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Abstract: 

The health outcomes of retirement have been a major interest to researchers and policymakers 

working in the area of social security policy. In this paper, I look for a causal relationship between 

retirement and life satisfaction. I use a regression discontinuity design to address the endogeneity 

problem. The data has been collected from the Health and Retirement Study1 to estimate the 

retirement effects on two measures of life satisfaction. I also look for mechanisms through which 

getting retired affects the individuals. The results show that retirement increases the probability of 

being satisfied with life. Sleep behavior, the time spent on physical activity, and participation in 

religious gathering are the potential mechanism through which being retired impacts well-being 

and life satisfaction. 
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1. Introduction and literature review 

A growing share of the aging population brings up new concerns about the retirement age policies 

in developed countries. On the one hand, policymakers have been encouraged to raise the normal 

retirement age because of an increase in life expectancy, the need for the older workforce in the 

future, and the high ratio of benefits paid by Social Security to what it collects in payroll tax1 (Dave 

et al., 2006). On the other hand, the indirect financial effects of these policies through the health 

and well-being of the individuals have added a new aspect to the issue, which requires more careful 

considerations (Gorry et al., 2018). Because, if retirement harms health and well-being, the policies 

which extend the working time may be desirable, but if retirement improves the health, we should 

account for the health impacts in the evaluation of the delaying retirement policies. 

There is a growing literature in estimating the effects of retirement on health outcomes to address 

the concerns about pension policies. The previous studies have found an ambiguous health effect 

of retirement because of two reasons. The first reason is the complex nature of these effects, which 

can be negative because of the consequences of job loss and positive due to more time invested in 

health improvement. The second reason is that different studies have evaluated the effects in a 

different context, in different countries, and by different methods (Kuhn, 2018). The difference in 

context is a result of choosing various health outcomes, objective or subjective, and also a different 

way of dealing with the reverse causality problem, which is an inherent methodological issue in 

the study of health effects of retirement. This issue originates from the fact that the individuals 

who have experienced health shocks and lower life satisfaction scores tend to retire earlier, 

confirmed by other studies (Gorry et al., 2018). To this end, this paper looks for a causal 

relationship between retirement and life satisfaction as an essential measure for health. 

As mentioned before, there is a significant body of literature evaluating the retirement effects on 

many health outcomes. In one the most recent papers, Coe and Zamarro use the Survey of Health, 

Aging, and Retirement in Europe2 to find the effects of retirement on self-reported health, 

depression, and cognitive ability. They use the country-specific early and full retirement age as 
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instruments to solve the endogeneity problem and find that retirement has a positive impact on 

overall health (Coe and Zamarro, 2011). Similar results have been found by Atalay and Barrett, 

again, using the IV method and studying the Australian pension reform. In another research, Shai 

uses an exogenous increase in the retirement age to prove that employment in older age worsens 

the health (Shai, 2018). On the other side, using a regression discontinuity design, Johnston and 

Lee find that retirement decreases the tension of work stress in retirees but it does not necessarily 

improve their physical health (Johnston and Lee, 2009).  

Shockingly, despite extensive literature on the health impacts of retirement, there are only a few 

papers that have studied these effects on life satisfaction. Latif (2011) looks for the relationship 

between retirement and psychological well-being in Canada while he addresses the endogeneity 

problem using the fixed-effect instrumental variable method. His results show a positive impact of 

getting retired on psychological well-being. In a more recent study, Zhu and He (2015) try to 

answer the question of how women's life satisfaction responds to retirement with the help of a two-

stage analysis. Their findings illustrate an immediate improvement in women's life satisfaction, 

but life satisfaction diminishes during retirement (Zhu and He, 2015). In another relevant paper, 

Gorry and others study the effects of leaving a job on general health and life satisfaction using the 

data from the Health and Retirement Study by IV method. They find . (Gorry et al., 2018).  

In this paper, I study the effects of retirement on life satisfaction while I address the problem of 

endogenous retirement using a fuzzy regression discontinuity design1. This method Mimics a 

random assignment in a non-experimental setting which lead to more reliable results. RDD uses 

the discontinuous change in the probability of getting retired at age 62 and age 65 to deal with the 

endogeneity problem. The rationale behind this strategy is that the probability of being retired after 

a specific age increases due to financial incentives, and I use this discontinuous increase as the 

source of exogenous variation in retirement. The method is similar to the studies that have used 

the eligibility age for social security benefits as an instrumental variable. In order to measure the 

retirement effects on health outcomes, these studies specify a quadratic age trend on retirement 

over the entire age range.  
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In contrast, my method enables my model to allow the age trend to differ on both sides of the 

threshold since I expect to see some nonlinearities at old age that might not be captured using a 

quadratic age trend (Eibich, 2015). Besides, the flexibility of the model used in this paper provides 

the opportunity to estimate the results for two different models. The first model allows a different 

relationship between age and probability of retirement on either side of the threshold, and the 

second one assumes an identical relationship in both sides of the threshold.  

An important contribution of this paper is to find the mechanism through which retirement affects 

life satisfaction. There are very few papers that have looked for the mechanism through which 

retirement impacts health outcomes, and these papers have not studied life satisfaction specifically. 

Eibich (2015) examines the effect of retirement on subjective health status and mental health and 

provides evidence that shows the health behaviors, time use, and effect heterogeneity can be the 

potential mechanisms. Insler (2014) estimates the effects of retirement on subjective health and 

finds out that health behavior is a mechanism through which retirement can affect health. He shows 

that with more leisure time, individuals have more time to spend on healthier behavior (Insler, 

2014).  

 

2. Theoretical background  

The effect of retirement on health and well-being can be explained theoretically by the human 

capital model of the demand for health (Grossman, 1972). In this model, Grossman introduces the 

demand for an individual’s health capital by combining the household production model of 

consumer behavior with the theory of human capital investment. Health is assumed as a 

consumptive and also an investment good, which means it can increase utility directly and also 

raises the earning through more healthy time or lower work loss due to illness (Dave et al., 2006). 

Therefore, withdrawing from work can decline the motivation to invest in health which causes 

more income. So, we expect health to be worse after retirement. On the other side, the individual 

might spend more time to improve the health after retirement since the health is directly adding to 

the utility. In this frame, the health is subject to improve after retiring from the job. The utility 

function defined by Grossman contains health and other goods consumed by individuals: 



(1)  𝑈 = 𝑈(𝜙𝑡𝐻𝑡, 𝑍𝑡)                                    

Where 𝐻𝑡  is health at time t, 𝜙𝑡 is the service flow per unit stock of health, 𝜙𝑡𝐻𝑡 is the total 

consumption of health services, and 𝑍𝑡 is the total consumption of other goods. Individuals 

maximize the utility subject to two constraints of time and income. The time constraint requires 

the total amount of time available in any period to be exhausted by all uses. Income constraint 

equates to the present value of money spent on goods to the initial assets plus the discounted value 

of the earnings (full wealth) as an individual spent all of her time at work (Grossman, 1999). This 

optimization problem leads us to the following first order condition for period t: 

(2) 𝐺𝑡[𝑤𝑡 + (𝑈ℎ𝑡 𝜆⁄ )(1 + 𝑟)𝑡] = 𝜋𝑡−1(𝑟 − �̅�𝑡−1 + 𝛿𝑡) 

Where 𝐺𝑡 is the marginal product of health capital1, 𝑤𝑡 measures the hourly wage rate, 𝑈ℎ𝑡 𝜆⁄  is 

the discounted monetary value of the increase in utility caused by a one unit increase in healthy 

time2, 𝜋𝑡−1 represents the marginal cost of gross investment in health capital in time t-1, and �̅�𝑡−1 

is the percentage change in the marginal cost between period t-1 and period t. Equation 2 implies 

that the undiscounted value of marginal product3 of health capital at period t, left-hand side,  should 

be equal to the supply price of health capital. This equation enables us to find the optimal amount 

of health capital for any individuals at period t. 

Investment in health changes health capital. This investment, in turn, depends on time, medical 

care, etc. Since individuals have more time after withdrawal from their jobs, the effects of 

retirement depend on the changes in the marginal value of time. If the marginal value of time 

increases after retirement, the marginal benefit of improved health rises as well. At the same time, 

the marginal cost of investing in health, such as exercising or visiting a doctor, gets higher when 

time is more valuable after retiring (Behncke, 2012). Therefore, the health effects of retirement are 

ambiguous. 

There are other ways we expect retirement probably impact well-being and health. One of them is 

the relief from the stress caused by work (Bound and Waidmann, 2007). It is because stressful and 

                                                 
1 Increase in the amount of healthy time due to a one unit increase in the stock of health 
2 𝜆 is the marginal utility of wealth and 𝑈ℎ𝑡is the marginal utility of healthy time 
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highly physically demanding jobs could worsen life satisfaction. On the other hand, retirement 

itself can be a stressful event that decreases physical activity, social interactions, and satisfaction 

from a rewarding job (Gorry et al., 2018). It seems likely that we find either a positive or a negative 

effect of retirement on well-being. Both the direction and magnitude of either of the impact can be 

different across individuals. In the end, we can estimate an average effect. 

 

3. Data: 

I use selected data from the Health and Retirement Study (HRS), which is a longitudinal panel 

data that biennially surveys a sample of 20,000 people over the age of 50 in the United States. 

HRS collects information on the economic, health, marital, and family status, also public and 

private health support systems for older people. The period that the HRS provides data for is the 

waves from the year 1999 to the year 2016.  Because of the limited availability of the life 

satisfaction data, I use the cohort of the Early Baby Boomer, which entered the survey in 2004, the 

cohort of Middle Baby Boomer, which came first in the survey in 2010, and also the cohort of the 

Late Baby Boomer, which entered the survey in 2016. Most of the data we are using is collected 

from the RAND version of the HRS data set, a clean and user-friendly data set, including a subset 

of data from HRS. However, I merge in the life satisfaction variables from the Leave-Behind 

Questionnaires and Demographic Questionnaires from the HRS raw data. 

For my analysis, it is important to have a clear definition of retirement. In this paper, a retired 

individual is defined as a person who has reported herself completely retired. It is because I assume 

that withdrawal from work impacts life satisfaction through behavior adjustment and stress relief 

from work. Therefore, being partially employed is not considered as retired. Individuals who report 

being partly retired will be studied separately. I restrict the data to individuals between the ages of 

45 and 85. This restriction leaves us with a maximum sample size of 44,549 person wave 

observations.  

There are two sets of observations in this study. The first data set is shaped based on a measure of 

life satisfaction that has been collected from all participants in HRS. This measure asks a question 

from the individuals on how satisfied they are with life as a whole. I converted this question to a 



binomial variable being 1 when the individual is completely or very satisfied with life and 0 if 

otherwise. The observation set includes data for five waves, 2008-2016, building the main data set 

with 71% of individuals in the sample report they are completely or very satisfied with their lives. 

The second set of observations includes the people who have been asked to respond to the life 

satisfaction questions from Leave-Behind Questionnaires. These questions are given to a rotating, 

random, 50% of the core panel participants who participated in the enhanced face to face interview 

(HRS, 2020). The questions on life satisfaction ask the individual how much day agree or disagree 

with the following five statements:  

- “In most ways, my life is close to ideal.” 

- “The conditions of my life are excellent.” 

- “I am satisfied with my life.” 

- “So far, I have gotten the important things I want in life.” 

- “If I could live my life again, I would change almost nothing.”  

I make a binomial measure for each statement, setting it equal to 1 if the answer is “strongly agree” 

and 0 otherwise. Then, I add the scores for all of the statements and build a measure for a degree 

of life satisfaction, ranging from 5 being the highest level of satisfaction, to 1 which is the lowest 

level of satisfaction. This set of information contains seven waves of data, 2004-2016, which forms 

a data set with about 24,198 person wave observations. 

The other dependent variables that I am going to study are the measures for health behaviors and 

time use. HRS offers various variables to measure health behavior in different waves. For this 

analysis, I use data on smoking, alcohol consumption, physical activity, BMI, and sleep. In this 

study, smoking status is captured with a dummy variable, which is "1" if the individual smokes 

now and "0" if not. Alcohol consumption is measured with two variables. The first one asks if the 

individual doesn’t drink alcoholic beverages. The second one asks about the number of days per 

week the person drank in the last three months. I redefine it to a dummy variable that measures if 

the individual consumes alcohol regularly. This measure is defined equal to "1" if the respondent 

drinks three or more days a week. I use one variable to determine the amount of physical activity 

for each observation. This variable measures the frequency of moderate physical activity per week. 

The information is converted to a dummy variable, which is "1" if individual exercises every day 



or more than once a week and "0" if otherwise. I also use the data on an individual's BMI directly 

from RAND version of HRS. To estimate sleep behavior, I use one variable that indicates the 

quality of sleep. The measure asks about how often individuals feel rested when they wake up in 

the morning. The binary variable is "1" if they answer "most of the time" and "0" otherwise.  

I use various questionnaires on HRS core data to evaluate the time individuals spend on different 

activities. This way, we can use the time respondents spent with other people as a proxy for social 

interactions. One measure that captures that is the frequency of individuals attending religious 

services. It is a dummy variable, which is “1” for the attendance of at least once a week and “0” 

otherwise. I also have another way to estimate how individuals spend their time. The variable asks 

individuals if they spend 100 hours or more taking care of their grandkids. The sample sizes for 

each outcomes in each data set are shown in Table 1 and Table 2. 

I also include other variables to estimate heterogeneous effects like gender, race, marital status, 

education, and income. The measure "female" is "1" if an individual is female and "0" otherwise. 

There is a dummy variable for being white, which is "0" when the race is not white. I measure the 

marital status by a binomial variable, which is "1" if an individual is married and 0 otherwise. For 

education, I defined a dummy variable equal to "1" if a person has a BA or higher degree and 0 if 

she does not. 

In this study, I use the age of the eligibility for Social Security and private defined-benefit plan as 

an assignment for getting retired. The considered age thresholds in this study are 62, when the 

individuals are eligible for early but reduced social security benefits, and 651, which is the official 

age of eligibility for a complete benefits package.  

4. Econometric Model: 

4.1. Endogeneity: 

Two important issues have to be considered while estimating the causal effects of retirement on 

life satisfaction and health. The first one is that the individuals’ decision to retire and health status 

depends on some unobserved variables, omitted variable bias. That is why the level of life 
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satisfaction for individuals with different life histories and time preferences can be different (Dave 

et al., 2006). To address this problem, I control for unobservable, time-invariant individual 

characteristics by using a fixed-effect panel data model. 

The second issue is that deciding to get retired can be endogenous. The endogeneity of retirement 

has been studied and proved by many papers (Mandal & Roe, 2007). People who have a lower 

degree of satisfaction in their lives tend to retire as soon as possible (Celidoni et al., 2017). Also, 

negative shocks to mental health may force an individual to decide to withdraw from her job earlier 

than others (Dwyer & Mitchell, 1999). This endogeneity of retirement means that we cannot find 

a causal relationship only just by comparing life satisfaction before and after retirement. To 

eliminate this problem, I use a Regression Discontinuity Design. 

4.2. Regression Discontinuity Design: 

RDD uses the rules which determine the assignment to the treatment. To use this design, we need 

an assignment variable that establishes whether an individual belongs to the treatment group or 

not. Observations above the threshold are in the treatment group, while the individuals below the 

threshold are not. Then, if there is a discontinuity in outcome under some minor assumptions, we 

can explain it as a causal impact of treatment (Eibich, 2015). 

RDD has two styles, sharp and fuzzy. Researchers use sharp RDD when treatment status is a 

deterministic and discontinuous function of a predictor. In other words, if individuals are over an 

exact threshold on the covariate, they are treated. On the other hand, fuzzy RDD is suitable to use 

when the predictor does not deterministically show the treatment status. Instead, the probability of 

being treated is a function of the variable and jumps at the threshold (Angrist & Pischke, 2008).  

In this paper, I use age as an assignment for being retired. Because of financial motives, the 

eligibility age for pension benefits can be an exogenous source of variation in deciding to get 

retired. Since the age is 65 (62 if an individual decides to retire early) to be eligible to benefit from 

social security pays, individuals cannot get paid by reduced or full amount of pension before the 

threshold of 62. Before age 65, an individual can get a partial amount as long as she retires after 

age 62. This implies that retirement is not completely determined by the threshold of age at 65 or 

62. Alternatively, the probability of withdrawal from work rises discontinuously at the threshold 



for full retirement. Therefore, I use fuzzy Regression Discontinuity Design in my analysis. The 

effect that I will be estimating will be a local average effect (LATE).The estimated parameter 

shows the average impact of retirement on the life satisfaction of the individuals who are near age 

65, or 62, who would retire if their age moves from just below 65, or 62, to just above it. 

The fuzzy RDD method that I use has some advantages in comparison to alternative approaches. 

Some papers have used simple fixed-effects models to solve the selection problem (Bonsang & 

Klein, 2012; Dave et al., 2006). The issue with this method is that it addresses just the section on 

observable factors. In contrast, some factors, such as shocks to well-being and health, which 

motivate individuals to get retired, are unobservable. A few of these papers exploit a solution of 

restricting observations to people with no severe illness or well-being problem. This approach can 

resolve the issue while sacrificing the unbiased results, which can happen due to the misreporting 

of the criteria to exclude the individuals. On the contrary, the RDD approach requires two 

assumptions that I mention under the assumption part later. Another way to address the 

endogeneity problem used by a few papers is to consider policy reforms as an exogenous source 

of variation for retirement (Shai, 2018; Hallberg et al., 2014; Blake & Garrouste, 2019). The 

problem with these studies is that most of the time, the reforms are applied to a subgroup of 

individuals and not on everyone, e.g., the army employees in Halberg et al., 2014, or the male 

workers in Shai, 2018. In contrast, the RDD method provides reliable analysis for all individuals, 

regardless of their gender, section, or situation (Eibich, 2015). 

Fuzzy RDD has very similarities to studies that use the eligibility age as an instrumental variable 

to control for endogeneity of retirement (Gorry et al., 2018; Zhu &He, 2015; Celidoni et al., 2017; 

Coe & Zamarror, 2011). They both require the probability of being retired to raise discontinuously 

at the eligibility age. However, there is an essential difference in the way these methods specify 

the models. Studies using the IV approach mostly define a quadratic age trend for the entire age 

range. On the contrary, the RDD approach suggests letting the age trends to be different on either 

side of the threshold (Eibich, 2015). This flexibility will capture the non-linearities in older ages 

that have not been properly considered in the models specified by studies that use an IV approach 

based on eligibility age. 

4.3. Setup: 



As explained before, I use the discontinuity increase in the probability of early retirement at 62 

and normal retirement at 65 as a source of exogenous variation in the retirement decision. First, I 

need to check the validity of this claim that the probability of being fully retired increases 

discontinuously at the age of 62 and 65. Figure 1 shows the share of retired individuals by age in 

my main data set. There is a discontinuity in the percentage of retirees at both ages of 62 and the 

age of 65. Although about more than 20% are retired before age 62, close to 60% are fully retired 

after age 65. At age 62, early retirement age, the probability of being retired increases by 40% 

points. I don’t observe a similar discontinuity when moving to age 63. Another discontinuity is 

observable when moving from age 64 to 65, 20% points, which is lower comparing to an increase 

in the share of retirees at age 62. Yet, it’s still considerably higher than change at other ages. 

Three main assumptions are required for RDD estimation to be valid. First, I assume that life 

satisfaction is a continuous function of the forcing variable (age). This assumption is reasonable 

since the aging-life satisfaction process should be smooth based on aging being a gradual process 

(Eibich, 2015). The second assumption is that individuals don't exert control over the value of the 

assignment variable. This assumption holds by the way data is constructed since the age of 

individuals is not self-reported. Instead, it is calculated by their date of birth reported in the data 

set. The last assumption requires the groups around the threshold are exchangeable. In other words, 

individuals close to the cut-off point should be similar, and the predetermined variables would be 

continuous over the assignment variable. If they are discontinuous over the age variable, it can 

cause doubts over my strategy since the effects could be based on unobservable factors.  

I test the last assumption by checking discontinuity in baseline characteristics. Figure 2 shows the 

results for four main variables (income, marital status, education, and gender). These graphs can 

be seen as placebo tests. For example, retirement affects income, so I expect to see discontinuity 

in income. But for a variable like marital status, the effect is not apparent. Because it is not 

predetermined, it can be an outcome of withdrawal (Eibich, 2015). Education and share of women 

in the sample are the predetermined measures that should not be discontinuous at the threshold 

since they are not affected by retirement.  

As in figure 2, there is a small discontinuity in the log of income after age 62. In the case of marital 

status, there is no noticeable jump. It appears that there's no sharp change in probability of having 



a BA or higher degree around the threshold of 62 or 65, as I expected. For the women share in the 

sample, there is a greater variety at older ages, but still, there is no visible discontinuity around 

cut-off points. 

I also look for discontinuities in the graphs of scatterplot for dependent variables over the age 

variable (figure 3). A sharp positive change is observable on life satisfaction around age 65 and 

after age 61. There is also a smaller positive discontinuity in zero drinks, moderate physical 

activity, sleep quality, grandchild care, and participation in religious service. A negative change is 

visible for BMI in the threshold of age 65. Except for life satisfaction, overall, the discontinuities 

look small. But I consider the fact the probability of being retired at the threshold increase by 20-

30%. So, to estimate the local ATE, the discontinuities in outcomes are weighted by the increase 

in the probability of retirement (Eibich, 2015). Since these variables are the potential mechanisms, 

it is highly expected that we see a lower visible potential sharp changes in outcomes.  

4.4. The model: 

I follow the approach suggested by Angrist and Pischke for estimations using fuzzy RDD. They 

suggest beginning the analysis with a parametric 2SLS setup using the entire sample. Then define 

the primary model by restricting the sample to points close to discontinuities and removing all of 

the polynomial control (Angrist & Pischke, 2008). I represent the main models with two 

discontinuities at age 62 and 65 and use the following design: 

𝑟𝑒𝑡𝑖𝑟𝑒𝑑𝑖𝑡 =  𝛼0 +  𝛼1𝑎𝑔𝑒𝑖𝑡 +  𝛼2𝑎𝑔𝑒62𝑖𝑡 + 𝛼3𝑎𝑔𝑒𝑖𝑡 ∗ 𝑎𝑔𝑒62𝑖𝑡 + 𝛼4𝑎𝑔𝑒65𝑖𝑡 +  𝛼5𝑎𝑔𝑒𝑖𝑡

∗ 𝑎𝑔𝑒65𝑖𝑡 +  𝑔𝑖 + 𝛺𝑡 +  휀𝑖𝑡 

𝑙𝑖𝑓𝑒 𝑆𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛𝑖𝑡

=  𝛽0 +  𝛽1𝑎𝑔𝑒𝑖𝑡 +  𝛽2𝑎𝑔𝑒𝑖𝑡 ∗ 𝑎𝑔𝑒62𝑖𝑡 +  𝛽3𝑎𝑔𝑒𝑖𝑡 ∗ 𝑎𝑔𝑒65𝑖𝑡 + 𝜋 𝑟𝑒𝑡𝑖𝑟𝑒𝑑𝑖𝑡
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ +  𝑐𝑖

+ 𝛿𝑡 +  𝑢𝑖𝑡    

In these equations, 𝑎𝑔𝑒65𝑖𝑡 is the binary variable that is equal to “1” if an individual i in year t is 

65 or older and “0” otherwise, 𝑎𝑔𝑒62𝑖𝑡 is also a binary variable that is “1” if the individual age is 

the interval of 62<=age<65 in year t. The variable 𝑟𝑒𝑡𝑖𝑟𝑒𝑑𝑖𝑡is a dummy variable that is “1” if the 

individual i is fully retired in year t, and 𝑟𝑒𝑡𝑖𝑟𝑒𝑑𝑖𝑡
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the predicted values of treatment from the 



first stage. Variables 𝑔𝑖 and 𝑐𝑖 include the individual-fixed effects, 𝛺𝑡 and 𝛿𝑡 are the wave dummy 

variables, and finally 휀𝑖𝑡 and 𝑢𝑖𝑡 are error terms for the first and second stage. The interaction terms 

allow for a different age trend after each threshold. My model is basically a local linear regression 

with a model based on a rectangular kernel (Eibich, 2015). I do robustness checks using 

polynomial controls and interaction terms with whole sample, and using just polynomial controls 

(IV method) with restricted sample.  

5. Results: 

5.1.The effects of retirement on life satisfaction 

Table 3 shows the results of the first model to estimate the effects of retirement on life satisfaction. 

I display the results for both measures of life satisfaction in two main parts of the table. The first 

life satisfaction measure is in the primary sample (all participants in HRS), and the second measure 

belongs to the Leave-Behind Questionnaires sample. Each part includes two estimations. The first 

one uses the whole individuals (i.e., without age restriction) and with both polynomial control, the 

quadratic trend for age, and age interaction terms. I use this estimation as a robustness check later. 

The other part drops the quadratic part and includes the interaction variables. This column is the 

estimates from my main model, which restricts the sample to the individuals who are older than 

45 and younger than 85. 

All models in the table contain the linear age trend, individual fixed effects, and dummy variables 

for the waves when the interviews have been conducted. I mention the Stock-Wright LM statistic 

to check for a weak instrument. Their p-values show that the null hypothesis for this test is rejected 

and imply that the discontinuities are jointly significant in the determination of retirement status. 

The estimated treatment effects in the second column of table 3, restricted sample, suggest that 

retirement has a positive impact on life satisfaction. Being fully retired increases the probability 

of individuals being completely or very satisfied with their lives. It has also shown that for the 

entire sample of all ages included, the impact is positive and significant. For the other measure in 

the second sample, the sign of the retirement coefficient is still positive, but it’s not significant. It 

is the same case for the whole sample. 

As the table points out, both of time-variant controls (income and marital status), are positively 

correlated with higher life satisfaction. The age trend variables are presented on the table to 



indicate that I use both polynomial and interaction terms in the model for the whole sample and 

drop the polynomial variable for the primary sample restricted to age 45-85. 

5.2. Mechanisms 

In this section, I look for the potential mechanisms through which a withdrawal from a job impacts 

well-being. As it was discussed before, retirement could influence life in many ways. It changes 

the opportunity cost of investment on health and well-being, and it increases the leisure time in 

hand. The way individuals live and use their time can change the level of their life satisfaction. 

Thus, it seems possible that retirement affects life satisfaction indirectly through health behavior 

and how an individual spends her time.  

To check the hypothesis from the previous paragraph, I first estimate the effects of retirement on 

individuals' health behavior. Table 4 shows the results. Each column represents the results of one 

separate regression model. Retirement is the independent variable, and the measures of health 

behavior and time use are the dependent variables. As shown in table 4, retirement decreases the 

probability of smoking by 0.5% points. The effects of withdrawal on drinking no alcohol, while 

positive, is insignificant. The probability of being a regular drinker, drinking three or more days a 

week, increases by 0.8% points after getting fully retired. Although it has been shown that drinking 

harms health, it is important to consider that the effect can be more complicated in the case of life 

satisfaction, since it is shown that consuming 3-4 more drinks can actually increase life satisfaction 

(Krekhovets & Leonova, 2013). Physical activity increases significantly after getting retired by 

about 0.03 standard deviations. BMI increases by retirement significantly, while the effect is not 

very large. Retirement increases the probability of being well-rested after waking up in the 

morning by 3.8% points, which is the strongest effect of getting retired on health behavior. After 

checking for the retirement effects on health behavior, I estimate the impact on time spent after 

retirement. As table 4 specifies, participating in religious services increases sharply after 

retirement. Finally, being out of the labor force doesn't change the time individuals spend to take 

care of their grandkids. 

These results have some specification problems since there is a chance of reverse causality. 

Retirement can be affected by any of the health behaviors and the way individual spend their time. 

To partially eliminate this problem, I follow the method Eibich (2013) uses in finding the 



mechanisms through which retirement affects physical health measures. I apply the same RDD 

method I used in the previous section, except I include the health behavior and time use measures 

as control variables in the model. Then I compare the retirement coefficient from this regression 

with the model without health behavior and time use1. I expect to observe that the coefficient gets 

smaller with including the controls for potential mechanisms. 

Table 5 illustrates the models' results with and without including the indicators for health behavior 

and time use. The coefficient of retirement is smaller compared to the results from table 3, where 

I use a larger sample that considers all individuals, regardless of whether data on mechanism 

variables are available. But it is still strong and significant. The number gets considerably smaller, 

the second column when I add the health behavior and time use variables to the model. Also, the 

significance level falls from 99% to 95%. As table 5 shows, changing physical activity habit from 

zero or once a week to more than once a week, increasing sleep quality, and increasing the 

participation in religious service have a positive effect on life satisfaction (at least those parts that 

are caused by retirement).  These estimates imply that these variables can be the ways that 

retirement influences the level of life satisfaction. 

 

5.3. Robustness Checks 

For robustness checks, I refer to Table 3 again. The table shows the first model results to estimate 

the effects of retirement on both life satisfaction measures in the primary sample (all participants 

in HRS), and the second measure belongs to the Leave-Behind Questionnaires sample. As I 

mentioned before, the first part uses the whole individuals (i.e., without age restriction) and 

polynomial control, the quadratic trend for age, and age interaction terms. The results show that 

with adding more controls to the model, polynomial control, and the quadratic age trend, the results 

don’t change. Still, there is a significant positive relationship between retirement and life 

satisfaction. 

Table 6 shows the results for two different regression models. The estimates of the two models 

(RDD and IV) display the same positive and significant relationship between retirement and life 

                                                 
1 With sample limited to individuals whose data on health behavior and time use is available. 



satisfaction. The coefficient of retirement is smaller as I expected. A more observable difference 

between the two models is noticeable when I compare the results of the models using the second 

sample, shown in table 7. RDD regression results do not show a significant estimate. In contrary, 

the IV model finds a significant positive relationship between withdrawal from the job and life 

satisfaction. One possible reason for this difference can be the specified function used in two 

models.  

 

5.4.Conclusion 

My study results display evidence for the positive effects of getting retired on the individuals’ life 

satisfaction. This is an important result for policy makers since it has been shown that life 

satisfaction is related to overall health. Although increasing the retirement age directly leads to a 

lower cost to society, it might add more indirect health expenses. Therefore, it is critical to account 

for these indirect costs when deciding about a new retirement plan. Also, instead of decreasing the 

costs of retiring late directly, we can improve the mechanisms through which retirement can 

change the level of life satisfaction. 

 

 

 

 

 

 

 

 

 



Table 1  

Summary Statistics, data set 1 

Variable N Mean SD Min Max Mean non-

retirees 

Mean 

retirees 

A. Main variables        

 Retired 44549 0.556 0.497 0 1 - - 

 Life satisfaction 43262 0.709 0.454 0 1 0.708 0.736 

        

B. Health behavior        

 Smoking 44202 0.104 0.305 0 1 0.127 0.095 

 No alcohol 44549 0.463 0.499 0 1 0.444 0.497 

 Drinking often 44549 0.182 0.386 0 1 0.169 0.173 

 Physical activity 44549 0.506 0.499 0 1 0 .469 0.552 

 BMI 44050 28.600 5.918 9.700 92.800 28.903 28.695 

 Sleep quality 44466 0.569 0.495 0 1 0.567 0.597 

        

C. Time use        

 Religious services 44391 0.434 0.496 0 1 0.443 0.483 

 Grandkid care 36141 0.301 0.459 0 1 0.386 0.273 

        

D. Covariates        

 Age 44549 69.237 8.342 45 85 64.861 71.920 

 Female 44549 0.613 0.487 0 1 0.640 0.620 

 White 44549 0.803 0.398 0 1 0.784 0.825 

 Married 44549 0.619 0.486 0 1 0.684 0.627 

 College BA 44549 0.245 0.430 0 1 0.220 0.197 

 Income 44549 70217.830 119000 0 7300000 81844.840 51876.130 

    

 

 

 

 

 

 

 

 

 



Table 2  

Summary Statistics, data set 2 

Variable N Mean SD Min Max Mean non-

retirees 

Mean 

retirees 

A. Main variables        

 Retired 24198 0.523 0.499 0 1 - - 

 Life satisfaction 24198 1.126 1.589 0 5 1.060 1.187 

        

B. Health behavior        

 Smoking 24014 0.107 0.309 0 1 0.123 0.092 

 No alcohol 24198 0.448 0.497 0 1 0.415 0.477 

 Drinking often 24198 0.187 0.390 0 1 0.190 0.185 

 Physical activity 24198 0.532 0.498 0 1 0.496 0.568 

 BMI 23940 28.680 5.885 10.900 92.800 28.742 28.623 

 Sleep quality 24181 0.585 0.493 0 1 0.569 0.600 

        

C. Time use        

 Religious services 24159 0.440 0.496 0 1 0.407 0.470 

 Grandkid care 19462 0.336 0.472 0 1 0.400 0.285 

        

D. Covariates        

 Age 24198 67.943 8.653 45 85 63.573 71.924 

 Female 24198 0.614 0.487 0 1 0.620 0.609 

 White 24198 0.835 0.371 0 1 0.825 0.844 

 Married 24198 0.655 0.476 0 1 0.692 0.621 

 College BA 24198 0.252 0.434 0 1 0.285 0.221 

 Income 24198 72602.350 148000 0 13569371 91319.780 55555.060 

   

 

 



 

Figure 1: Share of individuals retired at given age 



 
Second data set 

 



 
Figure 2: Main control variables by age 

 

 

 

 



 
Figure 3: Outcome variables over age 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 3: Regression discontinuity estimates 

 First life satisfaction measure  Second life satisfaction measure 

     

VARIABLES Whole sample Main sample 45-85 Whole sample Second sample 45-85 

     

retired 0.767** 0.864*** 0.637 0.750 

 (0.364) (0.152) (1.118) (0.581) 

Stock-Wright LM statistic   8.250 5.970 5.653 4.793 

 0.004 0.014 0.023 0.048 

Control variables     

Income 0.039** 0.044*** 0.056 0.068* 

 (0.015) (0.008) (0.065) (0.039) 

Married 0.097*** 0.101*** 0.177*** 0.174*** 

 (0.015) (0.016) (0.049) (0.049) 

     

Observations 45,469 42,941 25,162   24,076 

Notes: Standard errors are in parentheses. P-values are in italics. All main models include a linear age trend, 

individual fixed effects and dummy variables for waves.  

* Significance for p<0.1 

** Significance for p<0.05 

*** Significance for p<0.01  

 

 

 

 

 

 

 

Table 4: Estimated effects of retirement on potential mechanisms  

Notes: Standard errors are in parentheses. All models include a linear age trend, individual fixed effects and dummy 

variables for waves.  

* Significance for p<0.1 

** Significance for p<0.05 

*** Significance for p<0.01  

 

 

 

 

 

 

 

 

 

 Smoking 

No 

alcohol Drinking often Physical activity BMI Sleep quality Religious service Grandkid care 

Retired - 0.005** 0.003 0 .008** 0 .024** 0.188*** 0 .038*** 0.013*** -0.001 

 (0.002) (0.006) (0.003) (0.004) (0.035) (0.006) (0.004) (0.006) 

Change in 

standard deviation 0.027 0.018 0.031 0.035 0.067 0.024 0.013 0.051 

Observations 44,202 44,549 44,549 44,549 44,050 44,466 44,391 36,141 



Table 5: RDD estimates for first life satisfaction measure (with and without mechanisms)  

VARIABLES Excluding mechanisms Including mechanisms 

   

retired 0.651*** 0.597** 

 (0.130) (0.138) 

Smoking - 0.009 

Drinking often - -0.010 

Physical activity - 0.016** 

BMI - -0.002 

Sleep quality - 0.041*** 

Religious service - 0.027*** 

Observations 34,035 34,035 

Notes: Standard errors are in parentheses. All main models include a linear age trend, individual fixed effects and 

dummy variables for waves.  

* Significance for p<0.1 

** Significance for p<0.05 

*** Significance for p<0.01  

 

 

 

 

 

 

 

 

 

 

Table 6: Regression estimates for RDD & IV model-main sample (first life satisfaction measure) 

     

 Whole sample Main sample 45-85 Whole sample Main sample 45-85 

VARIABLES RDD RDD IV IV 

     

retired 0.767** 0.864*** 0.358** 0.239** 

 (2.111) (5.693) (2.011) (2.706) 

Age Square -0.000  -0.007*** -0.004*** 

 (-0.344)  (-3.119) (-3.034) 

Age*Age65 -0.001 -0.001**   

 (-1.167) (-2.148)   

Age*Age62 -0.001* -0.001**   

 (-1.810) (-2.500)   

     

Observations 45,469 42,941 45,469 42,941 

 

Notes: Robust z-statistics in parentheses. All main models include a linear age trend, individual fixed effects and 

dummy variables for waves.  

* Significance for p<0.1 

** Significance for p<0.05 

*** Significance for p<0.01  

 

 

 

 



Table 7: Regression estimates for RDD & IV model-second sample (second life satisfaction measure) 

     

VARIABLES Whole sample Second sample 45-85 Whole Sample IV Second sample 45-85, IV 

     

retired 0.637 0.750 0.697** 0.713** 

 (0.569) (1.291) (2.426) (2.358) 

Age Square -0.002  -0.001 0.005 

 (-0.262)  (-0.420) (0.140) 

Age*Age65 0.000001 0.00002   

 (0.261) (0.270)   

Age*Age62 -0.00003 -0.001   

 (-0.547) (-0.665)   

     

Observations 25,162 24,076 25,162 24,076 

 

Notes: Robust z-statistics in parentheses. All main models include a linear age trend, individual fixed effects and 

dummy variables for waves.  

* Significance for p<0.1 

** Significance for p<0.05 

*** Significance for p<0.01  
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