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This study investigates how retirement’s effect on subsequent health varies by individual attributes 
and their interaction. Instead of spotlighting heterogeneity for a specific, theoretically predetermined 
feature, I consider the feature-wide effect heterogeneity to find possible data-driven candidates that 
generate this heterogeneity. To accomplish this, I use causal forests and harmonized data from the 
Health and Retirement Studies family. The results show that temporal dimensions (such as age and 
birth cohort) and financial dimensions (such as income and wealth) are the most important features 
in heterogenizing retirement’s effect on health. Based on these findings, I suggest the “double 
scaffold” model to comprehensively explain feature-wide effect heterogeneity. 
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Introduction 
Divide each of the difficulties under examination into as many parts as possible, and as 
might be necessary for its adequate solution. 

—— René Descartes. Discours de la méthode/A Discourse on Method (1637/1957: 15) 

Extending working lives is a growing concern for policymakers aiming to sustain social 
welfare as the life expectancies rapidly increase. Simultaneously, some suggests that 
extending working lives worsens the health of older workers (Taylor 2019). Examining 
how retirement affects subsequent health is thus crucial for policymakers. If retirement 
worsens subsequent health, extending working lives and health promotion are mutually 
exclusive, and policymakers need to choose between them. If retirement improves 
subsequent health, policies extending working lives can result in better health, thereby 
contributing to a sustainable care system. 

Both theoretical expectations and empirical evidence are, however, mixed. The health 
capital model (Grossman 1972), disengagement theory (Hochschild 1975) and activity 
theory (Havighurst 1961) derive competing hypotheses on the positive and negative effect 
of retirement on subsequent health. Echoing this theoretical inconsistency, empirical 
evidences are also mixed. Positive effects (e.g., Zhao, Konishi, and Noguchi 2017; Oshio 
and Kan 2017), negative effects (e.g., Bloemen, Hochguertel, and Zweerink 2017; Xu 
2023; Furuya and Fletcher 2024) and null effects (e.g., Grøtting and Lillebø 2020; Gorry 
and Slavov 2021) of retirement on health have been reported. 

One reason why evidence is mixed is heterogeneity; the effect of retirement on health 
differs by subgroups, especially those defined by social determinants. Previous studies have 
examined whether the effect of retirement on health differs by gender (Quaade et al. 2002; 
McDonough et al. 2017; Zhao, Konishi, and Noguchi 2017; Xu 2023; Oshio and Kan 2017; 
Furuya and Fletcher 2024), timing of retirement (Hult et al. 2010; Calvo, Sarkisian, and 
Tamborini 2013; Barban et al. 2020; Mizuochi 2023), job before retirement (Bogaard, 
Henkens, and Kalmijn 2016; Bloemen, Hochguertel, and Zweerink 2017; Okamoto, 
Okamura, and Komamura 2018; Qvist 2022; Grøtting and Lillebø 2020; Scotti 2022) and 
social networks (Pilehvari, You, and Lin 2023). Although they undoubtedly advance theory 
and policy by delving into the effect heterogeneity, they still suffer from mixed results. 

To further clarify the mixed evidence even after considering the effect heterogeneity, I 
apply a feature-wide effect heterogeneity approach. This approach identifies the 
comprehensive effect heterogeneity across various social determinants, including not only 
sociodemographic status such as gender and education but also work and family 
characteristics, and their interaction. Instead of spotlighting the specific feature deduced by 
theoretical prior, I explore the pattern of partitioning among the features and estimate the 
effect of retirement on health in each partition in a data-driven way. To examine feature-
wide effect heterogeneity, I use causal forests (Athey and Imbens 2016) with the global 
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harmonized data which provides a large sample size. Causal forests maximize predictive 
power by partitioning data and estimate the effect within each partition. 

Feature-wide effect heterogeneity advances both theory and policy of retirement and 
subsequent health. Theoretically, I localize theory how retirement affects subsequent health 
in a more disaggregated fashion. Previous studies attempt to localize the effect of 
retirement on health by one feature expected to be theoretically important, but they 
simultaneously assume that the feature does not further generate heterogeneity or interact 
with other features. Feature-wide effect heterogeneity approach relaxes the assumption and 
explores the effect heterogeneity in a more flexible way. It speaks to policymakers to pivot 
interests to differences in effects based on various social determinants. Feature-wide effect 
heterogeneity approach optimizes the scope of intervention and the allocation of resources 
to gauge the effect heterogeneity, instead of averaging the intervention. For example, if 
positive effect of retirement on health is observed for high income retirees (Okamoto, 
Kobayashi, and Komamura 2022), policymakers can target only the low income workers to 
improve their health. 

From the feature-wide effect heterogeneity approach, I newly propose the “double 
scaffold” model to comprehensively explain how the consequence of retirement on health is 
modified by individual attributes. The double scaffold model consists of two conditioning 
factors for retirement-health dynamics: the temporal scaffold and the physical scaffold. The 
temporal scaffold refers to the temporal dimension of the effect of retirement on health. 
Retirees of younger cohorts, younger ages and those retiring during recession years are 
exposed to further negative effects of retirement on health. The physical scaffold refers to 
financial circumstances and work characteristics. The health of retirees with higher income, 
lower wealth and longer working hours worsens more than that of their counterparts. The 
temporal scaffold first sets their initial condition similar to altitude, and physical scaffold 
further adds to the effect heterogeneity like a ladder. The distance from sea level is 
determined by the temporal scaffold and the physical scaffold determines the effect 
heterogeneity. 

The contributions in this study are threefold. First and most importantly, I investigate 
the feature-wide effect heterogeneity of retirement on health. I further disaggregate the 
effect heterogeneity into various social determinants and within-determinant relationships. 
In doing so, clearer and specific explanations, which I call the “double scaffold”, are 
provided, enhancing theoretical plausibility and feasibility. Second, to accomplish this, the 
exploration in this study is formalized by using causal forests, a machine learning method 
which collapses the evaluation criteria into predictive power. Causal forests aim to 
maximize predictive power in each partition while clarifying the partitioning process 
(Brand et al. 2021), thereby achieving interpretability and empirical plausibility (Ludwig 
and Mullainathan 2024). To obtain a sufficient sample size, I use harmonized data of HRS 
family and overcome one problem of causal forests; large sample size (Jawadekar et al. 
2023). Third, I contribute to policy by identifying the responsive groups with whom 
policymakers should intervene. How to allocate the limited resources to maximize the 
outcome of intervention is a significant issue in the unequal society. By taking into account 
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the partitioning and the effect heterogeneity of each partitioning into account, policymakers 
optimally allocate resources to those who are most likely to benefit from the intervention 
(Brand et al. 2021). 

Theoretical Background and Previous Studies 
The senescence process is a key to demographic shifts (Harris and Hummer 2023). It is not 
independent of contextual factors, but rather intertwines with them. One modifiable 
contextual factor is retirement, an exit from the labor market (Robert C. Atchley 1982). 
Retirement is a major transition in the life course, making it a worthwhile inquiry for 
demography to understand how health changes after retirement (Kuh et al. 2003). Several 
theories predict the effect of retirement on health in varied and sometimes contradictory 
ways. 

The health capital model (Grossman 1972) views health as a capital sensitive to daily 
health investment and life transitions. Retirement decreases the opportunity costs of health 
investment, and thus retirement is expected to improve health. Contrary to this expectation, 
health capital model also suggests retirement can worsen health because retirees no longer 
have the benefits of investigating health, which is a linchpin of maximizing lifetime 
earnings (Dave, Rashad, and Spasojevic 2008). Hochschild (1975) conceptualized 
retirement as disengagement from past roles, whereas other scholars regarded it as active 
involvement in new roles such as grandparenthood and volunteering (Havighurst 1961; see 
also Hochman and Lewin-Epstein 2013; Hämäläinen et al. 2024). Life course literature 
suggests that retirees are more likely to maintain their roles irrespective of retirement 
(Robert C. Atchley 1971; Kim and Moen 2002). There are competing and opposite 
expectations on the effect of retirement on health. 

Aligning with multiple theories, previous studies have reported mixed results for the 
effect of retirement on health: positive effects (e.g., Zhao, Konishi, and Noguchi 2017), 
negative effects (e.g., Bloemen, Hochguertel, and Zweerink 2017), and null effects (e.g., 
Grøtting and Lillebø 2020). Even in novel (quasi-)experimental designs like pension reform, 
effects are not consistent; Bloemen, Hochguertel, and Zweerink (2017), for example, 
reported the negative effect, whereas Zhao, Konishi, and Noguchi (2017) reported the 
positive effect. 

One strong possibility for a consistent explanation is effect heterogeneity by subgroups. 
A growing body of studies has examined how the effect differs across subgroups, especially 
across gender (Quaade et al. 2002; McDonough et al. 2017; Zhao, Konishi, and Noguchi 
2017; Xu 2023; Oshio and Kan 2017; Furuya and Fletcher 2024), timing of retirement 
(Hult et al. 2010; Calvo, Sarkisian, and Tamborini 2013; Barban et al. 2020; Mizuochi 
2023), job before retirement (Bogaard, Henkens, and Kalmijn 2016; Bloemen, Hochguertel, 
and Zweerink 2017; Okamoto, Okamura, and Komamura 2018; Qvist 2022; Grøtting and 
Lillebø 2020; Scotti 2022), and social networks (Pilehvari, You, and Lin 2023). These 
studies provide meaningful insights, yet it still reports the mixed results. For example, 
retirement worsens subjective health for men but not (at least statistically significantly) for 
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women (Xu 2023) on the one hand. On the other hand, the effect of retirement on biological 
age is not different by gender (Furuya and Fletcher 2024). Studies with mixed results 
suggest there may be a plausible source of the inconsistency besides heterogeneity by a 
single candidate feature. 

In this study, I argue that feature-wide effect heterogeneity can explain the mixed results 
more appropriately. I define feature-wide effect heterogeneity as heterogeneity by multiple 
features and their interaction. Instead of examining effect heterogeneity by one feature 
derived from theoretical priors, assuming that the feature does not further generate 
heterogeneity, I explore effect heterogeneity by various social determinants and within-
determinants relationships. 

Abductive Reasoning through Feature-wide Effect Heterogeneity 
The feature-wide effect heterogeneity approach is a type of abductive approach, which 
generates hypotheses rather than tests them (Merton 1987; Swedberg 2016). Previous 
studies apply deductive approaches and use theory to build and test hypotheses. In an 
abductive sense, theory is considered to be a set of beliefs that can be modified by 
subsequent evidence (Engzell and Mood 2023). In abductive setting, theoretical priors are 
not essential components to explore effect heterogeneity 1. Instead, theoretical mechanisms 
are built through the results of the feature-wide effect heterogeneity approach. In doing so, I 
comprehensively but optimally theorize the effect of retirement on health in accordance 
with social determinants, rather than spotlighting specific features deduced by theoretical 
prior. 

To accomplish this, novel methodology and data are applied to implement feature-wide 
effect heterogeneity. For methodology, I use causal forests, which partition into subgroups 
as well as estimate the unbiased effect within each subgroup (Athey and Imbens 2016; 
Athey, Tibshirani, and Wager 2019; Brand et al. 2021; Jawadekar et al. 2023). Causal 
forests are based on a machine learning approach, which aims to maximize the predictive 
power of the outcome (Athey and Imbens 2016). For causal forests, partitioning (i.e., 
prediction) and estimation (i.e., causal inference) are carried out by different training 
groups, a concept called “honesty”. The machine learning approach sets predictive power 
as the evaluation criterion, and it has an obvious advantage compared to conventional 
approaches like linear regression. In a conventional manner, discoveries are made by 
running hundreds of multivariate regressions and arbitrarily picking features that are 
statistically significant (Brand et al. 2021). By the nature of statistical tests, this convention 
is an obviously questionable research practice (Brand et al. 2021). Apart from such 

	
1 Though setting theoretical priors is not a must-do, it still has advantages to take them into 
account. As all data do not contain all features, omitted features threaten the explanation of 
effect heterogeneity. Theoretical priors help determine what features are selected and why. 
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questionable practices, causal forests discover responsive features and their interactions by 
maximizing predictive power. 

For data, I use the harmonized data of the HRS family (Lee et al. 2021), including the 
Health and Retirement Study, the Mexican Health and Aging Study, the English 
Longitudinal Study of Ageing, the Survey of Health, Ageing and Retirement in Europe, the 
Chinese Health and Retirement Longitudinal Study, and the Korean Longitudinal Study of 
Aging. Sufficient sample size is a prominent concern for the feature-wide effect 
heterogeneity approach (Jawadekar et al. 2023). The harmonized data overcomes this 
concern and enables us to divide the sample into many responsive subgroups. 

Features to Heterogenize 
Although the feature-wide effect heterogeneity approach may discover new features not yet 
considered, I cannot take all features into account because features in data are finite, as 
always. Thus, I select features that are common to all surveys. These features include 
sociodemographic status, income and wealth, job before retirement, and family 
characteristics. The selection criteria depend entirely on the data: specifically, features 
measured in the harmonized data As Peirce (1974) noted, plausibility, verifiability, 
simplicity, and economy are criteria to bring hypotheses into inference. Features measured 
in all data can be regarded as plausible because it implies their importance for 
understanding the senescence process. Data, especially social survey data, are not collected 
through a purely objective and neutral process; rather, they are tightly connected to human 
intervention (Egbert 2025). Although theoretical priors are not necessarily prerequisites for 
feature-wide effect heterogeneity, I complement the aforementioned nature of data by 
offering theoretical expectations for how these features heterogenize the effect of 
retirement on health. I only argue how the features produce heterogeneity and remain 
agnostic about the complex interactions among the features. 

Sociodemographic Status 

Gender Even though results are inconsistent, gender is seen as one of the important sources 
of effect heterogeneity of retirement on health. Men are more likely to enjoy higher wages 
and higher status than women before retirement. As higher wages and higher status are still 
related to social class in old age (Henretta and Campbell 1976), the loss of them results in 
worse health. Thus, the effect of retirement on health is expected to differ by gender. 

Age Age Age is a multidimensional concept (Johfre and Saperstein 2023), but scholars 
usually regard it as the timing of retirement, or distance from the age of pension eligibility. 
Hult et al. (2010) and Calvo, Sarkisian, and Tamborini (2013) suggested that retirement at 
an older age results in worse health. Qvist (2022) has shown that the effect of timing of 
retirement is pronounced by social class. Skilled manual workers are less likely to visit a 
doctor when they retire at older age. Evidence is not consistent, but there is heterogeneity 
by age. 



	 7	

Birth cohort Birth cohort is also related to specific sociohistorical locations that shape life 
course trajectories (Ryder 1965; see also Elder 1998). Previous studies often regard birth 
cohort as reflecting differences in pension eligibility. In the case of Qvist (2022), those born 
in June 1939 and those born in July 1939 have an negligible difference in early retirement, 
and it results in worse health. 

Survey year The survey year indirectly captures economic growth, politics, and other 
institutional settings. In terms of the effect of retirement on subsequent health, policies such 
as extending working lives, pension reform, and de-familialization can differentiate the 
relationship between retirement and health. A global disruptive event such as a recession, 
pandemic, or war may also affect this relationship. 

Education Education affects both retirement and health. Those with higher education are 
likely to retire early because they earned enough throughout their careers. Education also 
affects health through money, knowledge, prestige, and beneficial networks (Link and 
Phelan 1995). In this view, higher education moderates health by mobilizing resources, thus 
heterogenizing the relationship between retirement and health. 

Marital Status Marital status plays a crucial role in later life (Carr and Utz 2020). Grey 
divorce, separation, and widowhood are now undeniable transitions in later life. They are 
related to economic and psychological well-being (Carr and Utz 2020); thus, those who are 
divorced, separated, or widowed are more likely to experience worsened health. 

Income and Wealth 

Income and wealth Income and wealth are two financial dimensions. Income is regarded as 
a ‘flow,’ whereas wealth is viewed as a ‘stock’ (Spilerman 2000). As argued by Spilerman 
(2000), wealth principles are consumed during economic crises. This holds true for 
retirement, which is depicted as a loss of earnings. If retirees have enough wealth, they tend 
to maintain their health by complementing income loss through its mobilization. On the 
contrary, having enough income before retirement is tightly linked to worsening health 
after retirement because it directly captures the deterioration of financial circumstances. I 
expect that more wealth improves health after retirement and more income worsens it. 

Job before Retirement 

Weekly working hour Working hours gauge both higher job demand and the importance of 
working lives for individuals. On the one hand, overwork makes incumbents physically and 
psychologically exhausted, and exiting overwork improves their health (Bogaard, Henkens, 
and Kalmijn 2016). On the other hand, people working longer hours devote themselves to 
their working role (Rodgers 1978), thus the loss of it results in worsening health. 

Employment status Self-employment is usually related to a lower likelihood of retirement 
because of a strong attachment to work and a lack of retirement savings (Radl 2013; Visser 
et al. 2016). For older cohorts, self-employed individuals often cannot attain employer-
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sponsored pensions. Retirement from self-employment is thus linked to precarious lives in 
later life, resulting in worsening health. 

Family Characteristics 

Parents Parental characteristics have a long-term effect on health. They affect health 
through childhood adversity, socioeconomic achievement, and lifestyle factors of 
individuals (Morton and Ferraro 2020). Not only in childhood, but parents can also modify 
individuals’ effect of retirement on health in old age. If parents are alive, retirees can 
sustain a social network that supports adaptation to retirement, ultimately maintaining their 
health. Alive parents are also regarded as a caregiving responsibility due to growing life 
expectancy. Rodrigues et al. (2023) showed that recent cohorts are more likely to provide 
care in their 60s. Taking into account the fact that caregiving is related to worse health 
(Nolan, Aaltonen, and Danielsbacka 2024), having alive parents is also related to 
worsening health. These two channels are related to parental age; if parents are older, they 
are more likely to need caregiving. Parental gender is also important for identifying these 
two channels. 

Kinship Not only the parental relationship, but children and siblings are also important 
sources to generate effect heterogeneity of retirement on health. If there are many children 
or siblings who are alive, they function as a social network. Pilehvari, You, and Lin (2023) 
showed that a shrinking size of social network due to retirement has a substantial effect on 
health. Children and siblings are usually not expected to change their relationship due to 
retirement, so it can suppress health deterioration by retirement by maintaining 
relationships between retirees and kin. Additionally, the number of members in a household 
is also important. If there are many household members, intergenerational contact occurs 
more frequently (Heylen et al. 2012). This adds new roles after retirement and thus 
facilitates health investment. 

Intergenerational transfer Intergenerational transfer of money and/or time to 
(grand)children can be regarded as a new role after retirement. For example, retirees 
acquire the role of grandparents, thereby avoiding role loss after retirement. However, the 
other scenario is also possible. Drentea et al. (2024) has shown that grandparenthood 
lowers physical activity, thereby deteriorating health. Intergenerational transfer is usually 
expected to improve health, but some evidence implies worsening health. 

Data and Methods 
Data and Sample 
I used harmonized datasets produced by The Gateway to Global Aging Data (Lee et al. 
2021). The harmonized data (hereafter, the Gateway) feature an integrated survey 
questionnaire and consistent variables under a representative survey design based on the 
Health and Retirement Study (HRS). In 2021, the Gateway included eleven datasets across 
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38 countries. The total number of individuals was approximately 357400. To obtain as 
many observations and features as possible, I chose six surveys: HRS, the Mexican Health 
and Aging Study (MHAS), the Survey of Health, Ageing and Retirement in Europe 
(SHARE), the English Longitudinal Study of Ageing (ELSA), the China Health and 
Retirement Longitudinal Study (CHARLS), and the Korean Longitudinal Study of Aging 
(KLoSA). The version of each study is Version D for HRS, Version G for SHARE, Version 
G.3 for ELSA, Version D for CHARLS, Version E.2 for KLoSA, and Version C.2 for 
MHAS. A total of 272,352 individuals were obtained from the harmonized data in this 
study. The Gateway is suitable to investigate the feature-wide effect heterogeneity of 
retirement on subsequent health in this study because it has large sample size. A large 
sample size allows us to divide the sample into fine-grained but responsive subgroups. 
Consequently, I can maximize the predictive power of the heterogeneous treatment effect 
as well as partitioning. 

“I restricted the sample to individuals aged 50 to less than 80, and those who were 
observed for at least three waves. I chose three waves because explicit temporary pathways 
are prerequisites for causal forests (Brand et al. 2021). Restricting samples to people who 
have complete information for selected features across three waves, the analytical sample 
consists of 101509 observations. The processes of sample restriction are shown in Figure 
S1. I use the Gateway as a pooled panel sample: if a given respondent retires twice, he or 
she is counted as a different respondent. The composition of the sample by survey and the 
percentages of missingness by feature and survey are shown in Figures S2 and S3, 
respectively. 

Features 

Outcome 

I consider subjective health status as a measure of health. Codes for subjective health range 
from 1 for excellent to 5 for poor. Subjective health is a good indicator of health in that it 
predicts a wider range of other health statuses such as mortality (Idler and Benyamini 1997), 
genetics, and emotional health (Finkel et al. 2024). Some criticisms regarding the reliability 
of subjective health have been raised (Zajacova and Dowd 2011; Huisman and Deeg 2010; 
Bollen et al. 2021), but I still use it because specific measurements of health gauge different 
dimensions of the morbidity process (Crimmins, Kim, and Vasunilashorn 2010), thus it can 
provide a local explanation. Rather than spotlighting a specific dimension of the morbidity 
process, I examine the process-agnostic effect on health after retirement. Admittedly, future 
research should extend the framework of feature-wide effect heterogeneity to process-
specific explanations of health. 

Treatment 

I simply measure retirement as a transition from working at 𝑡 − 1 to not working at 𝑡. I 
code “retire” when respondents reported working for pay at 𝑡 − 1 and not working for pay 
at 𝑡 . I code “not retire” when respondents reported working for pay at 𝑡 − 1  and also 
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working for pay at 𝑡. I compare the two groups and estimate the causal effect of retirement 
on health. 

Modifier 

As modifiers, sociodemographic status, income and wealth, and work and family 
characteristics are included. Sociodemographic status includes gender, age, birth cohort, 
survey years, education, and marital status. Gender includes men and women. Age, birth 
cohort, and survey years are continuous. Education is harmonized into three levels: less 
than upper secondary, upper secondary and vocational training, and tertiary. Marital status 
is defined as married, partnered, separated/divorced, widowed, and never married. Some 
waves in HRS do not distinguish between divorce and separation, so I merged them into 
one category. In HRS, within the married category, whether a spouse is absent or not is 
asked. I merged these two sub-categories into one category as “married” because no other 
studies apart from HRS ask this question. 

Income and wealth are measured at the household level. Household income includes all 
income sources such as labor income, pension, social security and disability income, 
retirement income, unemployment income, and other government transfers for respondents 
and their spouses. In addition, total income from other household members is also included 
2. Household wealth is net worth, which is the sum of all assets (housing wealth and 
financial wealth) minus all debts (e.g., debt). The measurement of financial wealth differs 
among datasets. SHARE and MHAS measure financial wealth as the value of stocks, shares, 
and bonds, whereas the other datasets measure it as the value of stocks, mutual funds, 
investment trusts, bonds, and bond funds. The value of checking, savings, or money market 
accounts is measured in all datasets. 

Work characteristics include weekly working hours and employment status before 
retirement. Weekly working hours range from 0 to 168. Working 0 hours (not working 
before retirement) and working 168 hours (working 24 hours a day) are infeasible, so I 
excluded the bottom 1% and top 1% of the distribution as outliers. Employment status is 
measured as whether the respondents are self-employed or not. 

Family characteristics include parental characteristics and kinship. Parental 
characteristics include the number of living parents and parental age. The number of living 
parents ranges from 0 to 2. If all parents are alive, the number is 2. Parental age measures 
both the age of living parents and already deceased parents. If parents die, parental age 
indicates age at death. The number of household members is the total number of household 
members, ranging from 1 to 20. Kinship includes the number of living children and the 
number of living siblings. Transfer to (grand)children is a binary variable indicating 
whether the respondents transfer money or time to (grand)children or not. 

	
2 SHARE collects household income as a single question about total household income. 
Thus, the components of household income are not available in SHARE. 



	 11	

Data Analytic Plan 

Estimand 

The theoretical estimand in this study (Lundberg, Johnson, and Stewart 2021) begins with 
the conditional average treatment effect (CATE). CATE is the average treatment effect 
when a feature is fixed to a given value (Athey and Imbens 2016). Going beyond one 
feature, feature-wide CATE considers a wider range of features and their interactions. As 
argued, feature-wide CATE reveals implicit patterns of effect heterogeneity, generates 
hypotheses, and ultimately enhances our knowledge on retirement and subsequent health 
(Ludwig and Mullainathan 2024). The feature-wide CATE is defined as shown in Equation 
Equation 1. 

𝜏 =
1
𝑛 𝛴!(𝑌!

(1) − 𝑌!(0) ∣ 𝑋⃗! ∈ ℓ(𝑥⃗; 𝛱)5  (1) 

Here, 𝜏 is the feature-wide CATE, 𝑛 is the number of individuals, 𝑌!(1) and 𝑌!(0) are the 
outcomes for the individual 𝑖 under the treatment (1) and control (0), respectively. 𝑋⃗! is the 
covariate space of individual 𝑖, ℓ(𝑥⃗; 𝛱) is the partitioning within the covariate space, and 𝛱 
is the set of partitioning. I take the difference in subjective health between those who retire 
and those who continue to work, conditioned on a given partition 𝑋⃗! ∈ ℓ(𝑥⃗; 𝛱). The target 
population in this study is those at risk of retirement. In other words, I do not include those 
who are not alive, those who did not work at 𝑡 − 1, or those aged less than 50 and 80 or 
more. 

Identification 

To link the target estimand to observables, I first set assumptions for causal inference. 
These include the assumptions of positivity, consistency, no interference, and conditional 
exchangeability (Morgan and Winship 2015). Under these assumptions, I estimate the 
feature-wide CATE as the conditional average treatment effect of retirement on subsequent 
health within a partition. The empirical estimand is shown in Equation Equation 2. 

𝜃 =
1
𝑛 𝛴!∈𝒮retirees(𝑌! ∣ 𝑋⃗! ∈ ℓ

(𝑥⃗; 𝛱)5 −
1
𝑛 𝛴!∈𝒮workers(𝑌! ∣ 𝑋⃗! ∈ ℓ

(𝑥⃗; 𝛱)5  (2) 

To link feature-wide CATE to observables, I use the directed acyclic graph (DAG) in 
Figure 1, which clarifies the causal assumptions in this study. I address two potential 
sources of bias: reverse causation and classical confounding. Reverse causation refers to 
cases where health affects retirement. Classical confounding means the relationship 
between retirement and subsequent health is spurious and explained by other features. To 
deal with these two problems, I use a treatment weight 𝑊. The causal flow from 𝑌$%& and 
𝐴$%&  is blocked with the weight of selection into treatment, thereby partly overcoming 
reverse causation and classical confounding. 



	 12	

	

Figure 1: Directed Acyclic Graph in This Study 
Source: author’s own. 
Note: Directed acyclic graph (DAG) is shown to visualize the causal assumptions in this 
study (Lundberg, Johnson, and Stewart 2021). 𝑋$ is the treatment: whether workers retire 
or not at a given time 𝑡. 𝑌$'& is the outcome; subjective health at 𝑡 + 1. 𝑌$%& is subjective 
health at 𝑡 − 1. I take 𝑌$%& into account to deal with the reverse causation that health 
affects retirement (Barban et al. 2020). 𝐴$%& represents modifiers that can heterogenize the 
effect. 𝑊 is a treatment weight. 𝑆 is a collider. 

Of course, the treatment weight is not a panacea. If there are unobserved confounders, 
classical confounding is not completely overcome. Furthermore, the Gateway has, like 
many panel surveys, attrition bias as shown by 𝑆 in Figure 1. If worsening health affects the 
probability of participating in the survey, the estimate is upwardly biased. “Due to the 
nature of observational data, the precision of the estimate itself is not as satisfactory as that 
from (quasi-)experimental data that aim to estimate the local average treatment effect 
(Bloemen, Hochguertel, and Zweerink 2017; Qvist 2022; Okamoto, Kobayashi, and 
Komamura 2022; Mizuochi 2023; Pilehvari, You, and Lin 2023; Calvo, Sarkisian, and 
Tamborini 2013). However, this does not mean that the estimate here is not informative. As 
Lundberg, Johnson, and Stewart (2021, 562) argues,”a paper that develops a compelling 
theoretical estimand but relies on less-than-perfect identification assumptions should be 
recognized for making an important contribution: it sets the stage for future work to explore 
that theoretical estimand under different identification assumptions.” The primary 
contribution of this study is to develop the estimand of feature-wide effect heterogeneity. 
Subsequent studies can enhance this estimand by relaxing the assumptions made in this 
study. Taking the triangulation of experimental design, observational data, and assumptions 
into account (Bailey et al. 2024), I believe the estimate from the observational data is still 
informative and useful. 
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Estimation 

To estimate the feature-wide CATE, I apply honest causal forests (Athey and Imbens 2016; 
Brand et al. 2021; Jawadekar et al. 2023). Honest causal forests are a variant of random 
forests, which are ensembles of regression trees (Jawadekar et al. 2023). The difference 
between random forests and (honest) causal forests is that the former aims to maximize the 
predictive power for the outcome, while the latter aims to rigorously estimate the CATE 
across partitions. To obtain an unbiased estimate as well as the highest predictive power, an 
“honest” approach is encouraged. The honest approach involves splitting the sample into 
two parts: a training sample for constructing the tree and a test sample for estimating the 
CATE in each leaf (i.e., partition). To achieve an unbiased estimate with the highest 
predictive power, an expected mean squared error (EMSE) as shown in Equation 
Equation 3 is utilized. 𝜏 indicates the CATE in each partition 𝑙(𝑥⃗; 𝛱), 𝑋⃗! is the covariate 
space, 𝑆$( is the training sample, 𝑁$( is the size of the training sample, 𝑁)*$ is the size of 
the test sample, and 𝑉+!" is the within-leaf variance of the CATE, respectively. 

−𝐸𝑀𝑆𝐸C ,(𝑆$( , 𝑁)*$ , 𝛱)

=
1
𝑁$( 𝛴!∈+!" 𝜏̂

-F𝑋⃗!; 𝑆$( , 𝛱G − H
1
𝑁$( +

1
𝑁)*$I ⋅ 𝛴!∈. K𝑉+!"F𝑙(𝑥⃗; 𝛱)GL  (3) 

The first term represents the magnitude of heterogeneity in the treatment effect across 
leaves, and the second term evaluates the variance within each leaf. Honest causal forests 
ultimately gauge the heterogeneous treatment effect and obtain an unbiased estimate in 
each leaf. 

As well as the EMSE, I use feature importance to evaluate the importance of each 
feature. Feature importance is simply a weighted mean of the frequency of the feature’s 
appearance in partitioning processes. Here, the weight is the depth of the feature in the 
partitioning (the shallower, the more important). 

For honest inference for treatment effect, I use a causal tree estimator for splitting and 
cross-validation, which is recommended by Athey and Imbens (2016). I set the minimum 
sample size for splitting to 3000, and the minimum sample size within each leaf to 1000. 
For the importance of each feature, I set the maximum depth of the tree to 30. Although 
interpretation becomes more difficult as the depth of the tree deepens, it can consider more 
features to do so, thereby facilitating the precision of feature importance. 

To complement the results, I carry out three supplementary analyses. First, I change the 
definition of retirement. Even though one stops working in later life, it is not necessarily 
retirement; it may be unemployment. I label “retired” when respondents answer “not 
working for pay” at 𝑡 and subjectively report being retired at 𝑡. Second, I include country 
both in the treatment model and in causal forests. Country can be a promising driver of 
effect heterogeneity, but country itself is hard to interpret: it measures both institutional and 
cultural dimensions, as well as specific policies. Although I do not interpret the country, I 
include it in the model to quantify the importance of country. Finally, I allow for 
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missingness of modifiers. Causal forests can estimate the treatment effect even if modifiers 
are missing. However, when allowing missingness, I cannot estimate the treatment weight 
because the treatment weight requires complete information of modifiers. Thus, I do not 
use the treatment weight in this scenario. 

Results 
Feature-wide Effect Heterogeneity 
Figure 2 shows one representative causal tree for subjective health. The overall estimate is 
0.142, confirming that retirement generally worsens subjective health status. However, the 
estimate varies from -0.131 to 0.387, indicating high heterogeneity. The first partitioning 
refers to age. If workers retire at 57 years old or older, health deterioration is suppressed, 
but retirement before 57 years old (basically viewed as early retirement) results in worse 
health. Among the non-early retirement group (left bucket), the second partitioning refers to 
the total household number. If the total household number is less than 3, their health 
worsens less. Among those, the third partitioning mentions household income. If household 
income is less than 7,058 USD (in 2010 USD), their health finally improves. Although the 
sample size is small, I detect that those who do not retire early, who have a small household 
number, and who have low household income report better health than those who retire. 
Among the group with a large household number, the third partitioning refers to weekly 
working hours: overwork or non-overwork. Consistent with previous studies (e.g., Bogaard, 
Henkens, and Kalmijn 2016), retirees who previously overworked report worse health than 
those who did not overwork. 

Next, we move to the right bucket, the early retirement group. The second partitioning 
considers birth cohort, i.e., whether the birth cohort is older than 1953 or not. Basically, 
younger cohorts suffer worsening health. Within the older birth cohort group (left bucket), 
the second partitioning refers to net worth. Contrary to income, less net worth results in 
worse health. Finally, the third partitioning refers to the age of the father. If the father is 
younger than 62 years old, health worsens less. 
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Figure 2: A representative causal tree of subjective health 
Source: the Gateway 
Note: This figure shows a representative causal tree estimated by a causal forests. The 
sample is divided by a feature and its threshold from top to bottom. If an individual is 
included in the threshold, he or she is allocated to the left group. If not, he or she is 
allocated to the right group. Among the divided group, the difference in subjective health 
between retirees and workers is shown, with an inverse weight of treatment probability. 
The selected features may be tree-specific, so I consider the feature importance among the 
trees below. A positive and higher value of the effect indicates worse subjective health 

Figure 3 summarizes the importance of features that generate heterogeneity of 
retirement on subsequent health. The most important feature is age, followed by birth 
cohort and year. These features relate to the temporal dimension of retirement. As shown in 
Figure 2, people who retired at a younger age and were born in a younger birth cohort 
suffer greater health decline due to retirement. In terms of survey year, Figure S4 clarifies 
that retiring before 2009 suppresses the health decline. Next to these features, total 
household number, number of living parents, household income, and net worth are also 
informative. In detail, more total household number, greater number of living parents, 
more household income, and less net worth before retirement all result in worse health 
compared to their counterparts. 
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Figure 3: Feature importance of subjective health 
Source: the Gateway 
Note: This figure shows the importance of features in terms of effect heterogeneity. A 
higher value indicates that the feature matters more in generating effect heterogeneity 
across all causal trees 

Supplementary Analyses 
In Figure 4, we employ three alternative scenarios: changing the definition of retirement, 
including country as a feature, and allowing for missingness of modifiers. These scenarios 
robustly confirm the importance of age, birth cohort, household income, and net worth. On 
the contrary, the importance of weekly working hours and age of father, which are 
important in Figure 2, and the number of living parents shown in Figure 3 are not 
consistently detected in the alternative scenarios. Total household number, referred to in 
both Figure 2 and Figure 3, is more complex: it is important when we allow missingness, 
but not in the scenario of changing the definition of retirement and including country as a 
feature. “To summarize, I conclude that the importance of age, birth cohort, household 
income, and net worth is robust in a conservative way, and the importance of total 
household number may also be important but requires further research. 

Country is also important, but its interpretation is quite complex, as shown in Figure S5. 
While this study is agnostic about how a social context across countries shapes 
heterogeneity, I preliminarily show that country is important and calls for future research to 
disentangle the country effect. 
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Figure 4: Feature importance of subjective health by each scenario 

Discussion 
Summary of Findings 
In this study, I investigate the feature-wide effect heterogeneity of retirement on subsequent 
health through causal forests. While there’s a consensus that retirement’s effect on health is 
heterogeneous, the sources of this heterogeneity are not yet fully understood. The feature-
wide effect heterogeneity approach reveals that retirement’s impact on health varies 
significantly by age, birth cohort, survey year, household income, and household net worth. 
The results also suggest that total household number and survey year may further 
heterogenize the relationship between retirement and health. From the results, two 
discussions are drawn. 

First and most importantly, the relationship between retirement and health has a 
temporal dimension. In terms of age, early retirement is related to worse health. The 
consequences of early retirement are debated (e.g., Qvist (2022) reports a positive effect, 
whereas Barban et al. (2020) reports a negative effect). I show a negative effect of early 
retirement on health, as well as the possibility of further disaggregation. Younger cohorts 
who retire at a younger age suffer worse health after retirement. Birth cohort is frequently 
used as an instrumental variable for pension eligibility (e.g., Furuya and Fletcher 2024; 
Mizuochi 2023) or policies extending working lives (e.g., Qvist 2022). The role of survey 
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year, if it has an effect, may be highly local, specifically whether retirement occurred 
before 2009 or after it. In 2009, the Great Recession cast a shadow, and retiring after 2009 
can be regarded as unemployment or firing rather than voluntary retirement. Taken together, 
the data-driven results show the temporal dimension is a prominent feature for 
understanding retirement and subsequent health, urging future research to disentangle its 
components and determine what aspects of the temporal dimension generate heterogeneity. 

Second, I jointly consider total household number, total household income, and net 
household wealth as indicators of financial (in)security. A larger household number and 
higher household income worsen health after retirement, whereas greater net household 
wealth protects against health deterioration. Retirement is, by its nature, a loss of earnings, 
so those with higher pre-retirement incomes and those supporting more household members 
are more likely to suffer from this earnings loss. Wealth can be consumed during economic 
crises (Spilerman 2000), and it is used similarly after retirement 

Double Scaffold Model 
Based on the results from the feature-wide effect heterogeneity approach, I propose the 
“double scaffold model” of retirement and subsequent health to interpret the latent 
dimensions of the findings. The double scaffold model posits that the relationship between 
retirement and health is determined by a temporal scaffold and a financial scaffold. The 
conceptual framework is illustrated in Figure 5. The temporal scaffold establishes an 
individual’s fundamental “position value,” akin to an intercept. Primarily determined by 
age, the temporal scaffold is shaped by a myriad of factors such as pension eligibility, 
health capital, and human capital. While disentangling these factors is challenging, early 
retirees consistently appear to experience worse health outcomes following retirement. 

	

Figure 5: Double Scaffold of Retirement and Subsequent Health 

Above the temporal scaffold, the financial scaffold is constructed. Retirement brings 
about multiple changes, including to finances, time structure, social contact, collective 
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purpose, activities, and identity (Beehr and Bennett 2015). I reveal that the relationship 
between retirement and health is significantly influenced by financial factors. Household 
income (a flow) tends to worsen health, whereas household net worth (a stock) tends to 
suppress health deterioration. Though suggestive, total household number is also related to 
financial necessity. 

The effect of retirement on subsequent health is determined by the “height” of both the 
temporal and financial scaffolds. For individuals at a lower temporal scaffold and lower 
financial scaffold, retirement might merely be a step-down toward a life with less work and 
lower income, similar to their pre-retirement life. Conversely, for those at a higher temporal 
and financial scaffold, retirement can be perceived as skydiving to a fundamentally different 
life. This latter group may, therefore, suffer more from the loss of daily routine and changes 
in financial circumstances, leading to more pronounced health deterioration. 

Surprisingly, I do not confirm the symbolic, relational, or psychological scaffold. While 
some fundamental sociodemographic features, such as gender and education, are 
occasionally linked to opportunity (Beehr and Bennett 2015), they were scarcely mentioned 
in the results. Given the tangible experience of financial changes, the symbolic dimensions 
of gender and education were not confirmed as primary drivers of heterogeneity in this 
study. 

The double scaffold model complements the health capital model (Grossman 1972). 
Unlike the health capital model, which explains why retirement affects health through 
individuals’ rational behavior, the double scaffold model considers whose health retirement 
affects. It argues that the expectations of the health capital model are not universal but vary 
across individuals. Going beyond the simple notion that “everyone is different,” the double 
scaffold model further specifies temporal and financial scaffolds as the core sources of 
heterogeneity in the effect of retirement on subsequent health. Going beyond the simple 
notion that “everyone is different,” the double scaffold model further specifies temporal 
and financial scaffolds as the core sources of heterogeneity in the effect of retirement on 
subsequent health. 

The feature-wide effect heterogeneity approach is instrumental in developing the double 
scaffold model. By simultaneously considering many features and their interaction, this 
approach can uncover both temporal and financial scaffolds. While a temporal scaffold 
might be identified by only considering heterogeneity by birth cohort, it is not well 
established how significant the temporal scaffold is compared to other potential scaffolds 
(physical, symbolic, relational, and psychological). In terms of comparing features, I also 
demonstrate that feature-wide effect heterogeneity is a powerful tool for providing a 
comprehensive landscape of heterogeneity. 

Theoretical and Policy Implications 
I contribute significantly to existing theory and literature. I move beyond examining 
heterogeneity based on a single candidate feature and instead explore feature-wide 
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heterogeneity in a data-driven way. While a growing body of research on effect 
heterogeneity often identifies prominent features through theoretical considerations, I 
complement this approach by incorporating numerous features and their interactions. This 
constitutes an abductive approach, inferring the best explanation (Merton 1987; Swedberg 
2016). Through the abductive approach, I contribute to theory by pinpointing where 
heterogeneity is generated. To achieve this, I utilized large harmonized longitudinal data 
and a novel methodology incorporating a machine learning approach. I suggest the double 
scaffold model, derived from the feature-wide effect heterogeneity approach, which 
highlights temporal dynamics, financial insecurity, and work characteristics as key drivers 
of effect heterogeneity. 

Drawing from the results, I set two agendas for future research to further elaborate on 
the double scaffold model of retirement on subsequent health. First, as mentioned, the 
components of the temporal dimension should be disaggregated and directly measured. For 
example, birth cohort might capture pension eligibility on one hand, but it could also reflect 
other policy changes such as retirement policies or long-term care policies on the other. 
Second, other financial conditions should be considered. For instance, it may be possible to 
disaggregate household income into labor income, pension income, and other income such 
as social security. As well, household net worth can be disaggregated into housing wealth, 
financial wealth, and debts. These disaggregated features can be used to further investigate 
the financial scaffold of retirement and subsequent health. 

From a policy perspective, I prioritize identifying responsive groups for intervention. 
First and foremost, the relationship between retirement and health is dynamic, so 
policymakers should be cautious about age at retirement. Considering it, I suggests 
potentially responsive groups: those who are younger cohorts, those with more household 
members, and those with less wealth and more income. In terms of inequality, the 
intervention strategy is not straightforward. There are two broad intervention strategies: (1) 
extending working lives and (2) mitigating health deterioration given retirement. Some 
responsive groups might have pre-retirement advantages (e.g., higher income), so 
intervening in their retirement behavior might inadvertently perpetuate inequality. To 
maximize public health while minimizing inequality, I argue that interventions should 
primarily focus on those whose health worsens after retirement due to a lack of advantages 
(i.e., lower wealth). 

Limitations and Future Research 
Two limitations are noteworthy mentioned. First, the results are derived from an 
observational setting. While observational data still plays an important role in causal 
inference (Bailey et al. 2024) and should be complemented by (quasi-)experimental designs, 
the unconfoundedness assumption inherent in causal forests is strong, as always. Further 
investigation into the internal validity and precise estimation of this study through (quasi-
)experiments would be valuable. Second, due to the nature of machine learning, the results 
should be regarded as “relational, not ontological” (So and Roland 2020, 63). The Gateway, 
as well as all other data, only captures only a finite number of features. The results thus 
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suffer from the so-called omitted variable bias. Despite this limitation, I attempt to abstract 
an ontological dimension of heterogeneity in the retirement-health relationship as temporal 
and financial conditioning through our discussion, partially overcoming this bias. 
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Supplementary Materials 

Descriptive statistics 
Table S1: Descriptive statistics 

 All % Mean SD min max 
Subjective 
Health 

101509 100 2.78 1.03 1 5 

Retirement 101509 100 0.18 0.38 0 1 
Birth cohort 101509 100 1946.97 8.95 1918 1966 
Age 101509 100 59.26 5.87 50 75 
Sex       

Male 51286 50.52     
Female 50223 49.48     

Marital status       
Married 78443 77.28     
Partnered 4133 4.07     
Separated/Di
vorced 

11501 11.33     

Widowed 5161 5.08     
Never 
married 

2271 2.24     

Number of 
living siblings 

101509 100 3.02 2.41 0 21 

Survey year 101509 100 2006.23 7.19 1992 2016 
Self-
employment 

101509 100 0.22 0.41 0 1 

Weekly 
working hours 

101509 100 37.90 15.68 0 168 

Education       
Less than upper 
secondary 

23253 22.91     

Upper 
secondary and 
vocational 
training 

52351 51.57     

Tertiary 25905 25.52     
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 All % Mean SD min max 
Number of 
Living Parents 

101509 100 0.53 0.68 0 2 

Age(father) 101509 100 71.92 13.80 10 120 
Age(mother) 101509 100 75.96 12.80 10 117 
Net worth 101509 100 235787.22 324832.18 -49900 5384157.17 
Household 
income 

101509 100 58772.31 66666.17 0 1510327.12 

Transfer to 
grandchildren 

101509 100 0.42 0.49 0 1 

Total household 
number 

101509 100 2.60 1.29 1 20 

Number of 
living children 

101509 100 2.93 1.74 0 15 
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Participant flow 

	

Figure S 1: Flowchart of sample selection in the Gateway 
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Sample composition by surveys 

	

Figure S 2: Composition of sample by surveys 
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% of missingnesses by features and surveys 

	

Figure S 3: % of missingnesses by features and surveys 
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A causa tree of subjective health with a deeper depth 

	

Figure S 4: A representative causal tree of subjective health, depth 6 
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A causa tree of subjective health including country 

	

Figure S 5: A representative causal tree of subjective health including countries 
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