at a time
as a control variable a given time spent on a selected activity. We compare the
estimates from equation (3.2.1) with each of the augmented regression equations
and observe the resulting omitted variable bias. It is to say, we analyze the results
of (6part—time — B1 = B3p) and (Sryi-time — B2 = B3¥). The omitted variable bias
can be interpreted as the product between the correlation between a specific time
use channel and working part-time or full-time p and y, respectively, and the
correlation between the time use channel and BMI.
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In Table 19 we present the results for the effects on time use channels on
working part-time and full-time for low income and high income categories, and
low education and high education groups. This way, we can analyze the
correlation between the time use channels and working part-time, and the
correlation between the time use channels and working full- time. Overall, for full-
time workers, we find a negative relationship with most of the time spent on the
considered activities. However, there are some exceptions. For individuals who
have a low income level, grocery shopping is positively correlated with working
full-time, but this effect is not statistically significant. For individuals with high
income level, food and drink preparation at home, grocery shopping, sleeping, and
housework are positively correlated with working full-time. These results might
seem counterintuitive since full-time workers have less time to do groceries,
cooking their own food, sleeping or doing housework. However, we might explain
these effects for working full-time by looking at the results for the education
groups. Individuals who have attained a high education level, food preparation,
grocery shopping, and sleeping have a positive correlation with working full-time.
If we look to the results for low education, we observe that the effects of the
different time use channels on working full-time are smaller than the effects for
highly educated individuals. From these results, we can conclude that education
level is a relevant factor when we talk about how individuals organize their time.
Even though full-time workers have a fewer amount of time to spend on non-
working related activities, highly educated individuals might organize better their
time and spent more time on health-related activities than low educated workers
since they are more likely to be aware of the implications on how the allocation of
time among activities can affect health.

Regarding part-time workers, we find a negative and statistically significant
correlation between most of the activities and working part-time for the low
income and low education groups at standard levels of significance (1%, 5% and
10%). For the rest of the considered heterogeneous categories, we do not find any
significant negative impact of time spent in each of the selected activities on
working part-time. The size of the effects is higher for all activities for all
heterogeneity groups with respect to working full-time. That is, for the coefficients
with a negative sign the size of the coefficients is lower and for those with a
positive sign are bigger. For the of time use channels on being retired, we can
extract the same conclusions as for the effect of time use channels on working part-
time. The size of the coefficients is also similar to the effects on working part-time.

75



Table 19: Effects of time use channels on working full-time and working part-time.
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3.3.3 Effects of working part-time and working full-time on BMI
and separate time use channels

In the previous section, we analyze the correlations of time use channels on
working part-time and working full-time. As we explained in Section 3.2, we
augment equation (3.2.2) by including controls for each time spent on a selected
activity at each time. We compare the estimates from equation (3.2.1) with each of
the augmented regression equations and observe the resulting omitted variable
bias. It is to say, we analyze the results of (8pgri—time — B1 = B3p) and
(6ruti—time — B2 = B3y)- The omitted variable bias can be interpreted as the
product between the correlation between a specific time use channel and working
part-time or full-time p and y, respectively, and the correlation between the time
use channel and BMI. In the present section, we include separately controls for
time use channels to study the omitted variable bias. Then, in tables 20 and 21 we
present the results for the effects on time use channels separately on working part-
time and full-time for income groups and education groups. In the first line of both
tables it is presented the effect from the baseline equation. Table 20 includes the
results of 8pyrt—time — B1 for each time use channel added to the baseline equation
(3.2.2), and in the same way, table 21 presents the results of 8zy;—time — B2 for
each time use channel added to equation (3.2.2).

In Table 20, the most significant effect is screen time for all the groups
considered. Intuitively, we expect that the more time individuals spend in front of a
screen, the higher will be their body fat. Our results seem to confirm this
hypothesis. We find significant and positive results on the effect of screen time on
BMI. The impact is, on average, higher for individuals with high income level and
high education level. There are some statistically significant effects of time use on
different activities. The effect spending time on food preparation is negative and
statistically significant for the high income group, low education group, and high
education group. This effect is larger for those who have a high income level in
comparison with those with lower income and second place for those who belong
to the group of higher education. The effect for individuals with low education
level is also negative but smaller. The impact of preparing food at home is positive
and statistically significant at 1% significance level for respondents with high
income level and education level. It appears that cooking at home for these
individuals increases on average their BMI. Doing groceries is also significant and
has a negative effect on BMI for the latter groups. Preparing food at home appears
to have a positive impact which is statistically significant for high income and high
education groups at 5% level of significance. Likewise, the sign of the coefficients
for sleeping is also positive and significant for low income and low education
groups. As expected, doing exercise reduces BMI and we observe statistically
significant estimates for most of the analyzed groups. In addition, time spent at
commuting seems to affect BMI positively.
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Table 20: Effects of working part-time on BMI and separate time use channels

BMI
Low income  High income  Low education  High education
Baseline part-time effect -0.385" -1.282°*" -0.778" -0.729%
(0.232) (0.244) {0.271) {0.228)
Primary eating -0.163 -0.086 -0.198" -0.073
(0.101) (0.093) {0.113) {0.089)
Secondary eating 0.0 0.037 0.032 0.017
(0.009) (0.029) {0.027) {0.025)
Food preparation -0.135 -0.461° -0.242** -0.3247°
(0.118) (0.086) (0.114) {0.084)
Grocery -0.284 -0.408" -0.270 -0.433°
(0.234) (0.17&) {0.259) {0.182)
Prepared food 0.326 2 G4 -0.605 3.193°"
(0.326) (0.977) {1.384) {0.891)
Sleeping 0.1367"" 0.035 0.084" 0.089°"
[0.136) (0.049) (0.044) {0.042)
Exercise -0.255%" -0.364"" -0.148" -0.3947°
(0.076) (0.069) {0.079) {0.069)
Househaold -0.082 -0L1477" -0.125° -0.102"
(0.065) (0.069) {0.069) {0.058)
Screen 0.1297°* 02647 0.101° 0.258"""
(0.072) (0.031) {0.031) {0.026)
Commute 0.189"" -0.020 0.144" 0.040
(0.072) (0.052) {0.081) {0.0:40)
Own medical care 0.178 -0.070 0.140 0.013
(0.202) (0.237) {0.285) {0.156)
N. Obs 8,101 6,927 5,820 9208

Mowes: 1. Linear regression model. 2. Regression resulis for the determinants of BMI accross heteso-
geneous reatment group effects: income level and education level. The ncome measurement nefers
o total household income. Low income category groups the sample that has an income level lower
than the 5000 percentile, thar is balow the median, and high income & defined as the opposite. Low
edwcarion refers to under higlschool graduate level and high income 1o levels higher than highschool
graduate. 3. First row refers to the coefficlent from the baseline mode] specification. 3. First row
refers 10 the coefficlent from the baseline model specification. 4. Individual characteristics such as
age, quadratic age, race, marital status and living area, have been included in all specificarions. Ad-
ditlonally, Axed effects for survey year, stare dummies and season of the year are included all model
specificatons. 5. Time spent on actvities is measured in hours. 6. Hereroskedasteity robust stan-
dard errors are in parenthesi and caleulated using the replicare varance method. 7. *%* po0o01, =%
p<0.05, * p<0.l.

For the effects of time use channels on BMI for full-time workers, we shall
look at Table 21. Like in Table 20, we find that the most remarkable result in terms
of statistical significance is screen time. The magnitude of the effects is similar to
the effects for part-time workers although is slightly higher for most of the
heterogeneous full-time working groups considered.
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Table 21: Effects of working full-time on BMI and separate time use channels

BMI
Low income  High income  Low education  High education
Baseline full-time effect -0.391° -0.129 -0.507"" 0242
(0.217) (0.197) (0.235) (0.183)
Primary eating -0.229°° 0.013 -0.206" -0.047
(0.098) (0.140) (0.122) (0.115)
Secondary eating -0.048 0080 -0.016 0.028
(0.031) (0.034) (D.036) [0.036)
Food preparation -0.049 40,543 -0.103 -0.331™""
[(0.129) (0.124) (0. 166) (0.110)
Grocery -0.290 -0.115 -0.043 -0.5057
(0.266) {0.345) {0.322) {0.257)
Prepared food -0.399 3.752"" -0.013 2.468°
[1.533) (1.680) {1.928) [1.450)
Sleeping 0109 0.155" 0.051 0.188""*
(0.050) (0.082) (D.054) [0.058)
Exercise 0217 -0.165 -0.025 -0.308°°"°
(0077 (0.116) {D.093) [0.085)
Household -0.123 -0.001 -0.104 -0.064
(0.076) (0.086) {D.066E) (0.086)
Screen 0.142° 0286 0.133"** 0247
(0.033) (0.039) {D.037) [0.034)
Commute 0.101 0,007 0.132 0.013
(0.7 (0.070) {D.090) [0.061)
Own medical care 0.188 -0.165 0.267 -0.099
(0.188) (0.288) {0.228) (0.222)
N. Obs 5,582 2,720 3,697 4 605

Moges: 1. Linear regression model. 2. Regression results for the determinanis of BMI accross heteno-
genesus rreatment group effects: income level and education level The income measurement refers
o total household income. Low income category groups the sample thar has an income level lower
than the 50°* percentile, that is below the median, and high income is defined as the opposite. Low
education refers w under highschool graduare level and high inoosme 1o levels lkigher than kighschool
graduate. 3. First row refers o the coeffcient from e baseline model specification. 4. Individual
charactesistics guch as age, quadratic age, race, marital starig and living area, have been included n
all specifications. Addivonally, fived effects for survey year, state dummbes and season of the year are
included all model specifications. 5. Time spent on activides is measured in houss. 6. Heteroskedas-
theiry robust standard errors are in parenthesic and caleulared using the replicate variance method.
T.AEE o001, Y p D05, Y paill.
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3.3.1 Effects of working part-time and working full-time and all
time use channels on BMI

In Table 22 we present the results for the effects of working part-time and working
full-time controlling for all time use channels considered. The most prominent
result for the low income group is the effect on BMI of sleeping, exercise and
screen time. The impact of time spent sleeping is positive as the effect of screen
time. As in the previous sections, the impact of exercise on BMI is negative. Doing
exercise reduces the probability of gaining weight. For individuals with high
income, working part-time has a negative effect on BMI. In addition, when we
control for all time use activities, we find that preparing food at home decreases
BMI. On the contrary, eating prepared food impacts positively BMI. For these group
of respondents, the effects of exercise and screen time are larger than for low
income respondents. For individuals with high education level, working part-time
has a negative effect on BMI. We find significant results for the effects of preparing
food at home, exercise which impacts negatively BMI, and screen time which
affects positively to BMI. Furthermore, we find that housework also impacts
negatively BMI since it implies physical activity which might help to reduce BMI.
We find similar results for the low educated individuals, but the sizes of the effects
are overall smaller. Summarizing, our results when we control for all time use
channels follow the same line as the previously observed results.
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Table 22: Effects of working part-time and working full-time and all time use channels on BMI.

BMI
Low income  High income  Low education  High education
Part-time -0.235 -1.10177* 06977 -0.552%*
(0.230) (0.235) (0.269) (0.224)
Full-time -0.230 -0.008 -0.334 0.121
(0.215) (0.202) (0.243) (0.177)
Primary eating -0.172* -0.104 0,229 -0.071
(0.093) (0.086] (0.102) (0.080)
Secondary eating -0.005 0.036 0.019 0.008
(0.025) (0.072) (0.027) (0.024)
Food preparation -0.139 049977 -0.234"F 03437
(0.103) (0.083) (0.109) (0.082)
Grocery -0.192 -0.292 -0.0%6 -0.403*
(0.216) (0.180) (0.249) (0.172)
Prepared food 0.534 2571 -0.495 3.0257"
(1.1%6) (0.923) (1.328) (0.843)
Sleeping 0.1137"" 0.053 0.0717 0.093™~
(0.036) (0.048) (0.040) (0.03%)
Exercise -0.254=%* -0.346" -0.156"* -0.370"
(0.072) (0.068) (0.074) (0.064)
Household -0.101° 0,126 01327 -0.095°
(0.059) (0.062) (0.060) (0.053)
Screen 01287 02737 0.103%"* 026377
(0.026) (0.028) (0.030) (0.025)
Commute 0.125% 0.006 0.1407 0.026
(0.069) (0.048) (0.074) (0.037)
Own medical care 0.113 -0.026 0.083 0.024
[0.190) (0.223) (0.256) (0.150)
M. Obs 9,329 7.799 6,582 10,546

Motes: 1. Linear regression model. 2. Regression results for the determinants
of BMI accross heterogeneous treatment group effects: income level and edu-
cation level. The income measurement refers to total household income. Low
income category groups the sample that has an income level lower than the
50" percentile, that is below the median, and high income is defined as the
opposite. Low education refers to under highschool graduate level and high
income to levels higher than highschool graduate. 3. First row refers to the
coefficient from the baseline model specification. 4. Individual characteris-
tics such as age, quadratic age, race, marital status and living area, have been
included in all specifications. Additdonally, fixed effects for survey year, state
dummies and season of the year are included all model specifications. 5. Time
spent on activities is measured in hours. 6. Heteroskedasticity robust standard
errors are in parenthesis and calculated using the replicate variance method.
7.o¥** p0.01, ** p<0.05, * p<0.1.
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3.4 Robustness checks

In this section, we analyze the sensitivity of our results to the inclusion of different
age specifications to the definition of income level groups. We also check the
sensitivity of our results to a dependent variable which is closely related to BMI
and could be also interpreted as an indicator of physical health. We take obesity as
the dependent variable and check whether this choice leads to different
conclusions.

3.4.1 Age specification

We have concluded in several sections of this paper, that there is a nonlinear
relationship between the variables age and BMI. Specifically, we have observed
that the impact of age on BMI is first positive and then it becomes negative. As in
Section 2.5.2, we check the sensitivity of our results to age specification. We show
the sensitivity of the effects of working full-time and working part-time on BMI by
income level and education level to linear, quadratic and cubic age specifications in
Tables 23 and Table 24, respectively. According to the significance of the results
for the age terms, we conclude that the specification with the quadratic age
variable is the most suitable for our analysis.
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Table 23: Robustness check - Effects of working part-time and working full-time on BMI by income level: Age specification

BMI
Linear age Quadratic age Cubic age
Low income High income  Low income  High income Low income High income
Part-time -0.379 -1.230%** -0.385° -1.282*** -0.355 -1.281°*
(0.233) (0.242) (0.232) (0.244) (0.231) (0.244)
Full-time -0.405 -0.081 -0.391° -0.129 -0.313 -0.127
(0.217) (0.196) (0.217) (0.197) (0.215) (0.194)
Black 1.997* 2.044"" 2.008"* 2.045" 2.001""* 2.045°"
(0.205) (0.298) (0.204) (0.297) (0.204) (0.297)
Hispanic 0.957°°" 1.361"*" 0.976™"" 1.376™°" 0,973 1.376"""
(0.218) (0.311) (0.220) (0.311) (0.220) (0.311)
Other race -1.218*" -1.850"** -1.201"* -1.844**" -L.201"" -1.844*
(0.482) (0.325) (0.479) (0.326) (0.478) (0.326)
Married -0.120 0.360"" -0.129 0.342% -0.133 0.342*
(0.129) (0.152) (0.129) (0.152) (0.129) (0.152)
Non-metropolitan 0.438°" 0.834"** 0.441°* 0.827"°" 0.446"" 0.827*"
(0.196) (0.234) (0.195) (0.234) (0.195) (0.235)
Age -0.022 -0.012 0.407* 0.374" -5.028" 0.204
(0.014) (0.013) (0.184) (0.168) (2.560) (0.042)
Age? -0.003° -0.003** 0.084** -0.000
(0.001) (0.001) (0.041) (0.042)
Age? -0.000°* -0.000
(0.000) (0.000)
N. Obs 9,384 7,833 9,384 7,833 9,384 7,833

Notes: 1. Linear regression model. 2. Regression results for the determinants of BMI accross heterogeneous treatment group
effects: income level and education level. The income measurement refers to total household income. Low income category
groups the sample that has an income level lower than the 50" percentile, that is below the median, and high income is defined
as the opposite. Low education refers to under highschool graduate level and high income to levels higher than highschool
graduate. 3. Fixed effects for survey year, state dummies and season of the year are included all model specifications. 4. Time
spent on activities is measured in hours. 5. Heteroskedasticity robust standard errors are in parenthesis and calculated using
the replicate variance method. 7. *** p<0.01, ** p<0.05, * p<0.1.
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Table 24: Robustness check - Effects of working part-time and working full-time on BMI by education level: Age specification

BMI
Linear age Quadratic age Cubic age
Low education High education Low education High education Low education  High education

Part-time -0.F7e -0.7410 -0agrs -0t -0.758" -0.783"
(0.272) (0.223) (0.270) (0.228) {0.267) [0.228)
Full-time -0.4557 -0.003 -0.455° -0.050 -0.370 -0.035
(0.234) (0.154) (0.234) (0.182) (0.232) [0.183)

Black 1.542% 2354 1.541% 2.361%"" 1.529%" 2327
(0.237) (0.230) (0.238) (0.228) {0.237) [0.228)

Hispanic 0.5247 1.3z0%~ 0.5307 133z~ 0.5137 1.333""
(0.279) (0.304) (0.279) (0.305) {0.279) [0.30:4)

Other race 2175 -1.286™" 2176 -1.267""" 2172 -1.268"""
{0.500) (0.321) {0.498) {0.321) (0.496) (0.320)
Married 0136 0177 0.146 0.163 -0.147 0.162
(0.157) (0.123) (0.156) (0.128) {0.157) [0.128)

Non-metropolitan 0595 0.501° 05967 04957 0.597°" 0497
(0.202) (0.224) (0.202) (0.224) {0.201) [0.224)
Age -0.0327°° -0.004 0224 0.546"" -5.581° -0.803
(0.01&) (0.012) (0.200) (0.154) (2.840) [2.274)

Age? -0.002 -0,0057 0.og2 0.018

(0.002) (0.001) (0.046) (0.037)
Age® -0.0017" -0.000
{0.000) (0,000
N.Obs 6,623 10,594 6,623 10,594 6,623 10,594

Mowes: 1. Linear regression model. 2. Regression results for the determinants of BMI aceross heterogeneous reamment group effecis: noome
lewel and education level. The income measurement refers 1o votal household income. Low income category groups the sample thar has an
income level lower than the 50" percentile, thar is below the median, and high income is defined as the opposite. Low educarion refers to
under highschool graduate level and high income o levels higher than highschool graduace. 3. Fixed effects for survey year, stave dummbes
and seagon of the year are included all model specificatons. 4. Time spent on actvitles & measured in hours, 5. Heteroskedasticiry sobust
standard errors are in parenthesis and caleulated using the replicate vartance method. 7. "% p<0.00, ** po005, * p<inl.

3.4.2 Income threshold

In this section, we study the sensitivity of our results to a change in the definition
of the heterogeneous income groups. That way, we redefine the income threshold
to build up sample groups with differentials in income level. In contrast to Section
3.4, we set the threshold as the average income for each income measure. We
present the robustness check for the results about the effects of working full-time
and working part-time on BMI in Table 25, and for the effects of working full-time
and working part-time on BMI considering all time use channels in Table 26. As we
previously observed, there is no statistically significant effect of working full-time
on BMI (Table 25). However, we do find again that the impact of the some of the
considered time use channels is significant for full-time workers for both income
groups considered (Table 26). For part-time workers, we can conclude that our
results remain similar and they lead to the same conclusions we previously
described in the results section. Thus, our results can be considered to be robust to
the change in the income threshold.
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Table 25: Robustness check - Effects of working part-time and working full-time on BMI: Income threshold

BMI
Low income  High income
Part-time 05697 -0.957°"°
(0.262) (0.204)
Full-time 04127 -0.132
(0.243) (0.172)
Age 0675 0. 265"
(0.186) (0.154)
Age® -0.005°°" -0.002"
(0.001) {0.001)
Black 2.054 2011
(0.230) (0.232)
Hispanic 0.888"" 1456
(0.233) (0.242)
Other race -1.348"" -1Le45™""
(0.551) (0.307)
Married -0.140 0.186
[0.154) (0.147)
Non-metropolitan 0.212 09117
[0.221) (0.215)
M. Obs 7,016 10,201

Motes: 1. Linear regression model. 2. Regression
resules for the determinants of BM] accross heteroge-
nesls reatment group effects: income level and edu-
caton level. The income measurement refers to wogal
household ncome. Low income caregory groups the
sample thar has an income level lower than average
household inoome and high meome i3 defined as the
opposite.  Low education refers o under highechoaol
graduare level and high income o levels higher than
highschool graduare. 3. Fixed effects for survey year,
grate dumptdes and season of the year are included in
the model. 4. Hetesrcskedasticiny robust standasd er-
rors are in parenthesis and caleulared using the repli-
cate variance method. 5. *" po0001, ** pD0S, *
peiLl.
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Table 26: Robustness check - Effects of time use channels on working full-time and working part-time: Income threshold

Low income High income
Full-time Part-time Retired  Full-nime Part-time Retired

Primary eating -0.027 -D.016™ -0.001 -0.007 0.027"**  Q.023"""
{0.006) {0.005) (0.007)  (0.004) (0.007) (0.005)
Secondary eating ~ -0.002 -0.000 0.001 -0.000 0.001 0.001
{0.002) (0.002) (0.002)  (0.001) (0.002) (0.002)
Food preparation  -0.052"*°  -0.050°"*  0.019°° 0.015°°°  0.032"°  0.035""
{0.008) (0.007) (0.008)  (0.008) (0.008) (0.006)
Grocery -0.013 -0.012 0005 0.025° 0.018 0013
{0.148) {0.015) (0L.011)  (0.013) (0.013) (0.011)
Prepared food 0.038 -0.044 0.146°° -0.013 0.108 0.057
{0.008) (0.069) (0.053)  (0.043) (0.080) (0.069)
Sleeping -0.019°**  -0.021°"" 0000 0.005% 0.020"° Q017"
{0.002) {0.003) (0.002)  (0.002) (0.003) (0.002)
Exercise -0.034°*°  -0.033°"" 0.005 0.000 0.029"*°  0.032°*"
{0.006) {0.006) (0.007)  (0.004) (0.009) (0.005)
Household 0026 -0.035°"" 0.003  0.010°° 0023 00257
{0.004) (0.004) (0.004)  (0.004) (0.005) (0.004)
Screen 00247 -0.024°7° 0003 -D.002 0.027°°° 0025
{0.002) {0.002) (0.001)  (0.002) (0.002) (0.002)
Commute -0.014*  -0.014°"" 0.006 0.004 0.008° 0.011°"
{0.005) (0.004) (0.004)  (0.004) (0.004) (0.003)
Own medical care  -0.055°"°  -0.049°" -0.014 0.003 0,069  0.046"""
{0.013) (0.017) (0.010)  (D.013) (0.012) (0.015)
N. Obs 7.295 10,558 7,295 10,558 7,295 10,558

Motes: 1. Linear regression model. 2. Regression resulis for the determinants of BMI aceross hetemogenenus
rrearment group efects: income level and edwucaton level. The income measurement refers 1o total howsehold
income. Low income category groups the sample that has an income level loweer than average household income
and high income s defined as the opposite. Low educatbon refers o under highsehool graduate level and high
ineome 1o levels higher than highschool graduate. 3. Individual characrerietes such as age, quadratie age, race,
marital stans and living area, have been incuded in all specifications. Additionally, Axed effects for survey
year, state dummies and season of the year are included all model specifications. 4. Time spent on activitbes
s measured in hours. 5. Heteroskedasteiry robust standard erroes are in parenthesis and caleulaved wsing the
replicare variance method. 6. **% p0.00, ** paDA0S, ¥ pille

3.4.3 Dependent variable

In this section, we analyze the sensitivity of our findings to a change in the
dependent variable. To do so, we consider obesity as the dependent variable. We
define a binary indicator for being obese which takes the value of 1 if the
respondent surpasses a BMI of 30, and 0 otherwise. We repeat the analysis using
this new dependent variable, so we get now linear probability model equations to
estimate the effects of working full-time and part-time, and time use channels on
being obese. Although we get different models, we obtain similar conclusions to
the baseline analysis since BMI and obesity are closely related and it seems logical
to find similar results.
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Table 27: Robustness check - Effects of working part-time and working full-time on obesity

Obese
Low income  High income  Low education  High education
Part-time 0.4z -0.0a1 " -0 DG4** -0.057%
(0.020) {0.023) (0.027) {0.020)
Full-time I -0.017 -0.045"" -0.021
(0.018) (0.019) {0.021) (0.017)
Age 0.035%F 0.019 0.028* 0.030°*
(0.016) {0.015) (0.016) {0.013)
Age® -0 oooe* -0 000 -0.00* -0 D00=*
(0.000) {0.000) {0.000) {0.000)
Black 0.128""" 0.139""° 0.105""" 0.148""
(0.019) {0.024) (0.021) {0.019)
Hispanic 00587 0.085%* 0.041 0,059+
(0.021) {0.030) (0.028) {0.025)
Other race 0040 -0.0947" -0.096™" 0062
(0.038) (0.028) (0.040) {0.026)
Married -0.007 0.011 -0.021 0.007
(0.013) (0.013) (0.014) (0.010)
Mon-metropalitan 0.027" 0.065""" 0,043 0.036""
(0.018) {0.021) (0.017) (0.018)
N. Obs 9,384 7,833 6,623 10,594

Moges: 1. Linear pegression model. 2. Regreszion pesulis for the determinams of obesity accross
heterogensous treatment group effects: income level and education level. The income mea-
surement refers 1o potal bousehold income. Low Inoome category groups the sample that has
an income level lower than the 500 percentile, thar is below the median, and high income iz
defined as the opposite. 3. Flred effects for survey year, state dummles and season of the year
are included in the model. 4. Hereroskedasgicity robust standard errors are in parenthesie and
caleulated using the replicate varlance methad. 5. ™ p<0001, ™ p<0005, * poD 1.
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Table 28: Robustness check - Effects of working part-time and working and time use channels on obesity

Obese
Low mcome  High income  Low education  High education
Baseline part-time effect -0z -0.081%*= -0 64" -0.057%°*
{0.020) (0.023) (0.027) (0.020)
Primary eating -0.015" -0.008 -0.016 -0.008
(0.009) (0.008) {0.011) (0.008)
Secondary eating 0001 0004 0,004 0001
{0.002) (0.003) (0.003) (0.40)
Food preparation -0.005 0.016 -0.008 -0.013
{0.009) {0.008) (0.010) (0.008)
Grocery -0.010 -0.012 -0.005 -0.018
(0.019) (0.016) (0.022) {0.016)
Prepared food -0.053 03117 0.012 0.259"""
(0.092) (0.087) (0.099) (0.084)
Sleeping 00125 0,005 0.o10=* 0007
[0.003) (0.004) (0.004) (0.003)
Exercise -0.029%=* -0.031% -0.019%=* -0.035%°*
{0.007) (0.006) (0.007) (0.006)
Household -0.004 -0.010 -0.008 -0.005
(0.006) (0.006) (0.006) (0.005)
Screen 0,008 0.018%=* 0.o0g=** 00165
{0.002) (0.003) (0.003) (0.002)
Commute 0.00F -0.004 0005 -0.001
(0.006) (0.004) {0.007) (0.004)
Own medical care 0.024 -0.009 0.034 -0.009
(0.173) (0.018) (0.021) (0.016)
N. Obs 8,101 6,927 5,820 9,208

Motes: 1. Limear regression model. 2. Regression resulrs for the determinans of obesity accross
heterogenecus reatment group effects: income level and educarion level. The income measurenent
refers to wotal household income. Low income category groups the sample thar has an income level
lowier than the 50°% percentile, that is below the median, and high income is defined as the opposize.
3. First row refers o the coefficient from the baseline model specification. 4. Individual characteriszics
swch as age, quadratie age, race, marital srarus and living area, have been included in all specifications.
Addidonally, fixed effects for survey year, state dummdes and season of the year are included all model
specificatdons. 5. Time spent on activites i measured in hours. 6. Hereroskedastcry robust szandard
errors are in parenthesis and caleulared vsing the replicate varance method. 7. *¥% po0o01, **

p<iO5, * pel.l.
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Table 29: Robustness check - Effects of working full-time and time use channels on obesity

Obese
Low income High income  Low education  High education
Baseline full-time effect -0 g 0.017 -0, 045" -0.021
(0.018) (0.019) {0.021) {0.017)
Primary eating -0.017 0,000 -0.022" 0.001
(0.010) {0.014) {0.013) (0.009)
Secondary eating -0.003 0.o1o=* -0.002 0.008*
(0.003) (0.004) (0.004) (0.004)
Food preparation -0.002 -0.013 -0.003 -0.009
(0.117) {0.011) (0.0124) {0.010)
Grocery -0.015 0.026 0.014 0021
(0.023) {0.032) {0.029) (0.022)
PI'EpanI:l food -0.132 0.355%° 0.019 0.121
(0.117) (0.149) (0.149) {0.148)
SIEEp:iILg 0010 0.018%* 00107 0.015%**
(0.004) {0.007) {0.005) (0.004)
Exercise 00217 -0,027°" -0.005 00347
(0.008) (0.010) {0.010) (0.007)
Househald -0.010 0,003 -0.011 " 0,003
(0.006) (0.008) (0.006) {0.007)
Screen 0.00E"= 0020 0.005== 0014
(0.003) (0.003) (0.003) (0.002)
Commute 0.006 0,000 0.010 -0.001
(0.007) (0.006) (0.009) (0.005)
Own medical care 0.028 0,013 0.029 -0.001
(0.019) (0.026) {0.021) (0.021)
N. Obs 5,582 2,720 3,697 4,605

Motes: 1. Limear regression model. 2. Regression resulis for the determinams of obesity accross
heterogeneous reatment group efecs: income level and education level. The income measusement
refers 1o total houselold income. Low income caregory groups the sample thar has an income bevel
lower than the 50*" percentile, that is below the median, and high income is defined as the opposite.
3. Fiest row refers 1o the coefficlent from the baseline model specification. 4. Individual charae-
terisries such & age, quadratie age, race, marital starg and living area, have been included in all

ons. Additionally, fixed effects for survey year, stare dummies and season of the year are
ineluded all model specificarions. 5. Time spent on activites i& meagured in hours, 6. Heterogkedas-
theiry robust standard erross ase in parenthesis and caleulated using the replicare variance method.
T.OAEE pe01, 'Y p 0005, ¥ peill].
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Table 30: Robustness check - Effects of working part-time, working full-time and time use channels on

obesity
Obese
Low income  High income  Low education  High education
Part-time -0.032 0071777 -0.05677 004477
{0.027) (0.023) (0.027) (0.020)
Full-time -0.036* -0.006 -0.031 1011
(0.019) (0.019) (0.022) (0.017)
Primary eating -0.014 -0.00% -0.018" -0.007
(0.008) (0.008) (0.010) (0.007)
Secondary eating =0.000 0.003 0.002 0.001
{0.002) (0.003) (0.003) (0.002)
Food preparation -0.007 -0.o21=* -0.011 -0.016""
{D.008) (0.007) (0.009) (0.007)
Girocery -0.006 0,003 0.008 012
(0.018) (0.017) (0.021) (0.015)
Prepared food -0.037 0293777 0.012 0241777
{0.090) {0.085) (0.098) (0.078)
Sleeping o.o10==* 0.006 0.009+" 0007~
{0.003) (0.004) (0.004) (0.003)
Exercise 002" -0.030% =" -0.o18=* -0.032%="
{0.007) (0.006) (0.007) (0.006)
Household -0.007 -0.009" -0.010" 0006
(0.005) {0.005) (0.005) (0.005)
Screen 0.0077"" 0.0187" 0.0077" 0.01577"
{D.002) (0.002) (0.003) (0.002)
Commute 0.002 -0.002 0.005 -0L002
{0.005) (0.004) (0.006) (0.004)
Own medical care 0.020 -0.005 0.030 -(L00E
(0.017) (0.017) (0.019) (0.015)
N. Obs 9,329 7,799 6,582 10,546

Motes: 1. Linear regression model. 2. Regression results for the determi-
nants of BMI accross heterogeneous treatment group effects: income level and
education level. The income measurement refers to total household income.
Low income category groups the sample that has an income level lower than
the 50" percentile, thar is below the median, and high income is defined as
the opposite. 3. First row refers to the coefficient from the baseline model
specification. 4. Individual characteristics such as age, quadratic age, race,
marital status and living area. have been included in all specifications. Ad-
ditionally, fixed effects for survey year, state dummies and season of the year
are included all model specifications. 5. Time spent on activities is measured
in hours. 6. Heteroskedasticity robust standard errors are in parenthesis and
calculated using the replicate variance method. 7. *** p<0.01, ** p<0.05, *
p<0.1.

90



4. Conclusions

In this paper, we first study the causal effect of working part-time and working
full-time on body weight. Additionally, we investigate whether the effects are the
same across different socio-economic status groups on the income and education
dimensions. To investigate these issues, we make use of panel data from the Health
and Retirement Study, which includes detailed information about a wide variety of
topics such as labor participation, health-related characteristics and other
demographic variables of the elderly American population. The time span used is
2000-2014. The sample consists of individuals between 50 and 75 years old. As
indicated in previous literature, measuring the causal effect of labor market
participation on health outcomes is difficult since retirement choice is often a
source of endogeneity. To do so, we follow the instrumental variable approach. We
make use of some instruments, which according to previous findings, are valid
instruments. Following Neuman (2008) and Kantarci (2017, 2018), we use
retirement eligibility ages as instruments of the number of hours worked. We
distinguish between the fixed effects estimation model and the random effects
estimation model, depending on the assumptions we make about unobserved
time-invariant individual characteristics. Through the Hausman test, we decide
that the fixed effects model is the best approximation to the true model. We then
check the sensitivity of our results to the set of instrumental variables, to the age
specification, the definition of the income level groups and to the econometric
model.

Finally, we study which mechanisms might drive the effects working part-
time and working full-time on Body Mass Index. Also, we investigate these
mechanisms across individuals with differentials in income and education. For
these analyses, we make use of time use data from the American Time Use Survey
which is linked to the Compendium of Physical Activities. We consider a sample of
individuals between 50 and 75 years old for the waves 2006, 2007, 2008, 2014 and
2015. We make use of the time spent on several activities as the time use channels
which could have an impact on BMI. Using this data, we study the effect of working
part-time and working full-time on Body Mass Index. Likewise, we investigate the
impact across groups with differentials in income and education. We expect to
obtain similar results to those obtained using the HRS information. Following the
approaches of Fertig et al. (2009) and Abramovitz (2016), we include controls for
time use channels. Then, we augmented this model adding one by one each time
channel and regress each equation model for each income level group and
education level group. Furthermore, we estimate the model controlling for all time
channels. Here we also make use of retirement eligibility ages as instrumental
variables to control for endogeneity. We also check for the sensitivity of our results
to the age specification, the definition of the income level groups and to another
indicator of physical health as dependent variable.
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The main findings of this paper are the following. First, we find that retirement
eligibility ages are relevant predictors of the labor market participation decision.
Hence, this result is in line with the previous literature on the topic (Coile and
Gruber, 2000; Neuman, 2008; Bonsang et al., 2012; Gustman and Steinmeier, 2000,
2004, 2014, Mazzona and Peracchi, 2012,2017; Kantarci, 2017, 2018). Regarding
to the effects of the number of hours worked on BMI, we find that both working
part-time and working full-time have a statistically significant and negative effect
on BMI. Individuals who work part-time have on average lower BMI than those
working full-time or retired. This is in line with the findings of Kantarci (2017,
2018) who finds that the effect of working part-time on BMI is larger than the
effect of working full-time. Likewise, we find the same result for those individuals
with a high level of income. Hence, for individuals with high income level the lower
is the number of hours worked, the lower their BMI is. The impact of working part-
time on BMI is even larger for those individuals who have low income level.
Analogously, we find that working part-time has a negative and larger effect for
low educated individuals than for highly educated individuals.

Furthermore, relative to the study of the mechanisms that might help us to
explain the differentials in the effects of working part-time and working full-time
on body weight, we find interesting results. On average, individuals with a high
income level present higher levels of screen time than those who have low income
level. The impact on BMI is negative and larger for individuals with high income.
For individuals highly educated, the impact of screen time on BMI is also larger
than for those with lower level of education.

Additionally, for individuals with low income level, the most relevant
findings in comparison to the high income level group are related to sleeping,
exercise and screen time. It seems that the higher is the amount they spend on
sleeping, the higher is their BMI. The same occurs with screen time. On the
contrary, exercise shows a negative relationship with body fat. These findings
make sense since doing exercise reduces the probability of gaining weight and
sleeping and screen time are two of the activities with lowest MET. For individuals
with high income level, we find that the time spent on food preparation, eating
prepared food, exercise, household, and screen time are related to relevant
findings in comparison to the results for low income individuals. For these
individuals, cooking food at home decreases the chances to have higher levels of
body fat. This might be given by the way of cooking their meals and the higher
quality food they could buy. In contrast, eating prepared food seems to have a
negative impact on their BMI. Exercise and taking care of their household help
them to reduce their weight. Screen time seems to have a larger negative impact
for wealthier individuals than for individuals with low income level. This is
probably because they spend on average more time in front of a screen. For low
educated individuals the findings appear to be very similar to those of low income
individuals although the time spent on exercise has a smaller negative impact on
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BMI. When we compare highly educated individuals and low educated individuals
we find that food preparation, prepared food, exercise, household, screen time,
sleeping and going grocery shopping are relevant activities. We suppose that
individuals who have a high level of education, are more aware of the effects of diet
and certain habits on health.

Our findings also suggest that old individuals with high income level are
more sensitive to activities which have an impact on the effects of working full-
time and working part-time on BMI than for those who have a lower level of
income. Likewise, highly educated individuals are also more sensitive to activities
which have an impact of the effects of working part-time and working full-time on
body weight.

In the U.S,, obesity is one of the major concerns since it is a factor which
increases the likelihood of suffering other serious diseases such as diabetes,
hypertension and cardiovascular diseases. It is forecasted that obesity will rise in
the years to come. Then, it has then great implications for health-care costs but
also has effects on demographic and economic factors. Life expectancy will
diminish since current and future generations will follow the same behavioral
pattern (Olshansky et al., 2005). If we add the decreasing trend of the fertility ratio
affects negatively to the dependency ratio. Hence, all kind of public expenditures
will need to adjust to this reality. We find that retirees have higher BMI than old
workers. Furthermore, the allocation of time made by retirees and full-time
workers seem to favor sedentarism. However, there is evidence that reducing the
number of hours work might be positive for the physical health of those who still
want to work. Additionally, we find that individuals with a higher socio-economic
status usually have lower BMI. Educational programs on nourishment, healthy
lifestyle, sport programs, and lowering the price of healthy food should be applied
to reduce the obesity problem.

Regarding further research, analyses on other measures of physical health
could be performed to study the differences between working part-time and
working full-time for the elderly. Furthermore, we could investigate the effects of
working part-time and working full-time on mental health which also might have
implications on physical health. Besides, we could consider as another dimension
of socio-economic status, the type of job occupation such as blue-collar or white-
collar jobs among others. Job occupations are more physically and mentally
demanding than others are. Therefore, it might be interesting to explore the
effects of different job occupations on physical and mental health. Also, studying if
these differences are the same for populations of different countries using
longitudinal datasets could lead to interesting results. We could also use the same
data of the present study but distinguish between nationalities. Moreover, using
longitudinal data instead of pooled cross-sectional data for the time use analysis
could allow us to make use of the fixed effects model.

93



References

American Institute of Cancer Research. New survey shows Americans ignore
importance of portion size in managing weight. Retrieved August 1, 2018 from
http://www.aicr.org.

Abramowitz, J. (2016). The connection between working hours and body mass
index in the US: a time use analysis. Review of Economics of the Household, 14(1),
131-154.

Ainsworth, B. E., Haskell, W. L., Herrmann, S. D., Meckes, N., Bassett Jr, D. R., Tudor-
Locke, C,, ... & Leon, A. S. (2011). 2011 Compendium of Physical Activities: a second
update of codes and MET values. Medicine & science in sports & exercise, 43(8),
1575-1581.

Ainsworth, B. E., Haskell, W. L., Leon, A. S., Jacobs, ]. D., Montoye, H. J., Sallis, J. F., &
Paffenbarger, J. R. (1993). Compendium of physical activities: classification of
energy costs of human physical activities. Medicine and science in sports and
exercise, 25(1), 71-80.

Angrist, J. D., & Pischke, ]. S. (2009). Mostly harmless econometrics: An empiricist's
companion. Princeton university press.

Bonsang, E., Adam, S., & Perelman, S. (2012). Does retirement affect cognitive
functioning? Journal of health economics, 31(3), 490-501.

Bosworth, B., & Burke, K. (2012). Changing sources of income among the aged
population.

Chakravarthy, M. V., Joyner, M. ]., & Booth, F. W. (2002, February). An obligation for
primary care physicians to prescribe physical activity to sedentary patients to
reduce the risk of chronic health conditions. In Mayo clinic proceedings (Vol. 77, No.
2, pp. 165-173). Elsevier.

Coile, C., & Gruber, J. (2000). Social security and retirement (No. w7830). National
Bureau of Economic Research.

Coile, C,, & Gruber, J. (2001). Social security incentives for retirement. In Themes in
the Economics of Aging (pp- 311-354). University of Chicago Press.

Cragg, J. G, & Donald, S. G. (1993). Testing identifiability and specification in
instrumental variable models. Econometric Theory, 9(2), 222-240.

94



Crespo, C. ], Smit, E., Troiano, R. P., Bartlett, S. J., Macera, C. A,, & Andersen, R. E.
(2001). Television watching, energy intake, and obesity in US children: results
from the third National Health and Nutrition Examination Survey, 1988-1994.
Archives of pediatrics & adolescent medicine, 155(3), 360-365.

Dave, D., Rashad, ., & Spasojevic, J., (2008). The effects of retirement on physical
and mental health outcomes. Southern Economic Journal 75 (2), 497-523.

De Vaus, D., Wells, Y., Kendig, H., & Quine, S. (2007). Does gradual retirement have
better outcomes than abrupt retirement? Results from an Australian panel study.
Ageing & Society, 27(5), 667-682.

Drewnowski, A., & Specter, S. E. (2004). Poverty and obesity: the role of energy
density and energy costs. The American journal of clinical nutrition, 79(1), 6-16.

Eibich, P. (2015). Understanding the effect of retirement on health: Mechanisms
and heterogeneity. Journal of health economics, 43, 1-12.

Elia, M. (2001). Obesity in the elderly. Obesity research, 9(S11), 244S-248S.

Fertig, A, Glomm, G., & Tchernis, R. (2009). The connection between maternal
employment and childhood obesity: Inspecting the mechanisms. Review of
Economics of the Household, 7(3), 227.

Finkelstein, E. A., Fiebelkorn, I. C., & Wang, G. (2003). National Medical Spending
Attributable To Overweight And Obesity: How Much, And Who's Paying? Further
evidence that overweight and obesity are contributing to the nation's health care
bill at a growing rate. Health affairs, 22(Suppl1), W3-219.

Gustman, A. L., & Steinmeier, T. L. (2000). Retirement in dual-career families: a
structural model. Journal of Labor economics, 18(3), 503-545.

Gustman, A. L., & Steinmeier, T. L. (2004). Minimum hours constraints, job
requirements and retirement (No. w10876). National Bureau of Economic
Research.

Gustman, A. L., & Steinmeier, T. L. (2014). Integrating retirement models:
Understanding household retirement decisions. In Factors Affecting Worker Well-
being: The Impact of Change in the Labor Market (pp. 79-112). Emerald Group
Publishing Limited.

95



Gustman, A. L., Steinmeier, T. L., & Tabatabai, N. (2014). The Great Recession,
Decline and Rebound in Household Wealth for the Near Retirement Population (No.
w20584). National Bureau of Economic Research.

Hausman, J. A. (1978). Specification tests in econometrics. Econometrica: Journal of
the econometric society, 1251-1271.

Hurd, M. D, & Rohwedder, S. (2013). Heterogeneity in spending change at
retirement. The journal of the economics of ageing, 1, 60-71.

Jeffery, R. W., French, S. A, Forster, J. L., & Spry, V. M. (1991). Socioeconomic status
differences in health behaviors related to obesity: The Healthy Worker Project.
International journal of obesity, 15(10), 689-696.

Kantarci, T. (2017). Effects of part-time and full-time work on physical and mental
health in old age.

Kantarci, T. (2018). Working part-time and full-time and body weight in old age:
effects and mechanisms.

Knutson, K. L., Spiegel, K., Penev, P.,, & Van Cauter, E. (2007). The metabolic
consequences of sleep deprivation. Sleep medicine reviews, 11(3), 163-178.

Kolodinsky, J. M., & Goldstein, A. B. (2011). Time use and food pattern influences on
obesity. Obesity, 19(12), 2327-2335.

Liang, T. Kuhle, S, & Veugelers, P. J. (2009). Nutrition and body weights of
Canadian children watching television and eating while watching television. Public
health nutrition, 12(12), 2457-2463.

Lin, B. H,, Frazao, E., & Guthrie, ]. F. (1999). Away-from-home foods increasingly
important to quality of American diet (No. 1474-2016-120844).

Mather, M., Jacobsen, L. A., & Pollard, K. M. (2015). Aging in the united states.
Population Reference Bureau.

Matthews, C. E., Chen, K. Y., Freedson, P. S., Buchowski, M. S., Beech, B. M., Pate, R.
R, & Troiano, R. P. (2008). Amount of time spent in sedentary behaviors in the
United States, 2003-2004. American journal of epidemiology, 167(7), 875-881.

Meara, E. R, Richards, S., & Cutler, D. M. (2008). The gap gets bigger: changes in
mortality and life expectancy, by education, 1981-2000. Health Affairs, 27(2), 350-
360.

96



Mazzonna, F., & Peracchi, F. (2012). Ageing, cognitive abilities and retirement.
European Economic Review, 56(4), 691-710.

Mazzonna, F., & Peracchi, F. (2017). Unhealthy retirement? Journal of Human
Resources, 52(1), 128-151.

Must, A., Spadano, ]., Coakley, E. H., Field, A. E., Colditz, G., & Dietz, W. H. (1999).
The disease burden associated with overweight and obesity. Jama, 282(16), 1523-
1529.

Neuman, K. (2008). Quit your job and get healthier? The effect of retirement on
health. Journal of Labor Research, 29(2), 177-201.

Olshansky, S. ]., Passaro, D. ]., Hershow, R. C,, Layden, J., Carnes, B. A., Brody, ., ... &
Ludwig, D. S. (2005). A potential decline in life expectancy in the United States in
the 21st century. New England Journal of Medicine, 352(11), 1138-1145.

Oreopoulos, A., Kalantar-Zadeh, K., Sharma, A. M., & Fonarow, G. C. (2009). The
obesity paradox in the elderly: potential mechanisms and clinical implications.
Clinics in geriatric medicine, 25(4), 643-659.

Peeters, A. Barendregt, . ]., Willekens, F.,, Mackenbach, J. P.,, Al Mamun, A. &
Bonneux, L. (2003). Obesity in adulthood and its consequences for life expectancy:
a life-table analysis. Annals of internal medicine, 138(1), 24-32.

Pfeffer, F. T., Danziger, S., & Schoeni, R. F. (2013). Wealth Disparities before and
after the Great Recession. The ANNALS of the American Academy of Political and
Social Science, 650(1), 98-123.

Rohwedder, S. (2009). Helping each other in times of need: Financial help as a means of
coping with the economic crisis. RAND Occasional Paper OP-269.

Sanderson, E., & Windmeijer, F. (2016). A weak instrument F-test in linear IV
models with multiple endogenous variables. Journal of Econometrics, 190(2), 212-
221.

Szinovacz, M. E., Martin, L., & Davey, A. (2013). Recession and expected retirement
age: Another look at the evidence. The Gerontologist, 54(2), 245-257.

Sobal, J. (1991). Obesity and socioeconomic status: a framework for examining

relationships between physical and social variables. Medical anthropology, 13(3),
231-247.

97



Sturm, R, Ringel, J. S, & Andreyeva, T. (2004). Increasing obesity rates and
disability trends. Health Affairs, 23(2), 199-205.

Tudor-Locke, C., Washington, T. L., Ainsworth, B. E., Troiano, R. P., 2009. Linking
the American Time Use Survey (ATUS) and the Compendium of Physical Activities:
Methods and Rationale. Journal of Physical Activity and Health 6 (3), 347-353.

U.S. Bureau of Labor Statistics and U.S. Census Bureau, 2016. American Time Use
Survey User‘s Guide - Understanding ATUS 2003 to 2015. Retrieved July 1, 2018,
from http://www.bls.gov/tus/atususersguide.pdf.

U.S. House of Representatives, 2010. Patient protection and affordable care act.
Retrieved July 1, 2018, from
http://housedocs.house.gov/energycommerce/ppacacon.pdf.U.S.

Small Business Administration, 2016. Small business profile [fact sheet]. Retrieved
July 1, 2018, from
https://www.sba.gov/sites/default/files/advocacy/United_States.pdf

Van Itallie, T. B. (1985). Health implications of overweight and obesity in the
United States. Annals of internal medicine, 103(6_Part_2), 983-988.

Verbeek, M. (2008). A guide to modern econometrics. John Wiley & Sons.

Wang, Y., Beydoun, M. A, Liang, L., Caballero, B., & Kumanyika, S. K. (2008). Will all
Americans become overweight or obese? Estimating the progression and cost of
the US obesity epidemic. Obesity, 16(10), 2323-2330.

Watson, N. F., Buchwald, D., Vitiello, M. V., Noonan, C., & Goldberg, ]. (2010). A twin
study of sleep duration and body mass index. Journal of Clinical Sleep Medicine,
6(01),11-17.

Wenger, G. C., Davies, R., Shahtahmasebi, S., & Scott, A. (1996). Social isolation and
loneliness in old age: review and model refinement. Ageing & Society, 16(3), 333-

358.

Young, L. R, & Nestle, M. (1995). Portion sizes in dietary assessment: issues and
policy implications. Nutrition Reviews, 53(6), 149-158.

Young, L. R, & Nestle, M. (2002). The contribution of expanding portion sizes to the
US obesity epidemic. American journal of public health, 92(2), 246-249.

98



Zamboni, M., Mazzali, G., Zoico, E., Harris, T. B., Meigs, ]J. B, Di Francesco, V., .. &
Bosello, 0. (2005). Health consequences of obesity in the elderly: a review of four
unresolved questions. International journal of obesity, 29(9), 1011.

99



Appendix

A) Effects of working part-time and working full-time on BMI -
Robustness checks

Table A1: Robustness check - Baseline RE & set of instruments - First stage results

Part-time Full-time
Bet. early and normal ret. age 0.0397*° —0.159™**
(0.006) (0.007)
Bet. normal ret. age and age 70 0.048%*= —0.237**
(0.010) (0.011)
Over age 70 0.028" —0.183™*"
(0.015) (0.016)
Bet. early and nor. ret. age (P) 0.007 —0.059%=*
(0.006) (0.006)
Bet. nor. ret. age and age 70 (P) —0.011 —0.067°
(0.008) (0.009)
Over age 70 (P) —0.033%** —0.054%**
(0.011) (0.012)
Age 0.011 0.048*=*
(0.008) (0.008)
Age squared —0.000 —0.001%**
(0.000) (0.000)
Ever been self employed 0.128%*= —0.007
{0.008) (0.008)
Ever worked in large firm —0.090*** 0.066**
(0.006) (0.007)
Constant —0.146 —0.086
(0.231) (0.233)
F test quadratic age 3.44 822.56™**
F test for excluded instruments 116.20*** 126.76%**
Weak identification test 150.32%** 171.60"**
N. Obs. 54,842
N. Ind. 10,516

Notes: 1. Linear probability model with random effects. 2. First stage
results. 3. (P) refers to married or unmarried partner. 4. Weak identification
test is based on Sanderson Windmeijer F statistic. 5. Heteroskedasticity
standard errors and clustering on panel groups are in parentheses. 6. ***
p=<0.01, ** p<0.05, * p<0.1.
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Table A2: Robustness check - Baseline RE & set of instruments — Second stage results

BMI

Coefficient SE
Part-time —4.325*"*1 (0.626)
Full-time —1.280*** (0.271)
Age 0.608°"* (0.057)
Age? —0.005% (0.001)
Constant 10.620%"* (1.526)
Endogeneity test 68.82"
Overidentification test 4.329
F test for work status 6GR.77™
F test for quadratic age 230.28%
N. Obs. 54,199
N. Ind. 10, 487

Notes: 1. Linear probability model with random effects and
instrumental variables. 2. Second stage results. 3. Instru-
ments: indicarors for retirement eligibility ages of respondent
and partner, indicator for have ever being self-employed and
indicator for having ever worked in a large firm. 4. { indicates
that we reject the equality of the coefficients of part-time and
full-time at the 0.05 level. 5. Endogeneity test is computed
by hand since there is no package in Stata to do so. It tests
the null hypothesis that part-time and full-time are exogenous
variables. 6. Overidentification test is based on the Hansen
J statistic. It tests the null hypothesis that all instruments are
orthogonal to the error term. 7. Heteroskedasticity standard
errors and clustering on panel groups are in parentheses. 8.
% pe0.01, ** p<0.05, * p<0.1.
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Table A3: Robustness check — Income level heterogeneity RE & set of instruments — Second stage results
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Table A4: Robustness check - Education level heterogeneity RE & set of instruments - Second stage results

BMI
Low education High education
Part-time —4. 730 —3.754% ¢
(0.804) (0.868)
Full-time =1.3007** =1.043"
(0.358) (0.413)
Age 0.500°** 0.600***
(0.084) (0.076)
Age® =0.005*** =0.005***
(0.001) (0.001)
Constant 11.831%* 10.057*
(2.322) (1.970)
Endogeneity test 40.36%"" 25447
Overid. test 2.830 6.282
F test quadratic age 61.23%** 108.76%*
F test work status 28.52*** 18.93***
F test for equality 20.56%" 16.397
M. Obs 25, 365 28, 832
N. Ind 4, 868 5,618

Motes: 1. Linear probability model with random effects and in-
strumental variables. 2. Second stage results. 3. Instruments:
indicators for retirement eligibility ages of respondent and part-
ner, indicator for have ever being self-emploved and indicator for
having ever worked in a large firm. 4. { indicates that we reject
the equality of the coefficients of part-time and full-time at the
0.05 level. 5. Endogeneity test s computed by hand since there is
no package in Stata to do so. It tests the null hypothesis that part-
time and full-time are exogenous varables. 6. Overidentification
test is based on the Hansen J statistic. It tests the null hypothesis
that all instruments are orthogonal to the error term. 7. Het-
eroskedasticity standard errors and clustering on panel groups are
in parentheses. 8. *** p=0.01, ** p=0.05, * p=0.1.
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B) Instrumental variables approach and causality of the estimated
effects - Baseline results - First stage results

Table B1: Baseline results - First stage results

Part-time Full-time
Bet. early and normal ret. age 0.016™" -0.199"""
(0.006) (0.008)
Bet. normal ret. age and age 70 0.0246"** -0.307"*"
(0.008) (0.019)
Over age 70 0.009 -0.273"""
(0.016) (0.193)
Age 0.029*** -0.015"
(0.000) (0.008)
Age? —0.000*** —0.000
(0.000) (0.000)
Black -0.025"*" 0.024***
(0.005) (0.005)
Hispanic -0.014"" 0.001
(0.005) (0.006)
Other race -0.027*** 0.016
(0.008) (0.010)
Married —0.005" -0.012***
(0.003) (0.004)
Non metropolitan 0.008" -0.023"""
(0.004) (0.005)
Constant —0.755"*" 1.829***
(0.182) (0.219)
F test quadratic age 11.28*** 622.15***
F test for excluded instruments 5.139*** 131.139***
Weak identification test 0.262 0.271
N. Obs. 50,417

Notes: 1. Linear regression model. 2. First stage results. 3. Weak iden-
tification test is based on Sanderson Windmeijer F statistic. It tests the null
hypothesis that the endogenous variable alone is not identified. 4. Fixed ef-
fects for survey year, state dummies and season of the year are included in the
model. 5. *** p<0.01, ** p<0.05, * p<0.1.
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