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Abstract 
We examine the heterogeneous effects of retirement on retirees’ health in Japan using the Marginal 
Treatment Effect framework. Using data from Japanese Study of Aging and Retirement (JSTAR), we find 
that the effect of retirement on health is trivial and statistically insignificant overall; however, there are 
heterogeneous effects with respect to the likelihood of being retired. Individuals who are less likely to 
retire are more prone to be negatively affected by retirement whereas those who are more likely to retire 
are more inclined to be positively affected. This finding suggests that policies restraining the likelihood 
of being retired, e.g., increasing the mandatory retirement age, would cause a negative health impact in 
the population. 
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1. Introduction 

Retirement is an important transition in life, with substantial consequences on income, consumption, and 

physical and mental health. For some individuals, retirement eliminates work-related stress and increases 

leisure time enjoyment with positive effects on their well- being and mental health. For others, retirement is 

associated with lower income, a loss of daily routines and life purpose, and fewer social contacts. These 

individuals may perceive retirement as a burden that negatively affects their well-being and mental health. 

Thus, while there are good reasons to expect an impact of retirement on individual well-being, the direction 

of this effect is ex-ante unclear and depends on whether positive or negative aspects of retirement dominate 

(van Ours, 2022). 

A large number of empirical studies have found mixed evidence on the magnitude and di- rection of the 

retirement effect. Some studies have estimated positive effects of retirement on mental health, well-being, and 

related outcomes (e.g., Charles, 2004; Johnston and Lee, 2009; Eibich, 2015; Kolodziej and Garc´ıa-G´omez, 

2019). Other studies found negative effects (e.g. Dave et al., 2008; Rohwedder and Willis, 2010; Bonsang et 

al., 2012; De Grip et al., 2012; Heller-Sahlgren, 2017; Mazzonna and Peracchi, 2017; Atalay et al., 2019) or 

no effects (Coe and Zamarro, 2011; Behncke, 2012; Belloni et al., 2016; Fe and Hollingsworth, 2016).1 To 

some extent, these inconclusive findings can be attributed to differences in countries, institutional contexts, 

and chosen identification strategies. However, to better comprehend the impact of health effects of retirement, 

one needs to investigate the heterogeneity in a systematic framework. While a few studies have directly 

attempted to address the heterogeneity, the empirical approaches used could not systematically identify and 

estimate the effect of retirement on mental health. 

In this study, we investigate the relationship between the effects of retirement on health and the likelihood of 

being retired in Japan. There are at least two reasons that we explore the heterogeneity in this dimension. First, 

it can be of interest for policy makers. The goal of our study is to better understand the health effects for 

individuals who are likely to retire and how the effect differs from others'. As there are more policies aiming 

at motivating people to keep working, individuals who are more likely to be affected by such policies may be 

of interest for policy makers. Understanding health impacts of such polices on these individuals provides more 

insights for policy makers. Second, the dimension of heterogeneity we investigate can be handled by Marginal 

Treatment Effect (MTE) framework that systematically describes the distribution of heterogeneous effects 

rather than focusing on particularly chosen dimensions. The MTE framework is introduced by Bj¨orklund and 

Moffitt (1987) and generalized by (Heckman and Vytlacil, 2005, 2001, 1999), which relates the treatment 

effect (effect on health) to the observed and unobserved characteristics that affect the likelihood of begin 

retired. 

We find substantial heterogeneity in the effect of retirement on health with respect to both observed and 

 
1 For an excellent literature overview on mental health and retirement, see Picchio and van Ours (2019) and van Ours (2022). 
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unobserved characteristics determining retirement. For observed characteristics, take gender as an example. 

Women are more likely to retire and they suffer less from being retired than men, which points to a selection 

on gains: individuals who are more likely to retire actually suffer less or even benefit from retirement. The 

selection on unobserved characteristics reinforces the finding of selection on gains. Individuals with 

unobserved characteristics that hinder their retirement (“high unobserved cost individuals”) suffer most from 

retirement, whereas individuals who are more likely to retire (“low unobserved cost individuals”) suffer the 

least. 

This paper contributes to the growing literature that estimates marginal treatment effects in the context of 

retirement. The finding of this study shows that individuals select themselves into retirement based on the 

effects of retirement on health. Such selection on gains have been found by the current literature (Carneiro et 

al., 2011; Heckman et al., 2006; Nybom, 2017; Heckman et al., 2018, e.g.,). To the best of our knowledge, 

this paper provides the first evidence of the selection on gains in evaluating the effect of retirement on health.2 

This paper also provides new evidence of heterogeneous effects of retirement in Japan by relating the effect 

to the likelihood of being retired, which is different to the existing literature mainly focusing on heterogeneity 

with respect to some observables. 

The remainder of the paper is organized as follows. Section 2 summarizes the identification strategy of 

marginal treatment effect. Section 3 describes the data. Section 4 describes the estimation results. Section 5 

concludes. 

2. Estimating Marginal Treatment Effects 

We will introduce the model setup used in the framework of Marginal Treatment Effect and the definition of 

treatment effect of interest. Meanwhile, we will discuss the required assumptions for identification and briefly 

show the estimation procedures. 

2.1  Baseline Model Setup 

Let 𝑌𝑌1 be the potential outcome in treated state (𝐷𝐷 = 1) and 𝑌𝑌0 be the potential outcome in untreated state 

(𝐷𝐷 = 0). The observed outcome (𝑌𝑌) is the realization of one potential outcome: 

𝑌𝑌 = (1 − 𝐷𝐷)𝑌𝑌0 + 𝐷𝐷𝑌𝑌1 (1) 

The potential outcomes are specified as: 

𝑌𝑌𝑗𝑗 = 𝜇𝜇𝑗𝑗(𝑋𝑋) + 𝑈𝑈𝑗𝑗 , 𝑗𝑗 ∈ {0,1} (2) 

where 𝜇𝜇𝑗𝑗 is a state-specific function of the observable 𝑋𝑋, and 𝑈𝑈𝑗𝑗 is the unobservable which is normalized 

 
2 Though uncommon in literature, the reverse selection is found in the migration literature, which find more skilled workers are 
easier to migrate (Chiquiar and Hanson, 2005; Rooth and Saarela, 2007; McKenzie and Rapoport, 2010). 
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to 𝐸𝐸[𝑈𝑈𝑗𝑗|𝑋𝑋] = 0 . Equation 2 indicates that the heterogeneity in the treatment effect 𝑌𝑌1 − 𝑌𝑌0 = 𝜇𝜇1(𝑋𝑋) −

𝜇𝜇0(𝑋𝑋) + 𝑈𝑈1 − 𝑈𝑈0 results from both the observed characteristics 𝑋𝑋 and the unobserved characteristics. This 

specification defines a more flexible heterogeneity than the commonly used specification in which the 

treatment 𝐷𝐷 is separately additive to all 𝑋𝑋 (homogeneous treatment effect) and the specification in which 

the interaction terms between 𝐷𝐷 and 𝑋𝑋 are allowed (heterogeneous treatment effect with respect to only the 

observable). For selection to treatment (defined in this study as being retired), the following latent index model 

is used: 

𝐼𝐼𝐷𝐷 = 𝜇𝜇𝐷𝐷(𝑍𝑍) − 𝑈𝑈𝐷𝐷 (3) 

𝐷𝐷 = 1{𝐼𝐼𝐷𝐷 > 0} (4) 

Where 𝜇𝜇𝐷𝐷 is a function of 𝑍𝑍 ≡ {𝑋𝑋,𝑍𝑍0}, and 𝑍𝑍0 is the instrument(s) for 𝐷𝐷. 𝜇𝜇𝐷𝐷 represents the gross benefit 

of receiving treatment, and 𝑈𝑈𝐷𝐷 represents the cost of treatment. In this study, 𝑈𝑈𝐷𝐷  captures not only some 

unobserved individual characteristics but also some unobserved family background factors that affect 

retirement decisions. The latter could be even more important because the decision on retirement is heavily 

affected by various unobserved factors in the family. 

In the MTE literature, the distribution of 𝑈𝑈𝐷𝐷 is often normalized to uniform distribution on a unit interval. 

As a consequence, function 𝜇𝜇𝐷𝐷(𝑍𝑍) can be interpreted as the propensity score (the probability of receiving 

treatment conditional on the unobservable 𝑍𝑍), 𝑃𝑃(𝑍𝑍) ≡ 𝑃𝑃𝑃𝑃 (𝐷𝐷 = 1│𝑍𝑍) = 𝑃𝑃𝑃𝑃 (𝜇𝜇𝐷𝐷(𝑍𝑍) > 𝑈𝑈𝐷𝐷) = 𝜇𝜇𝐷𝐷(𝑍𝑍), where 

the last equality holds when 𝑈𝑈𝐷𝐷 ∼ 𝑈𝑈(0,1). Henceforth, the selection equation for treatment is re-defined as 

𝐷𝐷 = 1{𝑃𝑃(𝑍𝑍) > 𝑈𝑈𝐷𝐷} (5) 

MTE as a function of 𝑋𝑋 and 𝑈𝑈𝐷𝐷 accesses the heterogeneous treatment effect as follows: 

𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑢𝑢) = 𝐸𝐸(𝑌𝑌1 − 𝑌𝑌0|𝑋𝑋 = 𝑥𝑥,𝑈𝑈𝐷𝐷 = 𝑢𝑢)
= 𝜇𝜇1(𝑥𝑥) − 𝜇𝜇0(𝑥𝑥) + 𝐸𝐸(𝑈𝑈1 − 𝑈𝑈0|𝑋𝑋 = 𝑥𝑥,𝑈𝑈𝐷𝐷 = 𝑢𝑢) (6) 

MTE is the average treatment effect for the individual with observed characteristics 𝑋𝑋 = 𝑥𝑥 and unobserved 

cost to treatment 𝑈𝑈𝐷𝐷 =  𝑢𝑢 (or the 𝑢𝑢𝑡𝑡ℎ quantile of 𝑈𝑈𝐷𝐷).3 MTE also allows for the heterogeneity in both the 

observable 𝑋𝑋 and the unobservable cost to receive treatment u. In this study, the MTE summarizes the 

heterogeneous effects of retirement with respect to the observable (e.g., gender) and the unobservable cost to 

retire (e.g., preference towards working). Consequently, we can directly examine the heterogeneous effects 

with respect to the likelihood of being retired that is described by 𝑋𝑋 and 𝑈𝑈𝐷𝐷, which is the treatment effect of 

interest in this study. Moreover, compared to the average treatment effect for the whole population, MTE 

focuses on a more granular subpopulation and thus can be used to construct some other treatment effects of 

 
3 MTE is defined on Marginal individuals in receiving treatment because individuals with 𝑈𝑈𝐷𝐷 =  𝑢𝑢 are also ones with {𝑃𝑃(𝑍𝑍)  =
 𝑢𝑢}  ∩  {𝐼𝐼𝐷𝐷  =  0} (indifferent in receiving treatment with propensity score 𝑢𝑢). 
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interest. For example, with a binary instrument 𝑍𝑍0that shifts the propensity score from 𝑃𝑃0(𝑥𝑥) ≡ 𝑃𝑃𝑃𝑃 (𝐷𝐷 =

1|𝑋𝑋 = 𝑥𝑥,𝑍𝑍0 = 0) to 𝑃𝑃1(𝑥𝑥) ≡ 𝑃𝑃𝑃𝑃(𝐷𝐷 = 1|𝑋𝑋 = 𝑥𝑥,𝑍𝑍0 = 1), Local Average Treatment Effect (LATE) based on 

Wald estimator is the average of MTEs for a subgroup of individuals: 

𝐿𝐿𝐴𝐴𝑀𝑀𝐸𝐸(𝑥𝑥) =
𝐸𝐸(𝑌𝑌|𝑍𝑍0 = 1,𝑋𝑋 = 𝑥𝑥) − 𝐸𝐸(𝑌𝑌|𝑍𝑍0 = 0,𝑋𝑋 = 𝑥𝑥)
𝐸𝐸(𝐷𝐷|𝑍𝑍0 = 1,𝑋𝑋 = 𝑥𝑥) − 𝐸𝐸(𝐷𝐷|𝑍𝑍0 = 0,𝑋𝑋 = 𝑥𝑥)

=
1

𝑝𝑝1(𝑥𝑥) − 𝑝𝑝0(𝑥𝑥) � 𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑝𝑝)𝑑𝑑𝑝𝑝

𝑝𝑝1(𝑥𝑥)

𝑝𝑝0(𝑥𝑥)

(7)
 

2.2  Identification 

One way of identifying MTE is using the method of local IV developed by Heckman (1999; 2001; 2005). This 

method identifies MTE as the derivative of the conditional expectation of Y with respect to the propensity 

score. More precisely, we have 

𝐸𝐸(𝑌𝑌|𝑋𝑋 = 𝑥𝑥,𝑃𝑃(𝑍𝑍) = 𝑝𝑝) = 𝜇𝜇0(𝑥𝑥) + 𝑝𝑝�𝜇𝜇1(𝑥𝑥) − 𝜇𝜇0(𝑥𝑥)�
+𝑝𝑝𝐸𝐸(𝑈𝑈1 − 𝑈𝑈0|𝑋𝑋 = 𝑥𝑥,𝑈𝑈𝐷𝐷 ≤ 𝑝𝑝)
= 𝜇𝜇0(𝑥𝑥) + 𝑝𝑝�𝜇𝜇1(𝑥𝑥) − 𝜇𝜇0(𝑥𝑥)� + 𝐾𝐾(𝑥𝑥,𝑝𝑝) (8)

 

where 𝐾𝐾(𝑥𝑥,𝑝𝑝) ≡ 𝑝𝑝𝐸𝐸(𝑈𝑈1 − 𝑈𝑈0 |𝑋𝑋 = 𝑥𝑥,𝑈𝑈𝐷𝐷 ≤ 𝑝𝑝) . 𝐾𝐾(𝑥𝑥,𝑝𝑝)  is a function of 𝑋𝑋  and 𝑝𝑝  that captures 

heterogeneity along the unobserved cost to treatment 𝑈𝑈𝐷𝐷. Taking the derivative of Equation 8 with respect to 

𝑝𝑝 and evaluating it at 𝑢𝑢, we get MTE 

𝑀𝑀𝑀𝑀𝐸𝐸(𝑋𝑋 = 𝑥𝑥,𝑈𝑈𝐷𝐷 = 𝑢𝑢) =
𝜕𝜕𝐸𝐸(𝑌𝑌|𝑋𝑋 = 𝑥𝑥,𝑃𝑃(𝑍𝑍) = 𝑝𝑝)

𝜕𝜕𝑝𝑝
|𝑝𝑝=𝑢𝑢

= 𝜇𝜇1(𝑥𝑥) − 𝜇𝜇0(𝑥𝑥) + 𝑘𝑘(𝑥𝑥,𝑢𝑢) (9)
 

where 𝑘𝑘(𝑥𝑥,𝑢𝑢)  =  𝐸𝐸(𝑈𝑈1 − 𝑈𝑈0 |𝑋𝑋 = 𝑥𝑥,𝑈𝑈𝐷𝐷 = 𝑢𝑢). Intuitively, conditioning on 𝑋𝑋 =  𝑥𝑥, when an infinitesimal 

shift occurs in the propensity score at 𝑝𝑝 (changing the treatment status from untreated state to treated state), 

the corresponding change in 𝑌𝑌 is the treatment effect for individuals who have 𝑋𝑋 =  𝑥𝑥 and have 𝑝𝑝 as the 

propensity score (or unobserved cost), which is exactly MTE. Equation 9 also indicates that, without further 

assumptions, we need additional variation conditional on 𝑋𝑋  to identify µ1(𝑥𝑥)−  µ0(𝑥𝑥)  and 𝑘𝑘(𝑥𝑥,𝑢𝑢) 

separately to identify MTE. This additional variation comes from the excluded instrument 𝑍𝑍0 , and 

𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑝𝑝) is identified under the following assumption on the instrument. 

Assumption 1 

(𝑈𝑈0,𝑈𝑈1,𝑈𝑈𝐷𝐷) is independent of 𝑍𝑍0, conditional on 𝑋𝑋 

The conditional independence assumption requires that the instrument is independent of the unobservable in 

the outcome equations and the selection equation. The conditional independence between 𝑍𝑍  and 

(𝑈𝑈0,𝑈𝑈1,𝑈𝑈𝐷𝐷) implies and is also implied by the standard IV assumptions of conditional independence and 
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monotonicity (Vytlacil, 2002). 

Besides the assumptions that are required in the literature using Instrumental Variable (IV), there are often 

more assumptions in estimating MTE. The local IV estimator motivated by Equation 9 indicates that the 

support of the propensity score 𝑃𝑃 conditional on 𝑋𝑋 determines the support of the unobserved cost 𝑈𝑈𝐷𝐷 in 

MTE. Therefore, substantial variation in 𝑃𝑃  conditional on 𝑋𝑋  (which solely comes from the excluded 

instrument 𝑍𝑍0) is needed to identify 𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑢𝑢) on a wide range of 𝑈𝑈𝐷𝐷 ∈ [0,1]. For this reason, additional 

assumptions are usually required, e.g., at least one of the instruments is continuous, which makes it possible 

to have full support in MTE. However, it can be challenging to find proper continuous instrument(s) with 

sufficient variation conditional on observed covariates in many em piri- cal studies, including this study. In 

the case of discrete instrumental variables, alternative approaches include restricting the specifications in the 

model and specifying a less flexible relation among random variables.4 Following Brinch et al. (2017), we 

impose the second assumption as follows: 

Assumption 2 

E�𝑌𝑌𝑗𝑗�𝑈𝑈𝐷𝐷 ,𝑋𝑋 = 𝑥𝑥� = 𝜇𝜇𝑗𝑗(𝑥𝑥) + 𝐸𝐸�𝑈𝑈𝑗𝑗�𝑈𝑈𝐷𝐷�, 𝑗𝑗 ∈ {0,1} 

Assumption 2 specifies a more restrictive version of Equation 2 because it implies that the observable and the 

unobservable contribute to the potential outcome in a substitute manner. consequently, MTE in Equation 6 

can be written as 

𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑢𝑢) = 𝜇𝜇1(𝑥𝑥) − 𝜇𝜇0(𝑥𝑥) + 𝐸𝐸(𝑈𝑈1 − 𝑈𝑈0|𝑈𝑈𝐷𝐷 = 𝑢𝑢) (10) 

Equation 10 implies that 𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑢𝑢) can be identified over the support of 𝑢𝑢, which is determined by the 

support of the estimated propensity score 𝑃𝑃, unconditional on 𝑋𝑋. Therefore, Assumption 2 makes the discrete 

instrumental variable feasible in identifying MTE. 

After imposing Assumption 2, the treatment effect is still allowed to vary by 𝑋𝑋 and 𝑈𝑈𝐷𝐷  but not by the 

interaction between the two, and it is weaker than the additive separability assumption between 𝐷𝐷 and 𝑋𝑋, 

which is commonly used in empirical analysis such as a linear specification 𝑌𝑌 =  𝛼𝛼𝐷𝐷 +  𝛽𝛽𝑋𝑋 +  𝑈𝑈 . 

Furthermore, Assumption 2 is implied by (but does not imply) the full independence assumption about random 

variables, i.e., (𝑍𝑍,𝑋𝑋 ⊥  𝑈𝑈0,𝑈𝑈1,𝑈𝑈𝐷𝐷) which is assumed in some applied works estimating MTE. Assumption 2 

holds when there is no endogenous variable in 𝑋𝑋 in the outcome (health) equation, which is also required in 

many applied works like the standard IV estimation approach. 

Under Assumption 1 and 2, we have: 

𝐸𝐸(𝑌𝑌|𝑋𝑋 = 𝑥𝑥,𝑃𝑃(𝑍𝑍) = 𝑝𝑝) = 𝜇𝜇0(𝑥𝑥) + 𝑝𝑝�𝜇𝜇1(𝑥𝑥) − 𝜇𝜇0(𝑥𝑥)�+ 𝐾𝐾(𝑝𝑝) (11) 

and thus 

 
4 See a more detailed discussion in Brinch et al. (2017). 
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𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑝𝑝) =
𝜕𝜕𝐸𝐸(𝑌𝑌|𝑃𝑃(𝑍𝑍) = 𝑝𝑝,𝑋𝑋 = 𝑥𝑥)

𝜕𝜕𝑝𝑝
= 𝜇𝜇1(𝑥𝑥)− 𝜇𝜇0(𝑥𝑥) + 𝑘𝑘(𝑝𝑝) (12) 

where 𝐾𝐾(𝑝𝑝) = 𝑝𝑝𝐸𝐸(𝑈𝑈1 − 𝑈𝑈0 |𝑈𝑈𝐷𝐷 ≤ 𝑝𝑝) and 𝑘𝑘(𝑝𝑝) = 𝐸𝐸(𝑈𝑈1 − 𝑈𝑈0 |𝑈𝑈𝐷𝐷 = 𝑝𝑝). 

2.3  Estimation procedures 

For ease of interpretation, we illustrate the idea of estimation procedure with a parametric approach. However, 

to make our estimates as flexible as possible, we adopt a semi-parametric approach in our estimates. Equation 

12 suggests the following estimation procedures: We start by estimating the propensity score 𝑃𝑃�(𝑍𝑍) based on 

Equation 4 using a probability model such as probit or logit model. We then make assumptions about the 

functional form of the unknown function 𝜇𝜇1 , 𝜇𝜇0  and 𝐾𝐾(𝑝𝑝). With these assumed functional forms, we 

estimate  𝜇𝜇0� , 𝜇𝜇1 − 𝜇𝜇0� , and 𝐾𝐾(𝑝𝑝)�  separately based on the equation 𝐸𝐸(𝑌𝑌|𝑋𝑋 = 𝑥𝑥,𝑃𝑃 = 𝑝𝑝) in Equation 12. 

Last, we calculate MTE by taking the derivative with respect to 𝑝𝑝. 

In the main specification, the propensity score 𝑃𝑃 is estimated from the logistic regression. Both 𝜇𝜇0 and µ1 

are specified to be linear: 𝜇𝜇0(𝑥𝑥) = 𝛽𝛽0𝑥𝑥 and 𝜇𝜇1(𝑥𝑥) = 𝛽𝛽1𝑥𝑥. Thereby, the conditional expectation of 𝑌𝑌 is 

written as: 

𝐸𝐸(𝑌𝑌|𝑋𝑋 = 𝑥𝑥,𝑃𝑃(𝑍𝑍) = 𝑝𝑝) = 𝑥𝑥𝛽𝛽0 + 𝑥𝑥(𝛽𝛽1 − 𝛽𝛽0)𝑝𝑝 + 𝐾𝐾(𝑝𝑝) (13) 

Furthermore, 𝐾𝐾(𝑝𝑝) is specified as a polynomial function of 𝑝𝑝 with order 2 in the main specification. Note 

that MTE is then a linear formula in 𝑝𝑝 as follows: 

𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑢𝑢) = 𝑥𝑥(𝛽𝛽1 − 𝛽𝛽0) + 𝛾𝛾𝑢𝑢 (14) 

(𝛽𝛽1 − 𝛽𝛽0) captures the heterogeneous treatment effects with respect to the observable char- acteristics 𝑋𝑋, 

while 𝛾𝛾 corresponds to the heterogeneous treatment effects with respect to the unobserved cost to treatment. 

A negative 𝛾𝛾 indicates that the treatment effect is larger for those who are more likely to be selected to 

treatment because of lower unobserved cost to treatment, which is in line with the prediction of the Roy Model, 

namely selection on gains. On the contrary, a positive γ indicates the reverse selection on gains, i.e., individuals 

who are less likely to receive the treatment due to the higher unobserved cost are with larger treatment effects. 

To make our estimates as flexible as possible, we adopt a semi-parametric estimation approach. We first obtain 

the estimated �̂�𝑝 from a logistic regression. We then use local polynomial (second order) regressions of 𝑌𝑌,𝑋𝑋, 

and 𝑋𝑋 × �̂�𝑝  on �̂�𝑝  to get residuals 𝑒𝑒𝑌𝑌, 𝑒𝑒𝑋𝑋,  and 𝑒𝑒𝑋𝑋×𝑃𝑃  . With these residuals, we estimate the following 

equation using regression and 

𝑒𝑒𝑌𝑌 = 𝑒𝑒𝑋𝑋𝛽𝛽0 + 𝑒𝑒𝑋𝑋×𝑝𝑝(𝛽𝛽1 − 𝛽𝛽0) + 𝜖𝜖 (15) 

Construct residual 𝑌𝑌� = 𝑌𝑌 − 𝑋𝑋𝛽𝛽0� − 𝑋𝑋(𝛽𝛽1 − 𝛽𝛽0)� �̂�𝑝 where 𝛽𝛽0� and (𝛽𝛽1 − 𝛽𝛽0)�  are estimated coefficients from 
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above. Furthermore, we use the local polynomial (second order) regression of 𝑌𝑌�  on �̂�𝑝, saving level 𝐾𝐾(𝑝𝑝)�  

and slope 𝑘𝑘(𝑝𝑝)� = 𝐾𝐾′(𝑝𝑝)� . Finally, we have 𝑀𝑀𝑀𝑀𝐸𝐸(𝑥𝑥,𝑢𝑢)� = 𝑥𝑥(𝛽𝛽1 − 𝛽𝛽0� ) + 𝑘𝑘(𝑝𝑝)� . In the nonparametric 

regression above, the bandwidths are chosen by rule-of-thumb using polynomial of order 4, and Gaussian 

kernels are used. 

3. Data and variables  

The data comes from Japanese Study of Aging and Retirement (JSTAR), which is a biannual panel survey 

starting in 2007. The survey collects the information of respondents who are aged 50 or above about their 

basic demographics, employment status, and health outcomes. A national representative sample of households 

from five cities participated in the first wave of the survey in 2007, and the number of participants increased 

to more households from 10 cities in 2013. This study focuses on individual-year observations with valid 

information on all variables used in the analysis. 

3.1  Outcome: health status 

The outcome variables measure the health status of the respondents. We use two measures in this study: self-

rated health and health conditions. Self-rated health is reported by respondents about the feeling of their health. 

This is a categorical indicator with 5 levels: Good, Fairly good, Average, Not very good, and Not good. The 

second measure asks whether there is any health condition that interferes the respondents’ casual life. This is 

also a categorical indicator with 4 levels: Has significantly interfered, Has interfered, Has not interfered, Has 

not interfered at all. To make the outcome variables consistent and interpretable, instead of directly using the 

two rough measures, we construct two binary variables that equals one if the respondent is in “good” health 

and zero otherwise. Specifically, as for self-rated health, the new measure is one if the reported health is at 

least “Fairly good”, as for health conditions, the new measure is one if the health condition “Has not interfered” 

or “Has not interfered at all” their casual life. 

3.2  Retirement status and its instrument 

To measure a respondent’s retirement status, we utilize a question in JSTAR asking respondents which 

situation best describes their current work status: Currently working, Temporarily not working, Not working, 

or other. We compute a binary measure which takes the value 1 if a respondent considers his/herself as not 

working, and 0 otherwise.5 

A key problem in the retirement literature is that retirement decisions are endogenous (see e.g. Mazzonna and 

Peracchi, 2012; Insler, 2014; Mazzonna and Peracchi, 2017). Endogeneity can arise from reverse causality or 

from unobserved confounders, such as cognitive functioning or health limitations. A common way of dealing 

 
5 There are several definitions of retirement status. Insler (2014) discusses two common definitions of being retired: self-reported 
retirement status, or not being in paid labor. Both have been used in the literature. 
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with this is to use statutory retirement ages in each country’s social security scheme as instrumental variable 

(e.g. Rohwedder and Willis, 2010; Coe and Zamarro, 2011; Mazzonna and Peracchi, 2012, 2017). In our 

application, we construct an instrument measuring the years to the statutory retirement age in Japan (60 years 

old). It is defined as the years to the cutoff (60 years old) when the respondent’s age is over 60 years old and 

zero when the respondent’s age is 60 or younger. We winsorize the value of the instrument at 60 rather than 

solely using the years to retirement age 60 when age is 60 or younger because we need to control for age and 

year fixed effect that can be collinear with our instrument. 

Our instrument exploits the exogeneous variation from the country-level retirement system. As discussed in 

Gruber and Wise (2009), retirement behavior responds very strongly to incentives set by social security 

pension systems. Since such policies are defined on the national level and are outside of individual control, 

they provide credible exogenous variation to individual retirement decisions. It is therefore unlikely that 

mental health shows discontinuities around retirement eligibility ages that can be attributed to reasons other 

than retirement.6 

3.3  Control variables 

In the baseline regression, we control for age, age quadratic, survey year fixed effects, educational level, and 

marital status. Education level is a categorical variable: 1 “Elementary/middle school” 2 “High school 

(including old-system middle school, girl’s school, trade school, normal school” 3 “Junior college (including 

technical high school, etc.)” 4 “Vocational school” 5 “University (including old-system high school, old-

system technical college)” 6 “Graduate school (Master’s)” 7 “Graduate school (Ph.D.)” 8 “Other”. 

3.4  Summary 

Table 1 shows the summary statistics of all variables. Slightly less than half of the respondents report that they 

have at least Average health status, and more than 80% of the respondents report that their health conditions 

do not interfere their causal life. Around 48% of the respondents are retired, and the average years to the 

statutory retirement age (60) is 6.4 years. For all respondents with slightly more women, the average age is 

65, and most of them have got married. Table 1 also shows the summary statistics by retirement status. There 

are mainly two noticeable differences. First, the retired respondents have relatively worse health status than 

the working population. Second, the ratio of women and the high-educated in the retired population is higher 

than the working population. 

4. Results 

 
6 One concern with the instrument could be that health insurance benefits are correlated with retirement schemes. Since Japanese 
health insurance benefits are not contingent on age, this is not an issue here. 
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4.1  First stage estimation 

Table 2 shows the first stage estimation results, i.e., how the instrument (years to statutory retirement age) 

affects retirement status. Column (1) indicates that, using a linear regression model, with one more year above 

the statutory retirement age, the likelihood to be retired significantly increased by 0.043. There is also little 

concern on the weak instrument as the Kleibergen-Paap rk LM statistic is 61.51, well above the rule-of-thumb 

cutoff 10. Since the first stage of the estimation procedure of MTE is based on a logistic regression, we also 

report the estimated parameters of the first-stage logit model in column (2). To ease the interpretation, we 

report the marginal effects of the instruments while fixing all other covariates at sample means. The finding 

is consistent with the results from the linear model that, one more year above the statutory retirement age, the 

likelihood of being retired increased by 3.3% conditional on all other covariates at their sample means. 

The first-stage estimation generates sizable common support for the propensity score 𝑃𝑃(𝑍𝑍) as shown in 

Figure 1. The estimated propensity score in the common support, namely the overlapped set of 𝑃𝑃(𝑍𝑍) between 

treated and untreated, ranges from 0.13 to 0.87.7 Without additional parametric assumptions on curvature, 

MTE can only be identified up to the range of common support of 𝑃𝑃(𝑍𝑍). For the range outside the common 

support or the common support with a few observations, the identification of MTE is totally or heavily 

determined by the parametric assumption. Therefore, to further ease the concern that the identification heavily 

rests on the arbitrary parametric specification, we trim the points of support with the 1% lowest densities and 

construct the common support as the points of overlapping support between the treated and untreated. As a 

result, the common support after trimming ranges from 0.13 to 0.85.8 

4.2 Treatment Effect Heterogeneity in observed and unobserved characteristics 

As explained in Section 2, the MTE investigates the heterogeneous effects in both the observed and the 

unobserved dimensions. In the semi-parametric estimation implemented in the analysis, the estimated 

heterogeneous effects 𝑘𝑘(𝑝𝑝) defined in Equation 12 is estimated non-parametrically, thus we use figures to 

present the estimation result as shown in Figure 2 and Figure 3. On the X-axis, it is the unobserved resistance 

to treatment 𝑈𝑈𝐷𝐷; on the Y-axis, it is the health effect of retirement. As shown in both figures, the effect is 

statistically negatively associated with the unobserved resistance (The p-value of the test for the negative slope 

is smaller than 0.01): with relatively low resistance, the treatment can be positive; whereas with relatively 

large resistance, the treatment is negative. Therefore, the health effect of retirement for individuals who are 

 
7 Although sizable support is found, the dispersion of the propensity score within the treated or the untreated indicates some 
constraints on who gets into retirement status. In other words, the included observed variables do not capture all determinants of 
retirement; Meanwhile, the unobserved characteristics captured by UD explain the remaining. UD is the unobserved cost or 
constraint of begin retired by definition. For example, the family background, which is not included in the covariates but heavily 
affects the retirement decision, can explain the dispersion of the propensity score. The dispersion also highlights the importance of 
the unobservable affecting retirement status, which is addressed by the MTE. 
8 A relatively small fraction of observations (166 out of 16,928) are dropped due to the trimming. After 
removing these these observations, we fit the baseline propensity score model on the trimmed sample again. A similar trimming 
strategy is used by Nybom (2017). 
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very likely to retire for various reasons that are unobserved to this study is relatively trivial and even positive; 

whereas individuals who are very unlikely to be retired due to these unobserved reasons suffer from retirement 

in terms of their health. For a more concrete understanding of the result, we use an example to illustrate the 

findings. Suppose that preference towards work is a key component when making retirement decision, and 

such preference is not observed by us (not included in control variables). Our finding suggests that individuals 

who have little interest in working (likely to be retired) suffer less negative health impact of retirement than 

individuals who have strong preference towards working. In summary, when individuals are less likely to 

retire due to various unobserved reasons, retirement can be more detrimental to their health. 

The estimated MTE also indicates the heterogeneous effects of retirement on health due to observed factors, 

as summarized in Table 3 and Table 4. We can find some heterogeneity with respect to some observed 

dimensions considered in this study. For example, the effect of retirement on health for women is higher than 

men, regardless of the outcome measure. Given most of the estimates are insignificant, we therefore do not 

find evidence of heterogeneous treatments in one single dimension that is included in the control variable in 

this study. However, it does not necessarily mean that there is no heterogeneity in all observed dimensions. 

To answer this question, we investigate the relationship between the effect and the likelihood of being retired 

explained by the observable. Specifically, following Zhou and Xie (2019), we summarize the likelihood 

explained by the observable by propensity score 𝑃𝑃(𝐷𝐷 =  1|𝑋𝑋), which is the prediction of the retirement status 

based on the observed characteristics.9 Then, the correlation between the propensity score and the effect 

contributed by the observable, i.e., (𝛽𝛽1 − 𝛽𝛽0)𝑋𝑋 , shows the relation of interest. For example, a positive 

correlation between (𝛽𝛽1 − 𝛽𝛽0)𝑋𝑋 and the propensity score indicates a positive correlation between the MTE 

and the propensity score, which means that the individual who is less likely to retire explained by the 

observable is with smaller health effects from retirement. Table 5 confirms such positive correlations for both 

outcomes. In other words, we also find that individuals who are less likely to retire benefit less or even 

negatively from retirement, which is consistent with the finding from the analysis based on the unobserved 

characteristics. 

The estimate based on Table 3 and Table 4 is comparable to the results based on the classical methods such 

as Two-Stage-Least-Square (2SLS). MTE can be used to construct LATE, which can also be estimated by a 

standard IV estimation approach. Table 3 and Table 4 summarize the LATE estimated by two different 

approaches. The point estimate of the LATE estimator constructed based on MTE is comparable to the one 

obtained by 2SLS. Therefore, for compliers whose retirement status is in line with whether the age is above 

the statutory retirement age, the effect of retirement on health is trivial and insignificant. 

 
9 The key idea of the refined MTE introduced by Zhou and Xie (2019) is that the latent index structure in the choice-making 
equation implies that all the treatment effect heterogeneity occurs along only two dimensions: (1) the propensity score 𝑃𝑃(𝐷𝐷 =  1|𝑋𝑋) 
and (2) the unobserved cost to treatment 𝑈𝑈𝐷𝐷. They also prove that we can replace the multi-dimension observed characteristics with 
the propensity score without loss of generosity. See more in their paper. 
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4.3  Robustness check 

One feature of the pension system in Japan is the gap between the statutory retirement age (60) and the age 

after which retirees can fully receive their pension (65). Workers are officially entitled as retirees after the 

statutory retirement age (60), and they start to receive some proportion of the pension depending on their 

different conditions before being entitled to the full reception of their pensions at age (65). Therefore, the 

retirement decisions may response to this financial incentive so that, conditional on being above the statutory 

retirement age, people choose to retire even later to reduce the gap between the age of retirement and age of 

pension reception.10 To account for the additional incentive due to the age entitled for pension, we introduce 

a second instrument that equals to one if age is above 65 and zero otherwise. Table A.1 shows the first stage 

estimation results with two instruments. The probability of retirement is higher after being above 65 

conditional of being eligible to retirement (above 60 years old), which is in line with our expectation, even 

though it is not statistically significant. With these two instrument, we estimate the marginal treatment effects 

of interest as shown by Figure A.1 and A.2. The two figures are consistent with our baseline results that 

individuals select themselves into retirement based on the health effect, i.e., individuals who are more likely 

to retire are those for whom the retirement is less detrimental or even beneficial to them. 

5. Conclusion and policy implementation 

This paper assesses the heterogeneity in the effects of retirement on health by estimating marginal treatment 

effects. The effects are heterogeneous with respect to the observed characteristics. When summarizing the 

likelihood of being retired by the propensity score explained by the observable, we find individuals who have 

a lower probability of begin retired suffer more from retirement in terms of health effects. The heterogeneity 

with respect to the unobserved characteristics reinforces the finding: individuals with higher unobserved cost 

to retire, thus less likely to be retired, suffer less or even benefit from retirement in terms of health effects. 

Overall, we find a positive relation between the health effect and the likelihood of being retired, namely 

selection on gains. 

Overall, the results suggest heterogeneous treatment effects of retirement on health in Japan. The selection on 

gains also suggests that the health effects are consistent with the propensity of being retired. In the perspective 

of health impact, those who are more likely to retire should retire; whereas those who are less likely to retire 

should not retire. Therefore, this paper posts concerns over polices that disproportionately change the 

motivations in retirement decisions. For instance, when a policy is aiming at motivating people especially 

those who can retire easily to keep working, the probability of being retired becomes lower in the population. 

In such cases, the overall health effect may be negative because the individuals who are less likely to retire 

are with more negative impacts. Alternatively, we use an example to illustrate the policy implication further. 

Suppose that there is a change in retirement policy that increases the retirement age from 60 to 65. For those 

who are aged between 60 and 65, they are affected most as they are not eligible to normal retirement. Their 
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probability of retirement in our sample is 0.36, which is around the 40% percentile in the population when 

ordering from the lowest to the highest. Suppose they are also the sub-population with 40%th likelihood to 

retire, the health effect of such policy change would be rather limited as the health effect of retirement for 

these sub-population is close to zero as shown in our baseline estimation results (Figure 2 and 3). However, 

we should emphasize that it is not an accurate calculation and will require a more nuanced analysis in the 

future. Further studies on who is less/more likely to retire may provide more detailed insights on evaluating 

the effect of such a policy. 
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Table 1 Summary Statistics 

Variable All Retired 
    No Yes 
Outcome variable    

Good self-rated health 0.467 0.532 0.399  
(0.499) (0.499) (0.490) 

No health condition 0.821 0.879 0.760 
 (0.384) (0.326) (0.427) 
Treatment variable    

Retired 0.480 - - 
 (0.500) - - 
Instrumental variable    

Years to retirement age 60 6.420 3.773 9.134 
 (5.999) (4.862) (5.738) 
Covariates    

Age 65.349 62.041 68.743 
 (7.393) (6.616) (6.484) 
Male 0.485 0.586 0.379 
 (0.500) (0.492) (0.485) 
Married 0.794 0.816 0.771 
 (0.404) (0.387) (0.419) 
At least junior college degree 0.304 0.352 0.23 
 (0.46) (0.477) (0.421) 
Number of observations 16,928 8,800 8,128 
Note: Sample average is in number, and the standard deviation is in parenthesis. 

 
Table 2 First stage estimation: 2SLS and Marginal effects at means from the logistic regression 

Independent variables Retired 
Years to retirement age 60 0.043*** 0.033*** 
 (0.005) (0.008) 
   
Kp Wald F statistics 61.51 - 
𝜒𝜒2 for test of the excluded instruments - 17.62 

Observations 16,694 16,694 

Robust standard errors in parentheses are clustered at individual level. All 
regressions include covariates: age, age squared, gender, marital status, education 
level, survey year fixed effects. 
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Figure 1 Estimated propensity score 

 
Figure 2 Estimation results of MTE for self-rated health 
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Figure 3 Estimation results of MTE for health conditions 

 
Table 3 Estimation results for self-rated health 

𝑴𝑴𝑴𝑴𝑴𝑴 = (𝜷𝜷𝟏𝟏 − 𝜷𝜷𝟎𝟎)𝒙𝒙 + 𝒌𝒌(𝒖𝒖)    
 Coef. Std. Err. P-value 
𝜷𝜷𝟏𝟏 − 𝜷𝜷𝟎𝟎     
Age -0.025 0.052 0.627 
Age squared 0.0002 0.0005 0.596 
Male -0.073 0.759 0.135 
Married -0.015 -0.1 0.923 
Education (Categorical value)    
- Level 2 .080 0.048 0.094 
- Level 3 .007 0.08 0.929 
- Level 4 .051 0.055 0.357 
- Level 5 .032 0.052 0.535 
- Level 6 .059 0.159 0.707 
- Level 7 -.135 0.325 0.677 
- Level 8 .218 0.222 0.326 
- Level 9 -.165 2.926 0.955 
- Level 10 -.143 0.56 0.798 
 

   
 𝒌𝒌(𝒖𝒖) (See Figure 2) 
    

LATE (based on MTE) -0.378 0.351 0.282 
LATE (based on 2SLS) -0.634 0.133 0.636 
Test of observable heterogeneity     0.000 
The estimation includes age, age square, gender, marital status, education 
level, and survey year fixed effects. Bootstrap standard error is reported in 
parenthesis. The null hypothesis of the test of observable heterogeneity is that 
𝛽𝛽1  −  𝛽𝛽0  =  0 are jointly true for all observable. 
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Table 4 Estimation results for health conditions 

𝑴𝑴𝑴𝑴𝑴𝑴 = (𝜷𝜷𝟏𝟏 − 𝜷𝜷𝟎𝟎)𝒙𝒙 + 𝒌𝒌(𝒖𝒖)    
 Coef. Std. Err. P-value 
𝜷𝜷𝟏𝟏 − 𝜷𝜷𝟎𝟎     
Age -0.025 -0.028 0.034 
Age squared 0.0002 0.0004 0.0003 
Male -0.073 -0.255 0.171 
Married -0.015 -0.015 -0.1 
Education (Categorical value)    
- Level 2 .080 0.069 0.065 
- Level 3 .007 -0.036 0.11 
- Level 4 .051 0.101 0.063 
- Level 5 .032 -0.045 0.064 
- Level 6 .059 0.909 0.181 
- Level 7 -.135 -1.11 0.476 
- Level 8 .218 0.175 0.325 
- Level 9 -.165 0.185 1.24 
- Level 10 -.143 0.255 0.606 
 

   
 𝒌𝒌(𝒖𝒖) (See Figure 3) 
    

LATE (based on MTE) -0.023 0.465 0.96 
LATE (based on 2SLS) -0.007 0.103 0.945 
Test of observable heterogeneity   0.000 
The estimation includes age, age square, gender, marital status, education 
level, and survey year fixed effects. Bootstrap standard error is reported in 
parenthesis. The null hypothesis of the test of observable heterogeneity is that 
𝛽𝛽1  −  𝛽𝛽0  =  0 are jointly true for all observable. 

 
Table 5 The correlation between (𝛽𝛽1 − 𝛽𝛽0)𝑋𝑋 and the propensity score from OLS 

(𝛽𝛽1 − 𝛽𝛽0)𝑋𝑋 Coef Std. Err. P-value 

Outcome: Self-rated health 

Propensity score 0.376 0.004 0 

Constant -0.352 0.002 0 
Outcome: Health conditions 

Propensity score 1.075 0.002 0 

Constant -0.347 0.001 0 
The estimation include age, age square, gender, marital status, education 
level, and survey year fixed effects. Standard error is clustered at individual 
level. 
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Online Appendix 

A Additional Tables and Figures 

Table A.1: First stage estimation with two instruments: 2SLS and Marginal effects at means 
from the logistic regression 

 (1) (2) 

Independent variables Retired 

 

Years to statutory retirement age (60) 
 0.036*** 0.028*** 

 (0.007) (0.0089) 

Above pension age (65) 0.026 0.020 

 (0.018) (0.020) 

 

Kp Wald F statistics 30.75 - 

χ2 for test of the excluded instruments - 17.98 

Observations 16,694 16,694 

Robust standard errors in parentheses are clustered at individual level. All regressions include covariates: age, 
age squre, gender, marital status, education level, survey year fixed effects. 
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Figure A.1: Estimation results of MTE for self-rated health 

 

 
Figure A.2: Estimation results of MTE for health conditions 
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