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Abstract 
 

We utilize data from the Survey of Health, Ageing and Retirement in Europe (SHARE) 1 to 

investigate the impact of retirement on mental health in a multi-country setting. To deal with 

endogeneity in retirement behaviour, we employ an individual-fixed effects IV strategy where 

pension eligibility thresholds at which financial incentives to retire are exploited to predict 

retirement behaviour. The combination of these quasi-experimental methods, with some 

borrowed intuition from the regression discontinuity literature, is the premise on which we are 

able to distinguish between short-, medium-, and long-term effects of retirement on mental 

health. Retirement is found to have no significant impact on mental health in the short- to 

medium-term. However, we find solid evidence of a large and negative impact of retirement 

on mental health in the long-term. The mental health effect of retirement is found to be 

homogeneous in terms of gender and marital status, but heterogeneous across educational 

attainment levels.  
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1 This paper uses data from SHARE Waves 4, 5, 6, and 7 (DOIs: 10.6103/SHARE.w4.800, 

10.6103/SHARE.w5.800, 10.6103/SHARE.w6.800, 10.6103/SHARE.w7.800, 

10.6103/SHARE.w8.800,). The SHARE data collection has been funded by the European 

Commission, DG RTD through FP5 (QLK6-CT-2001-00360), FP6 (SHARE-I3: RII-CT-

2006-062193, COMPARE: CIT5-CT-2005-028857, SHARELIFE: CIT4-CT-2006-028812), 

FP7 (SHARE-PREP: GA N°211909, SHARE-LEAP: GA N°227822, SHARE M4: GA 

N°261982, DASISH: GA N°283646) and Horizon 2020 (SHARE-DEV3: GA N°676536, 

SHARE-COHESION: GA N°870628, SERISS: GA N°654221, SSHOC: GA N°823782, 

SHARE-COVID19: GA N°101015924) and by DG Employment, Social Affairs & Inclusion 

through VS 2015/0195, VS 2016/0135, VS 2018/0285, VS 2019/0332, and VS 2020/0313. 

Additional funding from the German Ministry of Education and Research, the Max Planck 

Society for the Advancement of Science, the U.S. National Institute on Aging (U01_AG09740-

13S2, P01_AG005842, P01_AG08291, P30_AG12815, R21_AG025169, Y1-AG-4553-01, 

IAG_BSR06-11, OGHA_04-064, HHSN271201300071C, RAG052527A) and from various 

national funding sources is gratefully acknowledged (see www.share-project.org). 
1 Börsch-Supan, A., M. Brandt, C. Hunkler, T. Kneip, J. Korbmacher, F. Malter, B. Schaan, 

S. Stuck, S. Zuber (2013). Data Resource Profile: The Survey of Health, Ageing and 

Retirement in Europe (SHARE). International Journal of Epidemiology. DOI: 

10.1093/ije/dyt088. 
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1. Introduction 

The sustainability of pension systems has been at the forefront of social planning in European 

countries in recent years. The 2021 Ageing Report of EU member states projects that by 2070 

there will be 1.7 workers per retiree, as opposed to 2.9 workers per every retiree recorded in 

2019, signalling a shift in the EU countries’ demographic composition in favour of the elderly. 

The global phenomenon of demographic transition is therefore expected to put substantial 

pressure on Europe’s pay-as-you-go pension systems, health care, and economic growth (Earl 

& Archibald, 2014). Subsequently, the literature surrounding retirement and its effects has seen 

an expansion over a vast number of disciplines – from health economics to sociology, 

medicine, and psychology; all with an aim to study the implications of ageing and retirement 

for the sake of policy planning. Particular emphasis has been put on the effects of retirement 

on the mental- and physical health of newly retired. If the act of retiring worsens individual 

wellbeing, it is in society’s best interest to prolong workers’ participation in the labour force, 

postpone the act of retiring, and alleviate the pressure on the fiscal sustainability of pension 

systems. Contrary, if retirement has a protective impact on health, policy implications should 

shift in the reverse direction. This paper adds to the literature by using SHARE data in order to 

assess how entering retirement may affect one’s mental health and wellbeing. Previous 

research on this topic has not provided a uniform answer, with retirement being found to have 

a negative, zero, as well as a positive effect on mental health. The direction of previous results 

is indicated to depend, among other factors, on the panel data utilized, period observed, and 

identification strategy employed. Additionally, we try to identify and compare short-term 

effects of retirement on mental health with medium- (minimum of two years after retirement) 

and long-term effects (minimum of four years after retirement) by employing an individual-

fixed effects IV approach. The main intuition stems from using state pension eligibility ages 

as a source of exogenous variation in retirement behaviour. Discontinuities in retirement 

probability arise upon reaching the state pension-eligibility age thresholds, where financial 

incentives to retire increase the likelihood of retirement. Thus, our identification strategy 

allows for a fuzzy RDD intuition in a 2SLS estimation. We make certain to address all potential 

weaknesses of our estimation method, particularly those pertaining to the endogeneity of 

retirement and mental health. The novelty of this paper is in distinguishing between short-, 

medium-, and long-term effects of retirement, as well as by capturing effects on a unique 

sample of SHARE countries. Our main findings suggest no significant mental health effects of 
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retirement in the short-to-medium term. Still, we present solid evidence of negative long-term 

effects of retirement on mental health. Results are heterogenous by educational attainment 

levels. Finally, surviving an appropriate line of robustness checks, the main results prove 

insensitive to model specification, choice of bandwidth, and panel attrition. 

The paper is organized as follows; Section 2 introduces Grossman’s human capital theory 

as the theoretical basis for this research, Section 3 provides a detailed overview of previous 

relevant literature, Section 4 organizes the working sample and main variables of interest, and 

Section 5 lays out the identification strategy. Results of this study can be found in Section 6 

and the subsequent discussion and conclusion are given in Sections 7 and 8 respectively. 

Overall, the implications of this paper’s findings are important, not just for policy planning, 

but for independent retirement planning as well. 

2. Theoretical background 

Let us ask the relevant question; why and how ought retirement affect mental health? 

Consistent with relevant literature, we opt to frame this question within the human capital 

model of the demand for health, in which health is portraited as a durable capital stock that 

depreciates with time and increases with investments (Grossman, 1972, pp.28-47)2. According 

to Grossman’s model, health is a source of utility given that it produces satisfaction. 

Conversely, the amount of health stock determines an individual’s wealth. Thus, the demand 

for health comes down to two primary reasons: health capital increases individuals’ utility, 

directly entering their preference functions, and increases healthy time, consequently 

increasing time for work and hence lifetime earnings. Therefore, health can be viewed as both 

a consumption and investment commodity. However, the demand for health changes its 

properties after retirement, as wage-related earning incentives are no longer present, implying 

that the health investment motive may be neutralized. In this case, one is to expect a decline in 

health post retirement. Nonetheless, Grossman (1972) argues that improved health increases 

both market and nonmarket productivity. This implies that, since retirees experience a rise in 

leisure-time, the consumption value of health may rise as well. In this case, we may expect 

retirees to invest more in their health by e.g. sleeping and exercising more, and therefore 

experience an increase in health post retirement3. Ultimately, the net effects of retirement on 

health remain ambiguous and depend on whether the marginal utility of health increases or 

 
2 Taken from (Bhattacharya, Hyde & Tu, 2018, pp.28-47) textbook on Health Economics. 
3 Increased leisure time may intuitively decrease the marginal cost of health investments. Retirees have more time 

for health favourable activities, e.g. sleep, physical activity, social interactions, regular hospital visits etc.  
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decreases after retirement. On the other hand, there may be several explanations to how 

retirement might affect health, which do not necessarily rely on rational choice.  

For example, going into retirement certainly changes individual’s day-to-day practices, 

likely having less to no interactions with former colleagues and perhaps more interactions with 

family and friends. As prior empirical work has shown an individual’s social capital to 

positively impact self-reported health and life satisfaction (Becchetti, Pelloni & Rossetti, 2008; 

Cohen, 2004; d’Hombres et al., 2010; Elgar et al., 2011; Folland, 2008; Glass et al., 1999; 

Melchior et al., 2003; Nieminen et al., 2013; Pinquart & Sörensen, 2000; Powdthavee, 2008; 

Ronconi, Brown & Scheffler, 2012; Saffer, 2005; Taylor et al., 2001), mental health may 

theoretically rely on how an individual’s social network changes after retirement, i.e. whether 

it increases or decreases 4. Then again, increased social capital must not necessarily have a 

positive impact on mental health. For instance, partnered retirees may spend more time than 

what is optimal with their spouse and children5, potentially harming their mental health as well 

as experiencing negative cross-partner ‘spillover’ effects (e.g. Bertoni & Brunello, 2017; 

Müller & Shaikh, 2018)6. Within these lines, it may be difficult to predict the average effect of 

retirement on mental health. Increased leisure time reduces work-related responsibilities which 

in turn may reduce stress. Conversely, besides that retirement itself may be a stressful event, 

withdrawal from the labour force is also associated with reduction in income and consumption, 

which may very well increase stress, and consequently affect mental health negatively. 

Furthermore, retirement may affect individuals heterogeneously by education and income. In 

context of the Grossman model, we can expect more educated retirees to be more efficient 

producers of health since information concerning health-preserving inputs increases with 

schooling (Grossman, 1972). Additionally, assuming that income increases with education, we 

can expect less educated retirees to have lower socioeconomic status and retire from more 

physically demanding occupations. Elaborating further, however, the sign of this causal 

 
4 For instance, d’Hombres et al. (2010) find that social isolation is negatively and significantly associated with 

health. Ronconi, Brown & Scheffler (2012) present evidence of higher levels of social capital increasing health, 

irrespective of gender. Taylor et al. (2001) find that social relations and network factors (e.g. family support, 

number of friends, and frequency of contact with neighbours) are all significantly related with self-reported life 

satisfaction and happiness. Pinquart and Sorenson (2000) present a positive association between frequency of 

contact with acquaintances and self-reported life satisfaction among the elderly.       
5 For instance, Pinquart and Sorenson (2000) show that increased time spent with friends is more beneficial for 

self-reported life satisfaction than increased contact with adult children among the elderly.    
6 Both Bertoni and Brunello (2017) and Müller and Shaikth (2018) find that subjective health and mental health 

are negatively affected by spousal retirement but positively affected by own retirement. Results are heterogenous 

by gender. 
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pathway of retirement on health remains ambiguous at second glance: more educated 

individuals are more efficient producers of health and should therefore have better mental 

health outcomes as retirees, but less educated individuals retire from more physically 

demanding jobs and should therefore be happier to withdraw from the labour force.  

It is essential to note that initial mental health effects of retirement may not necessarily 

reflect those of later stages. This because the process of retirement is likely to have different 

stages, all potentially affecting individual’s mental health differently (Atchley, 1982). Initially, 

retirees are expected to go through the ‘honeymoon stage’ and perhaps perceive retirement as 

vacation rather than a permanent withdrawal from the labour force. During this stage, we may 

expect retirees to feel carefree and relaxed. After the initial stage, retirees are expected to 

undergo a period of disenchantment as reality of a life-changing event settles in, likely causing 

a decline in mental health. These stages are followed by the ‘reorientation’ stage and ‘routine’ 

stage where retirees settle into their new lifestyle and recognize new interests and opportunities. 

Assuming that there are several phases post retirement, it is very likely that retirement may 

affect mental health differently in the short-, medium-, and long-term perspective. Overall, it 

remains difficult to predict the direction of the hypothesized pathways.              

3. Previous literature 

In conjunction with pension system reforms during recent decades, there has been a substantial, 

and still flourishing, literature exploring the impact of retirement on objective and subjective 

health. Since early research, ranging across scientific fields, notions of retirement having 

negative effects on health have been fairly consistent (Minkler, 1981)7. Withdrawal from the 

labour force is traditionally considered by many as harmful to an individual’s social capital, 

and the post-retirement era is argued to be associated with sentiments of loneliness, monotony, 

and lack of purpose. On the contrary, as we further discuss in this section, a fair share of recent 

findings presents protective effects of retirement on mental health.  

Even with this long-lived debate, previous research investigating the retirement ― mental 

health relationship exhibits no clear consensus. Correlational studies have found positive 

(Dave, Rashad & Spasojevic, 2008a; Jokela et al., 2010; Mein et al., 2003; Midanik et al., 1995; 

Oksanen et al., 2011; Ostberg & Samuelsson, 1994) as well as negative (Lindeboom, Portrait 

& van den Berg, 2002; Mosca & Barrett, 2016; Szinovacz & Davey, 2004; Vo et al., 2015) 

effects of retirement on mental health. Nonetheless, as the decision of retirement is not random, 

 
7 We refer to Minkler (1981) for an extensive review of this.    
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the methodological approaches of these studies are unable to account for reverse causality and 

consequently fail to determine causal inference, further discussed in Section 5.  

Trying to solve the endogeneity problem of the retirement decision, various researchers 

have utilized state pension eligibility ages at which financial incentives to retire are exploited 

to predict retirement behaviour, thus attempting to obtain exogenous variation in the retirement 

probability. Intuitively, the idea is that reaching the state pension eligibility age should increase 

the probability of retirement. Reaching the threshold should, however, not have any impact on 

health through any other channel than retirement itself (Angrist & Pischke, 2009, pp.113-138). 

This is thoroughly discussed in Section 5. The nature of these thresholds has presented the 

opportunity for researchers to implement an instrumental variables (IV) framework and/or 

fuzzy regression discontinuity design (RDD), where reaching the state pension eligibility age 

serves as instrument for retirement (Belloni, Meschi & Pasini, 2016; Bonsang, Adam & 

Perelman, 2012; Celidoni, Dal Bianco & Weber, 2017; Eibich, 2015a; Fé & Hollingsworth, 

2016; Fonseca et al., 2014; Gorry & Slavov, 2021; Heller-Sahlgren, 2017a; Hessel, 2016; 

Horner, 2014; Kesavayuth, Rosenman & Zikos, 2016; Kolodziej & García-Gómez, 2019a; 

Mazzonna & Peracchi, 2017; Müller & Shaikh, 2018; Picchio & Ours, 2020; Rohwedder & 

Willis, 2010). Alternatively, some utilize retirement reforms to implement a difference-in-

differences approach, thus attempting to capture the average health effects of retirement on a 

group level (e.g. Messe & Wolff, 2019).   

It must be highlighted, however, that previous literature is not absent from limitations. For 

instance, studies analysing the effects of retirement on mental health tend to include various 

bad controls in their regression models, i.e. control variables that are themselves outcome 

variables of retirement (Angrist and Pischke, 2009, pp.64-68). Examples of such bad controls 

are earnings and marital status, that are likely to be related to mental health and be endogenous 

to retirement itself, thus producing a version of selection bias. Including bad controls as such 

might disguise the total causal effect of retirement, which is likely to run through certain 

demographic factors, e.g. income and marital status (Angrist and Pischke, 2009, pp.64-68). 

Further, only a handful of studies explore differences between short- and long-term effects of 

retirement (Celidoni, Dal Bianco & Weber, 2017; Fé & Hollingsworth, 2016; Heller-Sahlgren, 

2017a; Horner, 2014). Overlooking this potential pitfall can produce biased estimates, e.g. if 

retirement has a significant long-term impact on mental health, then only observing immediate 

changes in mental health may very well underestimate the total effect of retirement, further 

discussed in Section 5. Moreover, numerous studies do not consider heterogeneity in the impact 

of retirement on mental health, which proves to be highly relevant in many studies discussed 
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further on. Related to our methodology, previous literature implementing instrumental 

variables approach with intuitions from the RDD literature tend to exclude vital sensitivity 

checks. Firstly, one should investigate if the results are robust to narrowing down the 

observation ‘bandwidth’ around the discontinuity. There is a common trade-off between bias 

and precision when determining the bandwidth since a broader bandwidth provides more 

observation and consequently higher precision, but observations further away from the 

thresholds are less comparable, hence increasing the bias. Secondly, researchers have on 

occasions ignored potential non-linear effects of age, by not providing results where the effect 

of age is allowed to differ on each side of the pension-eligibility ages used as instruments in 

their model specifications. 

The strand of literature we consider most relevant to this paper, summarized in Table 1, 

implements similar methodology as us and focuses on subjective as well as objective measures 

of health8. Investigating the effects of retirement on cognitive abilities, Rohwedder and Willis 

(2010) use cross-country data from eleven European countries together with household data 

from the US and England. The authors implement an IV methodology while utilizing 

retirement eligibility ages to account for the endogeneity of the retirement decision and find 

that retirement has a negative effect on cognitive ability. Comparable results are found by 

Bonsang et al. (2012) who employ a similar IV approach using US data. Then again, other 

studies find mixed results. For instance, Bonsang and Klein (2012) investigate retirement 

effects on life satisfaction by using German Socio-Economic Panel data employing a fixed-

effects approach. Allowing the effects to differ by terms of retirement, they find that voluntary 

retirement has no significant effect on life satisfaction, whereas involuntary retirement has a 

clear negative effect. These findings are confirmed by Abolhassani and Alessie (2013) using 

the same data in a similar methodological framework. Horner (2014) utilizes pension eligibility 

ages in an instrumental variable approach and analyses international data from sixteen 

European countries in Western Europe and the US. The author concludes that retirement has a 

positive, but temporary, effect on well-being. Investigating SHARE-data from eleven 

European countries, Fonseca et al. (2014) analyse the effects of retirement induced by state 

pension eligibility on depression. Once solving for endogeneity using instrumental variables, 

they find weak evidence that retirement may be protective against depression. Eibich (2015) 

exploits financial incentives in the German pension system employing a regression   

discontinuity design for identification.  Retirement is concluded to have a positive effect on

 
8  E.g., self-assessed health, well-being, life satisfaction, cognitive ability etc.  
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Table 1: Overview of relevant literature 

Study Country(ies) Data Time Age Outcome variable Method Sign of effect Het. 

(Rohwedder & Willis, 2010) 8 Numerous 2004 60-64 Cognitive abilities IV – RAE - No 

(Bonsang, Adam & Perelman, 2012) US HRS 1998-2008 51-75 Cognitive abilities IV – RR - No 

(Bonsang & Klein, 2012) DE GSOEP 1995-2010 50-70 Life satisfaction FE + (Vol), – (Invol) No 

(Abolhassani & Alessie, 2013) DE GSOEP 1994-2009 50-70 Life satisfaction FE + (Vol), - (Invol) No 

(Horner, 2014) 17 Numerous 2004-2006 50-70 Well-being IV – RAE + (temporary effect) No 

(Fonseca et al. 2014) 11 SHARE 2004-2010 50+ Depression IV – RAE - No 

(Eibich, 2015) DE GSOEP 2002-2009 55-70 Mental health RDD + E 

(Belloni, Meschi & Pasini, 2016) 10 SHARE 2004-2013 55-70 Mental health IV – RAE + (Male), O (Female) O 

(Kesavayuth, Rosenman & Zikos, 2016) UK BHPS 2005-2012 50-75 Well-being IV – RR O G, P 

(Hessel, 2016) 12 EU-SILC 2009-2012 50-74 Self-reported health IV + No 

(Fe & Hollingsworth, 2016) UK BHPS 1991-2005 50-80 Health indicators RDD O No 

(Mazzonna & Peracchi, 2017) 10 SHARE 2004-2006 50-70 Health & Cog. Abilities IV – RAE - O 

(Bertoni & Brunello, 2017) JPN PPS 2008-2013 42-69 Mental health DID – RR - No 

(Celidoni, Dal Bianco & Weber, 2017) 10 SHARE 2004-2011 50+ Cognitive abilities IV – RAE - No 

(Heller-Sahlgren, 2017) 10 SHARE 2004-2012 50+ Mental health IV – RAE - No 

(Gorry, Gorry & Slavov, 2018) US HRS 1992-2014 50-93 Health & Life satisfaction IV – RAE O (ST), - (LT) E, G, O 

(Muller & Shaikh 2018) 19 SHARE 2004-2013 45-91 Subjective health IV – RAE + No 

(Messe & Wolff, 2019) FR LFS 2013-2016 50-70 Self-reported health RDD – RAE O (Male), - (Female) No 

(Kolodziej and García-Gómez, 2019) 11 SHARE 2004-2013 55-69 Mental health DID + O 

(Atalay, Barrett & Staneva, 2019) AU HILDA 2012 55-74 Cognitive abilities FD – IV - G 

(Picchio & Ours, 2020) NL LISS 2007-2017 65+ Mental health RDD – RAE + G, M 

(Gorry & Slavov, 2021) ENG ELSA 2002-2015 50+ Health biomarkers IV – RAE 0 (Obj), + (Subj)  No 

Notes: DATA: BHPS = British Household Panel Survey, EU-SILC = European Union Statistics on Income and Living Conditions; LFS = Labour Force Survey; GSOEP = German Socio-Economic Panel; HRS = Health and 
Retirement Study; HILDA = Household, Income and Labour Dynamics in Australia; LISS = Longitudinal Internet Studies for the Social Sciences; SHARE = Survey of Health Aging and Retirement in Europe; CHARLS = 
China Health and Retirement Longitudinal Survey. 
COUNTRIES: US = United States; DE = Denmark; UK = United Kingdom; JPN = Japan; FR = France, AU = Austria, CH = China, ENG = England, NL = Netherlands 
METHOD: D – RR = Difference-in-differences using a retirement reform; FE = Fixed effects; IV – RAE = Instrumental variables using retirement age eligibility; RDD = Regression Discontinuity Design; FD-IV = First 
difference IV 
Het = Heterogeneity: E = Educational attainment, G = Gender, M = Marital status, H = (mental) Health status, I = Income, O = Occupation, P = Personality traits. 
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subjective health status and mental health, where the key mechanisms through which 

retirement affects health are indicated to be increased sleep duration, relief from work-related 

stress, and increased physical activity during leisure-time. The health effects of retirement are 

heterogeneous across educational attainment levels, as lower educated workers benefit more in 

physical health, whereas higher educated workers benefit more in mental health post 

retirement. Using SHARE-data from ten European countries and applying a fixed-effects IV 

approach, Belloni et al. (2016) find that retirement improves mental health for men, whereas 

women are on average unaffected. Effects are heterogenous in the sense that the effect is greater 

for blue-collar workers working in regions most affected by economic crises. Kesavayuth et 

al. (2016) use data on older men and women from the British Household Panel Survey (BHPS) 

and apply an instrumental variables approach. By exploiting retirement eligibility ages to 

obtain exogenous variation in retirement behaviour, the authors find that retirement on average 

has no impact on well-being. They find evidence, however, of heterogeneity related to gender 

and personality traits. Specifically, the retirement effect on well-being for women who score 

high in ‘openness’ or low in ‘conscientiousness’ is stronger compared to other women, whereas 

personality traits have no significant importance for men. Hessel (2016) uses longitudinal data 

from twelve European countries to investigate the effect of retirement on self-reported and 

physical health. Implementing an instrumental variables approach, the author concludes that 

retirement improves self-reported health for men and women homogenously across all 

educational levels. Fé and Hollingsworth (2016) use BHPS data to explore the short- and long-

term effects of retirement on health. In order to identify the short-term effects, the authors apply 

a RDD approach, whereas a parametric panel data model is used to estimate the long-term 

effects. Results indicate that retirement has little to no short- or long-term effects on health. 

Exploiting the panel dimension of the Survey of Health Ageing and Retirement in Europe, 

Mazzonna and Peracchi (2017) implement an instrumental variables approach using old age 

retirement rules across ten European countries to obtain an exogenous source of variation in 

retirement behaviour. The authors conclude a negative retirement effect on health and cognitive 

abilities, increasing by time after retirement. Moreover, the authors present evidence of 

considerable heterogeneity in the retirement effect across occupational groups, as retirement 

has a positive and immediate effect on both health and cognitive abilities for physically 

demanding occupations. Bertoni and Brunello (2017) analyse cross-partner retirement effects 

on mental health by using Japanese micro-data to investigate the so-called “Retired Husband 

Syndrome” which anecdotally discusses the mental health effects of wives of retired men. 

Results suggest that retirement of husbands has negative effects on both their own and their 
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wife’s mental health. Investigating how retirement affects cognition, Celidoni et al. (2017) find 

that retirement is beneficial at first but causes a decline in cognitive abilities in the long-term. 

Retirement speeds up cognitive decline for individuals who retire at statutory retirement age, 

whereas it has a protective role for those who take early retirement. Heller-Sahlgren (2017) 

uses SHARE data from ten European countries and implements a fixed-effects IV approach to 

distinguish the short- and long-term effects of retirement on mental health. Exploiting 

thresholds created by state pension ages, the author finds no short-term effects of retirement on 

mental health. However, long-term effects of retirement prove to be large and significantly 

negative on mental health. The effects are homogenous with respect to gender, educational 

level, and occupational background. In line with relevant previous literature, Gorry et al. (2018) 

use retirement eligibility ages in the US in instrumental variables approach to investigate the 

impact of retirement on health, life satisfaction, and healthcare utilization. Findings suggest 

that retirement has a positive and immediate effect on life satisfaction, while other health 

improvements appear later on. However, the authors find no evidence of retirement affecting 

healthcare utilization. Müller and Shaikh (2018) investigate the causal effect of spousal 

retirement on subjective health across nineteen European countries. Applying a fuzzy RDD 

and using retirement eligibility ages as an exogenous variation in retirement behaviour, they 

find that subjective health is negatively affected by spousal retirement, but positively affected 

by own retirement. The effects are heterogenous with respect to gender. While spousal 

retirement has no significant effect on husbands’ health, retirement of the husband has a 

negative impact on wife’s subjective health. These results are in line with Bertoni and Brunello 

(2017), who present negative spillover retirement effects on female mental health in Japan. On 

the other hand, applying a semi-parametric difference-in-differences methodology on French 

Labour Force Survey data, Messe and Wolff (2019) find no significant cross-partner spillover 

effects of retirement on health. The authors find, however, positive short-term effects of 

retirement on own self-reported health for those retiring from occupations with low physical 

burden. Unique to previous literature, Kolodziej and García-Gómez (2019) use SHARE data 

from eleven European countries to estimate not only the average effects of retirement on mental 

health, but also investigate whether retirement effects are unequally distributed across the 

mental health distribution. By applying an instrumental variables approach based on retirement 

eligibility age, they conclude a protective impact of retirement on mental health. The positive 

effects of retirement are unequally distributed and larger for those just around the threshold of 

clinical depression. Using a similar methodology on HILDA data, Atalay et al. (2019) find that 

retirement has a negative but modest effect on cognitive abilities. The long-term decline in 
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cognition is greater for men than women. Consistent with previous literature, Picchio and Ours 

(2020) study the effects of retirement on mental health by applying a fuzzy RDD based on 

state-pension eligibility ages in the Netherlands. The authors find heterogenous health effects 

of retirement by marital status and gender. While retirement of partnered men positively 

impacts both their own and partner’s mental health, retirement of partnered women has no 

significant impact on neither. These findings contradict some previous studies (Bertoni & 

Brunello, 2017; Müller & Shaikh, 2018) and somewhat confirm other (Messe & Wolff, 2019).  

Further, single individuals experience no mental health effect of retirement. In contrast to many 

previous studies, Gorry and Slavov (2021) focus on objective health biomarkers rather than 

subjective self-reported health and life satisfaction. Applying an instrumental variables 

approach on ELSA data, the authors find mixed and mostly statistically insignificant results of 

retirement on objective measures of health biomarkers. They confirm, however, that retirement 

appears to consistently improve self-reported health. 

Overall, previous literature presents ambiguous results on objective general- and physical 

health, whereas retirement appears to mostly have favourable effects on self-reported mental 

health and life satisfaction. The presented strand of literature indicates that inconsistent 

findings can potentially be explained by the choice of countries under study and whether or not 

heterogeneous effects of retirement are considered. Yet, more than anything, differences in 

results across the literature appear to be highly attributed to the choice of estimation method 

(Nishimura, Oikawa & Motegi, 2017). This study aims to account for highlighted limitations 

and complement previous literature by allowing the mental health effects of retirement to 

operate in a fairly unique (to the best of our knowledge) time-dimension. Similar to our 

identification strategy, (Heller-Sahlgren, 2017) attempts to distinguish between short- and 

long-term effects of retirement on mental health by observing changes in mental health 2-4 

years after one has entered the retirement era. Utilizing newer SHARE waves we are able to 

control for potential time-related effects for which (Heller-Sahlgren, 2017) could not: Medium-

term effects of retirement on mental health9. We utilize four waves of the Survey of Health, 

Ageing, and Retirement in Europe (SHARE) and use state pension eligibility ages across 10 

European countries as exogenous instruments for retirement behaviour. Our complete 

methodology is thoroughly discussed in section 5.   

 
9(Heller-Sahlgren, 2017) uses the first, second, and fourth waves of the SHARE data. Thus, he is not able to 

account for, or control for, neither changes in mental health nor time-specific effects between the second and 

fourth wave. If significant factors lie within that time-period, estimators are likely to be exposed to under- or 

overestimation of the long-term causal effect.   
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4. Data 

This study’s main aim is to employ panel data collected on Europe’s aging population to 

investigate the effect of retirement on mental health of respondents. This section therefore gives 

an insight into data employed for that purpose, as well as a detailed overview of the working 

sample, variable construction, and corresponding theoretical background. 

4.1 SHARE 

For the purpose of this research we utilise four waves of the Survey of Health, Ageing, and 

Retirement in Europe (SHARE), a biennial survey of individuals aged 50 or older, jointly 

coordinated by Munich Center for the Economics of Aging and Max-Planck-Institute for Social 

Law and Social Policy. The survey was first conducted in 2004, with a lengthy questionnaire 

of 20 modules covering topics of health, health care, wealth, retirement, social networks, and 

living conditions of residents of eleven European countries. Nowadays, survey boasts eight 

survey waves, more than 30 modules, two special COVID surveys, and 530,000 in-depth 

interviews with 140,000 people from 28 European countries and Israel. (The Survey of Health, 

Ageing and Retirement in Europe (SHARE): Home, 2022). 

As with any panel database, SHARE is not without its limitations. It suffers from 

irregularities in participation across countries and waves, as well as from missing values and 

minor differences in sampling procedures (Lusa & Huebner, 2021). Its weaknesses, however, 

are not detrimental to our analysis as it is still one of the largest cross-country panel studies, 

providing invaluable multidisciplinary micro data on Europe’s aging population used by both 

researchers and policy makers alike (Maskileyson, Seddig & Davidov, 2021). Most 

importantly, the longitudinal aspect of SHARE provides great opportunities for identification 

strategies. As discussed in Section 5, we take significant advantage of this. 

4.2 Sample 

Data for the four waves employed in this paper were collected in 28 countries over the span of 

eight years, from 2011 to 2017. Number of unique observations in each wave ranges from 

58,000 to 77,000, which totals 269,352 observations over four waves. Following previously 

outlined methodology we exploit the fact that each survey wave is, on average, two years apart, 

and broaden our research to an often overlooked question of capturing and contrasting short-, 

medium-, and long-term effects of retirement on mental health (Heller-Sahlgren, 2017; Messe 

& Wolff, 2018; Nielsen, 2018). As discussed in Section 2, focusing only on immediately visible 
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effects can potentially expose our results to bias from the ‘honeymoon effect’ (Atchley,1982), 

and thus underestimate the total effect of retirement on mental health. Therefore, we consider 

that it is unlikely to accurately predict the timing of the impact, as retirement might affect 

mental health differently in the short-, medium-, and long-term perspective. As further 

elaborated in Section 5, we utilise pension eligibility ages as instruments for retirement to 

obtain an exogenous variation in retirement probability. This in turn allows for a fuzzy RDD 

intuition. Thus, relevant to the methodological approach presented in Section 5, we restrict our 

sample to individuals aged 50-76 years old at the time of the fifth wave interview, establishing 

a bandwidth of 10 years above and below the maximum and minimum threshold, presented by 

Table A1.10 Further, we restrict the sample strictly to individuals who are interviewed in all 

four of the waves utilised, namely SHARE waves four, five, six, and seven. This narrows down 

the number of countries observed to ten: Austria, Germany, Italy, Spain, France, Belgium, 

Denmark, Sweden, Switzerland, and Czech Republic. Ultimately, our working sample is 

restricted to a maximum of 15,748 individuals observed at four separate occasions. The number 

of observed individuals in our main estimation models is dependent on retirement definition 

utilized, further discussed in Subsection 4.3. When employing relevant robustness tests in 

terms of bandwidth choice, discussed in Subsection 5.2, we further restrict our working sample 

to a maximum of 9,365 individuals, all observed at four separate occasions. In line with the 

fuzzy RDD intuition, we treat those who cross their state pension eligibility age between waves 

4 and 5 as our treatment group. By definition, the control group consists of those individuals 

who did not cross their state pension eligibility age between waves 4 and 5. Since we are able 

to follow individuals for two additional waves after they retire, corresponding to approximately 

4 years, we believe our identification strategy is able to capture the immediate effect, as well 

as the lagged medium- and long-term effects of retirement in a feasible manner11. This is 

thoroughly discussed in Section 5. Table 2 displays the descriptive statistics by working sample 

and treatment status.  

 

 

 

 
10 The state pension eligibility ages presented in Table A1 are obtained from the U.S.A.’s Social Security 

Administration’s survey and are dependent on country, birth cohort, and gender. Ages were valid at the time of 

the survey waves four and five, as well as in the period in-between the two waves, which is the relevant period at 

which respondents belonging to our treatment group crossed the pension threshold. 
11 As later discussed, our methodological set-up only provides estimated effects on compliers (LATE), i.e. those 

who change retirement status as a result of reaching their state pension eligibility age, but would not have done 

so otherwise.    
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Table 2: Descriptive statistics reported by working sample and treatment status   

Variables 
      Main sample                     

Treatment 

group 

Control 

group 

Mean Standard deviation Min Max Mean Mean 

WAVE 4  

Age 62.78 6.59 48.16 75.16 63.39 62.71 

Gender 0.57 0.49 0 1 0.57 0.57 

Retirement definition (1) 0.48 0.49 0 1 0.52 0.48 

Retirement definition (2) 0.61 0.48 0 1 0.68 0.60 

Retirement definition (3) 0.57 0.49 0 1 0.64 0.56 

Euro-D 2.19 2.09 0 12 2.11 2.20 

Clinical Depression  0.23 0.42 0 1 0.21 0.23 

WAVE 5    

Age 64.69 6.60 50.08 76.91 65.32 64.62 

Gender 0.57 0.49 0 1 0.57 0.57 

Retirement definition (1) 0.55 0.49 0 1 0.71 0.54 

Retirement definition (2) 0.67 0.46 0 1 0.82 0.65 

Retirement definition (3) 0.64 0.47 0 1 0.81 0.62 

Euro-D 2.16 2.10 0 12 2.07 2.16 

Clinical Depression  0.22 0.41 0 1 0.21 0.22 

WAVE 6    

Age 66.65 6.59 52.16 78.91 67.29 66.59 

Gender 0.57 0.49 0 1 0.57 0.57 

Retirement definition (1) 0.62 0.48 0 1 0.84 0.60 

Retirement definition (2) 0.72 0.44 0 1 0.93 0.70 

Retirement definition (3) 0.79 0.45 0 1 0.93 0.68 

Euro-D 2.15 2.09 0 12 2.11 2.15 

Clinical Depression  0.22 0.41 0 1 0.20 0.22 

WAVE 7    

Age 68.74 6.60 54.25 80.83 69.37 68.68 

Gender 0.57 0.49 0 1 0.57 0.57 

Retirement definition (1) 0.58 0.49 0 1 0.87 0.66 

Retirement definition (2) 0.68 0.46 0 1 0.92 0.71 

Retirement definition (3) 0.67 0.46 0 1 0.95 0.76 

Euro-D 2.25 2.16 0 11 2.26 2.25 

Clinical Depression  0.23 0.42 0 1 0.25 0.23 

n 15,748 1,484 14,264 

Note: Working sample consists of max. 15,748 individuals in each wave, out of which 1,484 belong to the 

treatment group (those who reached their state pension eligibility age in-between waves four and five). 

Remaining 14,264 are by definition assigned to the control group (those who did not reach their state pension 

eligibility age in-between waves four and five). n = 15,748 applies for the first and second definition of 

retirement whereas n =13,818 applies for the third definition of retirement.   
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4.3 Retirement 

Retiring is an act of leaving the workforce, done either because individuals are elderly and no 

longer able to work or because they no longer want to work. In 1889, Germany was the first 

country in the world to introduce retirement benefits, setting a precedent for publicly funded 

retirement programs (Social Security History, 2022). Countries all around the world have 

followed suit and installed an age threshold at which individuals become eligible for financial 

payment should they choose to exit the labour force and declare themselves retired. Today, 

retiring is synonymous both with exiting from the labour force and claiming public pension 

benefits12. Eligibility for retirement benefits is the main reason why individuals decide to take 

up the offer, as they can stop working but still receive something akin to a monthly salary. In 

countries such as England and France, with good pension systems, elderly individuals tend to 

retire immediately upon reaching state pension age (Motegi, Nishimura & Oikawa, 2020). If a 

person decides to retreat into retirement before the legal retirement age they are considered 

‘early’ retired and receive only partial pension benefits, or no benefits at all (Larimore et al., 

2009). We refrain from using early retirement ages in our model since not all European 

countries provide the opportunity for early retirement, and if they do, such opportunities are 

often limited to certain career paths. This gives rise to selection bias as individuals might 

purposefully choose jobs with an early retirement scheme (Coe & Zamarro, 2011; Heller-

Sahlgren, 2017). It is also possible that taking up an early retirement offer is more prevalent 

among workers who report exhaustion with their working lives, again biasing the sample 

(Knoll, 2011). All these factors make early retirement ages particularly vulnerable to 

measurement errors (Heller-Sahlgren, 2017) and not relevant for our research question13. 

To correctly assess potential effects of retirement on mental health we need to clearly define 

what makes an individual retired. In their review of global retirement literature Nishimura et 

al. (2020) find that models are not particularly sensitive to the type of retirement definition 

used. Nonetheless, a single definition of retirement could potentially drive the results, so we 

employ three of them. Our first definition classifies individuals as retired if they claim to be 

retired. In the SHARE survey, individuals can define themselves as retired, employed, self-

employed, permanently ill or disabled, homemaker, or engaged in other activities. Under this 

definition, everyone, no matter whether they are participating in the labour force or not, can 

 
12 Although it is often the case that some people continue to work whilst claiming pension payments. 
13 Other problems when using early retirement ages lie with different age thresholds for different occupations, 

within and across countries, as well as with different lengths of labour force participation. Therefore, it is difficult 

to ascertain one singular early retirement eligibility age for each country sample. 
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respond to retirement incentives and retire once they’ve reached the state pension age (Heller-

Sahlgren, 2012, 2017). The dummy variable for definition 1 thus distinguishes between 

officially retired individuals and those not officially retired and belonging to other categories. 

Under the second definition, respondents who claim to be retired or out of the work force 

(homemakers, permanently ill or disabled, engaged in other activities) are counted as retired as 

long as they do not work part time (Eibich, 2015; Kolodziej & García-Gómez, 2019) which in 

the SHARE survey respondents indicate as having not done any paid work in the last four 

weeks. Thus, in retirement definition 2, individuals who are not officially retired, and work 

part time, are not defined as retirees. In the third definition, respondents are either retired, in 

the labour force (employed, self-employed), or out of the labour force (permanently ill or 

disabled, homemakers, engaged in other activities) (Apouey, Guven & Senik, 2019; Heller-

Sahlgren, 2017). Third definition is the most restrictive one out of the three and significantly 

narrows down the number of observations. These three definitions of retirement are used as 

dummy variables indicating whether a person is retired or not, and we perform our main 

estimation as three separate equations with said definitions. 

4.4 Mental health 

Many studies have tried to assess retirement’s impact on physical health. However, health 

variables are often self-reported and thus suffer from measurement errors (French & Jones, 

2017; Motegi, Nishimura & Terada, 2016), or justification bias if respondents claim themselves 

to be in bad health to justify their retirement decision (Heller-Sahlgren, 2012). Additionally, 

retirement is an event with a profound impact on individuals’ lifestyle. Thus, researchers have 

argued that mental wellbeing is more likely to be the vulnerable aspect of a person’s health 

post retirement (Fé & Hollingsworth, 2012). For a measure of mental health to be comparable 

in a cross-country environment, the primary concern is to ensure that respondents with different 

cultural backgrounds interpret the question in the same manner (Maskileyson, Seddig & 

Davidov, 2021). Any differences in norms between countries should not be allowed to bias the 

measurement of mental health, more so when the symptoms are self-reported (Prince et al., 

1999). To ensure validity, SHARE uses the Euro-D scale which is developed by European 

consortium in order to compare symptoms of depression across European countries.  

The Euro-D scale consists of twelve questions that examine whether respondents have 

experienced a certain symptom of depression: pessimism, guilt, problems with sleep, 

irritability, appetite loss, fatigue, concentration problems, lack of enjoyment, tearfulness, 

depression, suicidal thoughts, and loss of interest (Prince et al., 1999). By indicating presence 
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of a symptom, the respondent moves up on the Euro-D scale, with as little as four symptoms 

present being enough to mark the respondent as clinically depressed. By being a subjective 

measure, Euro-D is still weak to measurement error (French & Jones, 2017), but the scale has 

been cleared for use in cross-national comparative research as it is internally consistent, 

reliable, and accurate (Maskileyson, Seddig & Davidov, 2021). With the scale already 

incorporated in the SHARE questionnaire and used to evaluate depressive symptoms, we 

follow the same approach in our model and construct two measures of mental health: first is a 

cumulative score on the Euro-D scale which can range from 0, indicating no depression 

symptoms present, to 12, indicating severe depression. The second measure of mental health 

employed is a dummy variable indicating whether the respondent has reached the threshold of 

clinical depression, a condition prescribed to anyone scoring four or more on the Euro-D scale 

(Heller-Sahlgren, 2017; Lusa & Huebner, 2021).  

4.5 Control variables and heterogeneity 

Control variables are used in the second part of this study for the purpose of evaluating potential 

heterogeneous effects of retirement on mental health, and perhaps obtaining more information 

on the causal pathways through which retirement might affect mental health (Heller-Sahlgren, 

2017; Heß et al., 2021). In the 2017 article, Nishimura et al. give guidance to future researchers 

to take educational differences into consideration. Referring back to Section 2 and the theory 

of human capital by Grossman (1972), we assume there is a likely relationship between 

educational attainment levels and health investment behaviour (Bhattacharya, Hyde & Tu, 

2018, pp.28-47; Fe & Hollingsworth, 2012). Hence one of the covariates is education level, 

classified following ISCED-1997 classification, a self-reported measure of highest educational 

attainment (International Standard Classification of Education (ISCED), 2022). Whereas 

ISCED-1997 classifies respondents into categories of low, medium, and high education, we 

choose to focus only on the effect of low educational attainment. It has been implied by 

Leopold & Engelhardt’s (2012) paper that health disparity between educational levels increases 

with age and thus we investigate whether a low educational attainment may affect mental 

wellbeing later in life. Furthermore, we evaluate whether the impact of retirement differs based 

on the marital status of the respondents. Currently, the literature focuses on the effects of 

retirement on marital satisfaction as well as on cross-gender spillover effects of spouses’ 

retirement (Messe & Wolff, 2018; Zang, 2020). Article by Dave et al (2008) concludes that 

married people are physically healthier after retirement, but a definitive answer on the effects 

of marital status on mental health is yet to be presented. Lastly, it is without a doubt that impact 
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of retirement on mental health varies across countries, with cultural, environmental, and 

geopolitical differences being implicit or explicit reasons as to why. Thus, we consider that 

respondent’s country of residence influences their wellbeing given their age as well as at their 

retirement age, and account for that by including country dummies in the model.  

4.6 Attrition 

When using a longitudinal dataset, one of the main concerns is always selective attrition (Dave, 

Rashad & Spasojevic, 2008). Attrition happens when observations drop out of the sample, 

which is not uncommon in panel data sets as they span over a longer time period. As long as 

attrition is random it does not pose a problem to researchers, but if it is not and happens 

systematically, it may subject the data set to sample selection bias (Miller & Hollist, 2007). 

For example, observations lost due to attrition might differ from the remaining ones by a 

specific characteristic which invertedly causes biased estimates. As expected, the SHARE 

panel exhibits a considerable attrition rate. Approximately 37 percent of those interviewed in 

the fourth wave are still present in wave seven, corresponding to an attrition rate of 

approximately 63 percent.  

To evaluate whether the main results are robust to panel attrition, we introduce an inverse 

probability weighting technique which allows for attrition to be non-random, conditional on 

observable characteristics. This technique is built upon the premise that disappearing from the 

sample is related to the outcome variable by a vector of endogenous observable variables 𝑐 – 

also known as selection on observables (Fitzgerald, Gottschalk & Moffitt, 1998). Thus, we 

start by testing which covariates may affect respondent’s probability of remaining in the sample 

after which we use the inverse of those probabilities14 as weights in our main model. Bigger 

weights are given to observations who we have predicted will leave the sample early, with the 

rationale being that if we successfully predicted attrition, the weighted model’s estimates will 

not differ greatly from estimates in the main regression as the only attrition left in the model 

will be random (Fitzgerald, Gottschalk & Moffitt, 1998). The variables chosen as observable 

characteristics indicative of the probable attrition are age, gender, marital status, employment 

status, educational attainment, EURO-D score, self-assessed physical health, BMI, number of 

limitations with activities of daily living, numeracy score, number of chronic diseases, grip 

strength, and number of mobility limitations15. We use values from wave four, the first wave 

 
14 Weight = 1/probability of survival. 
15 Observable characteristics consist of baseline characteristics and time-varying factors that predict survival status 

(Dave, Rashad & Spasojevic, 2008). 
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in which respondents participated, to predict their probability of remaining until wave seven 

(Comi, Cottini & Lucifora, 2022). The delimitation of this method is that we cannot be certain 

we have accounted for all covariates that may influence a person’s ability to leave the survey, 

hence we cannot confirm we have completely gotten rid of attrition bias. However, if the results 

of our robustness check prove to be in line with the main model’s results, we would have 

proven that attrition isn’t a debilitating issue for our model.  

5. Empirical Analysis 

To successfully ensure a causal interpretation of the research question of interest, we must 

address issues of endogeneity, causal effects, and time dimension analysed. This section 

provides detailed insight into the construction of the research model used to accomplish this.  

5.1 Endogeneity problem and model set-up 

The straightforward way to measure the causal relationship between retirement and mental 

health would be to employ a standard OLS and evaluate in which way retirement might predict 

mental health. For this approach to be valid we must assume that 𝐶𝑜𝑣 (𝑋𝑖 , 𝑢𝑖) = 0 holds16. 

However, as previous literature on the topic has noted, trying to estimate the causal relationship 

between retirement and mental health via OLS will not work on the account that the act of 

retirement is not random (Coe & Zamarro, 2011; Dave, Rashad & Spasojevic, 2008; Eibich, 

2015; Picchio & van Ours, 2019), which will cause the model to be miss-specified (Angrist & 

Pischke, 2009, pp.113-138). The standard OLS model is exposed to three potential sources of 

endogeneity. Firstly, unobserved covariates may jointly affect retirement and mental health 

which gives rise to the omitted variables problem. Secondly, while it is presumed that 

retirement affects mental health, the causal relationship might be two-way17, implying that 

endogeneity is caused by reverse causality. Lastly, any measurement errors in the independent 

variable will give rise to biased coefficients. Since the retirement decision is presumed to be a 

non-random act, the OLS approach is not fit to account for these potential threats of 

endogeneity, neither can it ensure a valid causal interpretation of our findings. Instead, we must 

employ a research strategy which provides an exogenous variation in the retirement 

probability.     

 
16 OLS is valid if the vector of explanatory covariates is not correlated with the error term, i.e. we have exogeneity. 

Here the variable for retirement is contained within the vector of explanatory variables 𝑋𝑖  and is by assumption 

not correlated with the error term 𝑢𝑖. 
17 Entering retirement is often a choice one makes after assessing physical and/or mental health, so causality is 

difficult to measure (Coe & Zamarro, 2011). 
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As noted in Section 3, previous literature presents inconsistent findings on the mental health 

effects of retirement. These inconsistencies are strongly suggested to be caused by differences 

in estimation method (Nishimura, Oikawa & Motegi, 2017). By taking advantage of the 

longitudinal nature of the SHARE data, we identify favourable opportunities for employing a 

‘hybrid’ identification strategy. Explicitly, we intend on utilizing an individual-fixed effects 

methodology within an instrumental variables approach, thus combining two quasi-

experimental methods in order to ensure an improved causal interpretation of this long-debated 

research question. We believe the combination of different quasi-experimental methods in our 

‘hybrid’ identification strategy to be highly feasible for causal inference, and thus remedy 

previous shortcomings among prevailing literature. Namely, utilization of individual-fixed 

effects is the premise on which we are able to distinguish between short-, medium-, and long-

term effects of retirement. A fixed effects model on its own, however, is highly unlikely to 

allow for a credible causal interpretation of the mental health effects of retirement. 

Consider this linear panel data model, in which we observe individuals across several time 

periods:  

𝑀𝐻𝑖𝑡 =  𝛼 + 𝑋𝑖𝑡𝛽 + 𝜐𝑖𝑡  

𝑖 = 1, … , 𝑁    𝑡 = 1, … , 𝑇 

where 𝑀𝐻𝑖𝑡 is our measure of mental health, 𝑋𝑖𝑡 is a vector of exogenous regressors, and 𝜐𝑖𝑡 

is the error term. According to Angrist & Pischke (2009), we may assume the error term 𝜐𝑖𝑡 

to be the sum of two addends, such that: 

𝜐𝑖𝑡 =  𝜂𝑖 + 𝜀𝑖𝑡 

This implies that the error term 𝜐𝑖𝑡 can be separated into two parts; the part that varies over 

time, 𝜀𝑖𝑡, and the part that does not vary over time, 𝜂𝑖. The latter reflects unobserved individual 

factors that are time-invariant, such as race, gender, genetics, ability, personality traits etc.  

In a fixed effects model, presented below, assumptions of no endogeneity are relaxed. We 

assume that unobserved individual time-invariant factors 𝜂𝑖 are indeed dependent on the values 

of 𝑋 for all time periods 𝑇. This indicates that we do not dismiss correlation between 𝜂𝑖 and 

𝑋𝑖𝑡 in any time period: 

𝑀𝐻𝑖𝑡 =  𝛼 + 𝑋𝑖𝑡𝛽 + 𝜂𝑖 + 𝜀𝑖𝑡 

𝐸[𝜂𝑖|𝑋𝑖1, … , 𝑋𝑖𝑇] ≠ 0 

Nonetheless, although the zero conditional mean assumption is violated in this case, it may still 

be possible to obtain consistent estimates of the causal effect using within estimation. This is 
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simply done by estimating the individual-specific mean values over time, and subtracting them 

from the main model, thus eliminating the unobserved individual time-invariant factors from 

our model and consequently getting rid of the fixed effects. 

𝑀𝐻𝑖
̅̅ ̅̅ ̅̅ =  𝑋𝑖̅𝛽 + 𝜂𝑖̅ + 𝜀𝑖̅ 

𝑀𝐻𝑖𝑡 − 𝑀𝐻𝑖
̅̅ ̅̅ ̅̅ =>  𝑀𝐻𝑖𝑡̃ =  𝑋𝑖𝑡̃𝛽 + 𝜀𝑖𝑡̃  

We can obtain the within-estimator, 𝛽𝑤𝑖𝑡ℎ𝑖𝑛
̂ , by employing an OLS strategy.  

To summarize, by removing the fixed effects, 𝜂𝑖, we can control for all time-invariant 

individual factors, regardless of whether they can be measured or not. Our estimated effect of 

retirement, 𝛽, thus captures the within-subject change over time, rather than between-subject 

variability. This is the premise on which we are able to exploit different time-dimension in 

which the causal effect might operate. 

What makes the fixed-effects estimator unfeasible, however, is that we are further required 

to assume that regressors are strictly exogenous, i.e. that the part of the error term that does 

vary over time, 𝜀𝑖𝑡, is at all time periods unrelated to the value of the treatment indicator or 

other covariates: 

𝐸[𝜀𝑖𝑡|𝑋𝑖1, … , 𝑋𝑖𝑇 , 𝜂𝑖] = 0 

𝑖 = 1, … , 𝑁    𝑡 = 1, … , 𝑇 

The strict exogeneity assumption is likely to fail as we cannot account for unobservable time-

specific events that may affect both the outcome and the causal variable of interest, e.g. what 

we may perceive as an effect of retirement on mental health could likely be caused by some 

time-variant ‘outside-model’ effects that affect both mental health and are endogenous to 

retirement status. Thus, although the fixed effects estimator may potentially get rid of a large 

portion of the omitted variable bias in the model, it can only account for the bias caused by 

time-invariant unobservables. Hence, the fixed-effects estimator is still exposed to time-

varying omitted variables and simultaneity bias, as well as susceptible to measurement errors 

which cause attenuation bias (Angrist & Pischke, 2009, pp.221-227). 

Therefore, we combine the individual-level fixed effects strategy with an instrumental 

variables approach to rid the model of aforementioned endogeneity problems. In order to obtain 

a source of exogenous variation in retirement behaviour, we instrument retirement with 

reaching one’s pension eligibility age as it has been noted that age thresholds, at which one 

becomes eligible for state pension benefits, create discontinuities in retirement probability. 

These discontinuities are then exploited to predict retirement behaviour, with this approach 
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being proven to be feasible for causal inference on the relevant topic and well established in 

the prevailing literature investigating the mental health effects of retirement (Apouey, Guven 

& Senik, 2019; Coe & Zamarro, 2011; Eibich, 2015; Fletcher, 2014; Heller-Sahlgren, 2017; 

Heß et al., 2021; Messe & Wolff, 2018; Picchio & van Ours, 2019). We may therefore expect 

state pension eligibility ages to be good predictors of retirement behaviour. Worth of mention, 

however, is that state pension eligibility ages can only be a viable instrument if they meet the 

following assumptions (Angrist & Pischke, 2009, pp.113-138; Fe, 2020; Lousdal, 2018) 

presented below in Table 3. 

Table 3: Validity of IV 

Assumptions Definition Validity 

Relevance assumption i.e. 

existence of first stage: 

𝐶𝑜𝑣(𝑧, 𝑥) ≠ 0 

Instrument has to have a causal 

effect on the dependent variable 

𝑋. 

State pension eligibility ages 

induce people to retire by 

providing a financial incentive in 

the form of pension benefits. 

Exclusion restriction: 

𝐶𝑜𝑣(𝑧, 𝑢) = 0 

Instrument is correlated with 

covariate of interest 𝑋 but is 

uncorrelated with both observable 

and unobservable determinants of 

dependent variable 𝑌. 

State pension eligibility ages only 

affect mental wellbeing indirectly 

through retirement by serving as a 

proxy for retirement decision, not 

through any other channels. 

Independence assumption 
Instrument is independent of the 

outcome variable 𝑌. 

State pension eligibility ages 

should have no effect on mental 

health as they are a government-

imposed threshold and cannot be 

manipulated. 

Monotonicity assumption 

Observations affected by the 

instrument must all be affected in 

the same way. 

Everyone who reaches the state 

pension eligibility age has an 

increased probability of retiring. 

 

It is important to note that the financial incentives to retire, which become available upon 

reaching legal retirement ages, are not powerful enough to force individuals into retirement. 

Instead, reaching the threshold merely creates discontinuities at which respondent’s probability 

of entering retirement significantly increases (Picchio & van Ours, 2019). We can, therefore, 

apply a fuzzy regression discontinuity intuition to our model, where actual retirement is 

instrumented by discontinuities in retirement probability and age acts as the ‘assignment’ 

variable in a Two-Stage Least Squares model.  

Discontinuities created by legal retirement ages are defined as following: 

𝑃𝑟(𝑅𝑖 = 1 | 𝑎𝑔𝑒𝑖) =  {
𝑓1(𝑎𝑔𝑒𝑖) 𝑖𝑓 𝑎𝑔𝑒𝑖 ≥ 𝑝𝑒𝑛𝑠𝑖𝑜𝑛_𝑎𝑔𝑒𝑖

𝑓0(𝑎𝑔𝑒𝑖) 𝑖𝑓 𝑎𝑔𝑒𝑖  < 𝑝𝑒𝑛𝑠𝑖𝑜𝑛_𝑎𝑔𝑒𝑖
  

where 𝑓1(𝑝𝑒𝑛𝑠𝑖𝑜𝑛_𝑎𝑔𝑒𝑖) ≠  𝑓0(𝑝𝑒𝑛𝑠𝑖𝑜𝑛_𝑎𝑔𝑒𝑖)  
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The above expression posits that probability of the respondent being retired given their age is 

higher if the respondent’s age is greater than or equal to the state pension age18. In the model 

we use the dummy variable of pension age to instrument retirement: 

𝑝𝑎̅̅̅̅ 𝑖 = 1 𝑖𝑓 𝑎𝑔𝑒𝑖  ≥  𝑝𝑒𝑛𝑠𝑖𝑜𝑛_𝑎𝑔𝑒𝑖 otherwise 𝑝𝑎̅̅̅̅ 𝑖 = 0 

where dummy variable 𝑝𝑎̅̅̅̅ 𝑖 indicates whether the respondent has reached state pension age or 

not. Essentially, in what follows, we are able to combine individual-fixed effects with the fuzzy 

regression discontinuity intuition, allowing the mental health effects of retirement to differ with 

time.19 Estimating the lagged, long-term effects of retirement on mental health, we conduct the 

following 2SLS estimation:  

 

𝑅𝑖𝑡−2 =  𝛽0 +  𝛽1𝑝𝑎̅̅̅̅ 𝑖𝑡−2 + 𝛽2(𝑎𝑔𝑒̃𝑖𝑡−2) + 𝛽3(𝑎𝑔𝑒̃𝑖𝑡−2)2 + 𝛽4𝛾𝑐(𝑎𝑔𝑒̃𝑖𝑡−2) +

               + 𝛽5𝛾𝑐(𝑎𝑔𝑒̃𝑖𝑡−2)2 +  𝛽6𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2) + 𝛽7𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)2 +

               + 𝛽8𝛾𝑐[𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)] + 𝛽9𝛾𝑐[𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)2]  + 𝛿𝑖 + 𝜂𝑡 + 𝜃𝑡 + 𝜀𝑖𝑡         (1)  

 

𝑒𝑢𝑟𝑜𝑑𝑖𝑡
=  𝛽0 + 𝛽1𝑅𝑖𝑡−2̂ + 𝛽2(𝑎𝑔𝑒̃𝑖𝑡−2) + 𝛽3(𝑎𝑔𝑒̃𝑖𝑡−2)2 + 𝛽4𝛾𝑐(𝑎𝑔𝑒̃𝑖𝑡−2)

+  𝛽5𝛾𝑐(𝑎𝑔𝑒̃𝑖𝑡−2)2 + 𝛽6𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2) + 𝛽7𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)2

+  𝛽8𝛾𝑐[𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)] + 𝛽9𝛾𝑐[𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)2] 

                           + 𝛿𝑖 + 𝜂𝑡 + 𝜃𝑡 + 𝜀𝑖𝑡                                                                                                 (2) 

 

We estimate the first stage regression (equation 1), where we predict retirement behaviour 

between wave 4 and 5 by reaching one’s state pension eligibility age, 𝑝𝑎̅̅̅̅ 𝑖𝑡−2, over that same 

period. The presence of flexible continuous functions of age, 𝑎𝑔𝑒̃𝑖𝑡−2 and (𝑎𝑔𝑒̃𝑖𝑡−2)2, is 

noticeable in the first- and second-stage as it is recommended to let the impact of the 

assignment variable, in this case the age of the respondent, differ on each side of the threshold 

(Angrist & Pischke, 2009, pp.251-269). We do so by centring age, so that the coefficient of the 

causal variable of interest is able to estimate the jump in mental health at the threshold. This is 

done by subtracting pension eligibility age from respondent’s actual age20 (Ashwin, Keenan & 

Kozina, 2021; Heller-Sahlgren, 2012).  We include linear and quadratic age trends as they have 

been observed to have substantially smaller standard errors than models with high order 

 
18 In other words, reaching state pension age makes retiring more probable, for which we must also assume the 

following:  𝑓1(𝑝𝑒𝑛𝑠𝑖𝑜𝑛_𝑎𝑔𝑒𝑖) >  𝑓0(𝑝𝑒𝑛𝑠𝑖𝑜𝑛_𝑎𝑔𝑒𝑖) 
19 Whereas a limitation of using an RDD is that it can only estimate short-run effects of retirement (Nielsen, 

2018). 
20 Time-demeaning is essential for estimating fixed effects (Angrist & Pischke, 2009, pp.221-227), thus 𝑎𝑔𝑒̃𝑖𝑡−2 

and (𝑎𝑔𝑒̃𝑖𝑡−2)2 are shorthand for (𝑎𝑔𝑒𝑖𝑡−2 −  𝑝𝑎𝑖𝑡−2)  and (𝑎𝑔𝑒𝑖𝑡−2 −  𝑝𝑎𝑖𝑡−2)2 respectively.  
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polynomials (Gelman & Imbens, 2019). Further, we add interactions between centred age 

variables and the legal retirement age threshold: 𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2) and  𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)2, with 

the purpose of isolating the effect of retirement by discerning between the nonlinearity of 

continuous variable of age and the discontinuous jump in retirement probability happening at 

𝑝𝑎̅̅̅̅ 𝑖 (Lee & Lemieux, 2010; Picchio & van Ours, 2019). The variables should not exhibit any 

kink, otherwise our results will be confounded by variation stemming from covariates other 

than the retirement status (Fe & Hollingsworth,2012).  

In the second-stage regression (equation 2) we regress the mental health measure 𝑒𝑢𝑟𝑜_𝑑𝑖𝑡 

on the predicted probability of retirement between wave 4 and 5 from the first-stage regression, 

denoted as 𝑅𝑖𝑡−2̂. We recognize that the effect of age may differ across countries21 and we 

counter that by incorporating interactions between country dummy variables and centred ages, 

𝛾𝑐(𝑎𝑔𝑒̃𝑖𝑡−2) and 𝛾𝑐(𝑎𝑔𝑒̃𝑖𝑡−2)2, as well as their interaction with the state pension eligibility 

threshold; 𝛾𝑐[𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)]  and 𝛾𝑐[𝑝𝑎̅̅̅̅ 𝑖𝑡−2(𝑎𝑔𝑒̃𝑖𝑡−2)2]. By doing so, we allow the general 

effect of age, as well as the effect of age around the discontinuity, to differ across observed 

countries. The model includes individual-fixed effects, 𝛿𝑖, as well as year- and month-fixed 

effects, denoted by 𝜂𝑡 and 𝜃𝑡 respectively. Year- and month-fixed effects are added to control 

for yearly and monthly factors of change that are common within countries (Allison, 2009, 

n.p.), with the common example being the need to account for the effects of seasons.  

Thus, this model is essentially analysing the long-term longitudinal changes in mental 

health (wave 5-7) after a change in retirement status has been established between wave 4 and 

5. The intuition is that by measuring all variables, except mental health, at 𝑡 − 2, we capture 

the lagged, long-term effect on mental health. Furthermore, in separate estimations, we control 

for lagged mental health in the models alongside the variables mentioned above for two 

reasons: it prevents mean reversion since we’re controlling for individual’s mental health in 

previous waves (Angrist & Pischke, 2009, pp.243-246; Heller-Sahlgren, 2017), and secondly, 

it serves as a further check on our model’s ability to capture causal effects of retirement as 

coefficients between two models should not differ greatly. All models are estimated with 

standard errors clustered at the individual level as we assume that there is within-individual 

correlation. Intuitively, we estimate the medium-term effects by restricting the sample to 

observations in waves 4-6 and re-estimating equations (1) and (2), only now all regressors are 

measured at 𝑡 − 1, instead of at 𝑡 − 2. Same logic applied, we estimate all regressors at time 𝑡 

 
21 To rid the model of correlation between ages and country-specific pension system (Motegi, Nishimura & 

Oikawa, 2020). 
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for the short-term effects of retirement, where the sample is restricted to observations in waves 

4 and 5. 

By exploiting lags of relevant variables as well as multiple wave observations in our 

longitudinal data we are able to alternate the window of cause and effect across the four years 

after the change in retirement status took place, observing within-unit changes at multiple 

points in time (Fe & Hollingsworth, 2012). Our FE-IV models, based on a fuzzy RDD intuition, 

capture the local average treatment effect (LATE) of retirement on mental health (Imbens & 

Angrist, 1994; Zang, 2020). In the set-up of this identification strategy, given the four 

assumptions provided in Table 3, the LATE can be interpreted as the effect of retirement on 

mental health for those whose retirement status was changed by the instrument, i.e. compliers22.  

Limitations of this model setup are few but important to address. Based on the 

approximately two-year window between the wave four and five interviews, there is a potential 

risk of misspecification in the model. Namely, individuals assigned to the treatment group cross 

their state pension eligibility age at different times between wave four and five, depending on 

country and gender. Thus, for those who retire immediately after the wave four interview, 

mental health will not be reported until the wave five interview, happening almost two years 

after the change in retirement status took place. Intuitively, this may cause our estimators to 

ignore potential short-term effects arising immediately after the change in retirement status. 

We firmly believe, however, that this potential risk of misspecification is significantly 

mitigated by the inclusion of lagged mental health, which should account for any differentials 

in mental health trends between compliers in the treatment and control groups over the fourth 

and fifth wave interviews.      

5.2 Robustness tests 

First robustness test conducted pertains to narrowing down the age window of our working 

sample at the fifth wave interview. In the benchmark specifications we include individuals aged 

50-76 years at wave 5, which corresponds to a bandwidth of 10 years below and above the 

minimum and maximum state pension eligibility ages presented in Table A1. Thus, to 

determine the sensitivity of our results to the choice of bandwidth, we restrict the sample to 

individuals aged 57-69 years old at wave 5. This corresponds to a bandwidth of 3 years below 

 
22 Local average treatment effect for respondents affected by the instrument means both our treatment group 

(retired because they reached state pension age in-between waves four and five) and our control group (didn’t 

reach state pensione eligibility age in that time so they didn’t retire) are compliers in this scenario, and we compare 

changes in mental health between two groups.  
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and above the minimum and maximum state pension eligibility ages. Narrower age window 

should decrease the likelihood of bias, however, it is also possible that by having fewer 

observations we increase the variance (Heller-Sahlgren, 2017; Lee & Lemieux, 2010). The 

smaller age window is estimated with and without quadratic age trend, an intuition borrowed 

from the RD design. It has been noted that RD estimates get less precise as the sample around 

the discontinuity gets smaller, and to counter this it is recommended to lower the number of 

polynomials included in the model (Angrist & Pischke, 2009, pp.251-269). 

To conclude, we investigate potential heterogeneous effects of retirement depending on 

marital status, gender, and educational attainment. We include interaction variables between 

our instrument and chosen covariates in separate estimations to investigate potential 

differences in the impact of retirement on mental health depending on marital status, gender, 

and education. 

6. Results 

This section presents the estimated impact of retirement on mental health, based on three 

definitions of retirement and two separate outcome measures. We provide the main results of 

this paper in Subsection 6.1 by analysing the short-, medium-, and long-term effect of retiring 

between interview waves four and five, where the endogenous retirement decision is 

instrumented by state pension eligibility age. In Subsection 6.2, we evaluate the robustness of 

our results by examining their sensitivity to (1) choice of bandwidth and (2) panel attrition. 

This section concludes with Subsection 6.3, where we explore heterogenous effects of 

retirement.   

6.1 The impact of retirement on mental health  

As noted in Section 5, the retirement decision is likely to be endogenous. Hence, 

inconsideration of this poses great threats to the validity of our results. Table 4 displays 

estimates of the impact of retirement on mental health utilizing OLS models. While these 

models incorporate month-, year-, and individual-fixed effects, they yet cannot account for 

endogenous retirement behaviour across individuals. Consistent with a greater part of previous 

literature, discussed in Section 3, the coefficients are noticeably small and statistically 

insignificant independent of outcome measure and definition of retirement. Thus, our OLS 

estimates suggest that mental health is unaffected by retirement in the long-, medium-, and 

long-term respectively.    
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As discussed in Subsection 5, we deal with the endogeneity problem by utilizing our main FE-

IV research strategy. Table 5 displays the estimates obtained from our 2SLS model in equations 

(1) and (2). Short-, medium-, and long-term effects are displayed in panels 1-5. The first row 

of each panel presents second-stage results, whereas the second row of each panel presents 

first-stage results. Based on the results of the second row of each panel, assessed by the 

coefficient of the instrument 𝑝𝑎̅̅̅̅ 𝑖, we can establish that the instrument has a sufficiently strong 

first-stage effect across all definitions of retirement, with the F-statistics continuously 

exhibiting values significantly higher than the critical values established by Stock and Yogo  

(2005) for non-weak instruments.23 Depending on the definition of retirement, the first-stage 

coefficients suggest that reaching the state pension eligibility age increases the probability of 

retirement by 10-13 percentage points, respectively statistically significant at a 1 percent 

significance level. Thus, reaching one’s state pension eligibility age meets expectations of 

being a strong predictor of retirement, which in turn implies an ample variation in the 

retirement probability within the working sample.  

The second-stage results of the first panel indicate a fairly small, but positive, association 

between retirement and mental health in the short-term across all definitions of retirement. 

These indications hold true for both outcome measures. In absence of statistical significance, 

however, these coefficients display no evidence of short-term effects on mental health 

following a change in retirement status between the fourth and fifth wave interviews, assessed 

by the coefficient of 𝑅𝑖𝑡̂. As mentioned in Section 2, however, an important question while 

 
23 Our F-statistics are consistently higher than the Stock & Yogo threshold bias of 5% so we conclude our state 

pension eligibility age is a sufficiently strong instrument.  

Table 4: OLS results 

Definition of 

Retirement 

(1) (2) (3) (1) (2) (3) 

Outcome Variable Euro-D Euro-D Euro-D 
Clinical 

depression 

Clinical 

depression 

Clinical 

depression 

Short-term relationship 

𝑅𝑖𝑡  

0.04 0.03 0.09 -0.01 -0.01 -0.01 

(0.05) (0.05) (0.06) (0.01) (0.01) (0.01) 

Medium-term relationship 

𝑅𝑖𝑡−1 

-0.07 

(0.01) 

-0.01 

(0.03) 

-0.04 

(0.04) 

-0.01 

(0.01) 

0.00 

(0.01) 

-0.01 

(0.01) 

Long-term relationship 

𝑅𝑖𝑡−2 

0.04 

(0.06) 

0.07 

(0.06) 

0.14 

(0.07) 

0.01 

(0.02) 

0.02 

(0.02) 

0.03 

(0.02) 

n 15 748 15 748 13 818 15 748 15 748 13 818 

Note: Significance levels: *p<0.10; **p<0.05; ***p<0.01. Standard errors clustered at the individual level are 

in parentheses. Year-, month-, and individual-fixed effects are included in all models. Country dummy 

interactions are included in all models. Linear and quadratic age trends are included in all models.  
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assessing the mental health effects of retirement is when those effects might appear, and the 

extent to which they may persist. Therefore, in what follows we analyse the potential mental 

health effects approximately 2-4 years after retirement has ensued. It could very well be that 

causal inference is not achieved in previous literature attributable to inconsideration of time-

dimensions in which the impact of retirement may operate.                     

Contrary to short-term implications, the second-stage results of the second panel suggest a 

negative medium-term association between retirement and mental health across all definitions 

of retirement, somewhat mitigated by the models in the third panel including lagged mental 

health. Correspondingly to the short-term estimates, however, the second-stage coefficients 

exhibit no statistical significance and allow for no causal interpretation of the mental health 

effects of retirement, regardless of outcome measure. Thus, these results display no evidence 

of any effects on mental health over the fifth and sixth wave interviews following a change in 

retirement status over the fourth and fifth wave interviews, assessed by the coefficient of 𝑅𝑖𝑡−1̂.  

The second-stage results of the fourth panel, however, indicate a substantial negative long-term 

effect on mental health following a change in retirement status over the fourth and fifth wave 

interviews, assessed by the coefficient of 𝑅𝑖𝑡−2̂ . Depending on which definition of retirement 

is employed, the second-stage coefficients display a long-term average increase of 1.14-1.57 

Euro-D points among those who retired between the fourth and fifth wave interviews, relative 

to the control group. This corresponds to 0.52-0.72 standard deviations, based on summary 

statistics for wave 7, as seen in Table 2. Similarly, substantial negative long-term effects of 

retirement are found when analysing the probability of clinical depression, which is denoted as 

scoring 4 or higher on the Euro-D scale. Depending on which definition of retirement is 

employed, the probability of becoming or remaining clinically depressed increases on average 

by 19-26 percentage points for those who retire between the fourth and fifth wave interviews, 

relative to the control group. This corresponds to 0.45-0.61 standard deviations. These results 

hold true in the models including lagged mental health in the fifth panel, although the negative 

effects are slightly mitigated, and somewhat more precise. Nonetheless, the long-term effects 

of retirement on mental health are statistically significant and uniformly negative, irrespective 

of outcome measure, model specification, and which definition of retirement is employed. 

Worth of mention, the absence of statistically significant short- to medium-term effects on 

mental health has an important implication. With no evidence of any positive effects on mental 
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health prior to the long-term estimation, one can arguably dismiss any ‘honeymoon-stage’ 

effects24. 

Table 5: FE-IV models – Mental health effects of retirement 

Definition of 

Retirement 

(1) (2) (3) (1) (2) (3) 

Outcome Variable Euro-D Euro-D Euro-D 
Clinical 

depression 

Clinical 

depression 

Clinical 

depression 

Short-term effects 

𝑅𝑖𝑡̂  
-0.11 -0.16 -0.14 -0.05 -0.07 -0.06 

Second-stage (0.44) (0.60) (0.54) (0.10) (0.14) (0.12) 

𝑝𝑎̅̅̅̅ 𝑖𝑡 0.13*** 0.09*** 0.10*** 0.13*** 0.09*** 0.10*** 

First-stage (0.01) (0.02) (0.01) (0.02) (0.02) (0.01) 

F-statistic 78.36 46.88 57.17 78.36 46.88 57.17 

Hausman test 0.58 0.51 0.33 0.52 0.50 0.30 

n 15 748 15 748 13 818 15 748 15 748 13 818 

Mid-term effects 

Excluding lagged mental health 

𝑅𝑖𝑡−1̂ 
0.42 0.71 0.64 0.04 0.05 0.05 

Second-stage (0.41) (0.57) (0.51) (0.10) (0.13) (0.12) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−1 0.13*** 0.09*** 0.10*** 0.13*** 0.09*** 0.10*** 

First-stage (0.01) (0.02) (0.01) (0.01) (0.01) (0.01) 

F-statistic 78.30 46.45 56.97 78.30 46.45 56.97 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

Including lagged mental health 

𝑅𝑖𝑡−1̂ 
0.26 0.56 0.51 0.03 0.04 0.03 

Second-stage (0.38) (0.52) (0.47) (0.09) (0.11) (0.11) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−1 0.13*** 0.09*** 0.10*** 0.13*** 0.09*** 0.10*** 

First-stage (0.01) (0.02) (0.01) (0.01) (0.02) (0.01) 

F-statistic 78.36 46.43 56.95 78.26 46.43 56.92 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

n 15 748 15 748 13 818 15 748 15 748 13 818 

Long-term effects 

Excluding lagged mental health 

𝑅𝑖𝑡−2̂ 
1.14*** 1.57*** 1.42*** 0.19** 0.26** 0.23** 

Second-stage (0.42) (0.58) (0.52) (0.11) (0.13) (0.09) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−2 0.13*** 0.09*** 0.10*** 0.13*** 0.09*** 0.10*** 

First-stage (0.01) (0.02) (0.01) (0.01) (0.02) (0.01) 

F-statistic 78.19 46.38 56.89 78.19 46.38 56.89 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

Including lagged mental health 

𝑅𝑖𝑡−2̂ 
1.10*** 1.54*** 1.38*** 0.16** 0.22* 0.20* 

Second-stage (0.37) (0.50) (0.45) (0.09) (0.12) (0.11) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−2 0.13*** 0.09*** 0.10*** 0.13*** 0.09*** 0.10*** 

First-stage (0.01) (0.02) (0.01) (0.01) (0.02) (0.01) 

F-statistic 78.13 46.36 56.85 78.15 46.36 56.94 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

n 15 748 15 748 13 818 15 748 15 748 13 818 

Note: Significance levels: *p<0.10; **p<0.05; ***p<0.01. Standard errors clustered at the individual level are 

in parentheses. All models include the variables in equations (1) and (2).  

 
24 As discussed in Section 2, retirees are initially expected to go through the “honeymoon stage” and perhaps 

perceive retirement as vacation rather than a permanent withdrawal from the labour force. During this stage, we 

may expect retirees to feel carefree and relaxed, and hence experience positive changes in their mental health. 
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This in turn indicates that the coefficients of the fourth panel are capturing true negative long-

term effects of retirement, with no threats of the effect being triggered by diminishing positive 

short- to medium-term effects. This implication is also supported by the long-term estimates 

of the fifth panel, where models including lagged mental health exhibit highly comparable 

estimates with somewhat higher precision. We identify, therefore, no threats of mean reversion. 

Importantly, the Hausman specification test uniformly rejects the null hypothesis of no 

endogeneity in the models assessing mid- to long-term effects. This implies that OLS estimates 

in Table 4 are underestimating the long-term effects of retirement and are to be perceived as 

downwards biased. Ultimately, our main results strongly imply that retirement has substantial 

negative long-term effects on mental health, although no significant short- to mid-term effects.       

6.2 Robustness checks 

6.2.1  Sensitivity to the choice of bandwidth  

As discussed in Section 2, it is vital to investigate if the results are robust to changes in the size 

of the bandwidth around the threshold.25 Thus, exploring the implications of the bandwidth 

choice, we re-estimated our FE-IV models by restricting the working sample to individuals 

within an age interval of approximately three years above and below the maximum and 

minimum age threshold at the fifth wave interview. Doing so, we only include individuals who 

were 57-69 years old at that point in time. Given the considerably smaller neighbourhood of 

observations around the thresholds, we employed a linear age trend. Consequently, the working 

sample is reduced by approximately 40 percent. As displayed by the estimates of Table 6, even 

when significantly reducing observation window, the negative long-term results remain 

considerable and are highly comparable to the benchmark specifications. These results hold 

true even when combining a quadratic age trend with the narrowed bandwidth, displayed by 

the estimates of Table A2. Evidently, the results are robust to the choice of bandwidth. The 

sample size significantly changes, but the basic causal inference does not. Establishing the 

internal validity of these results, our research design proves to capture the causal effects of 

retirement on mental health for the population under study. 

 

 
25 As discussed in Section 5, there is a common trade-off between bias and precision when determining the 

bandwidth since a broader bandwidth provides more observation and consequently larger precision/information, 

but observations further away from the thresholds are less comparable, hence increasing the bias. 
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Table 6: FE-IV models – Mental health effects of retirement (3-year age window) 

Definition of 

Retirement 

(1) (2) (3) (1) (2) (3) 

Outcome Variable Euro-D Euro-D Euro-D 
Clinical 

depression 

Clinical 

depression 

Clinical 

depression 

Short-term effects 

𝑅𝑖𝑡̂  
-0.02 -0.02 -0.07 -0.01 -0.03 -0.02 

Second-stage (0.31) (0.40) (0.38) (0.07) (0.12) (0.09) 

𝑝𝑎̅̅̅̅ 𝑖𝑡 0.19*** 0.15*** 0.16*** 0.19*** 0.15*** 0.16*** 

First-stage (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) 

F-statistic 132.42 87.11 96.64 132.42 87.11 96.64 

Hausman test 0.87 0.88 0.77 0.86 0.83 0.79 

n 9 365 9 365 8 282 9 365 9 365 8 282 

Mid-term effects 

Excluding lagged mental health 

𝑅𝑖𝑡−1̂ 

Second-stage 

0.38 

(0.30) 

0.48 

(0.38) 

0.44 

(0.36) 

0.01 

(0.06) 

0.02 

(0.09) 

0.01 

(0.08) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−1 

First-stage 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

F-statistic 132.53 87.49 97.02 132.53 87.49 97.02 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

Including lagged mental health 

𝑅𝑖𝑡−1̂ 

Second-stage 

0.36 

(0.26) 

0.46 

(0.34) 

0.42 

(0.31) 

0.01 

(0.05) 

-0.02 

(0.08) 

0.01 

(0.07) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−1 

First-stage 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

F-statistic 132.51 87.43 96.90 132.55 87.44 97.01 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

n 9 365 9 365 8 282 9 365 9 365 8 282 

Long-term effects 

Excluding lagged mental health 

𝑅𝑖𝑡−2̂ 

Second-stage 

1.10*** 

(0.36) 

1.39*** 

(0.37) 

1.29*** 

(0.30) 

0.20*** 

(0.05) 

0.26*** 

(0.10) 

0.23*** 

(0.08) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−2 

First-stage 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

F-statistic 132.78 87.95 96.93 132.78 87.85 96.93 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

Including lagged mental health 

𝑅𝑖𝑡−2̂ 

Second-stage 

0.78*** 

(0.27) 

1.01*** 

(0.33) 

0.92*** 

(0.21) 

0.13*** 

(0.04) 

0.16*** 

(0.08) 

0.15*** 

(0.05) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−2 

First-stage 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

F-statistic 132.76 87.93 71.27 123.79 87.94 72.56 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

n 9 365 9 365 8 282 9 365 9 365 8 282 

Note: Significance levels: *p<0.10; **p<0.05; ***p<0.01. Standard errors clustered at the individual level are 

in parentheses. All models include the variables in equations (1) and (2).  
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6.2.2 Inverse probability weighting   

As noted in Subsection 4.6, although attrition is characteristic and to be expected in 

longitudinal research, we ought to treat it as detrimental to our results a priori. The idea is quite 

intuitive: if reasons of attrition are unknown, the same applies for its nature. Frankly, without 

accounting for it, there is no way of knowing whether attrition is random or systematic, and 

therefore, whether it poses a threat to the internal and-/or external validity of our findings. In 

order to account for possible systematic attrition, and thus any attrition bias, we assign different 

weights to each individual in our working sample depending on their inverse probability of 

remaining in all four waves of the panel, conditional on observables. That is, we evaluate the 

sensitivity of our benchmark specifications in Table 5 and Table 6 by re-estimating them, 

although now employing an inverse probability weighting on our working sample. Worth of 

mention, this approach slightly limits our sample size as a consequence of missing values on 

observables used to estimate each individual’s inverse probability of remaining in all four 

waves of the panel. As Table A3 displays, the estimated long-term effects of retirement on 

mental health are highly comparable to those of Table 5 and Table 6, although larger and 

somewhat more precise. This holds true irrespective of outcome measure and definition of 

retirement. Indeed, this strongly indicates that we are dealing with random attrition, which 

further suggests that participants who left the panel do not differ in specific ways from those 

who remained. Ultimately, the validity of our results proves to be solid, and is unlikely to be 

affected by selective attrition.  

6.3 Heterogeneity analysis    

Evaluating the findings so far, we identify solid evidence of substantial negative long-term 

effects of retirement on mental health. However, based on inconsistent findings in previous 

literature discussed in Section 3, we have reasons to believe that the impact of retirement is not 

uniform across individuals hinged on demographic factors. Hence, we seek to obtain a better 

understanding of what factors potentially drive the results obtained in Section 6.1, and perhaps 

remedy some of the shortcomings of previous literature discussed in Section 3. Inconsideration 

of heterogenous retirement effects may very well explain the lack of consensus in previous 

findings. Table 7 displays long-term estimates of our FE-IV models using a 10-year age 

window, now allowing the impact of retirement to vary by educational attainment levels, 

gender, and marital status. As presented by the second and third panels, we find no evidence 

of heterogenous retirement effects in terms of gender and marital status. 
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Table 7: Heterogenous treatment effects – the impact of retirement on mental health 

Definition of 

Retirement 

(1) (2) (3) (1) (2) (3) 

Outcome Variable Euro-D Euro-D Euro-D 
Clinical 

depression 

Clinical 

depression 

Clinical 

depression 

Long-term effects 

Educational attainment level 

𝑅𝑖𝑡−2̂ 
1.19*** 1.61*** 1.42** 0.19** 0.25** 0.22** 

Second-stage (0.43) (0.76) (0.60) (0.12) (0.19) (0.16) 

𝑹𝒊𝒕−𝟐̂ × LEA 0.22*** 0.16*** 0.36*** 0.05*** 0.12*** 0.10*** 

(0.06) (0.05) (0.11) (0.02) (0.02) (0.06) 

n 15 748 15 748 13 818 15 748 15 748 13 818 

Gender 

𝑅𝑖𝑡−2̂ 

Second-stage 

1.39*** 

(0.52) 

1.97*** 

(0.81) 

1.74** 

(0.63) 

0.18*** 

(0.12) 

0.29*** 

(0.11) 

0.24** 

(0.16) 

𝑹𝒊𝒕−𝟐̂ × Female -0.09 

(0.42) 

0.16 

(0.74) 

0.11 

(0.56) 

-0.08 

(0.10) 

0.13 

(0.18) 

0.07 

(0.12) 

n 15 748 15 748 13 818 15 748 15 748 13 818 

Marital status 

𝑅𝑖𝑡−2̂ 

Second-stage 

1.02*** 

(0.51) 

1.36*** 

(0.78) 

1.14** 

(0.58) 

0.09** 

(0.13) 

0.17** 

(0.14) 

0.16** 

(0.18) 

𝑹𝒊𝒕−𝟐̂ × Married -0.22 

(0.46) 

-0.27 

(0.74) 

-0.38 

(0.59) 

-0.09 

(0.10) 

-0.04 

(0.15) 

-0.07 

(0.14) 

n 15 748 15 748 13 818 15 748 15 748 13 818 

Note: Significance levels: *p<0.10; **p<0.05; ***p<0.01. Standard errors in parentheses (clustered at individual 

level). All models include the variables in equations (1) and (2). All models include lagged mental health. The 

minimum Cragg-Donald F statistic is 28.51. The Hausman test displays p-values lower than 0.01.  
 

The estimated coefficients are fairly small and lack statistical significance across all definitions 

of retirement. Contrary, we find solid evidence of heterogeneity in the long-term impact of 

retirement hinged on educational attainment levels, independent of retirement definition and 

outcome measure. Explicitly, the first panel displays that retirement over the fourth and fifth 

waves causes an increase of 0.16-0.36 Euro-D points score for individuals with low educational 

attainment in the long-term, relative to the counterpart. Likewise, the probability of becoming 

or remaining clinically depressed increases by 5-12 percentage points for individuals with low 

educational attainment in the long-run, relative to highly educated individuals. Generally, this 

implies that the negative long-term effects of retirement on mental health are homogeneous 

across genders and marital status, but do not apply uniformly across educational levels. As 

discussed in Section 2, one can expect more educated retirees to be more efficient producers 

of health in context of the Grossman model, since information concerning health-preserving 
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inputs increases with schooling. Thus, based on these results, lower education arguably reveals 

itself as a potential pathway of the negative mental health effects of retirement.  

7. Discussion  

Having established that the 2SLS estimates obtained in Subsection 6.1 are robust to model 

specification, choice of bandwidth, and panel attrition, we direct our focus towards the validity 

of our identification strategy. Prior to any policy implications, we need to evaluate whether or 

not our 2SLS estimates are fit for a causal interpretation of the impact of retirement on mental 

health. Therefore, we consider this discussion as a critical part of our paper. In what follows, 

we assess the internal and external validity of the main results.  

It has been noted that the 2SLS estimator yields consistent but biased estimates in samples 

with restricted size, given that the exclusion restriction holds. This suggests that the 2SLS 

estimator is able to yield estimates close to the causal effect of interest only when samples are 

large in size. Consequently, small samples cause the 2SLS estimator to differ significantly from 

the estimand of the full population. Worth of mention, the bias of the 2SLS estimator is largest 

in presence of weak instruments, implying low correlation between the instruments and 

endogenous regressors. This especially holds true if the instruments are many compared to the 

endogenous regressors. If instruments are many and weak, the 2SLS estimator is biased 

towards OLS (Angrist & Pischke, 2009, pp.173-188). Further, researchers have shown that 

weak instruments cause the 2SLS estimator to be biased even in a large sample, emphasizing 

the importance of a strong first-stage (Bound et al., 1995). An appropriate approximation of 

the 2SLS estimator bias, relative to the OLS estimator, is assumed to be the inverse of the F-

statistic of the excluded instruments (Bound et al., 1995; Stock & Yogo, 2005; Olea & Pflueber, 

2013). Assessing our main results, as presented in Subsection 6.1, all benchmark specifications 

of our 2SLS estimation display large F-statistics for the excluded instrument, slightly varying 

between definitions of the endogenous regressor. Corresponding F-statistics are obtained in 

our sensitivity analysis, where the instrument becomes even more powerful, as presented in 

Subsection 6.2. Establishing our instrument as strong, the F-statistics uniformly imply a trivial 

bias of the 2SLS estimator relative to the OLS estimator, given that the assumption of exclusion 

restriction is satisfied. On that note, we ought to address the assumption of exclusion 

restriction. As discussed in Subsection 5.1, the exclusion restriction is of major importance in 

terms of obtaining valid causal estimates in an instrumental variables approach. Namely, for a 

valid causal interpretation of the results, the instrument must be independent of potential 
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outcomes, mental health, but not of the causal variable of interest, retirement. This would 

indicate that the instrument is as good as randomly assigned, conditional on covariates (Angrist 

& Pischke, 2009, pp.113-147). Unfortunately, there are no valid tests that may prove if the 

exclusion restriction is satisfied or not. Our ‘hybrid’ identification strategy allows for slightly 

different identification assumptions. While a conventional fuzzy RDD would assume that 

individuals just around the pension eligibility threshold differ only in terms of retirement 

probability, we assume that crossing one’s pension eligibility threshold (which serves as 

instrument for retirement) has no impact on mental health for observations around the given 

threshold other than via retirement. This is even more likely to hold when a smaller bandwidth 

of observations around the threshold is employed. As discussed in Subsection 5.1, we may 

assume this after controlling for direct effects of age in flexible specifications of our FE-IV 

models, where we focus on within-unit changes over time rather than across across-unit 

variation. It is strongly implied that one should be cautious giving causal interpretations of 

estimates when the exclusion restriction is likely to be violated. Given the nature of our 

identification strategy, however, we have reasons to believe that the exclusion restriction is 

more likely to be satisfied than not. Nonetheless, the analysis identifies a causal effect for the 

population under study which survives an appropriate line for sensitivity checks. As causal 

inference is achieved for the working sample, we conclude a high internal validity of our 

results, as expected when estimating the local average treatment effect (Angrist & Pischke, 

2009, pp.173-216). Commonly known among researchers, 2SLS estimates conventionally have 

high internal validity but low external validity. In contrast to the average treatment effect, a 

LATE is not informative regarding the effect on individuals whose treatment status is 

unaffected by the instrument, thereby minimizing the degree to which the results can be 

generalized. Then again, this is of concern only if we are interested in the average treatment 

effect on the entire population. Some researchers argue that the LATE could be misleading for 

policy implications even if it’s consistently estimated by 2SLS, since it may substantially differ 

from the average treatment effect (Heckman & Urzúa, 2010). Others imply that this poses no 

problems since policies are unlikely to affect an entire population, thereby making LATE the 

parameter of interest (Imbens, 2010). In context of our research question, differences between 

the average treatment effect on a stable population and the LATE should be of no concern. 

Pension eligibility does not force individuals into retirement, but merely incentivizes them 

towards it. Intuitively, the effect on those whose retirement status changes because of the 

instrument, i.e., compliers, should lay the foundations for policy implications, as they are the 
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ones actually affected by the policy. In any case, an accumulation of different LATEs from 

different subpopulations can help build evidence on the topic of interest. 

8. Conclusion  

In this study, we investigated effects of entering retirement on one’s mental health by applying 

an individual-fixed effects model with instrumental variables approach on four waves of 

Survey of Health, Ageing, and Retirement in Europe. Our choice of model allowed us to apply 

RDD intuition and treat state pension eligibility ages as sources of discontinuities in order to 

obtain exogenous variation in retirement decision, whereas inclusion of individual-fixed effects 

allowed us to stratify the observed effects on mental health over a short-, medium-, and long-

term period. Thus, this thesis addresses shortcomings of previous studies, whose research 

designs did not allow the effect of retirement to operate in different time-dimensions. The 

obtained results show that retirement has no significant effect on mental health of respondents 

in short- and medium-term, however, in long-term the effect is both significant and negative. 

We thus conclude that retirement has a lagged negative effect on mental health, measured both 

by the Euro-D scale of depression symptoms as well as by the probability of remaining or 

becoming clinically depressed. Additionally, our main results survive an appropriate line of 

robustness checks, and prove insensitive to model specification, choice of bandwidth, and 

panel attrition. By using panel data on the sample of ten European countries in period from 

2011 to 2017, we were able to estimate a local average treatment effect and reach a conclusion 

that negative long-term effects of retirement are homogenous in terms of gender and marital 

status, but heterogenous across educational attainment levels. While it is still mostly unclear 

through which mechanisms the effect of retirement operates, this paper suggests that 

educational attainment is a factor of interest in the ongoing discussion, hence this particular 

channel of effect should be thoroughly investigated by future researchers. Conversely, we 

recognize that there may be other causal pathways through which retirement may affect mental 

health and therefore further research on this topic is advised.  

Research conducted in this paper presents results with high internal validity, however, we 

argue that LATE’s obtained by this research design can have broader implications on policy 

making. Specifically, policy makers should consider different time dimensions in which causal 

effects could operate and work to find a solution that alleviates the pressure on fiscal 

sustainability of pay-as-you-go pension systems while simultaneously postponing negative 

effects of retirement on mental health.  
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A. Tables 

A.1 Legal Retirement Ages across Countries and Genders 

Table A1: Legal retirement ages across countries and genders 
Country Men Women 

Austria 65 60 

Belgium 65 65 

Czechia 62 and 6 months 61 and 4 months 

Denmark 65 65 

France 60 60 

Germany 65 and 1 month 65 and 1 month 

Italy 66 62 

Spain 65 65 

Sweden 65 65 

Switzerland 65 64 
Note: State pension ages are provided by U.S.A.'s Social Security Administration's Social Security Program Survey for year 

2012. These pension ages were valid for people retiring between SHARE waves four and five which is the interval of interest 

in our research. Ages with specific months of retiring (such as state pension ages in Czechia and Germany) were transformed 

into decimals. 
 

A.2 The Mental Health Effects of Retirement: Bandwidth choice   

Table A2: FE-IV models – Mental health effects of retirement (3-year age window with quadratic age 

trend) 

Definition of 

Retirement 

(1) (2) (3) (1) (2) (3) 

Outcome Variable Euro-D Euro-D Euro-D 
Clinical 

depression 

Clinical 

depression 

Clinical 

depression 

Long-term effects 

Excluding lagged mental health 

𝑅𝑖𝑡−2̂ 

Second-stage 

1.91*** 

(0.82) 

2.31*** 

(1.09) 

2.11*** 

(0.96) 

0.32*** 

(0.26) 

0.48*** 

(0.41) 

0.39*** 

(0.33) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−2 

First-stage 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

F-statistic 64.79 32.45 42.30 64.85 29.56 42.41 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

Including lagged mental health 

𝑅𝑖𝑡−2̂ 

Second-stage 

1.55*** 

(0.66) 

1.98*** 

(0.97) 

1.67*** 

(0.81) 

0.21*** 

(0.18) 

0.35*** 

(0.30) 

0.24*** 

(0.24) 

𝑝𝑎̅̅̅̅ 𝑖𝑡−2 

First-stage 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

0.19*** 

(0.01) 

0.15*** 

(0.01) 

0.16*** 

(0.01) 

F-statistic 64.56 27.89 41.92 64.89 27.95 41.98 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

n 9 365 9 365 8 282 9 365 9 365 8 282 

Note: Significance levels: *p<0.10; **p<0.05; ***p<0.01. Standard errors clustered at the individual level are 

in parentheses. All models include the variables in equations (1) and (2).  
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A.3 The Mental Health Effects of Retirement: Inverse probability 

weighting   

Table A3: FE-IV models – using inverse probability weighting 

Definition of 

Retirement 

(1) (2) (3) (1) (2) (3) 

Outcome Variable Euro-D Euro-D Euro-D 
Clinical 

depression 

Clinical 

depression 

Clinical 

depression 

Long-term effects 

10-year age window with lagged mental health 

𝑅𝑖𝑡−2̂ 

Second-stage 

1.25*** 

(0.47) 

1.93*** 

(0.69) 

1.46*** 

(0.55) 

0.19*** 

(0.13) 

0.27*** 

(0.19) 

0.23*** 

(0.15) 

F-statistic 72.27 43.87 52.80 73.54 44.62 52.93 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

n 13 530 13 530 11 669 13 530 13 530 11 669 

3-year age window with lagged mental health 

𝑅𝑖𝑡−2̂ 

Second-stage 

1.13*** 

(0.32) 

1.59*** 

(0.39) 

1.37*** 

(0.40) 

0.17*** 

(0.13) 

0.23*** 

(0.11) 

0.20*** 

(0.10) 

F-statistic 128.92 87.20 69.73 110.02 85.97 66.33 

Hausman test <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 

n 6 916 6 916 5 919 6 916 6 916 5 919 

Note: Significance levels: *p<0.10; **p<0.05; ***p<0.01. Standard errors clustered at the individual level are 

in parentheses. All models include the variables in equations (1) and (2).   
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