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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. 

 
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 

BMI, 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. 

 

 

 

 

 

 

 

 

 



17 
 

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. 

 
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.  

 
 

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 certification1 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).2 

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 



24 
 

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) 
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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: 

 

𝑦𝑖𝑡 = 𝛼 + 𝑓(𝐴𝑔𝑒𝑖𝑡) +  𝑥𝑖𝑡
′ 𝛽 + 𝑢𝑖𝑡,                                                    (2.2.1) 

  

where i refers to the respondent (i= 0, 1, 2, ..., I) and t to the time period (t= 0, 1, 2, 

…, T), 𝑦𝑖𝑡  is BMI of respondent i in period t, 𝑓(𝐴𝑔𝑒𝑖𝑡) 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.  𝑥𝑖𝑡
′  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 𝛽. This vector 

measures the effects of working part-time and working full-time on BMI.  

 

𝑢𝑖𝑡 =  𝛼𝑖 +  𝜀𝑖𝑡                                                                                         (2.2.2) 
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The error term 𝑢𝑖𝑡  is defined as the idiosyncratic error term and includes the 

component 𝛼𝑖  which accounts for unobserved heterogeneity that is constant for 

each i. In other words, 𝛼𝑖  refers to all individual effects on BMI which are constant 

and unobservable. This term then identifies potential correlation overtime. It is a 

random component. 𝜀𝑖𝑡  is defined as the remaining idiosyncratic error term, which 

is assumed to be random, and independently and identically distributed (i.i.d.). 

 

𝑦𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 + 𝑓(𝐴𝑔𝑒𝑖𝑡) +  𝑥𝑖𝑡
′ 𝛽 +  𝜀𝑖𝑡                                                     (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 

𝜆𝑡  which captures the correlation over individuals i within one period in time T.  

The error composite error term 𝑢𝑖𝑡  is assumed to be as follows:  

 

𝑢𝑖𝑡 =  𝛼𝑖 + 𝜆𝑡 +  𝜀𝑖𝑡                                                                                           (2.2.4) 

 

To obtain consistent estimates of 𝛽, the OLS estimation method requires to assume 

that 𝐸(𝑥𝑖𝑡𝑢𝑖𝑡) = 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 uit that are correlated with both the BMI and 

variables in xit 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: 

 

𝑦𝑖𝑡 = 𝛼𝑖 + 𝜇𝑡 +  𝜀𝑖𝑡,                                                                                              (2.2.5) 

 

where 𝜇𝑡  is the constant term, that is, the average of the population in period t: 

𝑦𝑖𝑡 = ∑ 𝑦𝑖𝑡
𝐼
𝑖=1  and t= 0, 1, 2, …, T. If we estimate the change in the average over time 

𝜇𝑡 − 𝜇𝑟  t to s (t ≠ r), the variance calculation shows a positive covariance over time 

for each individual i:  

 

𝑉(𝜇̂𝑡 − 𝜇̂𝑟) = 𝑉(𝜇̂𝑡) + 𝑉(𝜇̂𝑟) − 2𝑐𝑜𝑣(𝜇̂𝑡 − 𝜇̂𝑟)                                               (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 𝛼𝑖 . 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 𝑢𝑖𝑡 . 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:  

 

𝑦𝑖𝑡 = 𝛼 + 𝑓(𝐴𝑔𝑒𝑖𝑡) +  𝑥𝑖𝑡
′ 𝛽 + 𝛼𝑖 +  𝜀𝑖𝑡 ,                                                             (2.2.7) 

 

where 𝜀𝑖𝑡  is assumed to be random and identically and independently distributed 

(i.i.d.) with mean zero and variance 𝜎𝜀
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  𝛼𝑖  as N fixed unknown 

parameters. We can rewrite equation (2.2.7) by introducing a dummy variable for 

each respondent i in the model. 

 

𝑦𝑖𝑡 = ∑ 𝛼𝑗
𝑁
𝑗=1 𝑑𝑖𝑗 + 𝑓(𝐴𝑔𝑒𝑖𝑡) +  𝑥𝑖𝑡

′ 𝛽 +  𝜀𝑖𝑡,                                                         (2.2.8) 

 

where 𝑑𝑖𝑗= 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 𝛼1, 𝛼2, …, 𝛼𝑁  

and the vector 𝛽 by OLS. The estimator for 𝛽 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 𝛽 and eliminate the 

time invariant individual effects 𝛼𝑖 . To simplify expressions, we include the age 

variable into 𝑥𝑖𝑡. If we apply the sample average of 𝑦𝑖𝑡  across time we obtain the 

following expression:  

 

𝑦̅𝑖𝑡 = 𝛼𝑖 + 𝑥̅𝑖𝑡𝛽 +  𝜀𝑖̅𝑡 ,                                                                                                 (2.2.9) 

  

where 𝑦̅𝑖𝑡 = 𝑇−1 ∑ 𝑦𝑖𝑡
𝐼
𝑖=1 , 𝑥̅𝑖𝑡 = 𝑇−1 ∑ 𝑥𝑖𝑡

𝐼
𝑖=1  and 𝜀𝑖̅𝑡 = 𝑇−1 ∑ 𝜀𝑖𝑡

𝐼
𝑖=1 . If we compute 

𝑦̅𝑖𝑡  − 𝑦𝑖𝑡  we get the following expression:  

 

                                                                             (2.2.10) 
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Here the set of parameters 𝛼𝑖  vanish and we obtain the same estimate for 𝛽 as in 

the LSDV estimator. This is referred as the within transformation and the OLS 

estimator for 𝛽 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 𝛽 is the following: 

 

𝛽̂𝐹𝐸 =  ((∑ ∑ (𝑥𝑖𝑡 −  𝑥̅𝑖)
𝑇
𝑡=1

𝐼
𝑖=1 (𝑥𝑖𝑡 −  𝑥̅𝑖)′)−1) ∑ ∑ (𝑥𝑖𝑡 −  𝑥̅𝑖)

𝑇
𝑡=1

𝐼
𝑖=1 (𝑦𝑖𝑡 −  𝑦̅𝑖), (2.2.11) 

if we assume normality of the error term 𝜀𝑖𝑡 , the fixed effects estimator also 

presents a normal distribution. For consistency we need that 𝐸[(𝑥𝑖𝑡 −  𝑥̅𝑖)𝜀𝑖𝑡] = 0. 

This is the assumption of strict exogeneity and implies that 𝑥𝑖𝑡 are uncorrelated 

with the error term and 𝑥̅𝑖 is also orthogonal to the error term.  If these 

assumptions hold, the N intercepts can be estimated as the following expression:  

 

𝛼̂𝑖 = 𝑦̅𝑖 + 𝑥̅𝑖𝑡𝛽̂𝐹𝐸                                                                                                            (2.2.12) 

 

The intercepts 𝛼̂𝑖  are consistent estimates for the fixed effects 𝛼𝑖  as T goes to 

infinity. If T is fixed, the individual effects do not converge since 𝑦̅𝑖  and 𝑥̅𝑖 do not 

converge if the number of individuals increases.  Since we assume that 𝜀𝑖𝑡  are i.i.d. 

across individuals and time periods, the variance matrix for the fixed effects 

estimator is given by the following expression:  

 

𝑉(𝛽̂𝐹𝐸) =  𝜎𝜀
2(∑ ∑ (𝑥𝑖𝑡 −  𝑥̅𝑖)𝑇

𝑡=1
𝐼
𝑖=1 (𝑥𝑖𝑡 − 𝑥̅𝑖)′)

−1
,                                                       (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 (𝜀𝑖𝑡 −  𝜀𝑖̅) is (𝑇 − 1)/𝑇𝜎𝜀
2 instead of 𝜎𝜀

2. A consistent 

estimate for 𝜎𝜀
2 can be obtained by estimating the sum of the squared within error 

terms divided by 𝑁(𝑇 − 1). Hence, the estimator for 𝜎𝜀
2 takes the following 

expression:  

 

𝜎̂𝜀
2 =

1

𝑁(𝑇−1)
∑ ∑ (𝑦𝑖𝑡 − 𝛼̂𝑖 −  𝑥𝑖𝑡

′ 𝛽̂𝐹𝐸),2𝑇
𝑡=1

𝐼
𝑖=1                                                                       (2.2.14) 

 

And it can be rewritten as follows:  

 

𝜎̂𝜀
2 =

1

𝑁(𝑇−1)
∑ ∑ (𝑦𝑖𝑡 − 𝑦̅𝑖 − (𝑥𝑖𝑡 − 𝑥̅𝑖)𝛽̂𝐹𝐸),2𝑇

𝑡=1
𝐼
𝑖=1                                                         (2.2.15) 

 

We can apply the freedom degrees correction by subtracting K number of 

parameters to the denominator in the latter equation.  If we estimate β 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 𝛼𝑖  are random thus they cannot be treated as parameters. It takes the 

following form:  

 

𝑦𝑖𝑡 = 𝛼 + 𝑓(𝐴𝑔𝑒𝑖𝑡) +  𝑥𝑖𝑡
′ 𝛽 + 𝛼𝑖 +  𝜀𝑖𝑡                                                                   (2.2.16) 

 

This model assumes that 𝛼𝑖  is i.i.d. with mean zero and variance 𝜎𝛼
2, and 𝜀𝑖𝑡  is i.i.d. 

with mean zero and variance 𝜎𝜀
2. Then, there is a composite error term which 

consist of (𝛼𝑖 +  𝜀𝑖𝑡), 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 𝜀𝑖𝑡  is not correlated over 

time, and that 𝛼𝑖  and 𝜀𝑖𝑡  are mutually independent and independent of 𝑥𝑖𝑡. Hence, 

the OLS estimates are unbiased and consistent. Unless 𝜎𝛼
2 = 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(𝛼𝑖𝜄𝑇 + 𝛼𝑖) = Ω = 𝜎𝛼
2𝛼𝑖𝜄𝑇 + 𝜎𝜀

2𝐼𝑇,                                                                 (2.2.17) 

 

where 𝐼𝑇  is the identity matrix. We can transform the data to obtain the GLS 

estimator for 𝛽 by multiplying all 𝑦𝑖  vectors by a square matrix P such we can write 

Ω−1= PP’. That way, Ω = (𝑃𝑃’)−1 = 𝑃−1𝑃−1, and P Ω𝑃 = I. We assume Ω−1 to be 

known and takes the following expression:  

 

Ω−1 =
1

√𝜎𝜀
2

[(𝐼𝑇 −
1

𝑇
𝜄𝑇𝜄𝑇

′ + 𝜓
1

𝑇
𝜄𝑇𝜄𝑇

′ ],                                                                   (2.2.18) 

 

where 𝜓 =
𝜎𝜀

2

𝜎𝜀
2+𝑇𝜎𝛼

2. Thus, the GLS for estimator can be written as follows:  

 

𝛽̂𝐺𝐿𝑆 = (∑ ∑ (𝑥𝑖𝑡 − 𝑥̅𝑖)𝑇
𝑡=1

𝐼
𝑖=1 (𝑥𝑖𝑡 − 𝑥̅𝑖)′ + 𝜓𝑇 ∑ (𝑥𝑖𝑡 − 𝑥̅𝑖)(𝑥𝑖𝑡 − 𝑥̅𝑖)′)𝐼

𝑖=1
−1

(∑ ∑ (𝑥𝑖𝑡 −𝑇
𝑡=1

𝐼
𝑖=1

 𝑥̅𝑖) (𝑦𝑖𝑡 − 𝑦̅𝑖) + 𝜓𝑇(𝑥𝑖𝑡 −  𝑥)(𝑦𝑖𝑡 − 𝑦̅𝑖))                                                                      (2.2.19) 
 
 

Notice that if ψ=0, we obtain the fixed effects estimator for β, and if ψ=1 we get the 

OLS estimator and Ω is now the diagonal matrix and accounts for the heterogeneity 

across individuals. In addition, ψ 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 αi. From 

(2.2.19) it can be derived: 
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𝛽̂𝐺𝐿𝑆 = 𝑊𝛽̂𝐵 + (𝐼𝑘 − 𝑊)𝛽̂𝐹𝐸 ,                                                                            (2.2.20) 

 

where 𝛽̂𝐵 denotes the between estimator for 𝛽 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 𝛽̂𝐵 . 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 𝑥𝑖𝑡 within the same 

period, and for fixed effects we need strict exogeneity of 𝑥𝑖𝑡 and no assumptions for 

𝛼𝑖 . Also, we assume that we know 𝜎𝛼
2  and 𝜎𝜀

2 when they are unknown in practice. 

Thus, the GLS estimator is unfeasible. We need to estimate 𝜎𝛼
2  and 𝜎𝜀

2 through a 

two-step procedure to obtain a feasible GLS estimator for 𝛽 (FGLS). First, we 

estimate  𝜎𝜀
2 from the fixed effect estimation. Note that for the between regression 

equation the error variance is specified as 𝜎𝛼
2 + (

1

𝑇
) 𝜎𝜀

2,  which is consistently 

estimated as follows: 

 

𝜎𝐵
2 =

1

𝐼
∑ (𝑦̅𝑖 −  𝛼̂𝐵 −  𝑥̅𝑖𝑡

′ 𝛽̂𝐵)
2𝐼

𝑖=1                                                                          (2.2.21) 

 

Then, we estimate 𝜎𝛼
2 as follows:  

 

𝜎̂𝛼
2 = 𝜎̂𝐵

2 −
1

𝑇
𝜎̂𝜀

2                                                                                                               (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(𝛽̂𝑅𝐸) = 𝜎̂𝜀
2((∑ ∑ (𝑥𝑖𝑡 −  𝑥̅𝑖)𝑇

𝑡=1
𝐼
𝑖=1 (𝑥𝑖𝑡 − 𝑥̅𝑖)′ + 𝜓𝑇 ∑ (𝑥𝑖𝑡 − 𝑥̅𝑖)(𝑥𝑖𝑡 − 𝑥̅𝑖)′),𝐼

𝑖=1
−1

(2.2.22) 

 

which reflects that the random effects estimator is more efficient than fixed effects 

if 𝜓>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 𝛼𝑖 . The null hypothesis consists 
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on the assumption that 𝑥𝑖𝑡 and 𝛼𝑖  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 𝑥𝑖𝑡 and 𝛼𝑖  are correlated. Then, 

only the fixed effects estimator is consistent. The Hausman estimator is expressed 

as follows:  

  

(𝛽̂𝐹𝐸 − 𝛽̂𝑅𝐸)′[(𝑉(𝛽̂𝐹𝐸) − 𝑉(𝛽̂𝑅𝐸)]−1(𝛽̂𝐹𝐸 − 𝛽̂𝑅𝐸),                                                  (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 β. 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 β 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. 
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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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Figure 7: 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. 
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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 β. 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 β 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 J 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 

   
 

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.   

It 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  

 
 

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 

BMI, 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 (I) 
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Table 5: Income heterogeneity FE – Second stage results (II) 
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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 

 
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 (αi). 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 
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Table 8: Robustness check – Baseline RE – Second stage results 

 
 

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  

 
 

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 J 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 



56 
 

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

 
 

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 
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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 Bureau, 

2016. American Time Use Survey User‘s Guide - Understanding ATUS 2003 to 2015,  
http://www.bls.gov/tus/atususersguide.pdf. 

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 METs (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 method4. 

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.  

http://www.bls.gov/tus/atususersguide.pdf
https://www.census.gov/prod/2006pubs/tp-66.pdf
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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. 

 

 
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. 

 

 
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. 

 

 
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) 
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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 = 𝛼 + 𝑓(𝐴𝑔𝑒𝑖) + 𝑃𝑎𝑟𝑡_𝑡𝑖𝑚𝑒𝑖𝛽1 + 𝐹𝑢𝑙𝑙_𝑡𝑖𝑚𝑒𝑖𝛽2  + 𝑐𝑖𝛽3 + 𝜀𝑖 ,                   (3.2.1) 

 

 where i refers to the respondent (i= 0, 1, 2, ..., I), 𝑦𝑖  is BMI of respondent i, 𝑓(𝐴𝑔𝑒𝑖) 

is defined as a continuous polynomial in age for individual i to capture the non-

linear relationship between age and BMI. 𝑐𝑖 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_𝑡𝑖𝑚𝑒𝑖 is defined as a dummy variable which takes a value of 1 if 

respondent i works part-time and 0 elsewhere. 𝐹𝑢𝑙𝑙_𝑡𝑖𝑚𝑒𝑖 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 𝛽1 and 𝛽2 which measure which 

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

respectively. We assume that 𝜀𝑖 is i.i.d. with mean zero and variance 𝜎𝜀
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 = 𝛼 + 𝑓(𝐴𝑔𝑒𝑖) + 𝑃𝑎𝑟𝑡_𝑡𝑖𝑚𝑒𝑖𝛽1 + 𝐹𝑢𝑙𝑙_𝑡𝑖𝑚𝑒𝑖𝛽2 +𝑐𝑖

′𝛽2+𝑡𝑖
′𝛽3 + 𝜀𝑖                     (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: 
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where 𝜌 and 𝛾 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 

(𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 − 𝛽2), implies that 𝛽3𝛾 > 0 (𝛽3𝛾 < 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 (𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 − 𝛽2) is positive, 𝛾 and 𝛽3 present opposite signs and 𝛽3𝛾 > 0. 

Then, the impact of the time use channel on BMI (𝛽3)and the correlation between 

the working full-time and the time use channel (𝛾) 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 𝛾) but 

given that this is a sedentary activity, it leads to a higher BMI (positive 𝛽3).  Hence, 

if (𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 − 𝛽2) 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 

BMI. If (𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 − 𝛽2) is negative, 𝛾 and 𝛽3 present the same sign and 𝛽3𝛾 < 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 𝛾). Moreover, we could state that time spent on household 

tasks is negatively correlated with BMI (negative  𝛽3) 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 (𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 −

𝛽2) 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 BMI.  

It 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 (𝜒2(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 BMI.  

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 

 

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 (𝛿𝑃𝑎𝑟𝑡−𝑡𝑖𝑚𝑒 − 𝛽1 = 𝛽3𝜌) and (𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 − 𝛽2 = 𝛽3𝛾). 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 𝜌 and 𝛾, 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.  
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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 (𝛿𝑃𝑎𝑟𝑡−𝑡𝑖𝑚𝑒 − 𝛽1 = 𝛽3𝜌) and 

(𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 − 𝛽2 = 𝛽3𝛾). 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 𝜌 and 𝛾, 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 𝛿𝑃𝑎𝑟𝑡−𝑡𝑖𝑚𝑒 − 𝛽1 for each time use channel added to the baseline equation 

(3.2.2), and in the same way, table 21 presents the results of 𝛿𝐹𝑢𝑙𝑙−𝑡𝑖𝑚𝑒 − 𝛽2 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 

 
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 
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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. 



81 
 

Table 22: Effects of working part-time and working full-time and all time use channels on BMI. 
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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 
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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. 

Table 24: Robustness check - Effects of working part-time and working full-time on BMI by education level: Age specification 
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Table 25: Robustness check – Effects of working part-time and working full-time on BMI: Income threshold 
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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. 

Table 26: Robustness check – Effects of time use channels on working full-time and working part-time: Income threshold 
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Table 27: Robustness check - Effects of working part-time and working full-time on obesity 
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Table 28: Robustness check – Effects of working part-time and working and time use channels on obesity 
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Table 29: Robustness check – Effects of working full-time and time use channels on obesity 
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Table 30: Robustness check – Effects of working part-time, working full-time and time use channels on 
obesity 
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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.  



92 
 

 

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.  
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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 
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Table A2: Robustness check – Baseline RE & set of instruments – Second stage results 
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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 
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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 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 



105 
 

 


