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Abstract

Introduction: Research has suggested a positive association be-
tween cognitive decline and years in retirement. However, most prior
studies are based on data with non-ignorable missingness in the re-
sponse variable and performed with standard regression methods, re-
quiring a missing at random assumption of the response. Hence, there
are reasons to investigate if the association retains in case of non-
ignorable outcome missingness. An alternative to standard regression
methods is based on identification sets, where the missingness mecha-
nism is quantified by a parameter and hence considered non-ignorable.

Objectives: The primary objective of this study was to investigate
the connection between years in retirement and cognition based on
SHARE data, controlling for age, physical health, early life conditions
and socio-economic status, while considering non-ignorable missingness
in the outcome.

Methods: This study was based on data from the SHARE project
and included a total of 9199 individuals, aged 50-99 years. Episodic
memory was measured by a ten-word-list learning test, of which results
were forming the cognition outcomes. Standard OLS regression and a
regression method based on identification sets were used for the analy-
sis, the latter method allowing for a missing not at random mechanism.

Results: In line with previous research, a negative effect of years
in retirement on cognition was found. A new result of this study was
an obtained effect even when considering non-ignorable missingness in
the outcome.

Conclusion: The previously found connection and negative effect
of years in retirement on cognition is further strengthened, since it also
applies in case of non-ignorable missingness in the outcome.
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Sammanfattning

Introduktion: Tidigare forskning har implicerat ett positivt sam-
band mellan kognitiv försämring och antalet år som spenderats i pen-
sion. Flertalet studier baseras dock p̊a data där responsvariabeln
har ett icke-ignorerbart bortfall, men är genomförda med standard-
regressionsmetoder vilka bygger p̊a ett antagande om slumpmässigt
bortfall i responsvariabeln. Därmed finns det anledning att undersöka
huruvida sambandet mellan kognitiv försämring och antalet år i pen-
sion uppst̊ar om responsvariabelns bortfall är icke-ignorerbart. Ett
alternativ till ordinära regressionsmetoder baseras p̊a identifikations-
mängder, där bortfallsmekanismen kvantifieras med en parameter och
därmed betraktas som icke-ignorerbar.

Syfte: Det primära syftet med denna studie var att, utifr̊an SHARE-
data, undersöka sambandet mellan antalet år spenderade i pension och
kognition, med kontroll för ålder, fysisk hälsa, tidiga livsförh̊allanden
och socio-ekonomisk status, samt anta ett icke-ignorerbart bortfall i
responsvariabeln.

Metod: Denna studie baserades p̊a data fr̊an SHARE-projektet
och innefattade totalt 9199 individer i åldrarna 50-99 år. Episodiskt
minne mättes med ett inlärningstest av 10 ord där testresultatet ut-
gjorde kognitionsutfallet. Standard-OLS-regression samt en regres-
sionsmetod baserad p̊a identifikationsmängder tillämpades i analysen,
varav den senare metoden tillät en icke-slumpmässig bortfallsmekanism.

Resultat: I linje med tidigare forskning hittades en negativ effekt
av antalet år i pension p̊a kognition. Ett nytt resultat av denna studie
var att effekten hittades även d̊a icke-ignorerbart bortfall i responsvari-
abeln kunde antas.

Slutsats: Det tidigare funna sambandet och negativa effekten av
antalet år i pension p̊a kognition är ytterligare stärkt eftersom det visas
även d̊a responsvariabelns bortfall är icke-ignorerbart.
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1 Introduction

1.1 Background

Cognitive abilities of older people is a largely investigated research field with
previous results documenting an impairment of cognition at older ages [1, 2].
More specifically, a decline in memory when recalling specific past events is
shown to be strongly connected with aging [3].

Previous research indicate that an individual’s lifestyle, e.g. engagement
in mentally stimulating activities, is likely to be associated with cognitive
functioning [4]. Stimulating environment and activities tend to have positive
influence on the maintaining, or even the improving, of cognitive functioning
[5]. The concept of cognitive reserve (CR) argues that there is an individual
variability in the ability to process tasks and cope with neurodegenerative
diseases. The individual variability can partly be explained by the protective
function of cognitive stimulation, e.g. yielded from education, work and
engagement in cognitively stimulating activities. These activities are argued
to lead to neuronal growth, cause a more efficient use of the already active
brain networks through enhanced synaptic activity or lead to a recruitment
of new, alternative brain networks; which all have a protecting effect on
pathological brain changes. Hence, a high CR can decrease the speed of
cognitive decline related to age and reduce the risk for Alzheimer’s disease
[6, 7].

Turning into retirement is a transition that often represents a remarkable
change in lifestyle and daily activities, likely to affect cognition at older ages
[5]. Retirement has previously been studied in order to examine its effects
on individuals health, with varying results. For example, retirement has
been argued to affect mental health negatively [8, 9, 10, 11, 12]. It has been
shown that retirement usually leads to break with networks and friends - a
social change that may lead to mentally and emotionally negative impacts
on the individual [13]. Furthermore, turning into retirement often causes a
less mentally stimulating daily environment which likely has a negative effect
on cognition [9]. On the other hand, retirement has also been argued to be
beneficial to health since it eliminates work-related stress, decreases anxiety,
depression and distress and preserves the retirees’ health [14, 15, 16, 17, 18].

A recent longitudinal study by Celidoni, Dal Bianco and Weber [5] found
that years in retirement has a positive effect on cognitive decline after con-
trolling for age, physical health, socio-economic status and early life condi-
tions. This study was based on data from the Survey of Health, Ageing and
Retirement in Europe (SHARE). The found connection between retirement
duration and cognitive decline has strengthened the view suggested by pre-
vious studies that early retirement increases the risk for cognitive decline
[8, 9, 10, 11, 12], and by extension the onset of dementia at older ages [5].

An often occuring problem, especially in longitudinal studies, concerns
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missing data, i.e. when some variable, or variables, of interest are not ob-
served for all researched individuals or objects [19]. Depending on the
amount of, and mechanisms behind, missing data, the reliability of the re-
sults can be impacted [20]. A commonly used method for estimating param-
eters in a regression model is ordinary least squares (OLS). OLS provides
a set of point estimates of the mean response at a set of covariates. The
OLS method requires an assumption that the mechanism behind the pos-
sible missingness of the response variable is random. It requires that the
missingness mechanism is independent from the response given the other
observed variables [20]. However, the missing at random assumption is usu-
ally not testable from the research data. Hence, the standard OLS approach
can be insufficient for drawing conclusions from research data that contains
missingness in the response [20].

Longitudinal studies, when data is collected repeatedly over time, tend
to suffer from a missingness pattern called attrition, meaning that people
tend to drop out before the study is ended. This may cause situations
with missing data from the later measurement occasions where one can not
confirm the missing at random assumption [19].

The theory of identification sets forms the base to an option to standard
regression techniques, enabling regression analysis even when one can not
ensure the missing at random assumption. The method yields identification
sets instead of point identification of the parameters of interest. The non-
ignorability of the missing mechanism is quantified with a parameter ρ, de-
termining the boundaries of the identification set. If incorporating sampling
variability, uncertainty intervals can be derived, covering the parameters
with at least (1 − α) probability [20]. The method is further described in
section 2.2.

1.2 Outline

Due to the background, it is interesting to investigate if retirement dura-
tion has a significant effect on cognitive decline at older ages using SHARE
data, when considering non-ignorable missingness in the data. The main
goal of this thesis is to examine that effect by using the identification sets
method described in section 2.2, allowing for a non-ignorable missingness
mechanism. A previous study that found a significant effect of retirement
duration on cognition (”Early retirement and cognitive decline. A longitu-
dinal analysis using SHARE data” by Celidoni et al [5]) is replicated, using
standard OLS regression and assuming ignorable missingness mechanism.
The results from the replication and the results of the identification sets
method are compared, in order to see if assuming non-ignorable missingness
affects the previously found [5] effect of years in retirement on cognition.
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2 Statistical analysis

2.1 Missing data

In standard regression analysis, the measurements of the analyzed objects
are represented as rectangular data matrices with rows representing units of
some type, e.g. individuals, and columns representing variables measured
on each unit. The entries of the data matrix are usually real numbers repre-
senting values of continuous or cathegorical variables. If some of the entries
are unobserved, they are referred to as missing values. The missingness can
be expressed either in cathegories as e.g. ”don’t know” or ”refusal”, or just
be a lack of response [19].

In longitudinal studies, i.e. where data is collected on the same units or
individuals under two or more subsequent occasions, a usual missing data
problem is attrition; when individuals drop out before completing the study
and are not observed from that time [19].

A missing-data mechanism is defined as the relationship between the
missingness and the variables in the data set. The issue was not formulated
until 1976 when Rubin [21] introduced the idea to treat missingness indi-
cators as random variables and assign distributions to them. The theory
was further reviewed by Little and Rubin in 2002 [19] when they presented
the concepts MCAR (missing completely at random), MAR (missing at ran-
dom) and MNAR (missing not at random). The assumption MCAR holds
when missingness is not at all depending on the (missing or observed) values
of the data. A less restrictive assumption is MAR, which holds when miss-
ingness depends on the observed values of the data but not on the missing
ones. Furthermore, MNAR holds in cases when the missingness depends on
the missing values in the data [19].

Different methods to handle missingness have arised from research on
the field of missing data. These methods can be divided into the following
subgroups, not mutually exclusive:

1. Procedures based on completely recorded units. In cases where some
variables are not recorded for some of the units one can choose to ana-
lyze only the units with complete data (complete-case analysis). These
methods are appropriate in case the data is MCAR and MAR. Oth-
erwise, it can cause serious biases, especially if the amount of missing
data is large.

2. Weighting procedures. When non-missingness occurs with some known
probability, one can put design weights on the values of the data which
are inversely proportional to the selection probabilities. Appropriate
if the data is MAR.

3. Imputation-based procedures. The missing values are filled in, creat-
ing a completed data set which can be analyzed with standard meth-
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ods. Values can be substituted either by observed units in the sample,
means from sets of observed values or by prediciton from regression
on the observed variables of a unit. Analysis is then performed by
standard methods, with some modifications allowing different status
to the real and the imputed values. Imputation-based methods may
be suitable if the data is MAR.

4. Model-based procedures. Model-based procedures can be used if one
has knowledge about the missingness mechanism and how it is related
to the outcome. In model-based methods, a model for the observed
data is defined and inferences are made, built on the likelihood or
posterior distribution under that model. The parameters are estimated
by e.g. the maximum likelihood method. Model-based methods may
be appropriate under MAR and MNAR [19].

2.2 Regression based on identification sets

Since standard linear regression models rely on the assumption that the data
missingness mechanism is ignorable (i.e. MAR), such models can be insuffi-
cient if the response variable contains non-ignorable missingness. A method
based on identification sets constitutes an alternative to standard regression
methods, yielding results reliable for cases with a continuous outcome and
non-ignorable missingness mechanism. The method is built on, instead of
point identification of parameters, determining a region in the parameter
space, including all possible parameter values under a specific missing data
mechanism. Thus, the method enables making inference about data with
missing outcome in cases when the assumptions required for standard OLS
regression do not hold [20].

The following theory regarding the identification sets method is yielded
from the study ”Uncertainty intervals for regression parameters with non-
ignorable missingness in the outcome” by Genbäck, Stanghellini, de Luna
[20]. The method can be applied on regression parameters if the outcome
is unbounded and continuous. The outcome and the (binary) missingness
indicators are regressed on a set of covariates, yielding an outcome equation
and a selection equation respectively. Let y be the complete outcome vector
and X the regression matrix with the complete data, i.e.

X =


1 xT1
1 xT2

...
1 xTN

 .
Then, the outcome equation can be defined as

y = v2 + βX + η2,
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and the missingness mechanism as

z = I(z∗ > 0),

where
z∗ = v1 + δX + η1,

v1 and v2 are intercepts, β the regression parameter vector of interest, z∗

a latent variable and z the missingness indicator vector. The response y
is observed only for the units for which z∗ > 0, i.e z = 1. Let η1 be
an i.i.d. N(0,1) error vector and η2 an i.i.d. error vector with mean 0
and variance σ2

2. The relation between η1 and η2 is then assumed to be
η2 = ρσ2η1 +ε, where ρ is the correlation between η1 and η2, i.e. describes
the dependence between the missingness indicator and the response variable,
given the covariates. ε is assumed independent from η1 and η2 with mean
0 and variance σ2

ε . Note that if ρ = 0, the data is MAR, and if ρ 6= 0, the
data is MNAR [20].

Now, let u = xT δ + v1 and λ(u) be the so called inverse Mills’ ratio,

defined by λ(u) = φ(u)
Φ(u) , where φ is the standard normal density function

and Φ the standard normal cumulative distribution function. Further, let
v̂2OLS and β̂OLS be the OLS estimates of v2 and β, Xs the sample regression
matrix with the complete data and λTu = [λ(u1), λ(u2), ..., λ(un)] the values
of the inverse Mills’ ratio for the n observations. It can be shown that

E

([
v̂2OLS

β̂OLS

])
=

[
v2

β

]
+ ρσ2E

[
(XT

sXs)
−1XT

s λu
]
. (1)

Hence, both ρ and σ2 are needed in order to estimate β, and therefore from
(1) it is possible to define an identification set by letting ρ vary in an interval
[ρmin, ρmax] [20].

Since it is known that ρ ranges between −1 and 1, and σ2 depends on
ρ, boundaries for σ2 can be determined. Let the the sample variance be
defined by σ2

r = E[V ar(y|x, z = 1)] (can be calculated from the observed
data). One can show that

σ2
r ≤ σ2

2 ≤
σ2
r

1− ρ2
. (2)

Now, identification sets for β can be obtained from (1) and (2). For
j = 1, ..., p, let ej be a (p + 1) vector with all elements being 0 except the
(j + 1)th which is 1. Then,

b1,j = E(β̂j)− ρmin
σr√

1− ρ2
min

E[(XT
sXs)

−1XT
s λu]ej ,

b2,j = E(β̂j)− ρminσrE[(XT
sXs)

−1XT
s λu]ej ,

b3,j = E(β̂j)− ρmax
σr√

1− ρ2
max

E[(XT
sXs)

−1XT
s λu]ej ,

b4,j = E(β̂j)− ρmaxσrE[(XT
sXs)

−1XT
s λu]ej .

(3)
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By replacing the theoretical value E(β̂j) in (3) with the estimate β̂j , lower
and upper bounds for the identification set can be obtained. The lower
bound is βl, j = min(b1,j , b2,j , b3,j , b4,j) and the upper bound is βu, j =
max(b1,j , b2,j , b3,j , b4,j) [20].

By adding sampling variability to the estimated sets of possible values
of β, uncertainty intervals for the sets can be derived (comparable with
confidence intervals in case of point estimation). According to the uncer-
tainty intervals, the identification sets will be covered with a probability of
at least (1 − α). Let cα

2
be the (1 − α/2)100% percentile of the standard

normal distribution. Then, an uncertainty interval for the j:th variable with
a confidence level of at least (1− α)100% is obtained by[

β̂1,j − cα
2
se(β̂1,j), β̂µ,j + cα

2
se(β̂µ,j)

]
[20].

3 Data & Method

The data is drawn from the Survey of Health, Ageing and Retirement in
Europe (SHARE)1, a collected data set on health, socio-economic status
and social and family networks. The SHARE sample is European, 50 years
or older, individuals speaking the official language of their country, plus
their possible partner (regardless of age). The SHARE data was collected in
subsequent occasions referred to as waves. In this thesis the following waves
are used: wave 2 (collected in 2006-2007), wave 3 (SHARELIFE)2 (collected
in 2008-2009) and wave 4 (collected in 2011). Each wave of SHARE data
is divided into different modules, collecting information on different aspects
of the interviewees. The modules of wave 2 and 4 included in this study
are EP (employment and pensions), CF (cognitive function), HH (household
income), DN (demographics and networks), CVR (coverscreen on individual
level) and ISCED (education). The modules of SHARELIFE included in
this study are RE (retrospective employment), ST (demographics) and CS
(childhood section). An illustration of how the final sample of this study is
derived from the original SHARE data sets is shown in Figure 1.

In the ”Participants excluded” box in Figure 1, the exclusion of individu-
als is described step by step. The sample of analysis is restricted to intervie-
wees participating, and with non-missing memory test scores, in wave 2 and
wave 4. Thus, all individuals with missing cognitive data are excluded (i.e.
complete-case analysis), since the statistical analyses can be performed only
for interviewees with non-missing data in the regression variables. Of the

1This thesis uses data from SHARE wave 2 release 2.6.0, as of November 29th 2013
and SHARE wave 4 release 1.1.1, as of March 28th 2013 and wave 3/SHARELIFE release
1, as of November 24th 2010. See www.share-project.org for a list of funding institutions
of the SHARE data collection.

2Wave 3, also called SHARELIFE, is a retrospective data collection focusing on infor-
mation about people’s life histories.
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Figure 1: Flow chart illustrating how the study sample was derived
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total 78558 interviewees participating in any of the included waves, 36730
interviewees participated in wave 2. Of those, 35938 had cognitive data in
wave 2, and of those, 18914 participated in wave 4 and 17744 had cognitive
data in wave 4. Also all individuals not participating in wave 3 / SHARE-
LIFE are excluded, since some covariates used in the regression analyses are
defined upon variables collected in that wave. The final sample of 9199 is
derived after making all the further neccessary exclusions.

The further restrictions of the sample are also listed in the ”Participants
excluded” box in Figure 1. Only individuals aged 50 or over are included.
Furthermore, since the effect of retirement on cognition is examined, only
interviewees who were still working or had been retired from work when
interviewed in wave 2 are included (i.e. those who were e.g. unemployed,
permanently sick or homemaker are excluded). Note that everyone who
declares their working status as ”retired” is considered retired, regardless
of total amount of working experience. The definition of ”retired” is not
exactly the same as the one used in the study of Celidoni et al [5]. With the
intention to measure only the effect of being retired from work, Celidoni et al
[5] defined ”retired” as being retired and having worked for 15 or more years
in ones life. However, due to difficulties to extract the exact total amount of
working experience from SHARE data, in this study ”retired” means being
retired, regardless of earlier working experience. Furthermore, in line with
Celidoni et al [5], proxy interviews are excluded since the proxy interviewees
did not perform cognitive tests. Finally, interviewees with missing values in
any of the covariates in the regression are excluded, since the analyses can
only be performed for those with complete data in all included variables.

Of the final sample of 9199 individuals (see figure 1), 5690 had earlier
participated in wave 1 and 3509 were entering the study in wave 2. In
comparison, the final sample of Celidoni et al [5] was 8262 individuals, of
which 6176 had been interviewed in wave 1 and 2086 who were entering the
study in wave 2.

3.1 Measurements

3.1.1 Cognitive measurements

The cognitive function was measured in SHARE by a memory verbal test
derived from the Rey’s Auditory Verbal Learning Test-RAVLT. In the test
the interviewee learns a list of ten common words and is tested by making
both an immediate recall of the words and a delayed recall in about five
minutes after the learning moment. The sum of words remembered in the
two trials is the final score, ranging from 0 to 20 in each wave. Since memory
is proven to be affected by ageing, the ten word-list-learning test is preferred
to other cognitive tests (e.g. to verbal fluency tests) [12].

Two measures of cognitive change, y∗ and highdecrease, are used in the
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analysis of this study. The latter was the measure used in the study of
Celidoni et al[5]. y∗ is the percentual change in memory score between
waves. Let scorei,w2 denote the summed number of words recalled in the
immediate and delayed tests in wave 2, and scorei,w4 the summed number
of words recalled in wave 4. Then, the definition of y∗ is

y∗i = (scorei,w4 − scorei,w2)/scorei,w2. (4)

highdecrease is a dummy variable taking value 1 if the percentual change
in memory score between waves is ≤ −0.2, i.e. highdecrease = 1 if y∗ ≤ −0.2
and 0 otherwise. The highdecrease measure of cognitive decline has been
argued to be more informative about the actual decline than the percentual
change when re-testing effects are important [5], which is a known issue in
longitudinal analyses of cognitive decline [22].

3.1.2 Covariates

In this study 12 covariates are used, in contrast to the study of Celidoni
et al [5] where 56 covariates were used. The description of how Celidoni et
al [5] extracted some of the covariates from their data is partly deficient,
which complicates the replication of them. In this report, the focus is on
those covariates with significant effects in the study of Celidoni et al [5] and
on covering areas that Celidoni et al [5] stressed important; retirement, age,
socio-economic status, mental health and early life conditions.

11 of the 12 covariates included in this study (retired, frWtoR, yinRw2,
age60 69, age70 79, age80, lowcognition, eqincomeQ2, eqincomeQ3, eqin-
comeQ4, mathskills and female) were also in the study of Celidoni et al
[5]. The dummy livealone, declaring whether the interviewee lives alone, is
a new covariate in this study. Celidoni et al [5] included the dummy part-
ner (describing if the interviewee has a partner), which is comparable with
livealone, since having a partner often means living together and vice versa.
livealone was used, partly since it was unclear how to define partner from
SHARE data. I also found livealone interesting since it covers all kinds of
living together (not only with a possible partner).

The response variables y∗ and highdecrease, defined in section 3, are
drawn from wave 2 and 4. retired, a dummy declaring if retired in wave 2, is
drawn from wave 2. frWtoR describes whether a transition from working to
retirement occured between wave 2 and 4, and it is also drawn from wave 2
and 4. yinRw2 declares the number of years spent in retirement in wave 2.
It is drawn from wave 2, SHARELIFE and wave 4. age60 69, age70 79 and
age80 are dummies declaring if the interviewee falls into agegroup 60-69,
70-79 or 80+ years in wave 2 (reference group is agegroup 50-59 years). The
age variables are drawn from wave 2 and 4. lowcognition is a dummy taking
value one if the memory score in wave 2 was lower than the median value
by wave and country. It is drawn from wave 2.
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Income is controlled for by adding quartiles computed on household
equivalent income by country and wave. Household equivalent income is
derived in the same manner as Celidoni et al [5] did, i.e. dividing the total
household income by the square root of the household size. eqincomeQ1 is
the lowest quartile and the reference cathegory. eqincomeQ2, eqincomeQ3
and eqincomeQ4 represent the 2nd, 3rd and 4th income quartiles respec-
tively. The income covariates are drawn from wave 2. mathskills is based
on a self assessed measure of cognitive abilities when ten years old, and is
drawn from SHARELIFE. female declares if the interviewee is female and
is drawn from wave 2.

3.1.3 Statistical analysis

In order to make a regression model, let yi denote the highdecrease or the
y∗ value of interviewee i, depending on which response variable is desired.
Then, assume that cognition depends on years spent in retirement, yinRw2i
and a vector of covariates, XT

i , including variables described in section 3.1.2.
Then, the linear specification for yi is

yi = β1 yinRw2i + β XT
i + εi, (i = 1, ..., n). (5)

Note that the linear specification for yi in equation 5 is most appropriate
in case the response is continuous valued, which only holds for y∗. For
the (binary) highdecrease, a logistic regression model would fit better. The
reason that the linear specification in equation 5 is used anyway in both
cases is in order to replicate the study of Celidoni et al [5], who, despite the
binary response variable, did apply standard OLS and not logistic regression.
Thus, the analysis is perfomed by standard OLS regression and identification
sets method. On the response highdecrease, standard OLS regression is
performed. Since the identification sets method needs the response variable
to be continuous, the (binary valued) highdecrease is not examined with
that method. On the response y∗, both standard OLS and identification
sets approach are applied.

The significance level used in this thesis is α = 0.05. Furthermore, note
that the p-values are specified to a smaller level in the results of the analyses
of this thesis, with a lowest level of p ≤ 0.001, than the results of the study
of Celidoni et al [5] where the lowest level is p ≤ 0.01. Thus, p ≤ 0.01 in
the results of the study of Celidoni et al [5] means that it can be everything
below 0.01 and, hence, also may satisfy p ≤ 0.001.

Regarding drop-out, since the response variables are based on cognitive
change between wave 2 and wave 4, the drop-out between those waves is
analysed. It is analysed for all the 36730 individuals who participated in
wave 2 (see Figure 1).
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4 Results

4.1 Results from replication of previous study of Celidoni et
al

Fig. 2 illustrates the cross-sectional relation between age and average mem-
ory score. The graph shows that memory score decreases almost linearly
with age, which indicates a strong negative correlation between cognition
and age.

Figure 2: Average memory score by age

Before presenting the results of the regression, it is necessary to clarify
that a positive value of the response variable y∗ means an increase and a
negative value means a decrease in cognitive ability. However, regarding
the highdecrease response variable, the direction is the opposite; the higher
value (1) means the occurence of a high decrease, and the lower value (0)
means no high decrease. Hence, the estimated effects of covariates on the
two responses will naturally have different signs.

Table 1 presents results from the standard OLS regression on the re-
sponse highdecrease. The effect estimate of years in retirement on high-
decrease is 0.0033 with standard error 0.0008 and p ≤ 0.001. The effect
estimate of years in retirement on highdecrease in the study of Celidoni et
al [5] was 0.0062 with standard error 0.0012 and p ≤ 0.01. Hence, the effect
is significant with same sign in both studies3.

3The effect estimate has p ≤ 0.001 in this thesis’ analysis and p ≤ 0.01 in the analysis
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Table 1: Results of OLS regression on the cognitive high drop outcome
(highdecrease)

Coef. Std.Err.

retired 0.023 0.017
frWtoR 0.008 0.018
yinRw2 0.003 0.001 ***
age60 69 0.042 0.015 **
age70 79 0.121 0.019 ***
age80 0.187 0.025 ***
lowcognition -0.154 0.009 ***
eqincomeQ2 -0.030 0.013 *
eqincomeQ3 -0.050 0.013 ***
eqincomeQ4 -0.035 0.013 **
mathskills -0.050 0.009 ***
female -0.016 0.009 .
livealone -0.038 0.011 ***

Observations 9199
Adj R-squared 0.056

Notes: Significance levels as follows:
p-value *** ≤0.001, ** ≤0.01, * ≤0.05, . ≤0.1

Furthermore, 9 of the remaining 12 covariates included in this study have
significant effects on the response highdecrease (see table 1). All of them
had significant effects also in the study of Celidoni et al [5].4 The covariate
livealone has significant effect, which may be interesting to compare with
the non-significant covariate partner in the study of Celidoni et al [5]. The
remaining two covariates retired and frWtoR have non-significant effects
both in this and in Celidoni et al’s [5] study.

4.2 Results from analysis of drop-out

The percentage of drop-out between wave 2 and 4 differs slightly depending
on how drop-out is defined. The total number of individuals participating
in wave 2 were 36730 (see figure 1). Of those, 17599 were not participating
in wave 4. Hence, the drop-out between the waves regarding total number
of participating individuals is 47.9%. If we instead concentrate upon those
with complete memory score (in both immediate and delayed recall) in wave
2, the number is 36138. Of those, 18194 did not have complete memory score

of Celidoni et al [5].
4Significant on highdecrease from standard OLS regression in both Celidoni et al’s [5]

and this study are yinRw2, age60 69, age70 79, age80, lowcognition, eqincomeQ2, eqin-
comeQ3, eqincomeQ4, mathskills and female.
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in wave 4. Hence, the drop-out between the waves regarding the number of
interviewees with cognitive data is 50.3%.

In Figure 3, the number of interviewees with complete memory score
in wave 2, as well as the percentage of drop-out between waves regarding
those with complete memory score, are plotted against age. From the graph
it is readable that the number of individuals with cognitive data in wave
2 increases between age 50 and 60 and decreases steeply from age 60 until
approximately age 90. From approximately 85 years and on, a very small
number of individuals have cognitive data in wave 2. The drop-out decreases
slightly between age 50 and 65 and increases after about age 65. The per-
centage of drop-out increases with age, but as the number of individuals in
the agegroups get very small (i.e. from approximately 85 years and older),
the drop-out percentage curve gets more instable.

Figure 3: Number of interviewees with cognitive data in wave 2 and per-
centage drop-out, per age in wave 2

4.3 Results from regression analysis by identification sets
method

Table 2 presents the results of statistical inference on the y∗ response. It
includes OLS estimates, 95 % confidence intervals obtained by assuming
MAR (i.e. letting ρ = 0 and using OLS) and 95 % uncertainty intervals
that are built assuming two different sets of values for ρ; (−0.5, 0) and
(−0.9, 0). The intervals are defined by their width, center and sign. Sign
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value −1 means that the interval is below 0, value 0 that it includes 0 and
value 1 that it is above 0. Finally, the table includes a column declaring
which extreme values of ρ that are needed for the intervals to include the
value 0. An uncertainty interval including 0 is equivalent to a non-significant
effect.

The choice of the two sets of values for ρ illustrates the assumption that
ρ is negative. Assuming a negative ρ is reasonable since the possible relation
between drop-out and cognitive change can be assumed negative, i.e. drop-
out is likely to increase with a negative change in cognition. Hence, one can
assume that the lower the value of the response (y∗ = percentual change in
memory score), the higher the risk for drop-out, and vice versa. Thus, the
missingness indicator is likely to be negatively correlated with the response.

As shown in Table 2, standard OLS regression on the response y∗ yields
an effect estimate of years in retirement on (continuous) cognitive change
of −0.0030 with standard error 0.0011 and p ≤ 0.01. Hence, the effect is
significant with a negative sign. As seen in Tables 1 and 2, years in retire-
ment has a significant effect on both highdecrease and y∗, but with different
signs of the effects, which was expected. Furthermore, 8 of the remaining
12 covariates have significant effects on the response y∗.5 As mentioned in
section 4.1 and shown in table 1, 9 of the 12 covariates have significant ef-
fects on highdecrease. eqincomeQ2 and livealone have significant effects on
highdecrease but non-significant effects on y∗. Hence, having a medium high
income as well as living alone decrease the risk for a cognitive high drop but
are not affecting the cognitive percentual change. female has a significant
effect on y∗ but non-significant effect on highdecrease. Hence, women’s cog-
nition decrease slower than men’s, but being a woman do not affect the risk
for a cognitive high drop.

As shown in Table 2, assuming the correlation (ρ) between the missing-
ness mechanism and the response variable being between 0 and −0.5, the
uncertainty interval for yinRw2 on y∗ is (−0.00515,−0.00065). The same
interval is obtained when assuming the correlation to be between 0 and −0.9,
i.e. the effect of years in retirement on cognition is unchanged even when
assuming a stronger correlation. An extremely high negative correlation (i.e.
ρ = −0.98) is required to obtain an uncertainty interval covering the value
0.

A selection of the results in Table 2 are graphically displayed in Fig. 4
and 5. Fig. 4 pictures the standard OLS confidence intervals and the un-
certainty intervals for the variables yinRw2 and mathskills, which both have
significant effects on y∗ in the OLS. Fig. 5 illustrates the OLS confidence
interval and the uncertainty intervals for lowcognition, which has significant

5Significant effects on y∗ (yielded in OLS) were obtained for the variables yinRw2,
age60 69, age70 79, age80, lowcognition, eqincomeQ3, mathskills and female. Non-
significant are retired, frWtoR, eqincomeQ3 and livealone.
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effect in the OLS analysis. The results in Table 2 show that all variables
with a significant effect on y∗ in the OLS analysis also have significant effect
under all ranges of ρ considered. The uncertainty intervals of all variables
significant in the OLS analysis include 0 only under quite extreme negative
or positive correlations (i.e. -0.96 or lower negative correlation, or 0.99 or
higher positive correlation).

In summary, the effect of years in retirement on cognitive change is
significant for both measures of cognitive change (with a positive effect sign
on highdecrease and a negative effect sign on y∗, which is expected). The
effect of years in retirement on y∗ is retained even if assuming an extreme
negative correlation (ρ ≤ |− 0.97|) between the missingness mechanism and
the response variable.

Figure 4: Graphical display of the OLS estimates (dots), the 95% confidence
intervals (CI) and uncertainty intervals (UI) obtained with ρ in [−0.5, 0] and
[−0.9, 0], for two of the variables of Table 2 which had significant effects on
y∗ in the OLS fit.

Now, the results regarding the covariates from all regression analyses in
this study will be summarized (see also table 1 and 2). The state of being
retired has no effect on cognitive decline, neither regarding cognitive high
drop nor percentual change. Nor the transition from working to retired has
any effect on cognition. Being in some of the agegroups 60 − 69, 70 − 79
or 80+ (compared to being in reference agegroup 50 − 59) increases the
risk for cognitive high drop and has negative effect on cognitive percentual
change, regardless of the correlation between missingness mechanism and
the response. Having low cognitive abilities compared to others of the same
age and country increases the risk for cognitive high drop and has negative
effect on cognitive percentual change, regardless of the correlation between
missingness and response. Being in the second lowest quartile group regard-
ing household income, compared to the lowest quartile in the same country,
decreases the risk for a high cognitive drop, but do not affect the percentual
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Figure 5: Graphical display of the OLS estimate (dot), the 95% confidence
interval (CI) and uncertainty interval (UI) obtained with ρ in [−0.5, 0] and
[−0.9, 0], for one of the variables of Table 2 which had significant effects on
y∗ in the OLS fit.

cognitive change. However, being in the two upper income quartiles de-
creases the risk for cognitive high drop and has positive effect on percentual
change, regardless of the correlation between missingness and response. Hav-
ing self-reported mathskills better than the average at age 10 decreases the
risk for cognitive high drop and has positive effect on the percentual change,
regardless of correlation between missingness and response. Being a woman
does not affect the risk for cognitive high drop but has positive effect on
percentual cognitive change. Living alone decreases the risk for a cognitive
high drop but does not affect the percentual cognitive change.

5 Discussion

The results show a significant and negative effect of years in retirement on
cognition, controlling for age, socio-economic status, gender, current cog-
nitive level, early life cognitive level and living conditions. The effect is
obtained both when assuming ignorable and non-ignorable missingness in
the outcome, regardless of looking at continuous cognitive change or the
occurence of a > 20% cognition drop. Thus, years in retirement is found
to affect cognition negatively even when considering non-ignorable missing-
ness in the outcome. Hence, the main result of Celidoni et al’s [5] study is
unchanged and further strengthened by the results of this study.

Covariates of age, income, current cognitive level compared to others in
the same country, self-rated level of mathskills when 10 years old, household
equivalent income, gender and whether living alone are also shown to have
effect on cognition. When looking at continuous cognitive change, all the
mentioned variables except whether living alone have effects, retained even
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if assuming a high non-ignorability of the missingness in the data outcome.
The result that years in retirement affects cognition negatively, above the

pure age effect, is in line with previous research [5, 8, 12]. The result can
be connected to the hypothesis that cognitive functioning is associated with
lifestyle as well as the concept of cognitive reserve, the latter suggesting
that individual variability concerning age-related cognitive decline can be
explained by the level of cognitive reserve, which in turn is affected by the
degree of exposure to mentally stimulating activities and occupation [4, 5,
6, 7]. Furthermore, theories suggesting there is a reduced social or mental
stimulation connected to retirement are also in line with the found effect
of retirement duration on cognition. Minkler [13] argued that retirement
has a negative impact on health due to the social and emotional changes
that a retiree experiences when breaking contact with networks and friends.
Rohwedder and Willis [9] argued that retirees are exposed to environments
that are less cognitively challenging and stimulating compared to those who
are working, and hence mental exercise is reduced, which in turn affects
cognition negatively.

On the other hand, the negative effect of years in retirement on cognition
partly contradicts previous research results that found retirement beneficial
to mental health due to e.g. a decrease of work role demands, decreased
depression and anxiety, a reduction in mental and physical fatigue and an
increase in physical and leisure activities indicating a beneficial effect of
retirement on cognition [14, 15, 16, 17, 18]. In summary, the results of
this study combined with previous research in the field of retirement and
cognition lead to a conclusion that they are complexly coherent, with both
positive and negative connections.

The result that age affects cognition negatively is in line with the well-
established hypothesis that cognitive function decreases with increasing age
[5, 1, 2], especially cognitive function regarding memory when recalling spe-
cific past events [3]. Both the effects of household equivalent income (a
measure of socio-economic status) and intellectual ability (measured both
as cognitive function compared to others in the same country and self-rated
mathskills when 10) on cognition may be explained by the concept of cog-
nitive reserve. Baldivia et al [6] argued that there is a connection between
socio-economic status, intellectual ability and cognitive reserve; since the
higher levels of intellectual ability, education and socio-economic status, the
more likely it is to develop a mentally stimulating and engaging lifestyle,
which in turn increases the cognitive reserve and contributes to maintaining
the previous level of functioning at older ages [6]. However, being in the
second quartile regarding household equivalent income has significant effect
on cognitive high drop but not on continuous cognitive change. It may be
explained by the fact that the income difference from the second to the first
quartile (the reference group) is too small for having effect on continuous
cognitive change, despite that it still increases the risk for cognitive high
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drop.
Living alone decreases the risk for a cognitive high drop, despite its non-

significant effect on continuous cognitive change. This is quite unexpected,
since living together likely means higher exposure to daily contact with
other people, which can be expected to increase, or at least not decrease,
the level of everyday mental stimulation;a factor previously argued to have
a protective role regarding elderlys cognitive level [4, 5, 6, 7].

Regarding drop-out between the interview occasions, individuals seem to
drop out according to attrition, i.e. some tend to drop out at some point and
not return. The results indicating that drop-out percentage increases with
increasing age are expected, since e.g. disease and death rate (both likely to
increase risk for drop-out) are naturally increasing with age. Thus, since age
and cognition level are related [1, 2, 3, 6], drop-out can also be considered
correlated with the outcome and the missingness mechanism may not be
MAR. Hence, the choice of using a statistical analysis method allowing for
non-ignorable outcome missingness in this study is well-founded.

This study’s replication of the study of Celidoni et al [5] is performed
by standard OLS regression, but since the response is binary, a logistic
regression model would have been more appropriate. However, despite this,
standard OLS was used on the binary response in order to replicate the study
of Celidoni et al [5]. Another shortcoming regards the ”retired” definition.
In the definition used in this thesis, no minimum amount of previous working
history is required to be classed as retired. Hence, there is a risk that the
obtained effects of years in retirement also may include effects of periods of
inactivity, or any other activity than working, before retiring. This study
did not control for having entered the study in wave 1 or wave 2, which may
be interesting for information about the occurence of training effects of the
cognitive test. Therefore, the analyses of this study were performed again,
with an addition of a covariate declaring if the object was entered in wave 1
or wave 2. However, no significant effect of this covariate was obtained, and
the other covariate effects were not changed in any significant way either
by adding it. Hence, I chose to not include it in the results (section 4) and
instead just comment it here in the discussion.

Regarding the replication, the results were similar to those of the original
study, but some parts of the study were not exactly replicated. E.g., wave 2
data was in this study drawn from the wave 2 release 2.6.0 (as of November
29th 2013). Celidoni et al [5] used the wave 2 release 2.5.0 (as of May 24th
2011). The number of included covariates also differed. As stated in section
3.1.2, Celidoni et al [5] used 52 covariates, compared to 13 covariates that
were included in this study. Furthermore, different definitions of retired
were used in this and the original study.

Since the results of this thesis is further strengthening the view that years
in retirement has a negative effect on cognition, it is worth noting that the
only investigated aspect of cognition in this study is memory when recalling
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specific past events, i.e. only one aspect of mental health. Thus, the result
found here and in previous studies on years in retirement’s negative impact
on health should preferably be completed with other research to be useful
in e.g. political decisions about retirement based on its effects on health.

Conclusively, this study further strengthens the view that the years spent
in retirement have a negative impact on cognitive functioning, controlling
for age, health, socio-economic status and early life conditions. The effect is
retained even if there is missingness in the analysed data and assuming a high
correlation between the missingness mechanism and the response variable.
However, previous research on retirement and cognition documents both
negative and positive impacts of retirement on health, indicating a complex
relationship between the two variables that need further investigation to be
completely examined.
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