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Abstract

This paper presents a meta-analysis on the effects of retirement on health. We
select academic papers published between 2000 and 2021 studying the impact of
retirement on physical and mental health, self-assessed general health, healthcare
utilization and mortality. Among 275 observations from 85 articles, 28% (13%) find
positive (negative) effects of retirement on health outcomes. Almost 60% of the
observations do not provide statistically significant findings. Using meta-regression
analysis, we checked for the presence of publication bias after distinguishing among
different journal subject areas and, once correcting for it, we find that the average
effect of retirement on health outcomes is small and barely significant. We apply
model averaging techniques to explore possible sources of heterogeneity and our re-
sults suggest that the different estimated effects can be explained by the differences
in both health measurements and retirement schemes.
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1 Introduction

In recent years, the attention to the effects of retirement on workers’ physical and men-
tal health has grown considerably, becoming not only a topic of interest in the medical
or psychological field, but also among labour and health economists. For the financial
sustainability of the pension systems, in most of the OECD countries the standard re-
tirement age has indeed increased and will keep increasing in the future (OECD, 2019).
Understanding the health consequences of retirement is of utmost importance to provide
policy-makers with a clearer picture for the design of pension policies, labour market
reforms, and healthcare investments that are welfare improving.

The identification of the causal health effects of retirement is the crux of this strand of
research and involves methodological issues that are not easy to deal with. Kuhn (2018)
provides a clear non-technical summary of these methodological issues. First of all, es-
timation biases due to reverse causality might arise, because causality not only could
run from retirement to health, but it is also likely to go from health to retirement deci-
sions. Second, estimation biases could be due to measurement errors when researchers
adopt subjective health measures as outcome variables. Indeed, the decision to retire early
might influence the reporting subjective answers of the interviewees, because they could
assess their own health differently after retirement. This might happen for example be-
cause, when people retire, their reference group changes (Johnston and Lee, 2009). To
deliver credibly estimates of the causal impact of retirement on health, more recent studies
address endogeneity issues through different methodological strategies, especially using
instrumental variables methods or regression discontinuity design (RDD).

Different identification strategies of the causal health effects of retirement could ex-
plain different estimates across studies. However, different findings are also justified by
other reasons. For example, some recent reviews of the literature suggest that the het-
erogeneity in the estimated health effects of retirement depends also on the country or
countries involved in the studies or the time span considered by the authors or covered by
pension reforms. Furthermore, also the degree of freedom in choosing whether and when
to retire matters: Bassanini and Caroli (2015), in reviewing the literature on the effect of
working on health, find that both being forced to keep on working while one would like to
retire and being forced to retire when one would prefer to continue working have similar
adverse effects on health. They also find that voluntary retirement often has a positive
effect on mental health. They conclude therefore that different findings among studies
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may be related to the voluntariness of the retirement decisions.1 Nishimura et al. (2018)
investigate the source of differences among different studies by focusing on the method-
ological aspect and considering 8 recent papers in the economic literature. They conclude
that the key factors in explaining different results are the choice of the estimation method
and the surveyed countries. They also find that the results are not sensitive to replacing the
definition of retirement. van der Heide et al. (2013) summarize 22 longitudinal studies on
the health effects of retirement, describing differences in terms of voluntary, involuntary
and regulatory retirement and between blue-collar and white-collar workers. While they
find strong evidence for retirement having a positive effect on mental health, their review
also reveals that contradictory findings emerge when the studies use perceived general
health and physical health as outcome variables. Picchio and van Ours (2020) present a
selection of most recent studies focusing on differences in set-up, identification strategy,
dependent variables, and heterogeneity of the retirement effects. Pilipiec et al. (2020)
investigate the empirical evidence on the effects of increasing the retirement age on the
health, well-being, and labour force participation of older workers focusing on 19 studies.
They find that the evidence of an increase of the retirement age on health and well-being
is scarce and inconclusive, because of the heterogeneity of the retirement effect among
different groups of workers and between workers far from retirement and older workers
closer to the retirement age. Finally, Zulka et al. (2019) focus on the impact of retirement
on cognitive functioning by using a sample of 20 studies. They suggest that different
effects could be due to different types of prior occupation.

Although detailed, the aforementioned literature reviews focus on single aspects of a
multifaceted phenomenon (Kuhn, 2018) and their concluding summaries could be decep-
tive (Stanley et al., 2013). According to Kuhn (2018), a meta-analysis, i.e. a research
methodology used to bring together in a systematic way and with a quantitative perspec-
tive all the findings from previous studies on a given issue, has the potential to yield
significant insights and improvements into the factors that trigger various health effects of
retirement. To the best of our knowledge, only van Mourik (2020) takes up this challenge
and proposes a meta-analysis on the effects of retirement on several measures of health by
collecting 576 results from 61 manuscripts. However, this meta-analysis does not comply
with the MAER-NET guidelines (Stanley et al., 2013; Havránek et al., 2020). The anal-
ysis is indeed built on a trinomial outcome instead of effect sizes, revealing that 15% of

1To study the health effects of retirement, Bassanini and Caroli (2015) refer to 14 studies: 5 of them
report negative effects of retirement on health.
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the studies reported negative health effects of retirement, 35% positive health effects, and
50% statistically insignificant results. Furthermore, it includes not only articles published
in scientific journals, but also working papers and Ph.D. dissertations. Also Sewdas et al.
(2020) provide a meta-analysis, but with a focus limited to the link between mortality and
early and on-time retirement. More in detail, using a sample of 25 studies, they estimate
a random-effects model in a meta-regression to identify the pooled effects of retirement
and to assess the influence of gender, prior health, and demographics. They conclude
that early retirement, compared to continued working, is not associated with higher risk
of mortality. However, on-time retirement, compared to continued working, is associated
with a higher mortality risk, which might reflect the healthy worker effect, i.e. people in
the group of those who work beyond the standard retirement age are on average healthier
than those who retire on-time. Finally, both Pabón-Carrasco et al. (2020) and Li et al.
(2021) only focus on depressive symptoms:2 according to the former, the retirees with
the highest prevalence of depression are those ones who retire in a mandatory fashion or
due to illness; the latter show that the association of involuntary retirement with more
depressive symptoms is stronger than voluntary or regulatory retirement, and it is more
pronounced in Eastern developed countries.

A rigorous and extensive meta-analysis on the subject is lacking. The main contri-
bution of our article is to fill this gap by a meta-analysis on the evidence of the health
effects of retirement which: i) follows the MAER-NET guidelines (Stanley et al., 2013;
Havránek et al., 2020); ii) is based only on articles published in peer reviewed journals,
to reduce the probability that they contain mistakes (Xue et al., 2021), and in English, for
the sake of correct interpretability (Vooren et al., 2019); iii) does not focus on a partic-
ular measure of health, but it rather considers the most frequently used in the literature,
such as self-reported general health, physical and mental health, healthcare utilization,
and mortality. Our meta-analysis is carried out on 85 articles. It includes the estimation
of FAT-PET meta-regression models which allow us to investigate the issue of publica-
tion bias and to look for patterns among different study characteristics after correcting
the findings for it. We take into account all the main factors that could lead to different
estimates of the effect sizes among studies, such as the institutional context, the research
design, the causal effect identification strategy, and other study-related characteristics.

The remainder of the paper is organized as follows. Section 2 focuses on the meta-

2Pabón-Carrasco et al. (2020) collect a total of 11 articles, while Li et al. (2021) have a sample of 25
longitudinal studies.
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analytical approach, describing the databases used, the research methods and presenting
preliminary and descriptive results of our meta-analysis. Section 3 assesses whether there
is publication bias in this kind of empirical literature. Section 4 provides heterogene-
ity analysis by using meta-regressions with the inclusion of covariates on the basis of
Bayesian criteria for model selection. Section 5 concludes. The Appendix reports the full
list of the studies included in our meta-analysis and their main characteristics.

2 Meta-dataset

2.1 Search strategy and study selection criteria

The empirical literature does not show clear-cut results on the health effect of retirement.
Several reasons could explain different findings: different methodologies of analysis, dif-
ferent identification strategies of the causal effect, different countries, different time spans
considered by the studies or covered by pension reforms. As such, a simple comparison of
the different studies and of their results could be misleading (Stanley et al., 2013). A rig-
orous meta-analysis would allow us to systematically review the literature by combining
the results of multiple and different studies, so as to identify patterns among diverse study
results while taking into account the uncertainty behind each point estimate of the rela-
tion of interest and remove bias induced by eventual publication biases. The publication
bias (also named ‘file drawer problem’) is the bias arising from the tendency of editors
to publish more easily findings consistent with the conventional view or with statistically
significant results, while studies that find small or no significant effects tend to remain
unpublished (Card and Krueger, 1995).

Our search for studies follows the MAER-NET guidelines and was conducted from
November 2020 to March 2021 in Ideas/EconPapers, Google Scholar, Scopus and Web of
Science by using the following keywords: ‘retirement’, ‘health’ and one among ‘mental
health’, ‘physical health’, ‘psychological well-being’, ‘healthcare’ and ‘mortality’. We
only consider articles published in peer-reviewed journals of health economics, labour
economics, social sciences, psychology, and medicine and with the SCImago Journal
Rank (SJR) indicator.3 We excluded theoretical works and studies concerning only cross-

3See www.scimagojr.com/SCImagoJournalRank.pdf for details on the calculation of the SJR. The fol-
lowing studies were not included in the final sample because their journals are not indexed in SCImago:
Lee and Smith (2009), Fonseca et al. (2014), and Son et al. (2020).
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partner retirement effects of retiring (Atalay and Zhu, 2018; Bloemen et al., 2019), or
general life satisfaction as dependent variable (Abolhassani and Alessie, 2013; Bender,
2012; Horner, 2014; Kesavayuth et al., 2016), or only health behaviours analysis (Even-
son et al., 2002; Henkens et al., 2008; Zhao et al., 2017; Motegi et al., 2020). Hence,
we selected only micro-level studies on the health effects of retirement. We excluded
11 papers because not published on peer-reviewed journals, i.e. discussion papers (see
e.g. Waldron, 2001; Bound and Waidmann, 2007; Coe and Lindeboom, 2008; Lalive and
Staubli, 2015; Zulkarnain and Rutledge, 2018), and two book chapters (Charles, 2004;
Börsch-Supan and Schuth, 2014). At this point we had 96 articles. Finally, we had to
remove 11 articles because they do not contain sufficient information to compute the t-
statistic of the estimated retirement effect, on which we will build our meta-regressions.4

Our final meta-analytic sample is made up of 85 articles, which are listed in Table A.1 in
the Appendix. Many studies deal with the retirement effect on multiple health outcomes
and some others disaggregate the analysis by gender. In these cases, multiple data points
are delivered and our final dataset consists of 275 observations. Figure 1 is a PRISMA
flow diagram (Moher et al., 2009): it graphically reports the rules we followed to in-
clude/exclude articles in our final sample.

From most of the articles, we directly extracted the estimated retirement effects (β̂i)
along which their standard errors (SEi(β̂i)) and computed the t-statistics as their ratio. In
other cases, we could directly retrieve the t-statistics, because reported among the study
results. Finally, in some studies only the estimated effects and their 95% confidence inter-
vals were displayed. In these cases, we approximated the standard errors in linear models
(and then we computed the t-statistics) as follows: SEi = (ub− lb)/(2× 1.96), where ub
and lb are the upper bound and the lower bound of the confidence interval, respectively.
For studies with non-linear models, such as multinomial logit or Cox proportional hazard
models, and reporting only the odds ratio (OR) and its 95% confidence interval, we cal-
culated the standard error as SEi = [ln(ub) − ln(lb)]/(2 × 1.96) and then the t-statistic
as ti = [ln(β̂1i)β̂1i]/SEi.

The health outcomes are quite different between and, sometimes, within studies. In
some cases, when the sign of the coefficient of retirement is positive, it means that there is
a health improvement, like for general physical health indexes or self-assessed health. In

4These 11 articles are: Allen and Alpass (2020), Barban et al. (2020), Carlsson et al. (2012), Dufouil
et al. (2014), Finkel et al. (2009), Fisher et al. (2014), Kühntopf and Tivig (2012), Mazzonna and Peracchi
(2012), Nishimura et al. (2018), Olesen et al. (2014), Rohwedder and Willis (2010).
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some other cases, it is the negative sign that implies a health improvement, as when mor-
tality or depression are the health outcomes. We manipulated the sign of the t-statistics,
so that a “positive” (“negative”) sign means a health improvement (deterioration), and all
the rest of our analysis is based on this modification of the t-statistics.

Graph a) of Figure 2 shows the distribution of t-statistics, which is quite dispersed,
with a minimum of -15.66, a maximum of 14.70, and a standard deviation of 3.27. Most
of the findings (58.5%, 161 outcomes) are not significantly different from 0, having a
t-statistic smaller than 1.96 in absolute value; in 28.4% (13.1%) of the cases, 78 (36) re-
sults, the retirement effect on health is instead significantly positive (negative). Graph b)
of Figure 2 plots the distribution of the square root of the observations exploited to esti-
mate the retirement effects. The number of observations is also very heterogeneous with
a minimum of 49 and a maximum of 1,866,974. Since in what follows the t-statistics
and the number of observations will be used to build a comparable measure of the es-
timated effect across different studies, the presence of extreme values in these two key
variables raises concerns about outliers, especially because the linear models typically
used in meta-regressions may be particular sensitive to them (Viechtbauer and Cheung,
2010). As suggested by Xue et al. (2021), who had a similar problem in conducting a
meta-analysis on the education effect on health, we moderate the problem by winsoriza-
tion of t-statistics and number of observations at the top and bottom of their distribution:
we replace values that are lower (larger) than the 5th (95th) percentile with the value of
the 5th (95th) percentile.

2.2 Descriptive statistics

We provide some basic descriptive statistics of our meta-analytic sample by research find-
ings. We first focus on the publication year and on study quality measures, like the number
of citations on average per year and the journal SJR indicator at the time of publication.
Table 1 reports the average number of citations per year according to Google Scholar
(retrieved on 05/04/2021) and the SJR indicator at the time of publication by research
outcome.5

The average number of yearly citations is the smallest (9.8) when the null hypothesis
of no effect cannot be rejected. It is instead the highest (20.2) when significant negative

5At the time of publication, some journals did not have the SJR index yet, either because they were
published in too recent years or because the journal was not indexed yet in Scimago. In these cases, we
assign to the journal the available value of the SJR index which is chronologically closer.
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Figure 2: Distribution of t-statistics and observations of study outcomes
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Notes: The number of study results is 275. The dashed vertical lines are the sample average of t-statistics in the top graph (0.512)
and of the square root of observations in the bottom graph (177.40). The solid vertical lines in the top graph denote the critical
values for the 5% significance level in two-tailed tests (±1.96).

Table 1: Descriptive statistics on article citations and SJR

t ≤ −1.96 −1.96 < t < 1.96 t ≥ 1.96

a) Number of citations per year on 08/03/2021 (Google scholar)
Mean 20.247 9.760 11.991
Standard deviation 14.058 9.697 10.613
Minimum 1.000 0.000 1.000
Maximum 49.333 50.600 50.600

b) SJR at the time of publication(a)

Mean 2.260 1.725 1.715
Standard deviation 1.965 1.065 1.150
Minimum 0.365 0.186 0.186
Maximum 7.563 7.563 5.667

Observations 36 161 78

Source: Data retrieved from Google Scholar and Scimago Institutions Rankings on 05/04/2021.
(a) At the time of publication, some journals did not have the SJR index yet, either because they were published in too

recent years or because the journal was not indexed yet in Scimago. Footnote 5 explains how we deal with these
cases of missing information.
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effects emerge and almost twice as large as the average number of yearly citations of find-
ings supporting significant positive effects (11.9). Differences in the scientific influence of
the journals where the articles were published are smaller. In both cases, articles finding
negative outcomes display a larger standard deviation. It is noteworthy that statistically
insignificant results are not underrepresented in journals of high scientific influence com-
pared to those with more clear-cut findings, but rather they correspond to almost 60% of
our sample. This might suggest that, at a first and very descriptive level, the publication
bias is not an issue in this research strand.

To understand the relation between year of publication and study findings, we report
in Table 2 the distribution of the absolute frequencies by year of publication divided in
three groups and the research outcomes. Two features are worth of mention: first, the
availability of empirical findings has largely increased in the last years; second, study
results pointing to negative consequences of retirement on health has become much less
frequent in relative terms.

Table 2: Summary statistics on research outcomes over time

t ≤ −1.96 −1.96 < t < 1.96 t ≥ 1.96 Total

2000-2009 13 19 16 48
2010-2014 8 33 11 52
2015-2020(a) 15 109 51 175

(a) In this time frame we also include the first 3 months of 2021.

Table 3 reports descriptive statistics by research outcomes of further variables that
we will use as covariates in the meta-regressions to capture the factors underlying the
heterogeneous effects in the empirical literature: journal subject area, identification strat-
egy, gender, institutional context, regions and the way in which the t-statistic was cal-
culated. We consider 3 subject areas according to Scimago classification: i) Economics,
Econometrics and Finance or Business, Accounting and Management (27% of our obser-
vations); ii) Medicine or Psychology (44% of the observations); iii) a residual category
containing journals belonging to multiple subject areas (29% of the observations).6

Since health is a multidimensional concept, we refer to the main measures analysed in
the empirical literature. Among the particular health measures evaluated, positive effect
has the largest absolute frequency when we focus on general or self-assessed health. In all

6This category comprises even 2 observations by Kalwij et al. (2013), the only article in our sample
published in a social-sciences journal.
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Table 3: Descriptive statistics of explanatory variables

t ≤ −1.96 −1.96 < t < 1.96 t ≥ 1.96

Absolute Absolute Absolute
frequencies Mean Std. Dev. frequencies Mean Std. Dev. frequencies Mean Std. Dev.

Scimago subject areas
Medicine/Psychology 15 0.417 0.500 72 0.447 0.499 35 0.449 0.501
Economics/Business 12 0.333 0.478 38 0.236 0.426 23 0.295 0.459
Multi area 9 0.250 0.439 51 0.317 0.467 20 0.256 0.439

Health outcomes
General and self-reported health 6 0.167 0.378 17 0.106 0.308 23 0.295 0.459
Physical health 10 0.278 0.454 47 0.292 0.456 14 0.179 0.386
Mental health 12 0.333 0.478 51 0.317 0.467 28 0.360 0.483
Healthcare utilization 2 0.056 0.232 24 0.149 0.357 10 0.128 0.336
Mortality 6 0.167 0.378 22 0.137 0.345 3 0.038 0.193

Identification strategies
Regression discontinuity design (RDD) 7 0.194 0.401 33 0.205 0.405 19 0.244 0.432
Instrumental variables (IV) 15 0.417 0.500 66 0.410 0.493 40 0.513 0.503
Difference-in-differences (DiD) 1 0.028 0.167 18 0.112 0.316 4 0.051 0.222
Propensity score matching (PSM) 3 0.083 0.280 14 0.087 0.283 0 0.000 0.000
Fixed-effects/First-differences 7 0.194 0.401 9 0.056 0.230 1 0.013 0.113
Other methods 3 0.083 0.280 21 0.130 0.338 14 0.179 0.386

Institutional contexts
Mandatory or involuntary retirement 7 0.194 0.401 12 0.074 0.263 5 0.064 0.246
Early retirement 4 0.111 0.319 30 0.186 0.390 8 0.103 0.305
Statutory retirement 22 0.611 0.494 101 0.627 0.485 64 0.820 0.386
Postponed retirement 3 0.083 0.280 18 0.112 0.316 1 0.013 0.113

Geographical areas
Europe 12 0.333 0.478 78 0.484 0.501 36 0.461 0.502
Extra-European countries 20 0.556 0.504 64 0.398 0.491 32 0.410 0.495
Multi-country analyses 4 0.111 0.319 19 0.118 0.324 10 0.128 0.336

Gender
Females 6 0.167 0.378 51 0.317 0.467 24 0.308 0.464
Males 12 0.333 0.478 51 0.317 0.467 27 0.346 0.479
Females+Males 18 0.500 0.507 59 0.366 0.483 27 0.346 0.479

Calculation of t-statistic
t-statistic from β̂i/SEi 32 0.889 0.319 142 0.882 0.324 63 0.808 0.397
t-statistic from 95% CI or from OR 4 0.111 0.319 19 0.118 0.324 15 0.192 0.397

Observations 36 161 78

Notes: Both = observations for which authors do not separate estimates for men and women. Other methods = simple OLS regressions or non-linear models, such as
multinomial logit and Cox proportional hazard models.
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the other cases, no statistically significant effect is the prevailing outcome. These different
health measures are physical health (26%), mental health (33%),7 healthcare utilization
which includes doctor visits and hospitalization (13%), and mortality (11%).

Identifying the causal effect of retirement on health is not trivial because of several
sources of potential endogeneity of the retirement decision, such as reverse causality,
negative self-selection, unobserved heterogeneity,8 and measurement error.9 These could
affect not only the magnitude, but also the sign of the estimated effect. Hence, we use a
set of indicators to control for the methodology used to identify and estimate the impact
of retirement on health. The instrumental variables (IV) method is the one that is used
more frequently (44%), followed by regression discontinuity design (RDD) (22%). The
difference-in-differences (DiD) estimator is mostly used in evaluating policy reforms and
represents 8% of our observations. In 14% of the study results, no particular methods is
used to tackle the endogeneity of the retirement decision (e.g. linear model, multinomial
logit or Cox proportional hazard models).

Some indicator variables are used to capture the institutional context and, in particular,
the retirement scheme. The survey of the empirical literature provided by Bassanini and
Caroli (2015) highlights the role played by choice vs. constraint in shaping the health im-
pact of work and retirement. They focus on that strand of the literature which studies the
voluntariness of retirement and from which evidence of adverse health effects arises when
individuals are forced to stop working. In our analysis, we consider both the voluntariness
of retirement decisions and its timing: we distinguish among early (15%), on-time (68%),
postponed (8%), and mandatory or involuntary retirement (8%).

A further control variable is the gender associated to the estimated effect. The re-
tirement effects could be different for men and women, for example because the career

7Physical health includes chronic conditions, mobility, body mass index (BMI), activities of daily living
(ADL) and a measure of general physical status. Mental health consists of cognitive functioning, depression
or anxiety, and a more general measure which includes general mental health index and psychological well-
being (in this case, it also includes happiness as a proxy of well-being).

8Omitted variables biases might be induced by differences in unobserved individual characteristics that
influence both health and retirement decisions (e.g. subjective life expectancy). Unobserved heterogeneity
could be time-constant but also time-varying. To control for unobserved time-constant individual hetero-
geneity, researchers typically use individual fixed-effects panel data models (Eibich, 2015).

9Self-reported health measures are at risk of two kinds of measurement error: i) self-assessed health
might not be comparable across individuals (“classical measurement error”); ii) individual who do not
work might justify their labour market status by their ill health (“justification bias”). It refers to retirees’
tendencies to exaggerate their poor health conditions in order to provide socially acceptable justification for
their retirement and observed health would be understated for retirees (Behncke, 2012; Insler, 2014).
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trajectory and the involvement in the labour market are typically different by gender. We
will also control for the geographical areas. In particular, we consider results for Europe
(46%), for extra-European countries (42%), and from multi-country analyses (12%).

Finally, we also control for the method used to calculate the t-statistics. 86% of our
observations are based on t-statistics derived from the ratio between β̂i and the corre-
sponding standard error. The remaining 14% are derived from 95% confidence intervals
or starting from odds ratios (OR).

2.3 Comparable effect sizes

The estimated retirement effects on health β̂i are not easily comparable across the models
and the estimation techniques generating them. In this topic, we indeed observe a large
heterogeneity in the health measures used as outcome variables. For example, the most
frequently used are self-reported general health, physical health indexes, like the body
mass index (BMI) or the activities of daily living (ADL), mental health measures, as de-
pression or the 5-item mental health inventory (MHI-5), healthcare utilization, and mor-
tality. Their units of measurement are therefore not comparable. Moreover, even when a
similar health outcome is used across studies, different model specifications and/or dif-
ferent estimation methods could alter their comparability. To make the effect estimates
comparable we compute the partial correlation coefficient ri, which is commonly used
in meta-analyses in economics, business and social sciences since Doucouliagos (1995).
A very recent example is Xue et al. (2021), who exploited it in reviewing the effect of
education on health.10

The partial correlation coefficient is computed as

ri =
ti√

t2i + dki
, (1)

where dki is the degrees of freedom in the model from which the i-th t-statistic is derived.
Keef and Roberts (2004) show that the estimate of ri contains a small positive bias, since
it increases as the number of independent variables in the regression model increases, i.e.
as the degrees of freedom decreases. However, asymptotically this bias disappears. More-
over, since in our meta-dataset many studies do not report precise information about the

10See Reed (2020) and the meta-analyses cited therein for other examples of meta-analyses using the
partial correlation coefficient as effect size.
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number of covariates and we cannot therefore recover the degrees of freedom, we replace
in Equation (1) dki with the number of observations (minus one). Because the smallest
number of observations, after the aforementioned winsorization, is 523, this approxima-
tion generates a very mild upward bias which asymptotically disappears. The standard
error of the partial correlation coefficient is given by

SE(ri) =

√
1− r2i
dki

. (2)

It can be shown that ri/SE(ri) = ti.
The partial correlation coefficient r is a unitless measure, which takes value between

−1 and 1. It enables direct comparisons across the different ways of approaching and mea-
suring health outcomes in the empirical literature and in the diverse literatures (Doucou-
liagos and Laroche, 2009). The partial correlation coefficient drops as the degrees of free-
dom or the sample size increase. This implies that nearly similar t-statistics will produce
very different partial correlations if the sample sizes are diverse: the larger the sample
size, the more the effect size measured by the partial correlation is scaled down.

Table 4 displays summary statistics of partial correlations, t-statistics, and number of
observations of the full sample and of the results by the type of health measure. Figure 3
shows the scatter plots of the t-statistics and the partial correlation coefficients r with re-
spect to the (natural logarithm of) observations.11 Two aspects are worth of mention. First,
a simple comparison between the graph at the top and the one at the bottom shows how the
standardization modifies the t-statistic into the partial correlation coefficient r. Second,
the scatter graph at the bottom is a funnel plot of a measure of precision, the square root
of the observations, versus a non-standardized effect, the partial correlation coefficients
in our case. In the absence of publication bias, the effect should vary randomly around its
mean, which is an estimate of the true effect. Hence, the symmetry of the funnel around
the mean effect is of help in graphically visualising an eventual publication bias (Stanley,
2005). In our case, the funnel looks roughly symmetric.

To better visualize the eventual presence of publication bias, we plot in Figure 4 the
relationship between the partial correlation coefficient and its precision, measured by the
inverse of its standard error as defined in Equation (2). The funnel graph shows a mild

11The scatter graph at the top of Figure 3 is named Galbraith plot (Galbraith, 1988). The scatter diagram
at the bottom of Figure 3 is known as funnel plot (Light and Pillemer, 1984). The former plots a measure
of precision against a standardized effect, the latter against a non-standardized effect.
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Table 4: Summary statistics of partial correlations, t-statistics, and number of observations by
type of health outcome

Absolute Relative Average Average Average
Outcome variables used as health measures frequency frequency (%) partial correlation (r) t-statistic(a) observations(a)

Mental health 91 33.1 0.0095 0.6043 13,638
Physical health 71 25.8 0.0058 0.4224 47,394
General and self-reported health 46 16.7 0.0092 1.0967 17,178
Healthcare utilization 36 13.1 -0.0054 0.6828 287,773
Mortality 31 11.3 0.0008 -0.6168 291,287
Total 275 100.0 0.0055 0.5123 90,131

(a) These averages are computed before the winsorization.

Figure 3: Scatter plots of t-statistics (top) and partial correlation coefficients r (bottom) versus
the square root of observations
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Figure 4: Funnel plot of precision (1/SE(r)) versus effect size (r)
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Notes: The number of observations is 275. The horizontal line is the mean of the partial correlation coefficient r (0.0055).

asymmetry, pointing to a longer tail to the right of the average partial correlation co-
efficient. It is not easy to arrive to a conclusion about publication bias by way of this
graphical approach. Indeed, it relies on the assumption that there is a single ’true’ effect
common to all empirical studies, so if there is heterogeneity across articles due to different
datasets, time spans, countries or methodologies, it might cause the funnel’s skewness. In
this case, it seems to suggest that there is not an evident publication bias. However, in the
next section, on the basis of meta-regression analysis (MRA), we will formally test for
the presence of publication bias.

3 Testing for publication bias

To formally assess the relevance of publication bias and to eventually remove it from
the estimate of the genuine retirement effect on health, we use the “Funnel Asymmetry
Test – Precision Effect Test” (FAT-PET) (Egger et al., 1997; Stanley, 2005, 2008). It is a
standard model to assess the presence of publication bias, used since the end of the 1990s
in the economic literature (Card and Krueger, 1995; Ashenfelter et al., 1999; Görg and
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Strobl, 2001), and based on a simple regression of the i-th effect size on a constant and
its standard error:

ri = γ1 + γ0SE(ri) + εi, (3)

where εi is the idiosyncratic error terms and γ0 will be equal to zero when the effect size ri
varies randomly around the precision effect γ1, meaning no publication bias. The publica-
tion bias is proportional to the inverse of the square root of the sample size, which in turn
is proportional to the standard error (Begg and Berlin, 1988). The Funnel Asymmetry Test
(FAT) tests the hypothesis of no publication bias (Egger et al., 1997), i.e. H0 : γ0 = 0,
and therefore also a test of funnel asymmetry (Sutton et al., 2000). If the null hypothesis
is rejected, a publication bias is affecting this strand of the literature, posing a serious
problem to the interpretation of the scientific research (Begg and Berlin, 1988). The Pre-
cision Effect Test (PET) tests the null hypothesis H0 : γ1 = 0. The rejection of the null
hypothesis can be interpreted as the presence of an authentic empirical effect, corrected
for publication selection: when the sample size goes to infinity and the standard error
goes to 0, the observed effects goes to γ1 (Stanley, 2008).

Table 5 displays the results of different estimation and specifications of Equation (3).
Model (1) reports the ordinary least squares (OLS) estimates of Equation (3), without
taking advantage of the known form of heteroskedasticity affecting the distribution of
ri, as seen in Equation (2). This knowledge in instead exploited in Model (2), which
displays the results when Equation (3) is estimated by Weighted Least Squares (WLS-
FE) using 1/SE(ri)

2 as weights. Models (3) and (4) are robustness checks. In Model (3)
we replicate our simple FAT-PET estimates by replacing SE(ri) with the inverse of the
square root of the sample size as an alternative precision measure. As the sample size is
not subject to estimation error, it avoids errors-in-variables bias that could instead affect
SE(ri). If SE(ri) is endogenous in Models (1) and (2) because affected by measurement
error, we might solve the problem by using an IV approach, instrumenting SE(ri) with
the square root of the number of observations, which is strongly correlated to the standard
error but should not be able to explain the estimated effect once we control for the standard
error. Finally, in Model (5) we report the results if in Equation (3) we replace SE(ri)
with its square to capture eventual non-linearities: this is the PEESE model which is to
be preferred in correcting for publication bias when a significant publication selection
bias is detected (Stanley and Doucouliagos, 2012, 2014). From none of the five models
reported in Table 5 we find evidence of publication bias. Furthermore, the FAT-PET point
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estimates of γ0, ranging from 0.27 to 0.45, suggest that, if any, the publication bias is
positive and small.

Table 5: FAT-PET and PEESE tests for publication bias

FAT-PET PEESE

(1) (2) (3) (4) (5)
OLS WLS-FE WLS-FE(a) FAIVE(b) WLS-FE

Publication bias (γ0) 0.450 (0.486) 0.415 (0.254) 0.416 (0.255) 0.266 (0.319) 11.402 (10.375)
Precision effect (γ1) -0.001 (0.005) 0.001 (0.001) 0.001 (0.001) 0.002 (0.002) 0.002* (0.002)
R2 0.020 0.021 0.021 0.039 0.009

Standard errors robust heteroskedasticity and within-study correlation are in parenthesis. The number of observations (studies) is 275 (85).
(a) The inverse of the square root of the sample size is used instead of SE(ri) as precision measure.
(b) The F -statistic for the power of the excluded instrument is 39.66.

The recognition of publication bias as a threat to the reliability of the scientific knowl-
edge took place in different moments in different disciplines. For example, psychologi-
cal and medical research has long acknowledged it since the end of the 1950s (Sterling,
1959; Rosenthal, 1979; Begg and Berlin, 1988). The economic research has taken instead
some more years, until the 1990s (see e.g. Card and Krueger, 1995; Ashenfelter et al.,
1999). Therefore, one might wonder whether researchers and journal editors might have
different sensibilities towards the problem across different disciplines, resulting in the
publication bias being limited only to some disciplines. To check whether this could be
the case, we distinguish the study results in 3 broad subject areas: medicine/psychology,
economics/business, and a residual category. Then, we generalize Equation (3) by having
one constant per each subject area and the standard error interacted with the subject area
indicator and we replicate the estimation of FAT-PET and PEESE models. Equation (4)
clarifies how we generalize Equation (3):

ri = γ1zi + γ0zi × SE(ri) + εi, (4)

where zi is a full set of dummies for the subject area of the journal of the i-th study
result.12 Table 6 displays the estimation results of Equation (4). We detect weak evi-
dence for publication bias only in economics/business (the publication bias coefficient is
significant at the 10%), with the FAIVE estimates in Model (4) suggesting a moderate
publication bias in magnitude.

Finally, the precision coefficient is significant only for multi-area journals and equal
to 0.004, suggesting a positive effect of retirement on health only in studies in this cat-

12As such, this equation does not contain the constant term.
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Table 6: FAT-PET and PEESE tests for publication bias by subject area

FAT-PET PEESE

(1) (2) (3) (4) (5)
OLS WLS-FE WLS-FE(a) FAIVE WLS-FE

Publication bias in economics/business 0.459 (0.366) 0.523 (0.343) 0.524 (0.339) 0.731** (0.023) 31.030* (0.089)
Publication bias in medicine/psychology 0.640 (0.563) 0.334 (0.449) 0.336 (0.447) 0.189 (0.794) 8.509 (0.698)
Publication bias in multi-area 0.252 (0.601) 0.233 (0.663) 0.234 (0.661) 0.007 (0.990) 2.093 (0.883)
Precision effect in economics/business 0.002 (0.792) -0.001 (0.871) -0.001 (0.863) -0.002 (0.707) 0.000 (0.956)
Precision effect in medicine/psychology -0.005 (0.635) 0.001 (0.530) 0.001 (0.546) 0.002 (0.430) 0.001 (0.272)
Precision effect in multi-area 0.001 (0.827) 0.003* (0.042) 0.003* (0.044) 0.005* (0.055) 0.004** (0.026)
R2 0.048 0.083 0.083 0.036 0.081

We report in parentheses wild cluster bootstrap p-values obtained from the wild cluster bootstrap-t procedure proposed by Cameron et al. (2008), with clusters
at study level (5,000 bootstraps using the Webb’s (2014) six-point distribution as weights). We report wild cluster bootstrap p-values to take into account that, in
each subject area, the number of clusters is small (from 16 to 36). The number of observations (studies) is 275 (85), 70 (16) in economics/business, 122 (36) in
medicine/psychology, and 83 (33) in the residual multi-area category.

(a) The inverse of the square root of the sample size is used instead of SE(ri) as precision measure.

egory. This effect is however fairly low, considering that, according to Cohen (1988), a
partial correlation coefficient of 0.1 is to be considered as “small” and in the analysis of
Doucouliagos (2011), who focused on economic results, it should be at least 0.07 to be
considered as “small”.13

In recent years, further techniques have been developed to detect and correct the pub-
lication bias. Ioannidis et al. (2017) proposed the Weighted Average Adequately Powered
(WAAP) method, which restricts the meta-analysis only to those study results with sta-
tistical power of at least 80%, i.e. those estimates with standard errors smaller than the
WLS-FE precision effect divided by 2.8. The simulation results in Bom and Rachinger
(2019) showed however that the WAAP could be counterproductive if the true effect is
very small or publication bias is severe. They proposed the Endogenous Kink (EK) meta-
regression model which performs better than WAAP when the true effect is relatively
small. The EK method attempts to better fit the non-linearity of the relationship between
the estimated effect and its standard error in the presence of publication bias by means of a
piecewise linear model instead of a quadratic term, under the assumption that publication
selection is triggered only when the standard error exceeds an endogenous cut-off value
a. Below this threshold, estimates are sufficiently significant so that marginal increases
in standard errors do not induce publication selection. Once determined the cut-off value
a, the EK meta-regression model consists in estimating by WLS the following equation
using 1

SE(ri)2
as weights:

ri = γ1 + δ · [SE(ri)− a] · 1{SE(ri) ≥ a}+ εi, (5)

13In Doucouliagos (2011), 0.17 is the threshold for “moderate” and 0.33 for “large”.
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where 1{·} is the indicator function which returns 1 if the argument is true and 0 other-
wise. We estimated the Bom and Rachinger’s (2019) EK model, both for the full sample
and by subject category. In all the cases we found that a < 0. As pointed out by Bom and
Rachinger (2019), when this happens, a must be set to 0 and the EK method collapses to
the usual FAT-PET estimated by WLS-FE.14

Finally, Andrews and Kasy (2019) suggest to consider the distribution of p-values or
t- or z- statistics across published studies. Indeed, if there is no publication bias, the dis-
tribution of the t-statistics and p-values across studies should not display discontinuities,
especially at critical values like ±1.96 for the former and 0.05 for the latter. We assess
whether the density of the t-statistic is discontinuous at ±1.96 using the nonparametric
local-polynomial density estimator proposed by Cattaneo et al. (2018, 2021). Figure 5
displays the local polynomial density estimates focusing on the discontinuity at +1.96

in graph a) and −1.96 in graph b). Although visually the density shows a positive jump
at +1.96, expected in case of positive publication bias, this is not significantly different
from zero. Indeed, the robust bias-corrected test proposed in Cattaneo et al. (2018) cannot
reject the null hypothesis of the absence of discontinuity, with a p-value equal to 0.127
in graph a) and 0.608 in graph b). If we split the sample by subject area, we realize that
the visual jump at +1.96 in graph a) of Figure 5 is induced by studies in medicine and
psychology (p-value=0.061).

We check if the distribution of p-values are discontinuous at the 0.05 cutoff by run-
ning two-sided binomial tests for the null hypothesis of equal mass in equal size windows
around the cutoff. Table 7 reports the result of these binomial tests starting from a win-
dow size of 0.005 at each side of the cutoff and by increasing the window length by
subsequent steps of 0.005. We cannot reject the null hypothesis, implying that we do not
find statistical evidence of publication bias at the p-value cutoff of 0.05.15

In conclusion, after a battery of tests to detect publication bias, we find some fairly
moderate evidence in economics and business when using FAT-PET FAIVE or PEESE
meta-regressions. In the next meta-regressions aimed at understanding eventual hetero-
geneity across studies in the retirement effect on health, we control for publication bias
by subject area using the PEESE approach.

14In our analysis this is due to the fact that the average effect if very close to 0 and we therefore conclude
that no particular correction is needed to refine the FAT-PET or FAT-PET-PEESE approaches. Our endoge-
nous computations of the a’s are not reported for the sake of brevity. They can be asked upon request from
the authors.

15We arrive at the same conclusion after splitting the sample by subject area and per each subject area.
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Figure 5: Publication bias tests based on t-statistic density discontinuity at +1.96 (graph a)) and
−1.96 (graph b)
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The solid lines are the local polynomial density estimate of the running variable described in Cattaneo et al. (2018) with local
polynomial of order 2. The shaded areas around the lines are robust bias-corrected 95% confidence intervals. The vertical lines
are ±1.96 cutoffs. The null-hypothesis of no discontinuity cannot be rejected with a p-value equal to 0.127 in graph a) and 0.608
in graph b).

Table 7: Two-sided binomial tests of equal sample size at each side of
p-value=0.05

Two-sided binomial test
Window p-value Observations ≤ 0.05 Observations > 0.05

[0.045, 0.055] 0.227 8 3
[0.040, 0.060] 0.057 11 3
[0.035, 0.065] 0.263 13 7
[0.030, 0.070] 0.087 19 9
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4 Multivariate meta-regressions

To detect possible sources of heterogeneous effects of retirement on health, we include
into the PEESE specification a series of covariates: measures of health, methods to iden-
tify the effect, institutional contexts, geographical areas, gender, year of publication, SJR
index, the average number of Google scholar citations per year, and the way in which we
derived the t-statistics. We employ the PEESE specification because it has the smallest
bias and it easily accommodates systematic heterogeneity and complex and differential
publication bias related to study characteristics. The quadratic form of the standard errors
of the PEESE approach has been proven to be less biased and often more efficient than
the FAT-PET specification when there is a non-zero genuine effect (Stanley and Doucou-
liagos, 2014).16

Formally, we estimate by WLS-FE the following equation for our effect size

ri = γ1zi + γ0zi × SE(ri)2 + β1xi + εi, (6)

which is equivalent to estimating by OLS the transformed model

ri
SE(ri)

= γ1

zi
SE(ri)

+ γ0zi × SE(ri) + β1

xi

SE(ri)
+

εi
SE(ri)

, (7)

where xi is the vector containing the study characteristics and zi is the same set of dum-
mies for the subject area as used in Equation (4).

A problem in estimating Equation (7) is related to the model uncertainty about which
variables should be included. We overcome it by employing one of the most commonly
used tools in meta-analysis, the Bayesian Model Averaging (BMA). BMA takes into ac-
count all possible models by running many regressions with different subsets of control
variables and computing the weighted averages of the estimated coefficients. The weights
are Posterior Model Probabilities (PMP) and are related to the goodness of fit of each
model. The sum of PMPs indicates the Posterior Inclusion Probability (PIP) for each re-
gressor, which provides the information on how likely the regressor is to belong to the
true specification. A PIP above 0.5 for a given regressor is usually used as a rule of
thumb to include it into the final model (Eicher et al., 2011). For each covariate, BMA
returns the posterior coefficient distribution, which gives us the posterior mean (PM) of

16Table A.2 in the Appendix displays the results of FAT-PET specification. The findings are very similar
to the ones from the PEESE model.
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the regression coefficient and the posterior standard deviation (PSD).
We use the BMA estimator discussed by Magnus et al. (2010), who introduced the dis-

tinction among two subsets of explanatory variables. The first subset is the set of “focus”
regressors, which are those we want in the model because of theoretical (or other) reasons.
In our case, the focus variables are those capturing the publication bias and the precision
effect by journal subject area. The second subset is the set of “auxiliary” regressors, which
are additional covariates that could be relevant in explaining the estimated effect, but this
is not certain. Since we have 20 auxiliary covariates, the number of possible models to be
considered is 220. BMA proceeds by applying conventional noninformative priors on the
focus variables and the error variance σ2, and an informative multivariate Gaussian prior
on the auxiliary ones.

In a subsequent step, we perform a model-average procedure by using the Weighted
Average Least Squares (WALS) (Magnus et al., 2010). WALS is in an intermediate po-
sition between the Bayesian approach of BMA and the frequentist model-averaging. It is
indeed a Bayesian combination of frequentist estimators (Magnus and De Luca, 2016).
WALS uses conventional noninformative priors on the focus regressors and the error vari-
ance σ2 and a distribution with zero mean for the independent and identically distributed
elements of the t-ratios associated with linear combinations of the auxiliary regressors.17

Unlike BMA, WALS relies on preliminary orthogonal transformations of the auxiliary
regressors and their parameters, which reduce the computational burden from 220 to 20.
For this reason, WALS does not allow to compute the PIPs. An auxiliary covariate is con-
sidered to be robustly correlated with the outcome variable if the t-ratio of its coefficient
is greater than 1 in absolute value or, equivalently, if the corresponding one-standard error
band does not include zero (De Luca and Magnus, 2011). The advantage of WALS over
BMA is that it does not impose an ad hoc assumption on the prior on the model space (in
general BMA uses a uniform prior assigning equal probability to each model), but it is
theoretically based (Magnus and De Luca, 2016).

Finally, as in Havranek et al. (2015) and Xue et al. (2021), we conduct a frequentist
check by estimating Equation (7) by OLS after restricting the set of regressors to those
with PIP > 0.5 according to BMA. We also run the same frequentist check after the
WALS estimates.

Table 8 reports the estimation results. For the BMA, we show the estimated posterior

17The prior distribution of the t ratios can be either a neutral Laplace prior (Magnus et al., 2010), or a
neutral Subbotin prior distribution (Einmahl et al., 2011).
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means, the posterior standard deviations and the posterior inclusion probabilities of each
regressor. For the WALS, we include the results coming from two different assumptions
about the model prior distributions. In the last columns of Table 8, we present the findings
from the frequentist checks.

As concerns the focus regressors, while for these variables the Posterior Inclusion
Probabilities from BMA model are not informative, both WALS and OLS estimates re-
veal a barely significant publication bias in economics/business, even after controlling for
a set of covariates. According to BMA results, there are 8 auxiliary covariates which are
relevant in explaining the heterogeneous effects of retirement on health (PIP> 0.5). In ad-
dition to all the different health outcome measures, these variables are: fixed-effects/first-
difference estimator, mandatory (or involuntary) retirement, t-statistic calculated from
β̂i/SEi and year of publication. WALS results are similar, although some further co-
variates seem to be important: postponed retirement, the SJR indicator, estimates not
distinguishing between males and females, RD design, and PSM estimator.

All models reveal that the studies which use general and self-reported health indica-
tors or mental health measures are the most likely to report positive effects of retirement
on health. Studies focusing on physical health or healthcare utilization are more likely
to find positive effects than those dealing with mortality, although the magnitude of the
positive association is smaller. These findings reflect the results from some earlier sys-
tematic surveys in this field: as pointed out by Bassanini and Caroli (2015) or suggested
by Nishimura et al. (2018) after re-estimating previous analyses, most of the evidence
concerning the health effects of retirement move towards a positive impact both on phys-
ical and mental dimensions of health, a better self-assessed health, and lower healthcare
utilization.

The results for the identification strategy suggest that the heterogeneity across this
dimension is not so important in explaining different findings. We find that only those
studies using a fixed-effects or a first-differences approach are more likely to report neg-
ative effects on health. This finding contrasts with the one in Nishimura et al. (2018),
who instead showed that the choice of the estimation strategy is one of the key factors in
explaining why the estimated results of the retirement effect on health differ.

One of the most relevant factors in explaining heterogeneous estimated effects of re-
tirement on health is the institutional context and the retirement scheme: mandatory re-
tirement has a PIP close to 1 and the greatest negative effect in magnitude. Following the
WALS results and although with a lower magnitude, also studies focusing on postponed
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retirement are associated with a lower chance of detecting positive retirement effects than
studies dealing with early or statutory retirement. These findings confirm the conclusions
in Bassanini and Caroli (2015), who showed that being forced to work while preferring
to retire and, symmetrically, being forced to stop working because of workers have no
control on the retirement and work decisions have a health damaging effect. Similar re-
sults are provided by Pabón-Carrasco et al. (2020) and Li et al. (2021), but limited to the
effects on depressive symptoms. Moreover, the negative impact of postponed retirement
on health, compared to statutory retirement, could reflect the consequences of being stuck
in employment while one had planned to retire, for example due to pension reforms which
increase the retirement age or the length of the contribution period required to be entitled
to pension (see e.g. Blake and Garrouste, 2019; Shai, 2018).

About the publication year, we find that the estimated effects of retirement on health
tend to be more and more over time: the year of publication presents a PIP = 0.93 and
a positive and significant coefficient. As concerns study-quality measures (the average
number of citations per year retrieved from Google Scholar and the SJR indicator) and
the way in which the t-statistic was calculated, they do not play significant roles in ex-
plaining result heterogeneity. Finally, the health effects of retirement are independent on
geographical areas and sex, although the studies which do not distinguish between males
and females tend to find a slightly smaller estimated effect if we look at WALS results.

The results presented in Table 8 suggest sources of heterogeneity in the study results.
However, it is not easy to visualise from it if for particular combinations of study feature
the expected retirement effect is significantly positive or significantly negative. To be
more informative from this point of view, we use the OLS estimates from the frequentist
check after BMA and computed the expected partial correlation coefficients for particular
combinations of the covariates, after fixing the publication year to the median (2017) and
setting to zero γ0, so as to mimic the absence of publication bias.

Table 9 displays the expected partial correlation coefficients for interesting combina-
tions of the explanatory variables. In panel a) we use the 8 most frequent combinations
of covariates, sum the corresponding OLS estimated coefficients, and test if this sum is
zero. These 8 most frequent combinations of covariates encompass 181 observations (out
of 275), i.e. 66% of our sample. We find that for these combinations, when the analyzed
outcome variable is mental health, independently on the subject area of the study, retire-
ment has a positive and highly significant impact, with a partial correlation coefficient
between 0.008 and 0.010. According to the classifications in Cohen (1988) or Doucou-
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liagos (2011), which set to 0.1 and 0.07 the size of the partial correlation coefficient to
be considered as “small”, the detected magnitude is very modest. The largest impact
is detected in studies published in multi-area journals when they focus on general and
self-reported health (0.014). Finally, when it comes to physical health, the predicted av-
erage effect for the chosen combinations of covariates is still positive, but smaller and not
significant at the usual 5% statistical level.

Table 9: Expected partial correlation coefficients of the health effect of retirement for particular
combinations of covariates

Frequencies
Coeff. Std. Err. p-value Abs. Rel. (%)

a) Most frequent combinations of covariates
Economic/business + mental health + t from β̂i/SEi 0.008 *** 0.002 0.001 24 8.73
Economic/business + physical health + t from β̂i/SEi 0.001 0.002 0.494 25 9.09
Medicine/psychology + mental health + t from β̂i/SEi 0.008 *** 0.002 0.001 35 12.73
Medicine/psychology + healthcare utilization + t from β̂i/SEi 0.001 0.001 0.108 23 8.36
Medicine/psychology + physical health + t from β̂i/SEi 0.002 0.002 0.348 17 6.18
Multi-area + mental health + t from β̂i/SEi 0.010 *** 0.002 0.000 21 7.64
Multi-area + general and self-reported health + t from β̂i/SEi 0.014 *** 0.002 0.000 16 5.82
Multi-area + physical health + t from β̂i/SEi 0.004 * 0.002 0.097 20 7.27

b)
Economic/business + mental health + mandatory or involuntary retirement + t from β̂i/SEi -0.020 ** 0.003 0.024 5 1.82
Economic/business + physical health + fixed-effects/first-differences + t from β̂i/SEi -0.009 *** 0.009 0.003 4 1.45
Economic/business + mental health + fixed-effects/first-differences + t from β̂i/SEi -0.002 0.003 0.505 2 0.73
Medicine/psychology + mental health + mandatory or involuntary retirement + t from β̂i/SEi -0.020 ** 0.009 0.025 3 1.09
Medicine/psychology + mental health + fixed-effects/first-differences + t from β̂i/SEi -0.002 0.004 0.551 2 0.73
Medicine/psychology + healthcare utilization + mandatory or involuntary retirement + t from β̂i/SEi -0.026 *** 0.008 0.002 4 1.45
Multi-area + mental health + fixed-effects/first-differences + t from β̂i/SEi 0.000 0.004 0.977 2 0.73
Multi-area + general and self-reported health + fixed-effects/first differences + t from β̂i/SEi 0.004 0.004 0.318 2 0.73
Multi-area + physical health + fixed-effects/first differences + t from β̂i/SEi -0.007 ** 0.003 0.049 2 0.73
Multi-area + physical health + mandatory or involuntary retirement + t from β̂i/SEi -0.024 *** 0.009 0.007 2 0.73

Notes: *** Significant at 1%, ** significant at 5%, * significant at 10%. Year of publication is normalized at its median value (2017) and γ0 is set to zero.

Panel b) of Table 9 shows the predicted partial correlation coefficients for the same
combinations of covariates in panel a), with the difference that: i) we also focus on the
cases in which retirement is mandatory or involuntary or, alternatively, a fixed-effects/first
differences estimation strategy was used; ii) we report only predictions of covariate com-
binations for which in the actual dataset we observe at least 2 observations, to avoid out
of sample extrapolations. These further combinations consist in 28 observations (10% of
the sample). We find that, regardless the journal subject area and the health measurement,
when a study focuses on mandatory or involuntary retirement we predict an expected neg-
ative effect between -0.020 and -0.026. When fixed-effects or first-differences estimators
were used, we predict an expected partial correlation coefficient still negative, but lower
in magnitude and statistically significant in economics/business and multi-area journals
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only when the outcome variable is physical health.

5 Conclusions

To the best of our knowledge, this article is the first attempt to systematically and analyt-
ically summarize the empirical findings on the impact of retirement on health outcomes
by following the MAER-NET guidelines (Stanley et al., 2013; Havránek et al., 2020).
Our meta-sample was made up of 275 observations from 85 articles published on peer-
reviewed journals in the period 2000-2021. Among these findings, 28% supported the
hypothesis according to which retirement improves health, 59% provided no statistically
significant effects, and only 13% reported evidence in favour of a worsening health status
after retirement.

In a first step, using a battery of meta-regression techniques, we checked for the pres-
ence of publication bias. After distinguishing the study results among journal subject
areas according to the Scimago classification, we detected weak evidence of publication
bias only in economics and business. After correcting for publication bias, we found that
the estimated average retirement effect on health is positive, significant only at the 10%
level, and very little, considering the figures suggested by Cohen (1988) or Doucouliagos
(2011) to value a partial correlation coefficient as “small”.

Then, we used model averaging strategies to explore possible sources of effect hetero-
geneity across several study characteristics, like research design, estimation strategy, and
institutional context. Our results suggest that the different reported estimates are linked
to the differences in health outcomes used across studies. The identification/estimation
strategy does not appear to be so relevant in explaining heterogeneous findings, although
studies which opted for fixed-effects or first-differences tend to report more negative es-
timated effects. Finally, a further source of finding heterogeneity is the type of retire-
ment scheme: compared to on-time retirement, mandatory or involuntary retirement and,
although lower significance, also postponed retirement are associated to more negative
health outcomes.

These findings have important implications for public policy, especially because many
countries are considering rising further their retirement age (OECD, 2019). Although our
analysis suggests that retirement improves several health dimensions, having no choice
about the timing of retirement, being involuntarily retired or being forced to continue
working due to policy reforms which postpone the time of retirement might have health
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damaging implications. For these reasons, policy-makers should consider not only the
financial sustainability of the pension system, but also the raising healthcare spending
due to the negative impact of mandatory, involuntary, or postponed retirement. Welfare
optimal pension policies should ensure workers a greater degree of freedom in choosing
whether to retire and its timing, rather than increasing the retirement age or the require-
ments to be entitled to pension benefits. In summary, a trade-off seems to arise: while
a greater voluntariness about retirement and its timing has to be in line with public bud-
get constraints, at the same time the financial sustainability of the pension system cannot
ignore that retirement appears to be health improving in some cases.

Finally, as suggested by Kuhn (2018), there are reasons to suspect that the health ef-
fects of retirement could be heterogeneous across dimensions, such as different types of
prior occupation (e.g. blue vs. white collar workers), different types of physically/mentally
demanding previous jobs, time horizons or health behaviours, which we did not investi-
gate in our meta-analysis. The studies in our meta-analysis indeed only rarely focused on
effect heterogeneity across these additional dimensions. Future research should take them
into account to have a clearer picture on the multifaceted nature of the retirement effects
on health.
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