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Abstract

We distinguish between part-time and full-time work activity and analyse their effects on
the physical and mental health conditions of older workers in Europe. We use statutory
eligibility ages for receiving retirement benefits as instruments for part-time and full-time
work decisions to avoid the potential bias that deteriorating health conditions can cause
employees to work fewer hours or not at all. We also control for unobserved heterogeneity
across individuals. We find that working full-time deteriorates general health but working
part-time tends to improve it. Working full-time also increases depression symptoms while
working part-time has no such effect. On the other hand, working full-time preserves cogni-
tive functioning but working part-time deteriorates it. A comparison of the results obtained
in Europe with those obtained in the United States in an earlier study shows that health
responses to working part-time and full-time in old age differ across Europe and the United
States.

1 Introduction

Older workers today spend more years in the labor market, mainly as a result of the rising
retirement ages, in Europe or in the United States. Moreover, the fraction of the older workers
in the labor market is increasing due to increasing life expectancy. These mean that working is
becoming more common than ever before among older people. Since a main determinant of the
general well-being in old age is health, it is important to understand how working or working
conditions affect health status in old age. This explains why there is a growing body of empirical
studies analyzing the causal effect of retirement on physical and mental health (Bonsang et al.,
2012; Charles, 2004; Coe and Zamarro, 2011; Mazzonna and Peracchi, 2012; Neuman, 2008;
Rohwedder and Willis, 2010). These studies have analyzed the effect of retirement against work
activity, but did not distinguish between part-time and full-time work activity. Kantarcı (2016)
has analyzed how the amount of work hours affects the physical and mental health conditions
of US residents between 50 and 75 years of age in the Health and Retirement Study (HRS). He
finds that self-perceived general health status, self-perceived memory skills, and body weight
respond to working part-time much more than they respond to working full-time, suggesting
that the effect of the number of hours worked on health outcomes is not linear. In this study
we closely follow the empirical approach and adopt similar health indicators used by Kantarcı,
but conduct our analysis among 11 European countries. These countries widely differ from
each other in terms of the pension reforms that have changed the long-standing public pension
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eligibility ages in the last ten years, allowing us to use the rich source of variation in the
retirement eligibility ages as determinants of working part-time and full-time, to identify the
effects of working part-time and full-time on health in an instrumental variables framework.
We also account for time-invariant individual specific unobserved heterogeneity among survey
respondents.

Our results show that working full-time deteriorates general health but working part-time
tends to improve it. Working full-time also increases depression symptoms while working part-
time has no such effect. On the other hand, working full-time preserves cognitive functioning
but working part-time deteriorates it. A comparison of the results obtained in Europe with
those obtained in the United States in an earlier study shows that health responses to working
part-time and full-time in old age differ across Europe and the United States.

This paper proceeds as follows. Section 2 discusses the empirical model. Section 3 describes
the data and the health and work effort indicators. Section 5 presents the results and robustness
checks. Section 6 concludes.

2 Empirical approach

2.1 Controlling for heterogeneity

Our aim is to determine the effects of working part-time and full-time on health. The first
attempt could be to estimate the parameter of interest by ordinary least squares in the following
equation:

Yit = α+ f(Sit) +Ditβ + uit. (2.1)

Yit is a measure of health, for example the self-perceived health or body mass index. Sit is the
age of the individual. f(Sit) is a flexible and continuous polynomial in age that controls for
changes in the health outcome with age. Dit is a vector of two dummy variables indicating
part-time and full-time work. The parameter of interest is the vector β, which measures the
responses of the health outcome to working part-time and full-time.

OLS on Equation (2.1) leads to a consistent estimator for β only if Dit is not correlated with
the error term uit. One reason why this assumption may not be satisfied is that individuals
might differ from each other because of time-invariant idiosyncratic characteristics that are
correlated with the health outcome as well as the retirement behavior. We follow a fixed effects
approach to allow for this, augmenting Equation (2.1) as follows:

Yit = α+ f(Sit) +Ditβ + µi + νit. (2.2)

µi is a time-invariant individual specific unobserved variable and it is potentially correlated with
Dit (and with Sit). The remaining error term νit is assumed to be uncorrelated with the control
variables. The main parameters of interest, the effects of working part-time or full-time on the
health measure considered, are contained in the vector β. Note that we assume throughout that
these ‘treatment effects’ are assumed to be homogeneous across the population. We will relax
this assumption somewhat by estimating the model for specific demographic groups. Moreover,
Murtazashvilia and Wooldridge (2008) have shown that under some additional assumptions the
fixed effects instrumental variables estimator that we use remains consistent for the average
treatment effect in the model with heterogeneous treatment effects. Following the main stud-
ies on this topic referred to above, however, we will not consider models with heterogeneous
treatment effects.

Exploiting the panel structure of the data, µi is eliminated through the within group trans-
formation:

Ỹit = f̃(Sit) + D̃itβ + ν̃it, (2.3)
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where Ỹit represents Yit − Y i, etc. The assumption that νit is uncorrelated with the control
variables (strict exogeneity) implies that OLS on Equation (2.2) (the standard within group
estimator for static linear panel data models with fixed effects) gives consistent estimates of β.

2.2 Controlling for endogeneity

A potential problem in Equation (2.3) is that D̃it may be correlated with the unobserved
ν̃it, making the fixed effects estimator for β inconsistent. This might happen because, for
example, employees with a work-limiting health problem may opt for part-time work or full-
time retirement (reverse causation). For example, examining the causal effect of health on labor
market behavior, Gannon and Roberts (2011) find that, in the UK, people aged 50 and over
with health problems are more likely to work part-time or to retire completely than to work
full-time. Bound et al. (1999) show that, in the US, poor health is often followed by labor force
exit. Mols et al. (2012) show that most of the patients who are diagnosed with cancer switched
to part-time work or stopped working entirely in the Netherlands.

We follow an instrumental variables approach to solve the problem of potential endogeneity
of hours worked, exploiting discontinuities in the probabilities to work part-time and full-time as
a function of age at the eligibility ages, similar to Coe and Zamarro (2011) and Rohwedder and
Willis (2010). The instrumental variables estimation consists of two stages. In the first stage,
we estimate two equations explaining the dummies Dj

it, j = p, f for part-time and full-time
work:

Dj
it = f j(Sit) + I(Sit ≥ S̄)γj + ηji + εjit. (2.4)

f j(Sit) are flexible and continuous age polynomials. S̄ is the vector of early and normal retire-
ment eligibility ages for social security benefits, and the vector I(Sit ≥ S̄) indicates whether
the individual is at least as old as each of these eligibility ages. γj measures the discontinuities
in the probabilities of working part-time or full-time at the eligibility ages S̄. Hence, this is
essentially a regression discontinuity approach (Lee and Lemieux, 2010) in a fixed effects panel
data model.1 Since the elements of Dj

it are binary indicators, Equation (2.4) is a linear prob-

ability model. The fixed effects ηji are time-invariant, individual-specific unobserved variables,

and they are potentially correlated with age. Exploiting the panel structure of the data, ηji are
eliminated through the within group transformation:

D̃j
it = f̃ j(Sit) + Ĩ(Sit ≥ S̄)γj + ε̃jit. (2.5)

The predicted values from the first stage are used to estimate the main Equation (2.3) in the
second stage:

Ỹit = f̃(Sit) +
̂̃
Ditβ + υ̃it. (2.6)̂̃

Dit represents the within group transformed part-time and full-time work probabilities pre-
dicted from Equation (2.5). To be valid instruments, retirement eligibility ages are required
to be relevant predictors of the full-time and part-time work decisions and exogenous to the
respondent’s health status. It is well documented that the retirement ages are strong predictors
of the retirement decision, and we will also check below that this is the case in our sample.
Moreover, it is plausible to assume that health status does not change discontinuously at the
institutionally determined eligibility ages. If the selected instruments are indeed valid, the
causal effect of working part-time or full-time on health status, measured by β, is consistently

1 In our baseline model, however, we supplement the retirement eligibility ages of the respondent with those of
the partner while we do not allow for a continuous age polynomial for the partner. Hence, our baseline model
does not follow a regression discontinuity design in the age of the partner.
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estimated using least squares on equation (2.6). The complete two-stage estimation procedure
corresponds to the two-stage least squares estimation.

3 Data

The data are taken from the Survey of Health, Ageing, and Retirement in Europe (SHARE).
We use waves 1, 2, 4 and 5 of the survey which together cover the time period from 2004 until
2014.2 SHARE is a nationally representative panel study of approximately 110,000 individuals
aged 50 or older. The data includes extensive information on health and socio-economic status
and makes cross-national comparison possible making it very well suited for our analysis.

The following sample restrictions are imposed. First, we dropped respondents who reported
they never worked, or who said they worked, but with a tenure of less than five years on all
jobs. Second, we dropped respondents who reported their last job ended before the age of 50
in all survey years, or who reported this in given survey years and this information was missing
in other survey years, or if this information was missing in all survey years. Third, we dropped
respondents who reported to be working, unemployed, permanently sick or disabled, or other
(rentier, living off own property, student, doing voluntary work), after reporting retirement
in a previous survey year, so that retirement is an absorbing state. Fourth, we dropped the
respondents if they are unemployed, permanently sick or disabled, homemaker, or other in a
given survey year. We dropped respondents who are unemployed because, like retired, they
work 0 hours but they are probably more active since they would be searching for a part-time
or full-time job. We dropped respondents who are disabled, homemaker or other because in
these cases respondents are not working, do not report being retired, or they are not searching
for a job. Fifth, we dropped the observations of respondents if they were younger than 50
years old or older than 75 years old in a given survey year. These sample restrictions lead to
an unbalanced panel of 86,659 observations for 19,603 individuals (based on the information
available on employment status). Finally, among the counties participating in the SHARE,
we selected the countries where information is available in all survey waves: Austria, Belgium,
Czech Republic, Denmark, France, Germany, Greece, Italy, Sweden, Netherlands, Spain, and
Switzerland.

3.1 Measuring health

Self-perceived health

We use self-perceived health as an assessment of one’s own health status. In the survey re-
spondents are asked to rate their health on a five-point scale: very good, good, fair, bad and
very bad. Self-assessed health is a global index of health that captures physical and mental
health in one simple survey measure. Analyzing self-reported health, however, may lead to
biased conclusions about the effect of hours worked on health, since respondents may report
an inferior health status to justify their labor market status (Bound, 1991). We therefore also
consider several alternative indicators of physical and mental health, exploiting the rich health
information in the SHARE.

Body mass index

We consider the body mass index (BMI) and also construct indexes of overweight and obesity
based on the BMI. BMI is given by the weight (in kilograms) divided by the square of height

2 We do not use data from the third wave of SHARE (SHARELIFE) which is a special survey focusing on people’s
life histories and does not contain the same health information we use from other waves.

4



of the respondent (in meters). Following the existing literature, overweight is defined as a BMI
greater than 25 and less than or equal to 30; obesity is defined as a BMI greater than 30.

Word recall score and numeracy

In SHARE, cognitive ability is measured through a number of cognitive function indices. We
use the word recall score and numeracy score as objective measures of cognitive ability. Word
recall test measures the memory performance of the respondents. In the test respondents are
presented with a list of 10 words to memorize. They are then asked immediately to recall as
many words as possible from the list in any order. After asking other survey questions for
a considerable amount of time, they are asked for a second time to recall as many words as
possible from the same list. Each immediate or delayed recall of a word is counted, giving a
memory score ranging from 0 to 20.

Numeracy gives information on the mathematical performance of the respondents. It is
based on four questions on percentage calculation summarized in a score that ranges from 1
(good) to 5 (bad). In waves 4 and 5, baseline respondents who already participated in one of
panel waves are given a new test based on subtraction. Respondents who correctly answer the
first question are asked a more difficult one, while those who make a mistake are asked an easier
one.

Depression score

We use the EURO-D symptom scale which measures the current depression and is constructed
from several questions as a composite index of twelve items: depressed mood, pessimism, sui-
cidality, guilt, sleep, interest, irritability, appetite, fatigue, concentration, enjoyment, and tear-
fulness. The scale ranges from 0 ‘not depressed’ to 12 ‘very depressed’.

Health index

Following Coe and Zamarro (2011), we create an objective health index by predicting self-
perceived health from objective physical and mental health measures. In particular, we estimate
the following equation:

Hit = α+ Litβ + φi + εit. (3.1)

Hit is the self-perceived health status. φi is a time-invariant individual specific unobserved error
that is potentially correlated with the control variables. Lit is a vector of objective measures of
health including the number of limitations in the activities of daily living (ADL), the number of
limitations in the instrumental activities of daily living (IADL), the number of chronic diseases,
a summary index of mobility, whether the respondent reports any overnight hospital stay within
the last two years, overweight and obesity dummies, the scores of the word recall test discussed
above, the score on a subtraction test for numerical skills, and the EURO-D score for depression.3

3 ADL includes problems with bathing, dressing, eating, getting in/out of bed, and walking across a room.
IADL includes problems with using the phone, managing money, taking medications, shopping for groceries, and
preparing hot meals. Both variables take values from 0 (no problems) to 5 (many problems). The number of
chronic diseases is a count of the diseases the respondent had according to a doctor. The diseases include high
blood pressure, diabetes, cancer, lung disease, heart problems, stroke, psychiatric problems, and arthritis. The
variable takes values from 0 (none of the conditions) to 8 (all conditions). The mobility index indicates problems
with walking one block, walking several blocks, walking across a room, climbing one flight of stairs, and climbing
several flights of stairs. The variable takes values from 0 to 5. Subtraction test asks the respondents to subtract
7 from 100 and continue subtracting 7 from each subsequent number for a total of five trials. Each correct
subtraction is counted, yielding a score from 0 to 5.
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Equation (3.1) represents a fixed effects model. After the within group transformation, the
predictions of the model, i.e., the estimates of Hit, creates a health stock variable that is less
prone to reporting bias, as it aggregates objective measures of health, and at the same time
reflects one’s overall well-being, as measured by the self-assessed health status (Coe and Za-
marro, 2011). The estimation results for this equation are presented in Table 1. A positive
coefficient indicates that an increase in the particular health indicator leads to a self-report of
worse health. Most of the coefficients are significant and their signs are plausible. Onsets of
physical health problems are associated with reporting poorer health, and increasing depression
symptoms (higher EURO-D score) also increase the odds of reporting poor health. A higher
score on word recall is associated with reporting better health. On the other hand, the subtrac-
tion test result is not related to self-assessed health. Becoming obese leads to a significantly
poorer self-assessment of health, while becoming overweight has a smaller and less significant
effect, as we would expect.
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Table 1: Results for FE model explaining self-perceived health

Self-perceived health

Coefficient p-value

Number of ADL limitations 0.057 0.007
Number of IADL limitations −0.024 0.384
Number of mobility limitations 0.122 0.000
Number of difficulties in muscle use 0.101 0.000
Number of chronic diseases 0.126 0.000
Hospital stay 0.217 0.000
Body mass index 0.012 0.001
Word recall test −0.002 0.404
Numeracy 0.016 0.007
Depression 0.060 0.000
Fluency −0.003 0.003
Constant 2.113 0.000

F-test for overall significance 0.000
N obs. 56251
N ind. 36668

Notes: 1. Linear model with fixed effects. 2. Self-perceived health:
1 (Excellent), . . . , 5 (poor). 3. Standard errors are robust to het-
eroskedasticity and clustering on panel groups.
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3.2 Measuring work intensity

The aim of our analysis is to examine the effects of working part-time and full-time on health
around retirement age. In the SHARE data, part-time or full-time work can be defined in a
number of ways. Earnings, the number of hours worked per week, or the number of months
worked per year are possible indicators of work effort. We define full-time work as working 35
or more hours per week for 9 months or more in a year. We define part-time work as working
less than 35 hours a week for 9 months or more a year, or as working 35 or more hours a week
but less than 9 months a year. We define retirement as working 0 hours a week. The hours and
months from both the main and a possible second job are considered in determining whether
the agent is working full-time or part-time.

3.3 Instruments

We use two sets of instruments for working part-time and full-time that are based on the insti-
tutional variation in retirement eligibility age across the selected European countries but also
within these countries. The first set includes two instruments indicating whether respondents
are eligible for social security benefits. In particular, the indicators define whether the individ-
ual is between the early and normal retirement age or above the normal retirement age. The
age thresholds for early and full public retirement benefits are part of the public policies and
differ across the selected countries, but also often within each country by gender and over time,
by up to 12 years. Figure 1 presents the early and normal retirement ages and shows the rich
source of variation in the eligibility ages we exploit to identify the part-time and full-time work
probabilities.4

The literature on the effect of retirement on health shows that retirement ages are signif-
icant predictors of retirement behavior and are not likely to explain individual health status
directly (Charles, 2004; Rohwedder and Willis, 2010; Coe and Zamarro, 2011; Bonsang et al.,
2012; Mazzonna and Peracchi, 2012). Hence, as predictors of retirement behavior or hours of
work, dummies for reaching these institutional retirement ages present themselves as natural
instruments.

Following Neuman (2008), we also consider a second set of instruments which consists of the
same two age indicators, but then for the married or unmarried partner. Whether the partner is
eligible for social security benefits may explain the retirement behavior of an individual, whereas
it has no direct effect on the health status of that individual. Indeed, several studies based on
US data provide empirical evidence that couples coordinate their retirement timing (Blau, 1998;
Gustman and Steinmeier, 2000, 2004). We discuss the robustness of our results to the choice of
the instruments in Section 5.3.

Table 2 presents the fraction of individuals in three employment states, based on reported
hours of work, before the age at which they become eligible for social security, between the
early and normal retirement ages, and after the normal retirement age. The table also presents
the fraction of the individuals in three employment states at the retirement eligibility ages of
their partner. It appears that not only the fraction of those who work full-time, but also that of

4 Eligibility ages applicable at the respective years for those who have reached the eligibility ages, i.e. those that
could retire in the respective year. Main Source: MISSOC (2015), supplemented by (OECD, 2005, 2007, 2009,
2011, 2013). The eligibility ages chosen are those with the greatest incentives to retire and a minimum of group
specific deviations apply. Earliest possible ages are shown, further variation in Italy: minimum ages to collect
early retirement benefits differ by type of occupation; Denmark: normal retirement age is 65 and until 2008,
normal retirement age is 67 for those born before 01.07.1939. France: as from 01.07.2011 normal retirement age
increases by four months per birth year to reach 62 for persons born in 1956 or later; as from 01.01.2012 normal
retirement age increases by five months per birth year to reach 62 for persons born in 1955 or later.
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those who work part-time change substantially at the retirement eligibility ages. These figures
suggest that retirement ages are relevant predictors of the number of hours worked in old age.
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Figure 1: Variation in the retirement eligibility ages
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Table 2: Employment rates at the retirement eligibility ages (%)

Eligibility age Full-time Part-time Full-time
worker worker retiree

Under early ret. age 67.83 23.74 8.43
Between early and normal ret. age 33.70 11.85 54.45
Over the normal ret. age 6.51 3.08 90.41
Under early ret. age (P) 56.33 18.52 25.15
Between early and normal ret. age (P) 27.88 12.26 59.86
Over the normal ret. age (P) 10.91 5.37 83.72

Notes: 1. P: Married or unmarried partner. 2. Other employment statuses, ‘dis-
abled’, ‘not in the labor force’, and ‘unemployed’ are excluded from the analysis.
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3.4 Descriptive statistics

Table 3 presents descriptive statistics for the full sample selected using the exclusion criteria in
Section 3. It also presents the statistics for the first and last wave of the survey so that changes
in the statistics can be compared over time. Over the whole survey period, the average age of the
sample is 62.5 years, where 14.3 percent are between the early and normal retirement ages and
43.6 percent are above the normal retirement age. 28.9 percent have some college or a higher
degree. 80.1 percent of the sample are married or have a partner. 22.5 percent report that their
health is fair or poor. The sample does not appear to be particularly prone to depression; the
average depression score is 1.89 out of 12. As objective indicators of general physical health,
the average number of difficulties in daily activities or in mobility or muscle use seems low. The
average number of chronic diseases is 0.90 out of 9. 42.9 percent of the sample are overweight
and 16.6 percent are obese. While the average score of the word recall test is just below half of
its maximum, the average score of the numeracy test seems much higher. 33.6 percent of the
sample report working 35 hours or more per week, while 13.2 percent report working less than
35 hours at the time of the survey. There are plausible changes in the statistics between the
first and last waves. The most notable change is that health status deteriorates across most
health indicators.
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Table 3: Descriptive statistics

Percent

All waves 2004 wave 2013 wave

Demographics
Age (50–75) (avg.) 62.47 61.82 62.75
Under early ret. age 42.09 43.03 42.57
Between early and normal ret. age 14.27 16.31 13.78
Over normal retirement age 43.64 40.66 43.65
High education 28.89 24.56 31.73
Spouse or unmarried partner 80.09 79.01 79.96
Female 44.32 40.78 47.30
Health status
Self-perceived fair or poor health 22.54 20.42 22.09
Number of ADL limitations (0–5) (avg.) 0.08 0.07 0.08
Number of IADL limitations (0–5) (avg.) 1.80 1.58 2.02
Number of mobility limitations (0–5) (avg.) 0.25 0.26 0.23
Number of difficulties in muscle use (0–4) (avg.) 0.43 0.45 0.42
Number of chronic diseases (0–9) (avg.) 0.90 0.89 0.91
Hospital stay in the previous two years 11.75 10.55 12.09
Overweight 42.94 44.87 41.55
Obese 16.63 15.84 16.82
Word recall test score (0–20) (avg.) 9.80 8.82 10.28
Numeracy (0–5) (avg.) 4.06 3.57 4.36
Depression scale EURO-D (0–12) (avg.) 1.89 1.86 1.90
Fluency (0–100) (avg.) 21.45 20.30 22.40
Employment status
Full-time worker 33.64 34.61 33.76
Part-time worker 13.23 12.46 13.96
Full-time retiree 53.13 52.93 52.28

N obs. 70949 13390 25478
N ind. 41514 13390 25478

Notes: 1. Totals may not add due to rounding error. 2. Number of observations is based on the
information available on employment status.
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Table 4: Descriptive statistics

Percent Differences between groups

Full-time Part-time Retired F-P F-R P-R
worker worker

Health outcomes
Self-perceived health (avg.) 2.531 2.544 3.024 0.000 0.000 0.000
Health index (avg.) 2.680 2.709 2.848 0.000 0.000 0.000
Body mass index (avg.) 26.514 26.022 26.886 0.000 0.000 0.000
Total word recall (avg.) 10.255 10.571 9.048 0.000 0.000 0.000
Numeracy (avg.) 4.221 4.202 3.968 0.000 0.000 0.000
Depression scale (avg.) 1.561 1.885 1.995 0.000 0.000 0.000
Time invariant characteristics
Female 0.378 0.666 0.455 0.000 0.000 0.000
Married 0.774 0.770 0.746 0.018 0.000 0.000
Time variant characteristics
Age (avg.) 60.713 61.621 67.864 0.000 0.000 0.000
Lower education 0.128 0.127 0.243 0.694 0.000 0.000
Medium education 0.471 0.423 0.499 0.085 0.047 0.001
Higher education 0.386 0.434 0.240 0.105 0.000 0.000
Lives with a partner 0.821 0.805 0.770 0.752 0.000 0.000
Has children 0.928 0.931 0.906 0.534 0.000 0.041
Lives in the city 0.143 0.132 0.122 0.000 0.003 0.044
Lives in the suburbs 0.143 0.155 0.133 0.159 0.000 0.000
Lives in a town 0.395 0.400 0.415 0.562 0.000 0.001
Lives in a rural area 0.246 0.262 0.297 0.000 0.000 0.848
Living area missing 0.073 0.051 0.034 0.000 0.000 0.000
Has alive siblings 0.838 0.839 0.766 0.001 0.000 0.000
Has grandchildren 0.618 0.657 0.756 0.000 0.000 0.000
Smokes 0.220 0.199 0.172 0.046 0.000 0.000

Obs. 6110 2463 41756
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4 Exploratory graphical analysis

In our empirical approach, identification of the effects of working part-time and full-time on
health relies on the discontinuities in the probabilities of working part-time and full-time upon
reaching own or the partner’s retirement eligibility ages. While identifying the effects of working
part-time and full-time, we also condition on a continuous function of age of the individual. Here
we provide exploratory graphical analysis of the jumps in the conditional mean of the treatment
(the number of hours worked) and outcome (health) variables at the points of discontinuity in
the assignment (retirement eligibility ages) variable. We also rely on the produced graphs
to motivate the form of the continuous age function in the first stage and health outcome
regressions.

Based on univariate nonparametric regression, Figure 2 plots the individual weekly hours
worked against the age of the individual, allowing for jumps at the retirement eligibility ages. We
also draw 95 percent confidence bounds around each curve. Note, however, that the plot is based
on univariate regression and does not control for the effect of the partner’s age. Figure 3 plots
the individual weekly hours worked against the age of the partner. For all countries, there are
obvious discontinuities at the cutoff ages, and the jumps are in the expected direction. Except for
Italy, the bounds never cross the curves, suggesting that the jumps are statistically significant.
The jumps are more pronounced at the cut-off ages of the individual than at those of their
partner, however. The jumps suggest that part-time and full-time work probabilities change
significantly at the retirement eligibility ages, which supports our identification strategy. In the
next section, we present formal tests of whether the dummy variables for the discontinuities
are jointly powerful enough to serve as good instruments for both part-time and full-time work
statuses.

In Figures 4-9, six health indicators are plotted against the age of the individual, allowing
for jumps at the retirement eligibility ages of the individual. Significant jumps are apparent at
the retirement ages in predicted self-perceived health, word recall score, numeracy score, and
depression score, for all countries.

Considering the age profile of the weekly hours worked, Figures 2 and 3 suggest a cubic
relationship between the weekly hours worked and the age of the individual. A cubic relationship
is less obvious when the age of the partner is considered, however. Figures 4-9 suggest a
quadratic relationship between the health outcomes and age while the curvature of the curves
differ significantly across the health outcomes but not across the countries. The exception is
that age seems to have a linear effect on self-perceived health.

The two stage least squares regression model we consider requires us to specify a functional
form of age that is same in the first and the second stage regressions. However, the age patterns
observed in Figures 3-9 suggest specification of different functional forms of age in the first stage
regression of weekly hours worked, and in the second stage regression of health outcomes. In
Sections 5 and 5.3, we present results from estimation of regression models employing different
functional forms of age, and argue that a cubic function of age is statistically significant in both
the first and second stage regressions.

5 Results

5.1 Instrument relevance and validity

Table 5 presents the coefficient estimates from the first stage estimation of the linear probability
model with fixed effects given by Equation (2.5). The errors of the linear probability model are
heteroskedastic by construction of the model, and the predictions of the model may lie outside
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the unit interval. We correct the standard errors of the estimates for heteroskedasticity. In 2466
cases the predictions of the model lie outside the unit interval for the regression explaining full-
time work status. Dropping these cases does not change our qualitative results. Furthermore,
this does not affect the consistency of the fixed effects instrumental variables estimator that we
use. The results show that the retirement eligibility ages of the respondent significantly decrease
the probability of working part-time and full-time. The effects on working full-time are about
three times larger than those on working part-time. This is plausible since the majority of the
employees would be expected to opt out of full-time work when they are eligible for retirement
benefits. It also suggests that the effects of working part-time and full-time can be separately
identified in the regressions of health outcomes. The retirement ages of the partner also appear
to be predictive of the respondent’s own retirement behavior, but only for full-time working,
and to a considerably lesser extent. This is plausible since older workers might become less
inclined to work full-time or part-time once their partner is eligible for social security benefits.

The table shows that the retirement age indicators are jointly significant at the 0.01 level.
This is also true for the continuous age variables. Angrist and Pischke (2009, pp. 217-18)
introduced an F statistic for testing weak identification when there is more than one endogenous
regressor. We find evidence against weak identification for both endogenous regressors. Table
6 presents the results of overidentification test when we consider the retirement eligibility ages
of both the respondent and the partner, which constitute a total of four instrumental variables
for two potentially endogenous regressors. In most regressions, the test results support the use
of these instruments: the null hypothesis that all moment restrictions are valid is not rejected.
In the regression of self-perceived health, we fail to reject the test only at the 5 percent level.
However, we fail to reject the test at the 10 percent level when we allow for a linear age effect,
which, as we will argue, is a better approximation of the age effect in Section 5.3.

These results show that retirement ages are important predictors of both part-time and
full-time work statuses, even when we control for a nonlinear smooth function of age.
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Table 5: Results for first-stage FE model explaining part-time and full-
time work status

Part-time Full-time

Coeff p-val Coeff p-val

Bet. early and normal ret. age −0.042 0.000 −0.137 0.000
At or over the normal ret. age −0.104 0.000 −0.301 0.000
Bet. early and nor. ret. age (P) −0.005 0.442 −0.021 0.011
At or over the normal ret. age (P) −0.000 0.978 −0.010 0.275
Age −0.002 0.727 −0.072 0.000
Age squared 0.000 0.671 0.000 0.000
Constant 0.372 0.044 3.391 0.000

F-test for two age terms 0.000 0.000
F-test for four instruments 0.000 0.000
AP test of weak identification 0.000 0.000
N obs. 63964 63964
N ind. 38221 38221

Notes: 1. Linear probability model with fixed effects. 2. P: Married or
unmarried partner. 3. Standard errors are robust to heteroskedasticity and
clustering on panel groups.
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5.2 Physical and mental health

Table 6 presents the baseline results from the estimation of linear probability models with
instrumental variables and fixed effects given by Equation (2.6). The estimation makes use of
the full set of four instruments introduced above. A first finding is that in most regressions the
two age terms are individually and jointly significant at the 0.01 level, confirming the quadratic
relationships observed between the health indicators and age in Figures 4-9. For self-perceived
health and depression score, however, we suspect other functional forms of age can better
approximate the age effect. Furthermore, as discussed in Section 4, a cubic function of age
might better capture the effect of age on weekly hours worked in the first stage of the 2SLS
estimation. Therefore, we discuss additional results based on linear and cubic age functions in
the next section.

Regarding labor market participation at the extensive and intensive margins, we find that
working (part-time or full-time) has a significant effect on self-perceived health, in line with the
findings of Coe and Zamarro (2011) and Neuman (2008), who showed that retired people have
better self-perceived health in Europe and in the US, respectively. However, we find no evidence
that both working part-time and full-time have a negative effect on health. On the contrary,
although the individual effects are statistically insignificant, the signs of the effects of the two
employment terms suggest that while working full-time has a negative effect, working part-time
has a positive effect on self-perceived health. The results on the objective health index support
this claim. In particular, we find that while working full-time reduces health index, working
part-time has a negative although insignificant effect.

We could expect that older people who work are less likely to be overweight or obese than
those who are retired, because they are probably physically more active. However, neither
working part-time nor working full-time has a significant effect on the body mass index, although
the sign of the effect of working full-time confirms our expectation.

With respect to cognition, we find no effect for word recall score. On the other hand, working
full-time has a positive effect, while working part-time has a negative effect on numeracy. These
results imply that not only labor market inactivity but also working fewer hours in old age cause
a decline in cognitive skills.

Finally, we find that working full-time has a negative effect on the depression score. On the
other hand, working part-time has no significant effect, but the sign of the effect is negative
suggesting that it is exclusively working full-time that increases the depression score. However,
note that the effect of working full-time is significant at 0.10 level and we reject the C test of
the exogeneity of the hours worked at the 0.10 level.

Overall, these results suggest that labor market participation affects overall and mental
health conditions, as implied by the strand of the literature analyzing the effect of retirement
on various health outcomes, but the effect of labor market participation is not independent of
the number of hours worked.
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5.3 Robustness checks

Age specification

Our 2SLS regression model has allowed for a quadratic function of age to capture the nonlinear
changes in the health status due to advancing age observed in Figures 5-9. Table 6 showed that
the two age terms are jointly significant at the 0.01 level. However, Figure 4 suggested that a
linear function of age might better capture the changes in self-perceived health due to advancing
age. Furthermore, 2 suggested that a cubic function of age might better capture the nonlinear
changes in weekly hours worked due to advancing age. The top panel of Table 8 presents the
coefficient estimates of part-time and full-time work when we employ cubic and linear functions
of age, instead of a quadratic function.

The table shows that the magnitudes or the statistical significances of the effects of working
part-time and full-time only slightly change in all regressions when a cubic function of age is
considered. However, the effect of working full-time becomes insignificant at the 0.10 level in
the regression of depression score. This might be due to the fact that the predictive power of
the retirement eligibility ages has decreased as we allow for a cubic age function. In fact, Table
7 shows that, in the first stage regression of full-time work, the three age terms are individually
and jointly significant at the 0.01 level, and the magnitudes of the effects of the retirement
eligibility ages of the respondent, and those of the partner, are substantially smaller and less
significant when a cubic age function is used compared to when a quadratic age function is used
in the baseline analysis. Apart from the depression score, our qualitative results are unaffected
for the effects of working part-time and full-time in the health index and numeracy regressions.
The specification tests also show small changes in p-values, except that we fail to reject the C
test of the exogeneity of the weekly hours worked with a larger p-value in the body mass index
regression.

When we impose a linear age function, however, throughout all regressions, we obtain effects
that are much larger in magnitude and much more precisely estimated. It might be that, as
we allow for a less flexible function of age in the first stage regression, the predictive power of
the eligibility ages to control for the discontinuities in the eligibility ages increases. However, 7
shows that, in the first stage regressions of part-time and full-time work, we observe only slight
changes in the effects of the retirement eligibility ages when we impose a linear age function.
An alternative explanation in the second stage of the 2SLS estimation can be that, as we allow
for a less flexible function of age in the second stage regression, the two variables of employment
spuriously reflect the effect of age on health outcomes.

These results show that our qualitative results in Section 6 are robust when a flexible, cubic
age function is employed, but they change considerably when a linear age function is employed.

Instrument set

To analyze the causal effect of retirement on health outcomes, we have used the retirement
eligibility ages of the respondent as instruments for retirement behavior and supplemented this
instrument set with the retirement ages of the married or unmarried partner. Supplementing
the instrument set with the retirement ages of the partner can affect the efficiency of our
instrumental variables estimator in two directions. It can improve the efficiency of the estimator,
yielding more precise and significant effects, since the predictive power of the instrument set
increases. On the other hand, it can reduce the efficiency of the estimator since the number
of observations used in the estimation decreases as we restrict the sample to those respondents
with a partner only so that the retirement ages of the partner can serve as instruments. In
order to investigate the sensitivity of the estimates for restricting the set of instruments to the
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retirement ages of the respondent, the middle panel of Table 8 presents the results using the
retirement eligibility ages of the respondent only.

Compared to the results using the full instrument set in Table Table 6, we find that in
all regressions the coefficients become insignificant, and in some regressions the signs and the
magnitudes of the coefficient estimates also change. This is perhaps because the predictive
power of the instrument set has decreased. We conclude that the retirement ages of the partner
improve the efficiency of the instrumental variables estimator, yielding more significant effects.

Econometric model

Our econometric model makes use of instrumental variables to circumvent the endogeneity of
hours worked, and exploits the panel nature of the data to allow for fixed effects that control
for unobserved individual heterogeneity. To show the extent to which the endogeneity of hours
worked and individual heterogeneity affect the estimated coefficients, the bottom panel of Table
8 presents the results using three alternative regression models. In the first model, we do not
exploit the panel dimension of the data and do not control for the endogeneity of hours worked;
rather we follow a pooled OLS estimation. In the second model, we do not allow for endogeneity
of hours worked, but exploit the panel dimension of the data and follow a panel FE estimation
which uses the within group estimator (the within group transformation followed by OLS). In
the third model, we do not exploit the panel dimension of the data, but allow for endogeneity of
hours worked and follow a pooled IV estimation that uses the two-stage least squares estimator.
The baseline panel IV-FE model in Table 6 uses the two-stage least squares estimator after the
within group transformation.

A first result is that the signs or the magnitudes of the coefficients change in most of the
regressions when we control for the endogeneity of hours worked, regardless of if we control for
fixed effects. This suggests that health conditions not only affect the labor market participation
decisions of individuals, but also the labor supply decisions at the intensive margin. The second
result is that the signs or magnitudes of the effects change substantially when we control for
fixed effects, regardless of if we take an instrumental variables approach. This suggests that
individuals have health-related unobserved characteristics that are also correlated with their
labor market behavior. Overall, the results suggest that controlling for the endogeneity of
hours worked and individual heterogeneity are essential in the analysis of the effect of labor
market activity on health outcomes at older ages.
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Table 7: Robustness checks for first-stage FE model explaining part-time and full-time work
status

Part-time Full-time

Linear age Cubic age Linear age Cubic age

Coeff p-val Coeff p-val Coeff p-val Coeff p-val

Bet. early and normal ret. age −0.041 0.000 −0.030 0.000 −0.148 0.000 −0.088 0.000
At or over the normal ret. age −0.104 0.000 −0.080 0.000 −0.303 0.000 −0.197 0.000
Bet. early and nor. ret. age (P) 0.005 0.420 0.007 0.291 −0.026 0.001 −0.012 0.131
At or over the normal ret. age (P) −0.000 0.972 0.002 0.756 −0.009 0.350 −0.000 0.963
Age −0.004 0.000 0.450 0.000 −0.020 0.000 1.886 0.000
Age squared −0.007 0.000 −0.031 0.000
Age cubed 0.000 0.000 0.000 0.000
Constant 0.440 0.000 −8.864 0.000 1.769 0.000 −36.594 0.000

F-test for two age terms
F-test for three age terms 0.000 0.000
F-test for four instruments 0.000 0.000 0.000 0.000
AP test of weak identification 0.000 0.000 0.000 0.000
N obs. 63964
N ind. 38221

Notes: 1. Linear probability model with fixed effects. 2. P: Married or unmarried partner. 3. Standard
errors are robust to heteroskedasticity and clustering on panel groups.
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6 Conclusion

In this paper we have examined the causal effects of working part-time and full-time on the
physical and mental health conditions of elderly people in Europe. We have accounted for
unobserved heterogeneity across individuals that are likely to bias the causal effects examined.
Identification is achieved through exploiting the rich variation in the eligibility ages both within
and across twelve countries as well as over time. Our findings suggest that working full-time
negatively influences general health. We find no significant effect for working part-time at
conventional significance levels but the point estimate suggests that working part-time has a
positive effect on general health. Cognitive functioning is preserved by working full-time work
while the opposite is true for working part-time. The depression score is increased by full-time
work. We find no significant effect for working part-time at conventional significance levels
but the point estimate suggests that working part-time is decreasing the number of depressive
symptoms. These effects on mental health in either direction are large in absolute terms which
is an important finding considering the recent trend of increasing mental health problems in
the population and their potential effects on health expenditures and labour market outcomes.
In these respects our findings seem relevant for policy making to improve the work and health
conditions of older people.

Kantarcı (2016) has found that working full-time or part-time has negative effects on self-
perceived general health and memory, while they decrease body weight among the elderly people
in the United States. Our results show that while working full-time also has a negative effect
on general health, working part-time has no effect in Europe. We do not find any evidence that
working part-time or full-time affects body weight or memory in Europe. These comparisons
suggest that United States and Europe differ in terms of how working part-time and full-time
affect health in old age, but also by the types of the health outcomes affected. Future research
might aim at explaining the differences in heath outcomes due to working different number of
hours in old age in the United States and Europe.
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Figure 2: Hours worked per week by age of the respondent. Kernel smoothed local polynomials
and 95 percent confidence intervals around them.
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Figure 3: Hours worked per week by age of the partner. Kernel smoothed local polynomials
and 95 percent confidence intervals around them.
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Figure 4: Self-perceived health by age of the respondent. Kernel smoothed local polynomials
and 95 percent confidence intervals around them.
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Figure 5: Predicted self-perceived health by age of the respondent. Kernel smoothed local
polynomials and 95 percent confidence intervals around them.
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Figure 6: Body mass index by age of the respondent. Kernel smoothed local polynomials and
95 percent confidence intervals around them.
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Figure 7: Word recall score by age of the respondent. Kernel smoothed local polynomials and
95 percent confidence intervals around them.
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Figure 8: Numeracy score by age of the respondent. Kernel smoothed local polynomials and 95
percent confidence intervals around them.
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Figure 9: Depression score by age of the respondent. Kernel smoothed local polynomials and
95 percent confidence intervals around them.
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