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Abstract
In this study, the causal impact of informal care provision to the partner on
caregiver’s health is estimated, using a propensity score matching technique
to account for the bi-directionality of the relation between providing informal
care and caregiver’s health. Data from the Survey of Health, Ageing and
Retirement in Europe (SHARE) are used to assess the immediate effect of
caregiving on health, as well as longer-term effects up to seven years after
the care provision. The results suggest that mental health is significantly
negatively affected by caregiving, but physical health is not. No evidence is
obtained for the persistence of the effect of caregiving on mental health after
a time period of 4 or 7 years.
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Chapter 1
Introduction
Currently, population ageing is a major issue in many European countries.
Next to problems regarding the provision of pension money, ageing leads to
an increasing demand for long-term care. Informal caregiving by family or
friends is often regarded as an important instrument to meet this demand,
in particular due to its perceived low cost since informal caregivers are not
paid from the formal health care budget. In the Netherlands, for example,
the government is aiming to increase its reliance on informal caregivers as
opposed to formal caregivers [de Klerk et al., 2014]. However, providing
informal care can be mentally and physically challenging [Schmitz and Westphal, 2013]. This has lead to the thought that informal caregiving might
be causally related to adverse health effects of the caregiver, which is costly
from the view of both the caregiver and care recipient as well as the state.
As establishing well-justified policy requires a thorough understanding of all
relevant costs, it should be known whether or not these health effects are
statistically significant and economically relevant.
In this study, I aim to answer the following research question:
“What is the causal impact of providing informal care
to one’s partner on the mental and physical health of
the caregiver?”
Not many studies have focused on this causal impact of care-providing on
caregiver’s health before. Of those studies that do focus on this effect, the
one by Coe and Van Houtven [2009] is one of the most influential. In their
paper, they use an instrumental variable approach to estimate the causal
impact of caregiving on health. This thesis adds on their paper by using
another methodology of estimating causal relations between variables (statistical matching), another care recipient (the partner instead of the parent)
and another data set, focusing on European countries.
1
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Chapter 2
Literature review
The literature review of this thesis is structured as follows: in the first section, the most important theoretical and empirical considerations relating to
studying the stated research question are discussed. The second section deals
with empirical findings regarding this question, as obtained by other authors.
The reader is referred to section 6.3 for a comparison of these findings to those
obtained in this study. Relevant literature concerning the methodology or
data used in this thesis will be discussed in chapter 3 (Methodology) and 4
(Variable measurement and data).

2.1

Theoretical and empirical considerations

It is not hard to imagine why the activity of providing informal care could
have an effect on physical and mental health. First of all, informal caregiving
often involves physical effort which might lead directly to negative physical
health effects [Do et al., 2013]. Secondly, there is scientific consensus that caring might be stressful and can contribute to psychiatric morbidity [Schulz and
Beach, 1999]. Some authors also postulate a reciprocal relationship between
mental and physical health, where psychological distress induces physiological effects and vice versa [Pinquart and Sörensen, 2007]. The theoretical
possibility of a causal effect of caregiving on the caregiver’s health is taken
for granted by most authors. Most of the literature on this subject focuses on
empirically establishing the significance and magnitude of this causal effect.
In order to do so, two main problems have to be overcome by any author
on this subject. First of all, a proper outcome measure should be constructed
that captures the multidimensionality of health. As a result of this multidimensionality, multiple health measures are used in the literature, leading
to difficulties in directly comparing study results. Some authors focus on
3

physical health (for example Do et al. [2013]), others include mental health
as well (for example Coe and Van Houtven [2009]).
The second main problem is a more econometric one; theoretically, it is
possible (or even likely) that the relation between the providing of informal
care and the caregiver’s health is bi-directional. The decision to provide
informal care is not made randomly; it is dependent on, among other things,
the ability of the potential caregiver to provide care, suggesting that those in
good health are most likely to provide informal care to others. This decision
to provide this care is, according to economic theory, also dependent on the
opportunity cost of time relative to other caregiver candidates [Do et al.,
2013]. This would suggest that those with the lowest socio-economic status,
associated with lower health, are most likely to provide informal care. Thus,
although the direction of the net effect is not clear on theoretical grounds
due to competing theoretical suggestions, the decision to provide informal
care is thought to be influenced by one’s health.
Because of this endogeneity of caregiving, estimating a regression equation without controlling for the non-randomness of the sample to determine
the association between caregiving and health is not a convincing methodology when a causal effect is to be determined. According to Barer and
Johnson [1990], the self-selected samples, resulting from a failure to control
for the mentioned non-randomness in the samples, were overrepresented in
the caregiving literature at that time. This still seems to hold in more recent
times; in their meta-analysis integrating the results of 176 studies on the relation between caregiving and physical health, Pinquart and Sörensen [2007]
draw conclusions only about associations between these variables, not about
a causal relationship.

2.2

Empirical findings

Some relatively recent studies that do address the endogeneity are using an
instrumental variable approach to estimate a causal effect between caregiving
and caregiver’s health. Coe and Van Houtven [2009], who study the health
effects on adult children of providing care to their mother, note that not
only the decision to start providing informal care, but also the decision to
stop providing this care are dependent on one’s own health. They use the
death of the care recipient as an instrumental variable for the selection out
of providing care, while sibling and family characteristics are used for the
selection into caregiving. Interestingly, they only find evidence for selection
out of caregiving. They discuss their results separately for different subgroups
based on sex and marital status, and find significant negative health effects
4

as a result of caregiving activity for all subgroups except single women. Most
of these health effects are related to depressive symptoms.
Do et al. [2013] also use an instrumental variable approach to estimate
the health effect of caregiving, where they focus on physical health and on
female caregivers in South Korea. This country is of special interest, as
there are strong traditions of caring for the elderly parents (or parents-inlaw), in particular by the daughter-in-law married to the eldest son. They
use the limitations in activities of daily life (ADL) of the parents-in-law as
instrumental variables, since they presumably have a direct impact on the
decision to provide care but not on the daughter-in-law’s health. Negative
health effects of caregiving are found for all used health measures, such as
pain affecting daily activities and a dummy variable representing fair to poor
self-rated health.
Two other studies (Van Houtven et al. [2005] and Schmitz and Stroka
[2013]) evaluate the relation between (the intensity of the) providing of informal care and the caregiver’s drug utilization, which can be regarded as
a measure of health. This choice of outcome variable is intriguing, since
increased drug utilization due to caregiving can be directly related to increased health care costs by the caregiver. These costs can be compared to
the presumed health care savings due to lower formal care demand by the
care recipient. Thus, the economic significance of the results can be more
easily interpreted than using the approach of this study, in which negative
health effects would have to be balanced to health care savings in a nontrivial way in order to conclude about economic significance. However, since
costs due to increased drug utilization form only a part of the total costs of
impaired health due to caregiving, the net economic benefit of caregiving is
still overestimated when these are the only costs taken into account.
Although Van Houtven et al. [2005] use an ordinary least squares regression to evaluate the impact of informal care intensity on caregiver’s drug
utilization, they test for endogeneity by performing an additional analysis
where they use measures of patient functioning as instrumental variables.
The care recipients in this study are limited to elderly U.S. veterans with
dementia, while no distinction is made between different types of caregivers.
The authors find that an increase in the providing of informal care per day
by 10% is associated with a 0.71% increase in drug utilization, which is statistically significant but not economically very relevant when these costs are
compared to related health care savings.
Schmitz and Stroka [2013] also study the effect of providing informal care
on drug utilization. They especially address the dependence of this effect on
the working habits of the care provider. In their data set, obtained from a
large German sickness fund, they were not able to find both valid and strong
5

instruments. Instead, they rely on fixed-effects methods, accounting for timeinvariant but not for time-varying unobserved heterogeneity. The authors do
not focus on any particular type of caregiver. They find that those individuals
who work full-time and provide informal care significantly consume more
drugs used for mental health (antidepressant drugs and tranquilizers) than
those who work without providing care and those who provide care but work
only part-time. Such a relation is not found for drugs acting on physical
health. These results are roughly in line with those of Coe and Van Houtven
[2009].
Three further articles discuss the influence of caring on well-being, of
which health can be considered to be a part. These studies use a self-reported
measure of happiness/life satisfaction as a proxy for well-being. Bobinac et al.
[2010] recognize that both a direct caregiving effect (the effect of caring for
the care recipient) and a family affect (the effect of caring about the care
recipient) are responsible for impaired well-being of the caregiver when care
recipient’s health declines. They find that both effects are comparable in
magnitude. In relation to this thesis, the most important finding is that
the caregiving effect remains significant even after controlling for the family
effect. Van den Berg and Ferrer-i Carbonell [2007] attempt to find a monetary
value for informal caregiving by regressing the well-being of the caregiver on
both income and hours of provided informal care. They find a statistically
significant negative health effect of caregiving; this effect is largest when
the caregiver and care recipient are family-related. The estimate a marginal
cost to the caregiver of an hour of informal care to be around 7-10 euro.
In contrast to the two studies just mentioned, Leigh [2010] does not find
a significant impact of caregiving on well-being in his panel data analysis
using fixed effects. A major drawback of the last three articles is that reverse
causality is not addressed in these studies.
The study presented in this thesis mainly adds to the studies described in
this chapter by using another methodology (statistical matching instead of
instrumental variables or other methods) to control for self-selection in the
sample. Moreover, this study focuses on the partner as the care recipient, in
contrast to most other studies in this field (who either focus on the parents
or do not focus on a particular care recipient).

6

Chapter 3
Methodology
This chapter gives an elaborate description of the methodology used in this
study. Mainly, the matching method is introduced, together with its assumptions. The 4-step procedure by Stuart [2010] for performing a matching
study is presented in detail and applied to the research question studied in
this thesis. Finally, the methodology regarding sample stratification and the
exploitation of the panel nature of the data is described.

3.1

Introduction on statistical matching

As mentioned in section 2.1, the decision to provide informal care is not made
randomly, but possibly dependent on health. Previous research has primarily
used an instrumental variable approach to determine a causal effect of caregiving on health. This thesis adds to the current literature by (among other
additions) using another, less widely-used methodology based on statistical
matching; for every individual providing informal care (a ‘treated’ individual), an individual (or a set of individuals, each with their own weight) not
providing informal care (the ‘non-treated’, control individual(s)) with similar observable characteristics is sought. The aim is to find a treated and a
control group of individuals with similar covariate distributions. These two
groups together then form a reduced sample which is thought to be artificially randomized. Now, a regression analysis can be performed to establish
the effect of caregiving on health within this newly constructed sample.
One major advantage of statistical matching as opposed to other methods of causal inference is that by using this method, the researcher will
have a better sense of the extent of overlap between the treatment and control group with respect to their covariate distributions [Dehejia and Wahba,
2002]. Even though regression models have been shown to perform inade7

quately when the overlap is insufficient, actually checking this overlap is not
usually done [Stuart, 2010]. In contrast, checking this overlap is part of the
standard diagnostics of matching methods. In principle, the matching can
be done multiple times; the matched samples with the most similar covariate
distribution are then chosen as the final ones. This can be compared to a
randomized experiment in which a particular randomization is rejected if the
treatment and control groups turn out to be dissimilar with respect to the
observable covariates [Stuart, 2010].

3.2

Main assumptions

Two main assumptions have to hold for the matching method to yield an unbiased estimate of the treatment effect [Rosenbaum and Rubin, 1983]. The
first is called the Stable Unit-Treatment Value Assumption (SUTVA). Formally, let t represent a certain kind of caregiving activity (treatment), such
that t ∈ {not caregiving (0), caregiving (1)}. The ith individual under
study has a certain health outcome hti depending on caregiving activity t.
The causal effect of caregiving on health for a particular individual i is basically a comparison of h0i and h1i , which cannot be evaluated directly as
only one of these two can be measured. In the context of this thesis, the
SUTVA states that there is a unique health outcome hti (for individual i and
caregiving activity t) that does not depend on treatment assignment (caregiving activity) of another individual j. In the case of caregiving to partners,
the health outcome of one partner is certainly dependent on the caregiving
activity (with respect to their partner) of the other partner. Therefore, this
assumption is only likely to hold if partners are separated from each other
during the analysis. This is performed by sample stratification with respect
to gender, which is also useful for other purposes (as described in section 3.4).
The only unseparated couples are gay couples, which are small in number
(i.e. only 24 lesbian and 17 male gay couples are present in the 2004 wave
of the data, out of a total of 31,115 respondents) and thus have a negligible
impact on the final result.
The second assumption is that of a Strongly Ignorable Treatment Assignment (SITA). Let Ti = 1 if individual i is a caregiver, and Ti = 0 if this
individual is not (thus T represents the treatment assignment). The assumption of a SITA has two components. The first component is that treatment
assignment is independent of the potential health outcomes given the vector
of covariates ~x: T ⊥ (h(0), h(1)) | ~x. This basically means that there should
be no relevant unobserved differences between the matched groups of caregivers and non-caregivers, conditional on the observed covariates. As argued
8

by Stuart [2010], this assumption is often more reasonable than it seems,
as matching on observed covariates also partly matches on unobserved covariates if they are correlated with the observed ones. Still, the covariate
vector used for the matching procedure must be chosen carefully for this assumption to hold. This is elaborated on later in this methodology section;
the exact determination of the covariate vector is discussed in section 4.2.3.
The second component of SITA states that there is a positive probability of
both caregiving and non-caregiving regardless of the values of the covariates:
0 < P (T = 1 | ~x) < 1 for all ~x. In other words, no combination of covariates
should be fully predictive of either caregiving or non-caregiving. For this reason, those individuals who do not have a care recipient (i.e. those without
a living partner) and thus cannot be a care provider are removed from the
dataset before matching.

3.3

4-step procedure

Stuart [2010] identified four key steps in performing a matching study, which
will be elaborated on in this thesis:
1. Define a distance measure that indicates how close one individual is to
another.
2. Implement a matching method, given this distance measure.
3. Assess the quality of the matched samples. These first three steps can
be iterated until the samples are well-matched.
4. Analyse the outcome (in this context, the effect of caregiving on health).

3.3.1

Step 1: Define a distance measure

The problem of defining the ‘closeness’ of one individual to another can be
split into two parts. The first part is to determine which covariates are
relevant for the matching of individuals. The second part involves the way
in which these covariates are combined to form a distance measure.
The assumption of the strongly ignorable treatment assignment has to be
kept in mind when deciding on the covariates to be included in the matching procedure. To satisfy this assumption, all variables theoretically related
to both health and caregiving should be included. If unobserved variables
are theoretically expected to be related to both health and caregiving, one
should preferably include observed variables that are likely to be correlated to
those; only the part of unobserved variables that is unrelated to the observed
9

ones is of concern. Variables that should not be included are those that may
have been affected by the caregiving status of the particular respondent and
those that predict caregiving status perfectly. To assure that this is the case,
all variables used for the matching are measured in 2004, two years before
the treatment variable (caregiving or non-caregiving, which is measured in
2006) is determined. Also, variables that are hypothesized to be associated
with caregiving status but not with health outcomes are preferably not used
in the matching procedure. However, with respect to these last variables,
Stuart [2010] advises to be liberal regarding their inclusion as excluding a
potentially important confounder might lead to increased bias. This is in
accordance with Schmitz and Westphal [2013], who choose their covariates
for the matching procedure based on their association with caregiving status, without considering their relation with health outcomes. They group
variables influencing the decision to provide informal care as variables that
influence (i) the need to provide care, (ii) the willingness to provide care,
and (iii) the ability to provide care. Although there is some overlap between
these groups, this framework helps to structurally identify all covariates to
be used in the matching procedure. Therefore, these groups will also be used
when the included variables are chosen in this study. For the exact definition
of all variables, the reader is referred to chapter 4 (Variable measurement
and data).
After identification of the included covariates, a decision has to be made
how these covariates are combined to form a distance measure. There are
different ways to define the distance Dij between two individuals i and j;
for example, the ‘exact’ distance measure indicates that Dij = 0 if ~xi = ~xj
and Dij = ∞ if ~xi 6= ~xj . Thus, individuals are considered to be ‘infinitely’
different if they differ on at least one of the relevant covariates. Another
distance measure is the absolute difference in propensity scores: Dij =| ei −
ej |, where ek indicates the propensity score for individual k. It is, in this
context, defined as the probability of being a caregiver conditional on the
relevant covariates: ek (~xk ) = P (Tk = 1 | ~xk ). Propensity scores have two key
properties [Stuart, 2010]. First, the propensity score is a balancing score.
This means that the conditional distribution of the observed covariates given
the propensity score is the same for caregivers (T = 1) as for non-caregivers
(T = 0). Thus, matching individuals with similar propensity scores is like
a randomized experiment with respect to at least the observed covariates.
Second, if the assumption of the strongly ignorable treatments assignment
holds given the covariate vector ~x, then it also holds given the propensity
score. Thus, matching on the propensity score instead of on the full set of
covariates ~x is justified. These two properties are mathematically proven by
Rosenbaum and Rubin [1983].
10

In this thesis, the distance measure based on the absolute propensity
score difference is used. The main advantage of this distance measure is that
propensity scores, in a sense, summarize all relevant covariate information in
a single value (i.e. formally, the propensity score is a many-to-one function
of ~x), while not compromising on the necessary assumptions (as discussed
above). Matching directly on observable covariates is feasible only if the number of observable covariates is low [Dehejia and Wahba, 2002]. For example,
with two binary variables, one can place all individuals in one out of four
groups. In this study, however, ~x is high-dimensional. Thus, exact matches
on all covariates are practically non-existent, and some weighting scheme is
necessary to be able to match individuals to one another. The propensity
score matching method provides such a natural weighting scheme.
Matching based on the propensity score does not exclude the possibility
of exact matching on a subset of the covariates. In this study, the caregiving
and non-caregiving individuals are matched in strata based on their previous caregiving activity (in 2004, the first wave of the used data). This idea
was originally suggested by Lechner [2009], and it is useful since previous
caregiving activity is likely to capture an appreciable amount of unobserved
heterogeneity that affects later caregiving activity (and thus treatment assignment) as well. Thus, the SITA assumption is much more likely to hold
if matched individuals have the exact same previous caregiving activity.
Since the true probability of being a caregiver given all one’s covariates
(i.e. the true propensity score) is unknown, it has to be estimated using a
model relating the covariates to caregiving activity. Then, the matching is
based on the estimations of the propensity score. In principle, any model can
be used for the estimation. Since multiple predictors are used to estimate a
binary outcome (caregiving or not caregiving), logistic or probit regression
models are most commonly used. In this study, both of these regression
models are tested. The probit regression model seems to give a slightly better covariate balance than the logistic regression model (results not shown);
therefore, a probit regression model is used to generate the results presented
in chapter 5. For some individuals, the propensity score cannot be estimated
since one or more of the covariates necessary for doing so is missing for those
individuals. These respondents are therefore removed from the analysis.

3.3.2

Step 2: Implement a matching method

Step 2 of Stuart’s four-step matching procedure [Stuart, 2010] comprises the
choice and implementation of the particular matching method. Multiple
methods are available; the most often-used matching methods seem to be
nearest neighbour matching and kernel weighting matching. As the name
11

suggests, nearest neighbour matching selects for each caregiving individual i
the non-caregiving individual j with the smallest distance from i (i.e. the individual j with the smallest absolute difference in propensity score compared
to individual i). This method has the disadvantage that many individuals
are excluded from the analysis if the sizes of the treated and control groups
are significantly different, as in this study.
Alternatively, kernel weighting matching is a method in which multiple non-caregiving individuals are matched to each caregiving individual i,
with weights determined by their distance from individual i regarding their
propensity score and the particular kernel function used. The kernel function
relates the absolute propensity score difference to the matching weight. In
general, the kernel function can have any shape. The major advantage of
this method is that (almost) no individuals need to be excluded from the
analysis, thus their information is not lost. A disadvantage is that nontrivial
choices have to made regarding the type of kernel function and the value of
a bandwidth parameter, a measure of how similar the propensity scores of
two individuals should be for them to be regarded as a match. Thus, this
choice of bandwidth quantifies the trade-off between bias (a higher bandwidth
results in less accurate matches, increasing bias) and variance (a higher bandwidth results in more exploited information of control individuals, leading to
a smaller variance) of treatment effect estimates (in this case the effect of
caregiving on health).
Most authors seem to apply a pragmatic approach regarding the choice
of the matching method. For example, Starks and Garrido [2014] argue that
there is no universal ‘best’ matching method, and that the best method in any
particular situation is the one that yields the best covariate balance and still
meets the analytic goal. A particularly common matching method among
scholars studying the effect of caregiving on health is kernel matching with a
quadratic kernel called the Epanechnikov kernel (e.g. Schmitz and Westphal
[2013]; Di Novi and Brenna [2013]). To maximise comparability, propensity
score matching with Epanechnikov kernel weighting will be the method of
first choice in this study. Only when this method does not succeed in obtaining similar covariate distributions for the treatment and control groups,
will other matching methods be applied. As is described in section 5.2, this
turns out to be not necessary as a proper covariate balance is obtained. The
bandwidth will be chosen as small as is possible without significantly excluding individuals from the analysis. It is found that this strategy leads to a
bandwidth of 0.03.1
1

For one particular subsample (the long-term effect sample containing only males; the
different samples are discussed in section 3.4 and 3.5), it was not possible to avoid removing
individuals from the analysis while keeping the matching of sufficient quality due to a
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In principle, it is possible that there is not sufficient overlap between the
propensity scores of the caregivers and the non-caregivers. This region of
overlap is called the common support. As is usual in the literature (e.g.
Schmitz and Westphal [2013]), the analysis described in this thesis is restricted to all individuals whose propensity score is located on the common
support.

3.3.3

Step 3: Assess the quality of the matched samples

Diagnosing the quality of the matched samples is possibly the most important
step in using matching methods [Stuart, 2010]. The matched treated and control groups should be tested for the similarity of their covariate distributions.
Only if the covariate distributions from these groups are sufficiently similar,
the matching is successful. Although the definition of ‘sufficiently similar’
is admittedly somewhat subjective, some balance measures and guidelines
on how to use them do exist. Rubin [2001] argues that two parameters are
especially important for determining if the matching is sufficient: Rubin’s B,
which is the absolute standardized difference of the means of the propensity
score between the treated and matched control group, and Rubin’s R, which
is the ratio of variance of the propensity score of the treated group to that of
the matched control group. According to Rubin [2001], B should be smaller
than 0.25 and R should be between 0.5 and 2 in order to consider the samples
as sufficiently balanced.
Next to these measures regarding the distribution of the estimated propensity scores, the matched samples can also be compared on the level of individual covariates. Again, standardized differences in means and variance ratios
are used to compare the distribution of covariates between the treated and
matched control group.2 In this thesis, the matching is considered sufficient
limited region of common support (see main text). In this case, it is chosen to remove the
individuals and retain proper matching, the implications of which are discussed in section
6.1. For this (and only this) particular subsample, a bandwidth of 0.02 was used.
2
Regarding the comparison of individual covariate distributions between the treated
and matched control group, Rubin [2001] provides a useful criterion for matching quality.
In particular, he argues that, for both the treated and the matched control group, each
of the covariates should be regressed on the estimation of the propensity score. The ratio
(between the two groups) of the variance of the residual of this regression (i.e. the part
of the covariate that is orthogonal to the propensity score estimation) should be between
0.8 and 1.25 for well-matched covariates. Covariates for which this ratio is in the range
[0.5, 0.8) or (1.25, 2] are classified as ‘of concern’ ,while ‘bad’ variables have a ratio <0.5
or >2. This ratio is a standard output of the matching diagnostics in Stata, and it is used
in this thesis to evaluate matching quality for individual covariates (see table 5.4).
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if the distributions for the propensity score and all key covariates are similar
(defined by the above-mentioned criteria). The key covariates are considered
to be former health, caregiving activity (with the partner as care recipient)
and partner’s health, with ‘health’ comprising all three different kinds of
health as defined in section 4.2.2. In this way, a particular matching does
not have to be rejected if there are differences in the distribution of covariates
considered to be of minor importance.3 Still, as described in section 5.2, the
matching performed as described here results in similar covariate distributions between the treated and matched control group for almost all covariates.

3.3.4

Step 4: Analyse the outcome

The outcome analysis stage represents the final part of the analysis, in which
the effect of caregiving on health is determined using the matched samples.
There are now two ways to determine this effect. Since the matched samples
are now artificially randomized (at least with respect to all observable covariates and those parts of unobservable covariates that are correlated to the
observable ones), one can now simply compare the health in the treatment
group (of caregivers) and the matched control group (of non-caregivers) to
calculate the average treatment effect on the treated (ATT) and its statistical
significance.
However, as Stuart [2010] argues, matching methods are not designed
to compete with regression methods but in fact these methods work better
in combination. This is shown by Rubin [1973] as well. The idea is that
regression adjustment after matched sampling will take small residual variation in covariate distributions between the matched groups into account
when determining the ATT (Bang and Robins [2005] call this a doubly robust estimation). Therefore, in this thesis, after performing the matching an
OLS regression model is specified with (the various kinds of) health as the
dependent variable(s).4 The caregiving activity and all covariates used for
3

It is important to note that, as the number of covariates in the covariate vector increases, the probability that at least one of the covariates differs significantly in distribution
between the matched group and the control group increases as well. In turn, this generally
leads to worse matching diagnostics but not necessarily to lower matching quality. This
discrepancy forms the rationale behind limiting the number of covariates in this thesis, for
example by grouping the different countries into broader regions.
4
As the various health outcomes as defined in this thesis (see section 4.2.2 for details
regarding health outcome definitions) are limited in their range (i.e. they have theoretical
minima and maxima), an OLS regression model able to predict health outcomes outside
that range is clearly not an optimal model. However, it is still preferred over other models
for reasons of simplicity.
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the matching are used as the independent variables. Naturally, the weight
given to all control individuals (specified during the kernel matching) is taken
into account in this regression model and standard errors are calculated robustly. Obviously, this step cannot be performed for individuals whose health
outcomes are unknown. These individuals are therefore removed from the
analysis altogether before matching.
According to Stuart [2010], there is some debate in the literature on
matching about the variance estimation. In particular, the question whether
to take into account the fact that the propensity score (on which the matching
is based) is estimated rather than known is disagreed on. However, it has been
shown by Rubin and Thomas [1996] and Rubin and Stuart [2006] that, under
quite general conditions, the usage of estimated rather than true propensity
scores results in an overestimate of variance. Thus, this leads to conservative
estimates of the significance of the ATT, a conclusion drawn by Stuart [2010]
as well. Therefore, in this thesis, the fact that propensity scores are estimated
rather than known is not further taken into account.

3.4

Sample stratification

The analysis described in this thesis is performed separately for each gender. This has not just the effect of enforcing exact matching on this key
covariate; it also yields separate ATTs for both genders. The reason for this
choice is threefold. First, men and women differ on caregiving propensity
[Coe and Van Houtven, 2009], so separation of these groups would, to some
extent, naturally occur when matching purely on propensity scores; making
this separation explicit yields information about the separate effect of caregiving on health for each gender while the consequences for the matching
are limited. Second, separating by gender leads to a result that can be more
easily compared to the other literature on this subject; essentially all similar studies either study health effects on men and women separately (e.g.
Coe and Van Houtven [2009]) or they are restricted to women only (e.g.
Do et al. [2013]; Schmitz and Westphal [2013]; Di Novi and Brenna [2013]).
Third, separating by gender leads to a better acceptability of the SUTVA
assumption as most couples are separated by this stratification (as explained
in section 3.2).
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3.5

Exploitation of panel nature of the data

Since the used data contains four different waves (the reader is referred
to section 4.1 for details), this allows for the possibility of determining
intermediate- to long-term effects (4 and 7 years, respectively, after the treatment assignment) of caregiving on health in addition to the immediate effect.
To do so, a similar strategy is used as the one used by Schmitz and Westphal
[2013]; the treatment (“being a caregiver”) is defined as caregiving activity
at the second wave (measured in 2006), referred to as t = 0. Individuals
are assigned to the control group if they give care in none of the four waves,
or only in the first wave (before the treatment assignment). Those who do
not provide care at t = 0, but do so at any later wave, are excluded from
the analysis as the control group should consist of non-caregivers from t = 0
onwards. Treatment and control individuals are matched based only on information of the first wave (measured in 2004, referred to as t = −2) in order
to meet the SITA assumption (see section 3.2). Those defined as caregivers
(at t = 0) may or may not be caregivers in any following wave. This is
beneficial, as selection out of caregiving due to bad health (in turn possibly
caused by caregiving activity) is not of concern as it does not have any effect
on the treatment assignment. The determination of the immediate effect of
caregiving on caregiver’s health is not affected by this particular definition
of a caregiver. However, due to this definition, as Schmitz and Westphal
[2013] argue, any significant medium- or long-term effect can no longer be
ascribed to caregiving in just the year of the treatment assignment. Instead,
one can consider the determination of these longer-term effects as similar to
an intention-to-treat (ITT) analysis, in which the intention is to be a caregiver at t = 0 and stop being a caregiver from the next wave onwards. In this
case, some caregivers do not comply and keep on caregiving. An overview
of the time structure is presented in figure 3.1, while the group assignment
strategy is summarized in table 3.1.
As is clear from the choice of matching covariates (measured at the first
wave) and treatment definition (measured at the second wave), individuals
not present in either the first or the second wave of the data are excluded
from the analysis. As there is some panel attrition, the subset of usable respondents becomes smaller at the third and fourth wave. To maximise the
sample size at any wave, the matching is performed separately for each wave
(i.e. separate matches to determine the immediate, medium-term and longterm effects). After each matching, an OLS regression (regressing caregiving
activity on health) is performed for each outcome measure (the reader is referred to section 4.2.2 for an elaboration on the measures of health outcome),
using the same covariates as those used for the matching.
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Figure 3.1: An overview of the time structure used in this study is shown.

Table 3.1: Group assignment strategy. 1 = providing care to the partner; 0 = not
providing care to the partner; X indicates that the caregiver status is not specified.
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Chapter 4
Variable measurement and data
This chapter, discussing the variable measurement and data, is structured
as follows: first, the dataset used in this study is introduced. It is followed
by an elaborate description of the measurement of all variables of concern
in this thesis: caregiving status, health outcomes and all covariates. Finally,
the construction of the final dataset used for the matching is described, and
some descriptive statistics for this final dataset are shown.

4.1

SHARE data set

The data on which the analysis presented in this thesis is based is obtained
from the Survey of Health, Ageing and Retirement in Europe (SHARE). In
this survey, focusing on people aged 50 years and older and their spouses,
extensive data is gathered from more than 60.000 people across Europe (and
Israel) [SHARE, 2013]. An overview of the methodology used to gather the
SHARE data is given by Börsch-Supan and Jürges [2005]. The main aim of
SHARE is to provide in depth data on ageing individuals and populations
[Börsch-Supan et al., 2013]. The data is subdivided into numerous modules
covering key aspects of people’s lives, such as demographics, different measures of health, and social support variables. SHARE consists of panel data
spanning four regular waves in which similar information is obtained from
the participants, making this dataset suitable for measuring health effects of
caregiving over time (there is also a fifth wave, called SHARELIFE, focusing
on each participant’s history; this wave is not used in this study). These
waves are measured roughly in 2004, 2006, 2010 and 2013 (although there
is some small variation over the countries), using computer-assisted personal
interviews and a self-completion paper. This study is based on version 2.6.1
of the 2004 and 2006 waves, version 1.1.1 of the 2010 wave and version 1.0.0
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of the 2013 wave.

4.2

Variable measurement

The ultimate goal of this thesis will be to examine the causal impact of providing informal care on the mental and physical health of the caregiver. A
first step necessary for doing so, is operationalizing the concepts of mental/physical health and caregiver. This step is not trivial, as both concepts can be defined in various ways. One general notion about the variable
measurement is that the treatment (i.e. caregiver status) is determined using information from only the 2006 wave, while the mental/physical health
outcomes are determined for the years 2006, 2010 and 2013 (immediate,
intermediate-term and long-term effects, respectively). All covariates on
which the matching is based are measured using information from the 2004
wave only. The reader is referred to section 3.5 for the argumentation for
this time structure.

4.2.1

Caregiving status

The currently available literature on health effects of informal caregiving
differs in the operationalization of the concept of a caregiver. Whether or
not someone provides informal care is usually determined by simply asking
the respondent for this information. Usually, a minimum threshold with
respect to the amount of time spend in this provision of care is used. For
example, the measure used by Coe and Van Houtven [2009] is based on a
threshold of 100 hours in the last 2 years. These authors also argue that
reporting accuracy concerning the specific number of hours of care might be
low and should therefore preferably not be used.
In this thesis, one is classified as a caregiver in two distinct situations. In
the first situation, the respondent indicated (in the 2006 wave) that he/she
gave help to his/her partner within the household daily or almost daily during
at least three months (to avoid the capturing of caregiving during short-term
sickness of the partner) within the period since the last interview (from the
2004 wave), where help is defined as anything related to personal care, such
as washing, getting out of bed or dressing. In the second situation, the respondent indicated to have given help to his/her partner living in another
household, the only difference with the last situation being that the concept
of help is now extended to include household help (e.g. home repairs, gardening, transportation, shopping) and help with paperwork (e.g. filling out
forms, settling financial or legal matters). Thus, a minimum frequency of
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providing help (almost daily) is used to classify persons as caregivers. When
a respondent indicated that he/she did not provide help to the partner, that
person is classified as a non-caregiver. Those who help their partner outside
the household with a relatively small frequency (weekly or less) are removed
from the analysis because they cannot be reliably categorized as either a
caregiver or a non-caregiver.

4.2.2

Health outcomes

As mentioned in the section 2.1, health is fundamentally multidimensional.
This results in some freedom with regard to the definition of generic health
measures, which is reflected in the multitude of these measures used in the
literature. Multiple mental health scales are included in the SHARE dataset,
in particular the EURO-D and CES-D scales (depression) and the CASP-12
scale (quality of life). For physical health, multiple measures are used as
well. These include the presence of particular diseases, anthropometric-based
indicators (weight and height) and limitations with activities of daily living
(ADL limitations).
In this thesis, mental health is measured using an inverted EURO-D scale.
The EURO-D scale is a measure formed by the addition of 12 different items
[Prince et al., 1999] and is also used in other studies measuring mental health
(e.g. Di Novi and Brenna [2013]). All of these items are in some way related
to depression, measuring for example pessimism, guilt, fatigue or tearfulness,
and they are dichotomous (equal to one for the state related to depression,
and zero otherwise). The addition of these items leads to an EURO-D scale
measuring depression with outcomes ranging from 0 (not depressed at all) to
12 (severely depressed). This EURO-D scale is inverted to yield the measure
of mental health used in this study, such that high values are associated with
mentally healthy persons.
ADL limitations are chosen to represent physical health, as other measures seem too limited in their scope to measure such as broad concept as
physical health (e.g. the presence of particular diseases) or their relation with
physical health is too indirect (as is the case with the anthropometric-based
indicators). ADL limitations are measured using the Global Activity Limitation Index (GALI), a dichotomized variable that indicates if respondents
were limited for at least the past six months because of a health problem
with ‘activities people usually do’. The physical health indicator used in this
thesis is equal to 0 when limited and 1 when not limited.
An often-used measure for general health is the health as experienced by
the respondents: the self-perceived health (SPH). As an additional check,
SPH is used as a third measure of health. For SPH, a dichotomized variable
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is used equal to 1 when the health is perceived as good or better, and equal
to 0 when health is perceived as worse than good.

4.2.3

Covariates

In section 3.3.1, a description is given of the consideration of which variables
to use for the matching step. These variables can be grouped, in accordance
with Schmitz and Westphal [2013], as variables that influence (i) the need
to provide care, (ii) the willingness to provide care, and (iii) the ability to
provide care. Of course, this classification is artificial and there is extensive
overlap between the groups; nevertheless, this distinction helps to identify
the factors most likely to influence the variables related to caregiving activity.
The need to provide care to the partner is related to characteristics of
the partner, as well as to the availability of alternative sources of care (both
formal and informal). First of all, the need to provide care to the partner depends upon the presence of a partner; those without a partner obviously have
no need (or possibility) to provide care in the definition used in this study.
Since the absence of a partner perfectly predicts non-caregiving, using this
variable as a covariate for the matching would violate the SITA assumption.
Instead, all respondents without a partner, defined as a spouse or another
kind of registered partner, are excluded from the analysis.
Other variables influencing the need to provide care are the health and
age of the partner, the living country/region (each with its own formal care
arrangements and cultural background regarding informal care provision [Reher, 1998]), the presence of children living at home, the number of siblings
(as children and siblings can function as alternative care providers) and the
type of living area. In accordance with Di Novi and Brenna [2013], three different regions of living are distinguished: northern Europe, central Europe
and southern Europe. Northern Europe includes Denmark, Sweden and the
Netherlands, central Europe includes Austria, Belgium, France, Germany
and Switzerland, while Greece, Italy and Spain are classified as southern
European countries. As in Di Novi and Brenna [2013], this particular classification is based (next to geographical location and culture) on the percentage
of GDP spent on formal long-term care, with the northern countries spending the most while the southern countries spend the least [Francesca et al.,
2011].
The number of children living at home is directly available in the SHARE
dataset. Partner’s health is measured in the same way as the health outcomes
(see section 4.2.2). Partner’s age is measured by subtracting their year of
birth from the interview year. The total amount of living siblings of both
partners together is chosen as a covariate for the matching, as, in principle,
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both kinds of siblings can help with providing care.
Whether one lives in a rural or urban environment potentially impacts the
probability of providing care as well (for example by a difference in availability of socially connected neighbours who can function as alternative providers
of care). Therefore, a living area is classified as urban if the living area is
indicated to be in a big city, in the suburbs or outskirts of a big city, or in
a large town. The living area is classified to be rural (i.e. not urban) if it is
indicated as a small town, a village or a rural area.
The factors influencing the willingness and ability to provide care to the
partner are mostly related to characteristics of the potential caregiver himor herself. Factors included in this study are the respondent’s own age, gender (which is used for sample stratification, thus not directly as a covariate
for the matching), former caregiving activity regarding the partner (caregiving status in 2004; exact matching is performed for this variable), caregiving
activity regarding the parents, health (mental, physical and self-perceived
health), employment status, education level, income (both household and
individual income), proxies for personality and the cohabitation status regarding their partner (as some partners do not live together).
Age is modelled as a continuous variable by subtracting the year of birth
from the interview year. Age squared is also incorporated as a covariate in
the matching model, as this non-linear effect is usually taken into account
in other studies on caregiving as well (e.g. Schmitz and Westphal [2013]).
Gender is directly available in the SHARE dataset. Health as a matching
covariate (measured in the 2004 wave) is determined in the same way as the
health outcomes (measured in later waves; see above).
Exact matching is performed on earlier caregiving status (see section 3.3.1
for details). For the measurement of this variable, the information on caregiving from the 2004 wave is used. Otherwise, it is measured in the same
way as the treatment indicator variable representing caregiving activity in
the 2006 wave (see above).
Caregiving activity with the parents or parents-in-law as care recipients
is also regarded as a matching covariate, as these other caregiving commitments possibly impact the decision to provide care for the partner as well.
The definition of caregiving to parents/parents-in-law is the same as the definition for caregiving to partners (see above), except for the difference in care
recipient.
A few indicator variables are constructed representing employment status, categorizing respondents as retired, employed (including those who are
self-employed or working for a family business), homemaker or unemployed
(including those who are permanently sick or disabled).
The education variable in the SHARE dataset is classified by the 1997
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International Standard Classification of Education (ISCED-97) in seven levels: 0 (pre-primary schooling), 1 (primary education), 2 (lower secondary
education), 3 (upper secondary education), 4 (post high school education),
5 (university education) and 6 (postgraduate education). In this study, the
level of education is regrouped in three different classes, as in Di Novi and
Brenna [2013]; these are low (levels 0-2), medium (levels 3-4) and high (levels
5-6) levels of education.
Two different income measures are used for the matching. The first of
them, household income, is a measure of socio-economic status. It is obtained
by taking the nominal annual household income, and dividing it by the purchasing power-adjusted exchange rate for the year before the interview (as
the household income as provided in the SHARE dataset was imputed for the
prior year) to express the household income in ppp-adjusted euros. Consequently, the household income is normalized by dividing it by the household
size and the natural logarithm of the result is taken as the final variable
representing household income.
The second income measure is the individual income of the respondent
relative to the household income. This variable is included since a high dependence of the household on the potential caregiver’s income presumably
leaves a smaller opportunity for this respondent to take on caregiving activities as well. This variable is computed by taking the ppp-adjusted annual
personal income of the respondent (a summation of the income from regular employment and the income from self-employment; ppp-adjusted in the
same way as the household income) and dividing it by the ppp-adjusted total annual household income. In a negligible amount of cases (3 in total),
this fraction has a value outside the (0,1) range. For these individuals, this
variable is indicated to be missing.
Personality is a very broad concept that cannot be easily described using a
single variable. However, it can be hypothesized that people with certain personality traits (e.g. altruistic persons or persons feeling highly responsible)
are more likely to provide informal care than those without these characteristics. Even though personality itself cannot be easily measured, proxies for
the mentioned personality traits should be included as matching covariates
in order to maximise the randomization regarding these traits. As no useful
results of personality tests are available in the SHARE dataset, more indirect
proxies for personality should be used. Some information that is available, is
the motivation of respondents for performing certain social activities. These
social activities include voluntary or charity work, caring for a sick or disabled adult, providing help to family, friends or neighbours, attending an
educational or training course, going to a sport, social or other kind of club
and taking part in a religious, political or community-related organization.
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For each performed activity, respondents are asked about their motivation
for that particular activity. Two binary variables are constructed that indicate if the motivations ‘to contribute something useful’ and ‘because I am
needed’ are used for at least one the mentioned activities; they are proxies
for altruism and responsibility, respectively. A similar way to obtain proxies
for personality traits is described in Oudijk et al. [2011].
A binary variable is constructed indicating whether or not a respondent
is married while simultaneously living in a different household than his/her
spouse. This variable is hypothesized to influence caregiving, as in this case
caregiving requires the additional barrier of physically going towards the
partner.

4.3

Construction and summary statistics of
final dataset

The first two waves of the used SHARE dataset contain a total of 46,788
individuals (i.e. observations). However, as mentioned in various sections
of this thesis, not all of these individuals are actually taken into account
in this study for various reasons. In particular, the following list indicates
all individuals that are removed from the analysis (the argumentation for
removing them is provided in the indicated sections):
 All respondents who are not present in both the first (2004) and the
second (2006) wave (see section 3.5).
 All respondents without a living partner (see section 3.2).
 All respondents with missing values of caregiving status in 2006 (the
‘treatment’ indication); this includes all respondents who give care to
the particular care recipient (in this case the partner) outside the household, but indicate to do so less than weekly (see section 4.2.1).
 All respondents who are classified as a caregiver later than 2006 but
not in 2006 itself (see section 3.5).
 All respondents who have a missing value for one or more of the covariates (see section 3.3.1) or health outcomes (see section 3.3.4).

After removal of these individuals, the final dataset that is used for the
matching contains 10,211 individuals, with roughly equal amounts of men
(5132) and women (5079).
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Descriptive statistics per gender are shown in table 4.1. As can be observed, a rather large decrease in panel size occurs between the second (2006)
and third (2010) wave, which forms the main motivation for performing separate matches when analyzing the effect of caregiving on health on different
time scales (immediate, intermediate-term and long-term effects). Of the
total sample, around 6.6% of females and 5.1% of males are classified as a
caregiver according to the definition in section 4.2.1.
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Table 4.1: Descriptive statistics by gender. All variables are measured using data
from only the 2004 wave, unless otherwise indicated.
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Chapter 5
Results
In this chapter, the results obtained by applying the 4-step procedure by
Stuart [2010] are shown. First, the results of the propensity score estimation
are shown, in particular the results of the associated probit regression (in
which caregiving activity in 2006, the ‘treatment’ indication, is regressed on
the covariate vector). Then, the quality of the matching (i.e. the similarity
of the matched samples with respect to each other) is discussed. Finally, the
estimated effects of caregiving to the partner on various aspects of health are
presented for the different time scales.

5.1

Propensity score estimation

Propensity scores are estimated by a probit regression, where caregiving activity in 2006 is regressed on the complete covariate vector. As discussed in
section 3.4, this regression is performed separately for each gender. The regression is also performed separately for individuals who were caregivers and
non-caregivers in 20041 , and separately for the three different samples corresponding to the three different time scales (immediate effect, intermediateterm effect and long-term effect) to minimize the impact of panel attrition.
Thus, a total of twelve probit regressions are performed, with caregiving to
the partner in 2006 as the dependent variable; due to length and clarity considerations, the only presented results are those of the probit regression for
women who were not providing care in the 2004 wave, using the complete
1

Although theoretically not necessary, the command used in Stata for the matching
(called psmatch2 [Leuven and Sianesi, 2014]) couples the probit regression, and thus the
estimation of the propensity score, to the matching process itself. To enforce exact matching on previous caregiving activity, the probit regression and the matching are performed
twice (for previous caregivers and non-caregivers), after which the two groups are merged.
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sample that is later used for calculating the immediate effect of caregiving
on health. These results are shown in table 5.1. Results for the other probit
regressions are similar (they can be found in the log file associated with this
thesis).
The results shown in table 5.1 are interesting in itself, because they show
which covariates are associated with caregiving to the partner. As indicated
in the table, bad health and high age of a woman’s partner are strongly positively associated with caregiving activity of the particular woman (with the
partner as a care recipient), as expected. The other statistically significant
associations are not very surprising either; being retired or unemployed is
associated with a higher probability of caregiving (relative to the employed
woman, the reference category), while the presence of children living at home
is associated with a lower probability of caregiving. Finally, ceteris paribus,
woman are less likely to be providing care to their partner in the northern
European countries (relative to the central region, the reference category).
Table 5.2 shows the sample size of the different samples used for the
matching (grouping the two samples that differ on caregiving status in 2004
together). Again, panel attrition can be observed as longer-term effects are
studied. Some of the ‘treated’ individuals are removed from their respective
sample because their estimated propensity score is located off the common
support (usually, their estimated propensity score is too high to be reliably
matched to ‘untreated’ individuals, who have lower propensity score estimations). When immediate effects of caregiving on health are studied, the
amount of individuals off the common support is limited compared to the
total amount of treated individuals. However, when analyzing long-term
effects, the relative amount of removed treated individuals becomes substantial, especially for men (this is the motivation for some other authors to focus
on women only, e.g. Schmitz and Westphal [2013]). This has some implications regarding the reliability of the obtained long-term results, as discussed
more thoroughly in section 6.1.

5.2

Matching quality

Although the probit regression and its associated matching is performed
twelve times, matching quality has to be assessed only six2 times, as the
corresponding matched samples with different caregiving activities in 2004
are grouped together to form the final matched sample (the initial distinc2

Three different time scales (immediate effect, intermediate-term effect and long-term
effect) and two genders give a total of six combinations.
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Table 5.1: Probit regression results, where caregiving to the partner in 2006 is
regressed on the covariate vector for the subgroup of woman who were not providing care to their partner in 2004 (a total of 4872 observations). The coefficients
shown here are used to estimate the propensity score for each individual in this
reduced sample. * indicates statistical significance at the 5% significance level. All
covariates are measured using information from the 2004 wave only.
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tion between these two groups during the matching is only there to ensure
exact matching on this covariate). General measures for matching quality
(i.e. Rubin’s B, Rubin’s R and the individual covariates that are considered
to be ‘of concern’ or ‘bad’ with respect to their matching, according to the
criteria mentioned in section 3.3.3) are provided for all six situations in table 5.3. Matching diagnostics for each covariate are, for brevity, shown only
for women, using the complete sample that is later used for calculating the
immediate effect of caregiving on health. They are presented in table 5.4.
As explained in section 3.3.3, Rubin’s B is the absolute standardized
difference of the means of the estimated propensity score between the treated
and matched control group, and Rubin’s R is the ratio of variance of the
estimated propensity score of the treated group to that of the matched control
group. According to Rubin [2001], B should be smaller than 0.25 and R
should be between 0.5 and 2 in order to consider the samples as sufficiently
balanced. Clearly, these criteria are satisfied, as can be observed in table 5.3.
None of the covariates can be classified as ‘bad’ with respect to their matching
based on the criterion by Rubin [2001]. Some covariates are classified as ‘of
concern’, but none of these were identified as a key covariate in section 3.3.3.
Thus, these matches are not rejected.
In table 5.4, it can be observed that the difference in means between the
treated and control group (in this example, for the immediate effect sample
containing only women) of essentially all covariates decreases substantially
when matching. This is quantitatively captured in the decrease in standardized percentage bias, as defined by Rosenbaum and Rubin [1985] and
shown in table 5.4. Moreover, according to the criterion regarding the ratio
of the variance of regression residuals (as defined in section 3.3.3) between
the treated and control group, 17 covariates are classified as ‘of concern’
or ‘bad’ before the matching (including the key covariates mental health,
self-perceived health, caregiving activity with respect to the partner, and
partner’s mental health and self-perceived health), while only two of these
are still of concern after the matching (‘living as a single’ and high education
level). As all the key covariates are properly matched, this particular matching is accepted. Tables similar to table 5.4, but using the other five samples
(other time scales and for males) can be found in the log file associated with
this thesis.
All six assessments of matching quality show good general matching diagnostics (i.e. Rubin’s B <0.25; 0.5 <Rubin’s R < 2) and satisfactory matching diagnostics regarding individual covariates (all key covariates properly
matched). Thus, in conclusion, all matches are accepted and the effect of
caregiving to the partner on caregiver’s health can be determined.
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Table 5.2: The size of the different samples used for the matching are shown
in the ‘Total observations’ column. Some of the ‘treated’ individuals (those who
are classified in 2006 to provide care to their partner) are removed from the samples because their propensity score is not located on the common support. The
amounts of removed and remaining treated individuals are indicated in the rightmost columns.

Table 5.3: General measures of matching quality. These measures were introduced in section 3.3.3 and are discussed again in the main text in this section.
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Table 5.4: Matching quality, individual covariates. This table contains diagnostics regarding the matching of the immediate effect sample containing only
women. Within this subgroup, it shows the mean of each covariate for the treated
and control group, both before and after the matching. It also shows the standardized percentage bias, which is the difference of the sample means in the treated
and control (before or after matching) sub-samples as a percentage of the square
root of the average of the sample variances in the treated and control groups (see
Rosenbaum and Rubin [1985] for the formula). The standardized percentage bias
is reduced significantly for essentially all covariates due to the matching. The
rightmost column shows the ratio of the variance of regression residuals (as defined in section 3.3.3) between the treated and control group before and after the
matching. For essentially all covariates, this ratio moves towards one due to the
matching. * indicates covariates ‘of concern’, while ** indicates ‘bad’ covariates,
according to the definition of Rubin [2001]. In this example, 17 covariates are
classified as belonging to one of these categories before the matching, but only two
of them remain of concern after the matching (‘Living as a single’ and ‘Education
(high)’).
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5.3

Effect of caregiving on health

The effect of caregiving to the partner on caregiver’s health is determined by
regressing the various aspects of caregiver’s health (mental, physical and selfperceived health) in different times (for estimating the immediate, intermediate-term and long-term effects) on the treatment indication (caregiving
activity to the partner in 2006), controlling for the complete covariate vector.
OLS regressions are performed for each gender, each health outcome and each
time scale, a total of eighteen regressions. The complete regression results
are provided in the log file associated with this thesis; the relevant outcomes
regarding the effect of caregiving to the partner on caregiver’s health are
shown in table 5.5. As can be observed, on the 5% significance level, only two
of the eighteen regressions shows a statistically significant effect of caregiving
on health: the immediate effects of providing care by women to the partner on
mental health are negative and statistically significant (t=-3.52, p=0.000 and
t=-2.20, p=0.028, respectively); for this subgroup, caregiving is associated
with an immediate decrease of 0.542 of mental health (on a scale of 0 to 12)
and an immediately decreased probability to self-classify health as good or
better3 . On the 10% significance level, the immediate effect of caregiving to
the partner on mental health for men is also negative and significant (t=1.92, p=0.054); for this subgroup, caregiving is associated with an immediate
decrease of 0.291 of mental health (on a scale of 0 to 12). All other effects
of caregiving on health (e.g. effects on physical health, intermediate- and
long-term effects) are not statistically significant.

3

According to the OLS model, this probably decreases with about 7 percentage points,
but since the OLS regression model is not ideal for estimating these effects on binary
variables, this value has to be interpreted as an approximation.

36

Table 5.5: Regression coeffients and other statistics of 18 regressions, representing
the effect of caregiving to the partner on all three aspects of health for both
genders and all time scales. The coefficients shown are the regression coefficients
obtained when regressing the particular aspect of health at a particular year (2006
for the immediate effect, 2010 for the intermediate-term effect, and 2013 for the
long-term effect) on caregiver status (with the partner as care recipient) in 2006,
while controlling for the complete covariate vector and using the obtained matched
samples. ** indicates significance at the 5% level, while * indicates significance at
the 10% level.
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Chapter 6
Discussion and Conclusion
In this chapter, the research question stated in chapter 1 is answered using
the results presented in chapter 5. The economic relevance of this answer
is discussed and the findings are compared to the those obtained from the
literature on caregiving presented in section 2.2. Finally, some indications
for future research are provided.

6.1

Conclusion regarding the research question

In chapter 1, the research question studied in this thesis was stated:
“What is the causal impact of providing informal care to one’s
partner on the mental and physical health of the caregiver?”
The results presented in chapter 5, and in particular those shown in table 5.5,
are now used to answer this question. For women, the results suggest that
providing care to their partner does indeed have a negative impact on the
health of the care provider, in particular on mental health and self-perceived
health (which can be considered to be a measure of health that contains
aspects of both mental and physical health). These results are significant
at the 5% significance level. Physical health (as measured by limitations in
daily activities) does not seem to be affected by care providing. For men,
the health impact of providing care to their partner is less clear; on the 10%
significance level, a negative impact of care providing on mental health seems
to exist for men. For other kinds of health, no statistically significant effects
exist.
For both women and men, the mentioned (immediate) negative health
effects apparently dissipate over time. Both four and seven years after the
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treatment indication, the health (mental, physical and self-perceived) of those
who were caregivers initially was not significantly different from the health
of the matched control group (after controlling for covariates).
In principle, this forms an answer to the research question. However,
as in all studies, the reliability of the answer is highly dependent on the
research methodology, which is therefore critically discussed in this section.
Most aspects of the research methodology, such as the assumptions that are
implicitly made by using the matching method of this study, are discussed
elaborately in chapter 3 (including the argumentation that these assumptions
are satisfied) and are not repeated here. The treated and matched control
groups seem to be sufficiently similar (as shown in section 5.2), so it seems
unlikely that the results of this study are significantly biased due to improper
matching.
However, there is one aspect of the methodology that does have the potential to impact the obtained results; this is the removal of treated observations
that have an estimated propensity score outside the region of common support. This removal is indicated in table 5.2. For estimating the immediate
effect of caregiving on health, the removal of these individuals is likely to be
of only minor importance, as their number is small compared to the total
number of treated individuals. However, for estimating longer-term effects,
the number of treated individuals with estimated propensity scores off the
common support rises in an absolute as well as relative sense. The shrinkage
of the region of common support itself (due to panel attrition) is the cause
of this finding. As a consequence, those individuals with the highest propensity scores are removed from the analysis when estimating intermediate- and
long-term effects of caregiving on health, especially in the case of men. As
indicated in table 5.1, the propensity score is highly impacted by characteristics of the partner; high estimated propensity scores are associated with
unhealthy partners and thus a high burden of care. By predominantly dropping these individuals, the average care burden in the dataset decreases. If
care burden is associated with negative health effects (as it is hypothesized
to be), it is likely that the negative intermediate- and long-term effects of
providing care to the partner on the caregiver’s health are underestimated in
this study, especially for men.
It is therefore concluded that providing care to the partner has a significant and negative immediate effect on the mental and self-perceived health of
the female care provider, but there is no significant effect on physical health.
For the male care provider, such a negative immediate effect is present only
for mental health (on the 10% significance level). The magnitudes of these effects are discussed in section 6.2. Longer-term effects (four or seven years) of
caregiving on health cannot be completely excluded due to common support
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issues, but no evidence for their presence is obtained in this study.

6.2

Economic relevance

So far, the statistical significance of health effects of caregiving have been
the main concern of this chapter. In order to make a statement concerning
their economic relevance, the magnitudes of these health effects have to be
analysed. Caring for the partner leads to a decrease in mental health (defined
as the inverse of the EURO-D scale for depression, which ranges from 0
to 12) of 0.542 (females) or 0.291 (males). Considering that the difference
between a person with optimal mental health and a person that is likely
to be clinically identified as depressed is only around 3 or 4 [Prince et al.,
1999] on this scale, providing care to the partner can contribute substantially
to mental morbidity. For women, a negative immediate effect of caregiving
on self-perceived health is observed; providing care to the partner leads to
approximately a 7 percentage point decreased probability for a woman to
self-classify her health as good or better, which seems appreciable. Although
informal care might be considered by some to be a ‘cheap’ form of care
and is therefore increasingly relied on in some countries (for example in the
Netherlands [de Klerk et al., 2014]), it seems reasonable to take these ‘health
costs’ into account when comparing the pros and cons of formal and informal
care.

6.3

Comparison of results to other literature

In section 2.2, empirical findings of similar studies were presented. Comparing the results of this study to those obtained by other authors is interesting,
but is also hindered somewhat by the different care recipients and health
outcomes; other studies, such as Coe and Van Houtven [2009] and Do et al.
[2013], mainly focused on parents as the care recipients.
Coe and Van Houtven [2009] stratify by marital status and observed increases in depressive symptoms and decreases in self-rated health due to
caregiving (with the parent as a care recipient) in both married men and
women, while they do not find effects of caregiving on physical health for
these groups. This roughly corresponds to the results shown in this thesis,
in which the effect of caregiving on mental health is substantial but no effect
for physical health is observed. In contrast, Do et al. [2013] focus exclusively
on the effect of caregiving to the parent on physical health and do find significant effects. Their results, however, are not necessarily contradictory to the
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results of this study, as the care recipient differs. Instead, this thesis adds to
the mentioned literature by studying the health effects of caregiving to the
partner, a care recipient that has (to the best of my knowledge) not been
considered in isolation yet in the recent caregiving studies that control for
self-selection.

6.4

Indications for future research

As informal care provision is becoming more important to meet the growing
demand for care in the near future, it becomes increasingly important to
understand all the relevant costs of this informal care provision. One aspect
that is quite important for the economic relevance of the health effects of
caregiving is their persistence over time. Although no evidence for the existence of long-term effects of caregiving on health is found in this thesis, they
cannot be completely excluded either based on this analysis due to a limited region of common support in the matching procedure. Thus, the main
suggestion for future research is to study the persistence of health effects
over time using a more complete dataset. Identification of these longer-term
effects will bring us one step closer to understanding all the costs associated
with informal care provision, and thus to better-justified policy regarding
this exciting subject.
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