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Chapter 1

Introduction

Across the entire developed world, populations are ageing rapidly (Gruber et al., 2023).
The proportion of the population aged 65 years and above increased globally from 7
percent in 2000 to 9 percent in 2020 and is expected to rise to 16 percent in 2050
(United Nations, 2022). In the Netherlands, one out of five individuals is currently aged
65 or older, which is anticipated to become a quarter in the next thirty years (OECD,
2023c). These developments stem not only from declines in fertility but also from
decreasing mortality rates caused by continuous enhancements in population health
(Bloom and Luca, 2016), particularly at older ages (OECD, 2023b). With more people
surviving up to the age of 65 and beyond, health and care for the older population is
becoming increasingly important.

This thesis contributes to the understanding of differences in health and care provision
for the older population by examining: i) income-related inequality in mortality at
older ages; and ii) efficiency in nursing home care.

Part I: Income-related inequality in mortality at older
ages
Improvements in mortality have kept raising life expectancy in all OECD countries
since the 1990s (OECD, 2023a), but not to the same extent across socioeconomic
groups. Several studies report that the improvements in mortality over the last dec-
ades favoured the rich and have further widened the life expectancy gap by income
(Banks et al., 2021; Chetty et al., 2016; Currie and Schwandt, 2016; Dahl et al., 2023).
Even in a country like the Netherlands, which has an extensive welfare system with
universal access to care that aims to reduce such inequalities, the increase in life ex-
pectancy at age 40 between 2005 and 2015 was twice as high among the richest 20
percent compared to the poorest 20 percent, contributing to a life expectancy gap of 9
years between these income groups in 2015 (Muns et al., 2018). Given that a long life is
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considered an important welfare indicator (Banks et al., 2021), such mortality-related
inequalities are generally undesirable.

To move towards the long-standing worldwide goal of reducing mortality inequalit-
ies (Commission on Social Determinants of Health and World Health Organization,
2008), it is important to understand what drives these inequalities. This thesis provides
insights into these drivers in three ways: i) by examining inequalities within different
age-groups; ii) by providing descriptive evidence of the relative contribution of specific
causes of death; and iii) by using the recent COVID-19 pandemic as a case for study-
ing mortality disparities by income. Doing so, this thesis highlights the importance of
focusing on mortality inequalities at older ages in research and policy.

Given that the recent improvements in mortality were more concentrated among older
age groups (OECD, 2023b), it is important to understand the inequality patterns of
this particular group. However, most studies focus on inequalities in life expectancy
(Chetty et al., 2016; Muns et al., 2018), which is a composite measure of mortal-
ity rates at different ages. These studies do not reveal the, potentially very different,
trends in inequality at different ages. Currie and Schwandt (2016) show that while
mortality disparities by income at younger ages decreased, they increased among older
ages in the United States between 1990 and 2010. Such diverging trends would not
be visible when examining overall life expectancy. These underlying trends have not
been examined much in the literature before because data on income, age and health
outcomes, was previously only available through surveys; leaving studies examining
age-specific trends to be underpowered due to small sample sizes. Nowadays admin-
istrative data sets encompass reliable population-wide information on individual level
income, age and mortality. Chapter 2 of thesis uses such data to examine underlying
age-trends behind the increasing life expectancy gap documented in other studies from
the Netherlands (for example by Muns et al. (2018)).

To get a better sense of whether and how plausible disparities at older ages could be
reduced, it is important to identify the potential determinants of the mortality gap by
income and whether these determinants are avoidable. Potential determinants of in-
creasing inequalities in mortality may include socioeconomic differences in resources
to invest in health (e.g. income or education), circumstances (e.g. working conditions),
health behaviors (e.g. smoking) and access to medical treatments and adoption of new
technologies (Cutler et al., 2006, 2011). While some of these are inherently related
to income, differences in health behaviors and access to medical treatments could be
mitigated by appropriate policies. Chapter 2 examines this potential by identifying the
contribution of potentially avoidable deaths through prevention and treatments in ex-
plaining changes in the mortality gap by income. This can provide valuable insights
for crafting targeted policies aimed at reducing health disparities at older ages.

The recent COVID-19 pandemic serves as an interesting case for studying mortality
disparities at older ages. First, because the pandemic had a large sudden impact on
mortality, especially at older ages. In the Netherlands in 2020 and 2021, 40 thou-
sand individuals died from COVID-19, of which 88 percent occurred among the 70+
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year-old population (Statistics Netherlands, 2023d). Second, the pandemic affected
the whole population. Yet, regardless of the virus not discriminating between income
groups, the risk of dying from COVID-19 was 2.2 times higher in the poorest 20 per-
cent compared to the richest 20 percent of the older population (Stoeldraijer et al.,
2022). However, it is important to note that not all COVID-19 deaths contributed
to more deaths than expected (i.e. excess deaths) (Statistics Netherlands and RIVM,
2022), and that poorer groups have a higher expected mortality rate in general based
on mortality trends prior to the pandemic (Banks et al., 2021). Chapter 3 analyses
income-related variation in excess mortality to study the pandemic’s overall impact
on mortality disparities at older ages and to examine whether pre-existing socioeco-
nomic differences in underlying health shaped unequal mortality patterns during the
pandemic.

Part II: Efficiency in nursing home care
Part II of this thesis focuses on nursing home care, which is an important sector as it
constitutes a considerable part of formal care provision to the older population and the
public budget. In the Netherlands, more than 50 percent of individuals aged 70 and
over use nursing home care at some point during their lifetime, with average lifetime
costs rising up to 254,000 euros per individual (Wouterse et al., 2022). Because nursing
home care in the Netherlands is mainly publicly financed, these expenditures make up
2 percent of the Dutch GDP in 2019 (Bakx et al., 2023). These public expenditures on
nursing home care are expected to rise further as the share of oldest age groups among
the older individuals increases (Rijksinstituut voor Volksgezondheid en Milieu, 2020).

Insights into variation in how efficient the provision and allocation of nursing home
care are can inform the policy debate about how to maintain access to high quality care
without exhausting the workforce and public budgets while demand for nursing home
care is rising. This thesis covers two types of (in)efficiencies in the nursing home care
sector, namely efficient provision (Chapters 4 & 5) and efficient allocation (Chapter 6)
of nursing home care. This distinction is important because examining each requires
different research designs and generates different implications for policy.

Efficient provision of nursing home care
Efficiency in care provision means how well providers can convert inputs into relev-
ant outputs (Jacobs et al., 2006). In other words, nursing home care provision is con-
sidered efficient when providers produce the highest level of outcomes given a fixed set
of inputs, for example through optimising care processes as such that every additional
staff member improves resident quality of life or health by as much as possible, or by
choosing the optimal mix of nurses and medical doctors that maximises these resident
outcomes. Identifying the highest attainable level of outcomes requires a comparison
of all nursing home providers, controlling for input levels (such as budgets and staffing
levels). Substantial variation in outcomes across providers conditional on input levels
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indicates a scope for enhancing efficiency, at least among providers with the worst
outcomes. Documenting and explaining such variation in efficiency across nursing
home providers is hence essential for determining whether and where efficiency gains
are feasible. However, measuring efficiency proves challenging because not all nurs-
ing homes are comparable and there is very limited information about the outcomes
produced by nursing home providers.

New causal methods to identify provider variation
Over the past three decades, researchers have employed different approaches to assess
nursing home efficiency. Starting in the late 1980s, researchers adopted non-parametric
methods from industry and hospitals (Kooreman, 1994; Nyman and Bricker, 1989).
This involved constructing a production frontier based on providers achieving certain
health outcomes with minimal inputs and measuring a provider’s efficiency relative to
the frontier. This approach, however, can only control for differences in the observ-
able characteristics of residents across nursing homes (Arling and Daneman, 2002;
Grosskopf and Valdmanis, 1993), while such differences may also be unobserved. Fail-
ing to account for all relevant case-mix differences leads to selection bias and unfair
comparisons.

With the shift in emphasis to causal inference in economics and related fields, re-
searchers have increasingly emphasised correcting for selection biases through natural
experiments and quasi-experimental approaches in econometrics. Commonly applied
methods use so-called exogenous shocks, such as lotteries, or policies that affect part of
the population of interest to define comparable treatment and control groups. Because
these methods require sufficient statistical power and therefore a sufficient number of
people within each treatment group, they are generally used to estimate the impact of
one treatment at a time. As a result, the focus of the nursing home literature shifted
from measuring total differences in efficiency to identifying the impact of specific in-
puts, such as staffing (Friedrich and Hackmann, 2021; Lin, 2014) or ownership type
(Grabowski et al., 2013; Gupta et al., 2021; Huang and Bowblis, 2018). Only recently,
value-added methods have enabled the application of causal frameworks when study-
ing the total difference in performance, even of smaller entities. These methods are
used in the education literature to assess the performance of teachers based on student
test scores (Angrist et al., 2016; Chetty et al., 2014; Deming, 2014; Kane and Staiger,
2008), and more recently in the evaluation of hospitals (Chandra et al., 2023; Doyle
et al., 2019; Hull, 2020) and insurance plans (Abaluck et al., 2021) based on patient
outcomes. Alongside a recent working paper by Einav et al. (2022) from the United
States, Chapter 4 of this thesis is the first to adopt such a value-added method when
analysing differences in efficiency across nursing home providers.

Using administrative data to measure resident outcomes
To gain insights into nursing home efficiency, comprehensive data on resident out-
comes are imperative, yet these outcomes are typically not being measured. Apart
from the United States, evaluations and documentation of nursing home performance
indicators predominantly rely on inputs and care process metrics, while information
on outcome-based indicators is often lacking (Barber et al., 2021). Nonetheless, this
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information is crucial for measuring efficiency and performance in general, as indicat-
ors measuring the organisational structure or process component of quality, such as the
use of psychotropic medicine, do not necessarily correlate with better outcomes (Bakx
et al., 2020a; Werner et al., 2013).

Chapters 4 and 5 of this thesis demonstrate how the combination of multiple admin-
istrative data sources can be used to construct an outcome-based indicator based on
the full population of nursing home residents. Both chapters use administrative data
sources covering Dutch nursing home residents and organisation-level data on inputs
and processes of nursing home care providers, which is a novel combination within the
Netherlands. Previously, the organisation-level data was fragmented across different
sources and unlinkable to individual-level information on residents. This thesis shows
the result of an effort in bringing these sources together and integrating them with
comprehensive administrative data on anonymised nursing home residents. This link
contributes to more insights into nursing home variation in outcomes, without burden-
ing care workers or recipients. In addition, it facilitates an examination of how resident
outcomes relate to inputs (e.g. staffing) and processes of care (e.g. use of psychotropic
medicine).

Efficient allocation of nursing home care
Efficient allocation of nursing home care requires scarce nursing home care to be op-
timally allocated to individuals who benefit the most from it so that it maximises wel-
fare (Palmer and Torgerson, 1999). This entails, for example, that individuals with
higher care needs – for whom the benefits or receiving nursing home care are the
largest – should receive care in nursing homes and those with lower care needs in their
own homes. In a setting where potential care users do not experience the costs, such as
when public insurance covers these costs, additional policy measures may be needed
to foster an efficient allocation.

Governments face challenges in addressing limited capacity in nursing homes and in
promoting an efficient allocation of care among ageing populations. Waiting lists arise
as a consequence of such limited capacity, yet it can also serve as a policy tool tar-
geted at an optimal allocation of care. Waiting lists may aid in efficiently allocating
care by incentivizing high-need individuals to seek care at a provider without a wait
list (Iversen and Siciliani, 2011), or by empowering providers to prioritise high-need
individuals from their wait list (Gravelle and Siciliani, 2008). However, in situations
where waiting lists exist among all providers or when providers lack comprehensive
information about the care needs of individuals on the wait list, waiting lists may sub-
optimally delay access to nursing homes for the most severely ill (Arntzen et al., 2022;
Leshno, 2022; Letterie, 2023).

To understand whether waiting lists are a useful policy tool for allocating scarce nurs-
ing home care, it is important to understand the effects of prolonged waiting times both
on individuals on the wait list and on the broader healthcare system. However, studying
this is challenging because waiting times are likely endogenous: individuals with worse
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expected outcomes wait shorter than individuals with better outcomes when provider
prioritise efficiently. Prior studies that have addressed this issue have focused on the ef-
fects of waiting times for (mental) healthcare (Godøy et al., 2019; Moscelli et al., 2016;
Nikolova et al., 2016; Prudon, 2023; Reichert and Jacobs, 2018). The consequences of
waiting for nursing home admissions could be different because healthcare is aimed at
improving health outcomes, while nursing homes focus on providing assistance with
activities of daily living (Gruber et al., 2023). Chapter 6 of this thesis is the first study
to examine the consequences of delayed admissions to nursing homes in a causal way.

Outline of this thesis
Part I: Income-related inequality in mortality at older ages
As outlined above, this thesis contributes to a better understanding of mortality differ-
ences among older individuals in the Netherlands, both before and during the COVID-
19 pandemic. Chapter 2 studies mortality trends from 1996 to 2016, focusing on vari-
ous age groups and poverty deciles within the Dutch population. This research is part
of an international collaboration consisting of 11 countries hosted by the Institute of
Fiscal Studies (Banks et al., 2021), of which a comparison piece is published in Pro-
ceedings of the National Academy of Sciences (PNAS) (Schwandt et al., 2021). Follow-
ing Currie and Schwandt (2016), this chapter analyses the poverty gradient in mortality
over time per sex and age-group by dividing the Dutch population into equally sized
deciles based on regional poverty shares. Unlike studies merely examining overall life
expectancy, this method can uncover contrasting inequality patterns at different ages.

Further, Chapter 2 delves into these inequality trends by decomposing them into the
contributions of causes of death that are preventable, treatable, both or neither. This ap-
proach sheds light on whether the income-related disparities in mortality could poten-
tially be avoided and to what extent they can be attributed to prevention or healthcare.
These findings do not only provide insights into the potential determinants of income-
related variation in mortality, which could inspire research directions and hypotheses,
but also aid in informing policies aimed at reducing health-inequalities.

Building upon the work in Chapter 2, Chapter 3 focuses on mortality inequalities
among the older population during the first year of the COVID-19 pandemic in 2020.
During this period, the Dutch population experienced 15 thousand thousand more
deaths than expected based on mortality trends from previous years (Statistics Nether-
lands and RIVM, 2022). Chapter 3 investigates whether these so-called excess deaths
were equally distributed over income groups to examine whether the first year of the
COVID-19 pandemic increased inequalities in mortality by income. This chapter uses
a concentration index (Wagstaff et al., 1991) to identify inequalities in excess mor-
tality and decomposes this into inequalities arising from additional COVID-19 deaths
and those from unequal changes in other causes of death. This distinction is useful for
understanding whether the pandemic’s effect on mortality disparities at older ages is
primarily driven by the direct consequences of COVID-19, and whether it is exacer-
bated or mitigated by COVID-19 displacing other causes of deaths or by the indirect
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impacts of the pandemic (e.g. lockdowns or delayed medical treatments).

Part II: Efficiency in nursing home care
The second part of this dissertation investigates efficiency in nursing home care.
Chapters 4 and 5 focus on efficiency of the provision of nursing home care by examin-
ing the variation in health outcomes, specifically (excess) mortality and potentially
avoidable hospitalisations, across nursing homes both prior to (Chapter 4) and dur-
ing the COVID-19 pandemic (Chapter 5). Chapter 4 adopts a value-added approach
and exploits exogenous variation in the geographical distance to nursing homes with
varying performance levels. This method enables the estimation of a potential selection
bias driven by unobserved case-mix differences in outcome-based indicators of nursing
home performance. In addition, by linking the variation in outcomes to other nursing
home characteristics related to structure and care processes, these chapters contribute
to a more profound understanding of which inputs and care practices are related to
efficient provision of nursing home care.

Chapter 6 focuses on efficiency of the allocation of nursing home care, specifically
examining the consequences of delayed admissions to nursing homes resulting from
waiting lists. While waiting lists may serve as an efficient way of allocating scarce
care to individuals who benefit the most – i.e. by incentivizing high-need individu-
als to seek care at a provider without a wait list –, they can also create challenges.
When waiting lists arise for all providers or when individuals’ preferences are not in
line with their actual care needs, it may lead to increased waiting times for high-need
individuals, potentially creating undesirable outcomes. Chapter 6 investigates this by
examining whether delayed admissions to nursing homes increase hospital utilisation.
This examination delves further into the allocation of nursing home care and sheds
light on the consequences of inefficiencies in the nursing home sector on the broader
healthcare system.
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Part I

Income-related inequality in
mortality at older age
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Chapter 2

Diverging mortality inequality
trends among young and old in
the Netherlands
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Published in Bär, M., Wouterse, B., Riumallo Herl, C., Van Ourti, T. and van Doorslaer,
E. (2021), Diverging Mortality Inequality Trends among Young and Old in the Neth-
erlands. Fiscal Studies, 42, 79-101.
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Abstract

We analyse the trends in inequality in mortality across poverty groups at different ages
over the period 1996–2016 in the Netherlands. In addition, we examine whether these
trends are related to unequal changes in avoidable mortality, separated by preventable
and treatable causes of death. We find that while inequalities in mortality have de-
creased at ages up to 65, inequalities increased for the oldest age groups. The decline in
inequality at the younger ages can, to a large extent, be explained by a strong decrease
of mortality from preventable and cardiovascular causes among the poor. The link
between inequality and avoidable mortality at the oldest ages is less straightforward.
The increasing inequality at old age might be the result of the inequalities shifting from
the young to the older age groups, or of the rich benefiting more from the recent health
(care) improvements than the poor.
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2.1 Introduction
Life expectancy at birth in the Netherlands increased from 77.6 years in 1996 to 81.9
years in 2019 (OECD, 2020a). Although this development indicates substantial gains
in the average chances of survival, it is unlikely that these were distributed equally.
Survival improvements may have been different not only for groups that are socio-
economically more and less advantaged, but also for younger and older age groups.
Because (period) life expectancy is a cross-sectional summary measure composed of
mortality probabilities at different ages, it does not reveal this heterogeneity in the
mortality experience of different age and socio-economic groups.

The reduction of the persistent disparities in survival across socio-economic groups
remains an important goal of health policy worldwide (Commission on Social Determ-
inants of Health and World Health Organization, 2008). In the Netherlands, the overall
progress in medical care and survival seems not to have led to a decrease in the in-
equality across socio-economic groups. In spite of the extensive welfare system and
high access to care, with universal and comprehensive coverage (Doorslaer and Jones,
2004; van Doorslaer et al., 2006; OECD and European Observatory on Health Systems
and Policies, 2019), socio-economic differences in survival remain a major cause for
concern (Raad voor Volksgezondheid en Samenleving, 2020; Wetenschappelijke Raad
voor het Regeringsbeleid, 2018). In fact, the Netherlands is one of the OECD countries
with the lowest out-of-pocket expenditures as a share of total expenditures on health
(OECD, 2021b). Yet, closing – or at least reducing – the gap in life expectancy between
socio-economic groups continues to be an important policy aspiration (Health Holland,
2019). Along with addressing the socio-economic differences in underlying health be-
haviours, these are considered a crucial part of the prevention strategy agreed upon by
the Dutch government, industry and other societal parties in the national ‘prevention
coalition’(Ministerie van Volksgezondheid, Welzijn en Sport, 2018).

Addressing inequalities in survival starts with properly measuring them. Earlier stud-
ies for the Netherlands generally focus on the gap in life expectancy between low- and
high-educated groups. Most studies find large gaps in life expectancy at age 30 and
older between the low and high educated (Kulhánová et al., 2014; Mackenbach and
Nusselder, 2019; OECD and European Observatory on Health Systems and Policies,
2019). Moreover, several researchers find this absolute gap to be relatively stable over
time (Statistics Netherlands, 2012; de Beer and van der Gaag, 2018; Mackenbach and
Nusselder, 2019), although van Pieter van Baal and Nusselder (2016) forecast widen-
ing inequalities for the population aged 65 and over. A number of studies have focused
on inequalities among income groups, using administrative data on individual (house-
hold) income. Kalwij et al. (2012) estimate a survival model for the Dutch elderly that
depends, among other things, on income. They find a gap of 2.5 years in life expect-
ancy at age 65 between low- and high-income individuals. Muns et al. (2018) analyse
the trend of inequality in life expectancy at age 40 between income groups, following a
similar approach as Chetty et al. (2016) for the United States. They find that the gap in
life expectancy between the lowest and highest income quintiles increases by 1.8 years
for men and 2 years for women between 2005 and 2015.
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In this study, we examine the development of mortality by socio-economic group,
gender and age from 1996 to 2016. We follow the approach developed by Currie and
Schwandt (2016), focusing on the overall time trends across gender and age groups,
and the differences within these groups across poverty deciles. We rank individuals
based on the poverty share of the municipality they are living in. We extend the ap-
proach of Currie and Schwandt (2016) by investigating whether the trends in absolute
inequality in mortality can be related to causes of death that are either treatable or
preventable.

We contribute to the existing literature in several respects. First, we focus on the trends
in inequality in mortality at different ages instead of the trend in overall life expectancy.
Because life expectancy is a summary measure, the overall trend can mask possibly
diverging trends across ages. The fact that earlier Dutch studies arrive at different
conclusions on the inequality in life expectancy, depending on the starting age of their
analysis, already indicates that age-specific trends might be diverging. Studying the
trends in age-specific inequality also allows policymakers to better focus attention and
efforts to reduce inequalities where most needed. Diverging trends in age-specific
mortality might also be indicative of differences in health across birth cohorts. This
would imply that the socio-economic disparities in current-period life expectancy are
not representative for younger cohorts, as they are largely driven by the differences in
current old-age mortality among older cohorts (Currie and Schwandt, 2016).

Second, we analyse socio-economic differences by income rather than by education,
as in previous Dutch studies. Because we can precisely measure poverty shares in
geographic areas (such as municipalities), this allows for a ranking of socio-economic
groups based on a continuous measure. Education, however, is categorical, which
results in less variation across the population and, hence, makes it more difficult to
divide the population into (between- and within-country comparable) deciles. Further-
more, within-country comparability is hampered by changes in the relative sizes of
educational groups over time (due to increases over time in the education level, par-
ticularly for women), while rankings based on poverty shares lead to similarly sized
socio-economic groups in every year.

Third, we base our socio-economic ranking of individuals not on individual income,
but on the poverty share within their municipalities. This has two practical advantages.
First, it allows us to compare our results directly with those for other countries, where
administrative data on individual income are not available. Second, it allows us to
expand our analysis to younger age groups. Previous Dutch studies have excluded
these age groups, either because they do not have an individual income or because their
current income is not representative of their lifetime income. Moreover, an extensive
series of studies has found that where people grow up and live is important for their
economic and health outcomes (Chetty et al., 2016; Chetty and Hendren, 2018; de Jong
et al., 2020), implying that the direct measurement of the relation between mortality
and poverty at the municipality level has direct relevance on its own.

Finally, we examine whether trends in inequalities are driven by socio-economic dif-
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ferences in the development of particular causes of death. Kulhánová et al. (2014) find
that educational inequalities in mortality in the Netherlands are mainly driven by car-
diovascular diseases and particular types of cancer (including lung cancer), while for
other types of cancer (colorectal, prostate and breast cancer) and external causes (for
women) do not show such differences between education groups. Studies for other
countries find that trends in inequality in mortality are driven by specific causes. For
instance, Kallestrup-Lamb et al. (2020) find that the stagnation in mortality of Danish
elderly women between 1985 and 1995 was largely caused by an increasing mortality
from cancers and lung- and bronchus-related causes. Similarly, in a study among the
Norwegian population for more recent years, namely 2005–2015, Kinge et al. (2019)
find that the evolution of mortality from lung cancer, chronic obstructive pulmonary
diseases and dementia varied most across income groups.

In this study, we examine trends in two groups of causes of death that can be classified
as avoidable (Nolte and McKee, 2004), either by treatment or by prevention. Disag-
gregating the analysis of inequality trends by these two groups of causes of death can
help to guide health-care policymakers to focus their inequality reduction efforts on
lifestyle interventions (for prevention) and/or on more (equal) access to health care
(for treatment).

We find that mortality decreased between 1996 and 2016 in all age groups and for
all poverty groups. Mortality gradients by poverty in the age groups under 65 either
decreased or remained stable. We observe the largest decrease in this gradient for
men in the age group 20–49 and we demonstrate that this is mainly attributable to a
large drop in mortality from potentially preventable causes among the poorest. By
contrast, inequalities at older ages (>65) seem to have increased over the last decades,
especially for women. Inequality among these older groups increased for all causes of
death, either avoidable or not.

2.2 Data and methods

2.2.1 Data sources
We use three main sources of data to estimate mortality inequalities. To estimate the
municipal age-specific mortality rates, we obtain the number of deaths and popula-
tion size by municipality, age and gender using individual-level data from Statistics
Netherlands from 1996 onwards. Information on the individuals’ gender, date of birth
(in months) and place of residence are obtained from the municipal records database
(Gemeentelijke Basis Administratie or GBA in Dutch). Additionally, we obtain the
date and primary cause of death from individual-level death registries. To construct
municipal poverty shares, we use household-level income data from tax registries avail-
able from 2004 onwards. In the preceding years, we use information from the Re-
gionale Inkomensverdeling (Statistics Netherlands, 2004) as individual-level income
data are not available. For years without municipality-level poverty data (1996–1999),
we use information from the nearest year (2000).
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2.2.2 Poverty deciles

We divide the population into socio-economic groups using municipal poverty shares,
that is, the share of households in a municipality with disposable household income
below the poverty threshold. Grouping households in the same municipality using
place of residence, we obtained the total number of households and the number of
households with an income below the poverty threshold within a municipality. When
calculating poverty shares, households that did not have a full year or had missing
income are excluded, along with individuals living in student residences, institutions
or nursing homes.

The poverty threshold, defined by (Statistics Netherlands, 2020b), is an absolute
threshold adjusted for inflation for comparability over time. This threshold is widely
used in the Netherlands to monitor the evolution of poverty (Sociaal Cultureel Plan-
bureau/Statistics Netherlands, 2014). It is set as the fixed yearly income a single-
person household received from social benefits in the year 1979.1 To make the abso-
lute threshold applicable to any type of household, we multiply household income by
an equivalence factor depending on the household’s size and composition (Statistics
Netherlands, 2020a).

We calculated poverty shares for all 504 municipalities in the Netherlands. Municip-
alities are a sufficiently high level of aggregation to calculate a reliable poverty share.
Additionally, many income- and health-related policies, such as the provision of home
care and poverty policy, are decentralised at the municipality level. To ascertain that
municipal changes in poverty deciles over time are not caused by municipality mergers,
we keep the municipal borders from the year 2001 fixed over time.2

We divide the municipalities over ten deciles based on their poverty share and popula-
tion size for 1996, 2005 and 2016 separately.3,4 This allows municipalities to change
deciles over time due to, for example, evolution of poverty or migration. As a result,
for each year, we compare the 10 per cent of the population living in the least poor
municipalities (decile 1) to the 10 per cent living in the poorest municipalities (decile
10). To achieve ten equally sized groups, each decile does not contain an equal number
of municipalities, as the municipalities vary in population size. In addition, we split
the largest three municipalities (Amsterdam, Rotterdam and The Hague) into three or
four equally sized subgroups with equal mortality and poverty shares. In this way, we
allow these municipalities to fall into two adjacent deciles (e.g. deciles 9 and 10) to
better balance the bin sizes.

1In 1979, the purchasing power of social benefits was at its highest.
2There have been a notable number of mergers between municipalities between 1995 and 2016. In

1995, the Netherlands counted 633 municipalities. This number was reduced gradually to 390 in 2016 with
the greatest reduction between 1996 and 1997 (Statistics Netherlands, 2020c)

3Note that municipal poverty shares from the year 2000 are used to divide the 1996 population into
deciles.

4As robustness checks, instead of re-assigning the municipalities to a poverty decile each year separ-
ately, we ran the analyses keeping the poverty deciles fixed. Keeping the poverty deciles fixed at the poverty
decile of either 1996, 2005 or 2016 does not affect our main results.
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Table 2.1 provides descriptive statistics of each poverty decile in 2005. First, it shows
that the poorest deciles contain fewer municipalities than the wealthier deciles. This
results from large variations in population size across municipalities and from smaller
municipalities generally having lower poverty shares. The latter can also be observed
from Figure 2.1, which displays how municipal poverty shares are geographically dis-
tributed across municipalities in 2005. The map shows that poverty is mainly clustered
in the northern provinces and in the larger municipalities (in terms of population size)
such as Amsterdam and Rotterdam.

In addition, from Table 2.1 it follows that there is substantial variation in poverty shares
across municipalities. For example, in 2005, poverty shares range from 4.1 to 18.5 per
cent. Even though income inequality of households has remained relatively stable in
the years before and after 2005 (Statistics Netherlands, 2016),5 the gap in average
poverty shares between municipalities in decile 1 and decile 10 decreased from 15 per
cent (7 to 22 per cent) in 2000 to 13 per cent (5 to 18 per cent) in 2005 to 11 per cent
(4 to 15 per cent) in 2016.

Table 2.1: Descriptive statistics (in year 2005) by poverty decile

Poverty decile
1 2 3 4 5 6 7 8 9 10

Number of municipalities
Total 104 84 79 66 50 42 29 27 22a 8b

Number of inhabitants per municipality (x 1,000)
Total 1,632 1,635 1,639 1,655 1,578 1,651 1,626 1,721 1,631 1,510
Mean 15.7 19.5 20.7 25.1 31.6 39.3 56.1 63.8 74.2 188.8
Std. dev 9.8 15.8 12.2 18.9 27.6 32.6 50.1 69.5 56.2 0.7
Min 1.5 4.2 4.6 0.4 3.5 8.1 6.5 7.0 1.0 178.8
Max 48.0 132.8 78.6 106.5 155.7 139.8 176.5 276.3 158.2 196.8
Municipal poverty share (%)
Mean 5.4 6.3 7.0 7.7 8.5 9.5 10.7 11.8 14.2 18.1
Std. dev 0.5 0.2 0.2 0.2 0.3 0.4 0.3 0.4 1.2 0.6
Min 4.1 6.0 6.7 7.3 8.1 8.9 10.1 11.3 12.6 16.8
Max 6.0 6.7 7.3 8.0 8.9 10.1 11.1 12.4 16.1 18.5
Age of population in decile in years
Mean 38.4 38.9 39.0 39.0 39.3 38.9 38.5 38.3 38.9 37.5
Std. dev 22.6 22.6 22.6 22.7 22.6 22.8 22.4 22.2 22.3 21.6
Disposable household income (x 1,000 C)c

Mean 23.1 22.7 22.1 21.5 21.7 20.7 20.3 20.3 19.7 20.2
Std. dev. 16.2 16.5 15.8 15.6 16.2 13.3 13.3 14.1 14.1 17.2
Median 20.4 20.0 19.5 19.1 19.1 18.5 18.2 18.0 17.2 17.2

a Decile 9 actually contains 20 municipalities as one is split into three.
b Decile 10 actually contains 3 municipalities as one is split into three and one into four.
c Disposable income is standardized with respect to household size.

5Measured by a Gini coefficient of approximately 0.29.
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Figure 2.1: Municipalities in poverty deciles in the Netherlands (2005)

2.2.3 Mortality rates

We estimate age/gender-specific mortality rates using demographic administrative data
by combining deaths and population within a municipality. We are also interested in
trends for potentially avoidable causes. To investigate whether these trends can be
attributed to treatable or preventable causes, we adopt a classification for avoidable
mortality from OECD/Eurostat (2019). This list of causes of death, expressed in ICD-
10 codes, combines classifications used in earlier analyses (Nolte and McKee, 2004,
2011; Eurostat, 2014; CIHI/Statistics Canada, 2018).

Using this classification, we assign deaths into four mutually exclusive groups: (1)
treatable causes, (2) preventable causes, (3) causes that could be both preventable and
treatable, and (4) other causes that are not assigned to one of the first three groups.
More extensive definitions can be found in the introduction of this issue. Moreover,
Table A1 in the online Appendix lists the causes of death with the largest increases or
decreases in absolute deaths between 1996 and 2016 in the Netherlands.

Two remarks about this classification are worth making. First, it is focused on identi-
fying causes of death that can likely be avoided (groups 1–3) and not on identifying
a group of diseases that can certainly not be avoided (group 4). If the latter was in-
tended, then we would expect no declining trend in mortality for this group at all, as
these deaths should be unavoidable. However, as we shall see below, this is not the
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case. Second, the classification of deaths from avoidable causes is based on premature
deaths before age 75 (OECD/Eurostat, 2019). This means that the estimates of the
cause-specific trends for the oldest age group (80 and older) should be interpreted with
caution.

2.2.4 Methods
We compare the poverty gradients of mortality by age and gender in the years 1996,
2005 and 2016. Following the approach of Currie and Schwandt (2016), we estimate
age/gender-specific mortality rates by municipal poverty decile from 1996 onwards and
we smooth them using three-year averages (1996–1998, 2005–2007 and 2016–2018).
We use the following age groups: 0–4, 5–19, 20–49, 50–64, 65–79 and 80+. The
mortality rates are standardised by age within each age/gender group.6

Our measure of absolute inequality within a particular age and gender group for a
particular year is the slope coefficient of a regression of mortality on poverty decile
(included as a continuous variable running from 1 to 10). This slope measures the
average change in mortality when going from one poverty decile to the next (poorer)
decile. Age/gender-specific inequality trends can be assessed by comparing slopes
across years. We formally test for a difference in slope coefficients between 1996 and
2016. If this difference is positive, we interpret this as increasing absolute pro-rich
mortality inequalities over time. In other words, if the poverty gradient becomes more
positive over time, it means that, on average, the decline in mortality for the least-poor
deciles (e.g. decile 1) is larger than for the poorest deciles (e.g. decile 10). We conduct
these analyses for both total mortality and for each of the four cause-of-death groups.

2.3 Results: mortality inequality by gender and age
The main results of our analyses are presented in Figure 2.2 and in Table 2.2. The
slopes of the fitted regression lines, or the poverty gradients, in Figure 2.2 indicate
the level of inequality. The estimated slope coefficients per year, which are quite pre-
cisely estimated from age group 20–49 onwards, and the corresponding intercepts can
be retrieved from Table 2.2. Column 9 in Table 2 shows whether the slope has in-
creased, decreased or remained stable between 1996 and 2016. From Figure 2.2, we
see that for almost all age groups, mortality was higher among men, and in poorer
groups. Moreover, in the last 20 years, mortality has substantially declined across all
age/gender groups and for each poverty decile. Men experienced larger reductions in
mortality, leading to a narrowing of the gender gap in mortality.

The poverty gradients do not show the same trends over time across age groups. In
particular, we mostly find decreasing gradients below the age of 65 (that is, pro-poor
improvements) and increasing pro-rich inequalities at older ages. In Figure 2.2 and

6The mortality rates of one-year age groups are weighted so that the age distribution within each age,
gender and poverty group in each year matches the age distribution within the corresponding age and gender
group (across all incomes) in 1995.
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Figure 2.2: Poverty gradients in mortality by gender, agegroup and year

Note: Figure 2.2 plots one-year mortality rates (smoothed over three years) across poverty deciles by gender,
age group and year. Poverty decile 1 contains 10 per cent of the population living in the wealthiest muni-
cipalities and decile 10 contains those living in the poorest municipalities. Mortality rates are age-adjusted
using one-year age bins, keeping the age composition within each age group and gender similar to the one
in 1995. The estimated intercepts and slope coefficients of the fitted regression lines can be found in Table
2.2
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Table 2.2: Slope coefficients of fitted regression lines in Figure 2.2, including con-
stants

Intercept of regression line Poverty gradient/slope of Difference in poverty
Figure 2.2 regression lines Figure 2.2 gradient/slopes

1996 2005 2016 1996 2005 2016 ∆ 1996
2005

∆ 2005
2016

∆ 1996
2016

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Women

Age 0-4 1.017 .793 .730 .026 .028 -.002 .002 -.030 -.028
(.068)*** (.054)*** (.076)*** (.011)** (.009)*** (.012) (.014) (.015)** (.016)*

Age 5-19 .156 .109 .097 .000 .002 -.001 .002 -.003 -.001
(.011)*** (.015)*** (.011)*** (.002) (.002) (.002) (.003) (.003) (.003)

Age 20-49 .712 .622 .481 .035 .022 .014 -.013 -.008 -.021
(.021)*** (.023)*** (.014)*** (.003)*** (.004)*** (.002)*** (.005)*** (.004)* (.004)***

Age 50-64 4.094 3.750 3.295 .193 .162 .141 -.031 -.021 -.052
(.143)*** (.083)*** (.083)*** (.023)*** (.013)*** (.013)*** (.027) (.019) (.027)*

Age 65-79 19.033 14.774 12.366 .501 .651 .647 .150 -.003 .147
(.388)*** (.264)*** (.229)*** (.063)*** (.043)*** (.037)*** (.076)** (.056) (.073)**

Age 80+ 111.862 97.083 86.148 -.007 .449 .848 .455 .399 .855
(1.989)*** (.807)*** (.878)*** (.321) (.130)*** (.141)*** (.346) (.192)** (.350)**

Men
Age 0-4 1.267 .996 .740 .041 .033 .026 -.007 -.007 -.014

(.084)*** (.073)*** (.057)*** (.014)*** (.012)*** (.009)*** (.018) (.015) (.016)
Age 5-19 .264 .199 .147 .003 -.003 -.001 -.006 .002 -.003

(.022)*** (.015)*** (.008)*** (.004) (.002) (.001) (.004) (.003) (.004)
Age 20-49 .916 .785 .693 .079 .043 .025 -.036 -.019 -.055

(.079)*** (.028)*** (.012)*** (.013)*** (.005)*** (.002)*** (.013)*** (.005)*** (.013)***
Age 50-64 6.892 5.124 3.789 .340 .290 .278 -.050 -.011 -.061

(.175)*** (.127)*** (.131)*** (.028)*** (.020)*** (.021)*** (.035) (.029) (.035)*
Age 65-79 37.808 26.692 18.444 .633 .747 .792 .114 .046 .160

(.726)*** (.469)*** (.389)*** (.117)*** (.076)*** (.063)*** (.139) (.098) (.133)
Age 80+ 147.790 126.081 103.441 .758 .965 .952 .207 -.013 .194

(2.177)*** (1.390)*** (.915)*** (.351)** (.224)*** (.147)*** (.416) (.268) (.381)

Notes: Columns 1 to 3 and 4 to 6 report the estimated intercepts and slope coefficients, respectively, from a
regression of mortality on poverty deciles, as plotted in Figure 2.2, by sex, age-group and year. Columns 7 to 9
report differences in the estimated slope coefficients between each period. Standard errors are between brackets.
* statistically significant from zero at 10%; ** statistically significant from zero at 5%; *** statistically significant
from zero at 1%.
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Table 2.2, we observe greater mortality declines for the poorest decile than for the
wealthiest in the youngest female age group (age group 0–4), for both men and women
at prime age (20–49), and for both men and women aged 50–64, although only stat-
istically significant at 10 per cent. At prime age, men experience a stronger decline in
inequalities than women. Our results suggest that, over the last two decades, absolute
inequalities in mortality have been decreasing for the youngest age groups.

By contrast, we observe the opposite pattern for the oldest age groups. Even though
all poverty groups experienced large reductions in mortality, the reductions are larger
for the wealthier deciles. For instance, mortality for women aged 80+ in the poorest
group dropped from 111 per 1,000 in 1996 to 94 per 1,000 in 2016, in comparison
to a decline from 109 to 87 per 1,000 in the wealthiest group. As a result, the gap
in age- and gender-specific mortality rates between these groups increased, which is
reflected in the rising poverty gradient (column 9 in Table 2.2). This rise is statistically
significant only for women.

2.4 Results: trends by cause-of-death groups
Figure 2.3 and Table 2.3 present the results by the cause-of-death categories: prevent-
able, treatable, both or other (i.e. not preventable/treatable). We first discuss overall
trends in mortality by age and gender following from Figure 2.3. This figure shows the
absolute changes (decreases if below zero) in cause-specific mortality between 1996
and 2016 for each poverty decile. In addition, the fitted regression lines in Figure 2.3 il-
lustrate whether the absolute changes in mortality per cause-of-death category between
1996 and 2016 were larger for the poor, larger for the wealthy, or equally distributed
across poverty deciles. From this, we infer whether the changes in mortality inequality
observed in Section 2.3 can be attributed to unequal changes in mortality from either
preventable, treatable, both or other causes. These attributions can also be derived from
Table 2.3. Similar to Table 2.2, Table 2.3 presents the poverty gradients for the years
1996 and 2016, and the difference between them for each cause-of-death category sep-
arately (columns 3, 6, 9 and 12). Note that these estimated differences are equal to the
slope coefficients of the fitted regression lines in Figure 2.3. We excluded the youngest
two age groups from the cause-of-death analyses as the numbers of deaths per cause
category are too small for a reliable analysis.

Figure 2.3 shows reductions in mortality between 1996 and 2016 for almost all cause-
of-death categories and age groups. The largest drops occurred in deaths from both
preventable and treatable causes, which mainly cover deaths from cardiovascular dis-
eases. Additionally, we find that the decreases in mortality were larger for men than
women in every age group and for each category, except for treatable mortality in the
age groups 20–49 and 50–64. Another difference between men and women is the evol-
ution of preventable mortality, which seems to be decreasing for men in all age groups
and increasing for women in the oldest three age groups.
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The results by poverty decile for the age group 20–49 indicate that, for both men and
women, (almost) all cause-of-death categories that are statistically significantly, at 5
per cent, contributed to decreasing inequalities over time. For men in this age group,
the decrease in preventable mortality between 1996 and 2016 was, in particular, much
higher in poorer groups than in wealthier groups. This is reflected in a decrease in the
poverty gradient of 0.028 (column 3 in Table 2.3), which can be interpreted as follows.
The preventable mortality gap between the poorest and the least-poor decile fell by
0.28 deaths per 1,000 individuals between 1996 and 2016. Because this fall is larger
than the decreases from the other cause-of-death categories (columns 6, 9 and 12), we
argue that preventable mortality was the main contributor to the decrease in the gap in
total mortality for men in the age group 20–49.

For the age group 50–64, however, the flattening of the poverty gradient of total mor-
tality between 1996 and 2016 was mainly due to a decrease in mortality inequality
from causes labelled both preventable and treatable (such as diabetes and cardiovascu-
lar diseases). In fact, the slope differences in Table 2.3 suggest that, for both men and
women in the age group 50–64, only inequality in mortality from these causes stat-
istically significantly decreased between 1996 and 2016. Furthermore, the magnitude
of the difference in this category (–0.040 for women and –0.052 for men; see Table
2.3, column 9) is almost equal to difference of total mortality (–0.052 for women and
–0.061 for men; see Table 2.2, column 9), indicating that the larger drop in deaths
among the poor in this category drove the total decrease in mortality disparities in the
age group 50–64.

There does not seem to be any dominant cause-of-death category driving the increasing
inequalities in the oldest two age groups. For women in the age group 65–79, the
rise in preventable mortality was higher among the poorest groups than among the
wealthier groups. Along with increasing inequalities in mortality from other causes,
this statistically significantly contributed to increasing inequalities in total mortality
in this age group. For men, unequal changes in mortality from other (or potentially
unavoidable causes) seem to have increased inequalities within this age group.

In addition, the results in Table 2.3 suggest that, for women in the oldest age group
(80+), again unequal rises in preventable mortality contributed to increasing disparities
at this age. However, also mortality from causes labelled both preventable and treatable
and mortality from other causes seem to have played a role. Among men, it is mainly
changes in mortality from other causes that are driving the results in column 9 of Table
2.2.
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Figure 2.3: Change in mortality (1996–2016) across poverty deciles by gender,
agegroup and cause of death

Note: This figure plots the difference in one-year mortality (smoothed over three years) between 1996 and
2016 across poverty deciles by cause-of-death category, gender and age group. Poverty decile 1 contains
10 per cent of the population living in the wealthiest municipalities and decile 10 contains those living
in the poorest municipalities. Mortality rates are age-adjusted using one-year age bins, keeping the age
composition within each age group and gender similar to the one in 1995. The slope coefficients of the fitted
regression lines can be found in columns 3, 6, 9 and 12 in Table 2.3



Table 2.3: Poverty gradients in mortality by cause category, gender, age group and year

Poverty gradients (slope coefficients fitted regression lines in Figures A1-A4) and differences in poverty gradients
(equal to slope coefficients fitted regression lines Figure 2.2) by avoidable mortality category

Preventable Treatable Both (preventable Other
and treatable)

1996 2016 ∆ 1996
2016

1996 2016 ∆ 1996
2016

1996 2016 ∆ 1996
2016

1996 2016 ∆ 1996
2016

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
Women

Age 20-49 .015 .008 -.007 .001 .001 -.000 .006 .001 -.005 .011 .003 -.008
(.001)*** (.001)*** (.002)*** (.001) (.001) (.002) (.001)*** (.001) (.002)*** (.003)*** (.001)** (.003)***

Age 50-64 .070 .065 -.005 .013 .009 -.004 .059 .019 -.040 .046 .049 .003
(.009)*** (.008)*** (.012) (.007)* (.004)** (.008) (.008)*** (.003)*** (.008)*** (.012)*** (.005)*** (.013)

Age 65-79 .148 .230 .081 .047 .069 .022 .145 .117 -.028 .158 .230 .071
(.022)*** (.026)*** (.034)** (.017)*** (.009)*** (.019) (.040)*** (.010)*** (.041) (.031)*** (.013)*** (.033)**

Age 80+ .113 .367 .254 .082 .089 .008 -.157 .170 .326 -.020 .221 .242
(.050)** (.039)*** (.063)*** (.075) (.038)** (.084) (.154) (.026)*** (.156)** (.155) (.112)** (.191)

Men
Age 20-49 .041 .013 -.028 .004 -.000 -.004 .013 .004 -.009 .018 .008 -.010

(.007)*** (.002)*** (.007)*** (.001)*** (.001) (.001)** (.003)*** (.001)*** (.003)*** (.004)*** (.001)*** (.004)**
Age 50-64 .111 .129 .018 .008 .013 .005 .111 .059 -.052 .103 .077 -.026

(.011)*** (.009)*** (.014) (.005)* (.004)*** (.006) (.016)*** (.003)*** (.017)*** (.019)*** (.011)*** (.022)
Age 65-79 .182 .266 .085 .073 .051 -.022 .167 .161 -.006 .207 .312 .105

(.050)*** (.029)*** (.058) (.016)*** (.008)*** (.018) (.063)*** (.019)*** (.066) (.040)*** (.027)*** (.049)**
Age 80+ .253 .245 -.009 .066 .044 -.023 .251 .258 .007 .211 .403 .192

(.145)* (.067)*** (.160) (.095) (.037) (.102) (.176) (.052)*** (.184) (.141) (.088)*** (.166)

Notes: Columns 1-2, 4-5, 7-8 and 10-11 report the estimated slope coefficients from a regression of mortality on poverty deciles, as plotted in Figures A1, A2, A3 and A4 in the Appendix, by
cause category, sex, age-group and year. Columns 3, 6, 9 and 12 report the differences in these slope coefficients between 1996 and 2016. These differences are equal to the slope coefficients
of the fitted regression lines plotted in Figure 2.3. Standard errors are between brackets.
* statistically significant from zero at 10%; ** statistically significant from zero at 5%; *** statistically significant from zero at 1%.
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2.5 Discussion
Our study has documented substantial improvements in all-cause mortality in the Neth-
erlands from 1996 to 2016. We find that age- and gender-specific mortality rates de-
creased for all groups between 1996 and 2016 regardless of municipal poverty share.
While all groups benefited, improvements were largest among men, and particularly
for those over the age of 65, thereby leading to a reduction in the gender gap in mor-
tality. However, these mean mortality improvements mask very different inequality
trends across age groups. Our results paint a different picture for the under-65s and
the over-65s. On the one hand, absolute disparities in mortality decreased among those
younger than 65 (that is, larger declines in mortality occurred in the poorest groups).
On the other hand, poverty-related inequalities in mortality rates increased among older
age groups: larger mortality drops were observed in the better-off deciles with lower
poverty shares.

Our results for under-65s indicate that poverty gradients of mortality declined for the
youngest age group (0–4), those in the prime age group (20–49) and those close to
retirement (50–64). The decline in the gradient was generally greater for women, ex-
cept for the prime age group in which the reduction among men dominated that among
women. This shows that even though the gender gap in mortality was reduced from
1996 to 2016, poverty gaps in mortality did not fall as much for men as for women.
We observed no change in disparities for the children/adolescent group (5–19), which
is not surprising as it is the age range with lowest mortality rates across the life cycle.
Among those aged 65 and older, the inequality rise was present for all age groups, but
largest among women aged 80 and older, and imprecisely estimated for men older than
80. Taken together, our findings suggest that trends in mortality inequality over time
differ across age groups.

Our results are in part in line with those from Currie and Schwandt (2016) in the United
States between 1990 and 2010: they found a strong reduction in mortality inequalities
for individuals below the age of 20, but rising inequalities for individuals at older ages.
However, where the ‘good news’ on inequality reduction in the United States derives
from these young groups only, we also find reductions in inequalities for those in prime
age and near retirement. This highlights that, in contrast to the United States, Dutch
mortality inequalities improved across a much wider range of pre-retirement ages.

We further analyse the poverty gradients of mortality by potentially avoidable causes
of death (preventable, treatable, both) and other causes of death that are, according to
the OECD/Eurostat (2019) definition, not classified as avoidable. Deaths below the age
of 20 were too infrequent for a meaningful analysis of changes in the poverty gradients
by causes of deaths. Analysis for those between 20 and 64, however, revealed that the
improvements in all-cause mortality gradients were driven by all four categories, but
mostly by trends in preventable mortality and by both preventable and treatable causes
of death. Especially, the contribution of preventable mortality is worth noting as these
causes of death did not show the largest average mortality drop between 1996 and 2016
(see the estimated intercepts in Table A2 in the online Appendix). Among older ages,
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the role of the avoidable causes of death was less straightforward as the ‘other’ category
played a dominant role, but women nevertheless experienced a substantial increase in
the poverty gradient due to preventable causes of death.

Overall, the analysis by cause of death points to the importance of lifestyle interven-
tions and cardiovascular treatments for those below the age of 65. The gender differ-
ence in the contribution of preventable (and treatable) causes of death for older ages
is in line with differences in the life-cycle profile of lifestyle, such as, for instance,
smoking prevalence: in the considered period, this was still increasing among women
but declining or stable among men. Another potential factor is the faster growing ac-
cess to preventive cardiovascular medication amongst men (Mackenbach et al., 2011).
We speculate that the larger mortality reductions among women in low-poverty versus
high-poverty groups are related to the importance of different phases of lifestyle pre-
valence for men and women.

The finding of differential results for age groups implies that any composite population
measure, such as life expectancy, could fail to unravel the more nuanced patterns that
may have occurred in different age groups. Previous studies for the Netherlands have
not been able to distinguish these patterns due to their use of a general population sum-
mary measure. Additionally, our use of poverty shares allows us to maintain equally
sized deciles across the study period, which is not feasible for studies relying on edu-
cation as a socio-economic status stratifier (Kulhánová et al., 2014; Mackenbach and
Nusselder, 2019). Finally, another strength of the study is the use of administrative
records for the whole population of the Netherlands, which provides a more represent-
ative estimate than previous studies that used samples.

There are some limitations to acknowledge. First, as inequalities are likely to exist
not only between, but also within municipalities, we expect that aggregation to these
geographical units may underestimate inequalities observed at a lower geographical,
or individual, level. Moreover, because municipalities with fewer inhabitants are gen-
erally less poor, we expect a stronger underestimation of inequalities among poorer
municipalities. Second, our analysis of mortality gradients by cause of death, which
relies on the OECD classification of avoidable mortality, is less valid for deaths oc-
curring after the age of 75. This limitation may, to some extent, explain why we find
no clearly discernible pattern amongst the oldest age group (OECD/Eurostat, 2019).
Given the limitations of this (inevitably somewhat arbitrary) classification scheme, it
is difficult to fully explain the observed 75+ mortality patterns. One possibility is
that death beyond the age of 75 was mostly random in 1996, but that it has become
more socio-economically patterned since then. Another possible reason for the non-
discernible pattern could be that the relative importance of causes of death changes for
this older age group. In any case, the limitation of this classification scheme may be
more severe for deaths after the age of 75 and it hampers the interpretation of those
results.

A third limitation of our study is the focus on absolute inequalities. While our study
provides strong evidence of how absolute inequalities in mortality have evolved, the
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picture is likely to be different for relative inequalities. In fact, it has been argued re-
cently that aiming for a reduction of relative inequalities is very difficult when overall
rates of mortality are declining (Mackenbach et al., 2016). As such, the focus on ab-
solute inequalities in mortality may avoid this ‘inconvenient truth’, which to many has
also appeared as a ‘frustration’. As one colleague eloquently put it recently: ‘When
we focus on absolute inequalities, tackling health inequalities will no longer be “swim-
ming against the current”, but will be like “riding the waves”. (Mackenbach, 2020)’ As
such, our focus on absolute inequalities may be considered a strength, not a limitation.

2.6 Conclusion
Overall, our findings highlight that while the Netherlands has witnessed important im-
provements in overall mortality – and therefore life expectancy – between 1996 and
2016, not all age and gender groups have benefited equally, and neither did they all
experience the same changes in the mortality–poverty association. We show that large
reductions in mortality inequalities have occurred for those below the age of 65. Our
findings suggest that most of those improvements are probably linked to both health
care and lifestyle improvements trickling down to the poorer classes, as suggested by
the differential mortality gradients by cause of death. By contrast, mortality inequalit-
ies for the oldest group have grown. This highlights the fact that either there has been
a shift of inequalities from younger to older ages (that is, a survival effect) or, regard-
less of the accessibility of the Dutch health care system, older individuals in wealthier
areas of the Netherlands have benefited more from health improvements. If the latter
explanation holds, it provides a strong motivation for further research to understand
what has caused these improvements concentrated among the wealthier, and how to
make systematic adjustments in order to enable equivalent mortality reductions in the
less-advantaged socio-economic groups.
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Chapter 3

Has COVID-19 increased
inequality in mortality by
income in the Netherlands?

With Bram Wouterse, Joana Geisler and Eddy van Doorslaer

Published in Wouterse B., Geisler, J., Bär, M. and van Doorslaer, E. (2023), Has
COVID-19 increased inequality in mortality by income in the Netherlands? Journal of
Epidemiology & Community Health, 77, 244-251.
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Abstract

Background In the Netherlands in 2020, COVID-19 deaths were more concentrated
among individuals with a lower income. At the same time, COVID-19 was a new cause
that also displaced some deaths from other causes, potentially reducing income-related
inequality in non-COVID deaths. Our aim is to estimate the impact of the COVID-19
pandemic on the income-related inequality in total mortality and decompose this into
the inequality in COVID-attributed deaths and changes in the inequality in non-COVID
causes.

Methods We estimate excess deaths (observed minus trend-predicted deaths) by sex,
age and income group for the Netherlands in 2020. Using a measure of income-related
inequality (the concentration index), we decompose the inequality in total excess mor-
tality into COVID-19 versus non-COVID causes.

Results Cause-attributed COVID-19 mortality exceeded total excess mortality by 12%
for the 65–79 age group and by about 35% for 80+ in the Netherlands in 2020, implying
a decrease in the number of non-COVID deaths compared with what was predicted.
The income-related inequality in all-cause mortality was higher than predicted. This
increase in inequality resulted from the combination of COVID-19 mortality, which
was more unequally distributed than predicted total mortality, and the inequality in
non-COVID causes, which was less unequal than predicted.

Conclusion The COVID-19 pandemic has led to an increase in income-related in-
equality in all-cause mortality. Non-COVID mortality was less unequally distributed
than expected due to displacement of other causes by COVID-19 and the potentially
unequal broader societal impact of the pandemic.
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3.1 Introduction
Reports from across the world suggest that existing inequalities (Banks et al., 2021)
in mortality between socioeconomic groups have been exacerbated by the COVID-19
pandemic (Yaya et al., 2020; Bambra et al., 2020; Baqui et al., 2020; Drefahl et al.,
2020; Arceo-Gomez et al., 2022). Also in the Netherlands in the first 4 months of the
pandemic, the risk of dying from COVID-19 in 2020 for people over 70 was twice
the risk for the lowest income quintile compared with the highest income quintile
(Stoeldraijer et al., 2022).

The way in which pre-existing socioeconomic inequalities in health have shaped in-
equalities in total mortality during the COVID-19 pandemic is still unclear. On the
one hand, the poorer mean health of individuals in lower socioeconomic groups may
make them more susceptible to adverse health outcomes, deriving from the incidence
of COVID-19 itself and resulting from the societal response to the virus such as delays
in care provision (Kontopantelis et al., 2022). On the other hand, the concentration of
prior health conditions related to COVID-19 mortality, such as overweight, diabetes,
chronic obstructive pulmonary disease (COPD) and heart disease (Jordan et al., 2020),
among groups with a lower socioeconomic status (Arceo-Gomez et al., 2022; Sepul-
veda and Brooker, 2021) may have reduced the inequality in deaths by other causes:
a relatively large share of individuals with a low socioeconomic status who died from
COVID-19 would otherwise have died in the same period from another cause.

The aim of our study is to estimate the impact of the COVID-19 pandemic on the
income-related inequality in total mortality and decompose this impact into the in-
equality in COVID-attributed deaths and changes in the inequality in non-COVID
causes. We do this for the Netherlands in 2020 using individual linked microdata
for the entire population, measuring income-related inequality using a concentration
index.

3.2 Data and methods

3.2.1 Data sources and sample
We aggregate data on deaths and population counts per age, sex and income group for
the years 2015 up to 2020 based on individual-level data for the entire population made
available by Statistics Netherlands. Our data come from three administrative sources
that can be linked through the (anonymised) citizen service number (BSN): (1) sex
and date of birth and death of individuals from municipal registries; (2) cause of death
(COD) from death registries; and (3) household income data from tax registries. We
restricted our attention to four age-sex groups (men and women at ages 65–79 and 80+)
that together account for the large majority (94%) of COVID-19-related deaths in the
Netherlands. Although the relative inequality in COVID-19 mortality below the age of
65 might be substantial, the absolute number of COVID-19 deaths in that age group
is too low (1054 in total) to expect any meaningful effects on the inequality in total
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mortality.

3.2.2 Deaths by cause

Data on causes of death were derived from the death certificates. The causes of death
reported on the certificates are converted into International Classification of Diseases
10th Revision (ICD-10) codes by Statistics Netherlands, based on WHO guidelines
(WHO, 2020). The underlying cause may be difficult to identify for patients with
a COVID-19 infection and comorbidities like COPD. However, by performing body
autopsies, Elezkurtaj et al. (2021) found that the majority of such patients indeed died
from lung damage caused by COVID-19 rather than by other comorbidities. Our data
only contain the underlying cause and not the other causes from which the underlying
cause was inferred.

We classify deaths as resulting from COVID-19 using ICD-10 codes U07.1 (virus iden-
tified) and U07.2 (virus not identified, but probable or suspected) based on primary
COD data. About 13% of classified COVID-19 deaths are based on the latter code.

The non-COVID-19 causes of death are divided into circulatory, respiratory, cancer,
mental and other causes. We chose these four plus ‘other’ because they have been
identified as being affected by the pandemic (Kontopantelis et al., 2022, 2021).

3.2.3 Income groups

We use disposable annual household income (total household income net of taxes and
income transfers, adjusted for household size) for 2019 to determine income groups.
Those living in the Netherlands in 2020 and without an observation of full-year income
in 2019 are excluded. For every age-sex group and year, we rank all individuals by their
household income and divide them into 20 groups — or ventiles - of equal size. To
control for potential (within age-sex group) differences in the age composition across
income groups and over time, we use population weights based on 1 year age groups
on 1 January 2020 within each age-sex group when calculating mortality.

3.2.4 Measurement of mortality

To determine what the mortality in 2020 would have been in the absence of COVID-19,
we compute trend-predicted mortality probabilities (Mpred

a,s,i,2020) in 2020 by estimating
linear trends for each age, sex and income group for the years 2015–2019, and then pre-
dict the mortality probabilities in 2020. By subtracting trend-predicted from observed
total mortality, we obtain an estimate of total excess mortality for each age a, sex s and
income i group: Mexc

a,s,i =Mobs
a,s,i−Mpred

a,s,i . Total excess mortality is the sum of COVID-19

mortality (Mcov
a,s,i) and excess mortality in all J other causes (∑J

j=i

[
Mobs

a,s,i, j −Mpred
a,s,i, j

]
).

This gives the decomposition that we will use throughout the paper (also see Appendix
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Figure B1):

Mobs
a,s,i = Mpred

a,s,i +Mcov
a,s,i +

J

∑
j=i

[
Mobs

a,s,i, j −Mpred
a,s,i, j

]
. (3.1)

Excess mortality in other causes can be either negative or positive. If total non-COVID
excess mortality is negative, this suggests that COVID-19 has partly displaced other
causes: individuals who died from COVID-19 would otherwise have died from another
cause in 2020. However, the pandemic, and the containment policies following it,
may also have influenced other cause mortality indirectly through other channels, like
delayed non-COVID care in hospitals (Birkmeyer et al., 2020).

3.2.5 Measurement of income-related inequality in mortality
To measure the degree of relative inequality in mortality by income, we use the con-
centration index which is based on the association between mortality and income rank
(Mackenbach and Kunst, 1997; Wagstaff et al., 1991). This measure is proportional
to the relative index of inequality (Wagstaff et al., 1991). The concentration index is
defined as (twice) the area between the concentration curve, which depicts the cumulat-
ive distribution of deaths as a function of the cumulative proportion of the population
ranked by income, and the line of perfect equality. The concentration index C lies
between −1 and 1 and is negative when mortality is more concentrated among the
lower income groups and positive in the opposite situation. The concentration indices
are computed using the CONINDEX command in STATA (O’Donnell et al., 2016).

To quantify how relative inequality has changed during the first year of the COVID-
19 pandemic we compare the concentration index of observed total mortality to that
of predicted mortality. We also compare the inequality in predicted mortality to the
inequality in COVID-19 mortality to assess whether COVID mortality is more, or less,
unequally distributed than total mortality in prepandemic times.

3.2.6 Decomposition of inequality by COD
Using Equation (3.1), we can decompose the concentration index for observed mortal-
ity into a weighted sum of its underlying components:

C(Mobs
a,s )−W pred

a,s C(Mpred
a,s )︸ ︷︷ ︸

Inequality in excess mortality in 2020

= W cov
a,s C(Mcov

a,s )︸ ︷︷ ︸
Inequality contribution of COVID

+

J

∑
j=1

[CIC(Ma,s)
j]︸ ︷︷ ︸

Inequality contribution of other causes

(3.2)

with CIC(M j
a,s) = wobs

a,s C(Mobs
a,s )−wpred

a,s C(Mpred
a,s ) and the weights w for each compon-

ent being the shares of deaths relative to the total number of observed deaths.
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The left-hand side term measures the inequality in excess mortality in 2020, or, in
other words, how much more unequal mortality has become compared with what was
expected based on the trend. The right-hand side shows the contributions to inequality
in excess mortality as the weighted sum of inequality in COVID-19 mortality and the
inequality contributions of each of the J causes of death. The last term is sum of
the ‘inequality contributions’ of each COD. The decomposition allows us to quantify
the impact of COVID-19 on the inequality in total mortality and the extent to which
other causes have lowered or raised it. The derivation of Equation (3.2) is found in
supplemental appendix B.

3.3 Results

3.3.1 Mortality trends
Figure 3.1 shows the observed total mortality probabilities (per 1,000) for 2020 by
age group (65–79; 80+) and sex, and compares these to 2020 trend predictions based
on observed mortality in 2015–2019. For all groups, observed total mortality in 2020
is above the trend-predicted levels and outside of the 95% confidence interval of the
prediction. The absolute difference between observed and predicted mortality — the
excess mortality probability — is larger for older age groups.

Figure 3.1 also shows non-COVID-19 mortality in 2020. Mortality from other causes
always lies below the predicted mortality probability, especially in the older age group.

Figure B2 in supplemental appendix B shows the observed, trend-predicted and non-
COVID mortality probabilities in 2020 for each age-sex group and income ventile.
Appendix tables B1 - B4 report the underlying observed and predicted mortality prob-
abilities. For all groups, the observed mortality exceeds predicted mortality, indicating
that all groups suffered from increased mortality due to the pandemic. Moreover, mor-
tality from non-COVID causes generally lies below trend-predicted mortality.

3.3.2 Excess mortality by COD
Figure 3.2 shows how observed mortality in 2020 for each cause differs from the trend-
based prediction, by age group and sex. For men and women aged 65–79, excess
deaths consist mostly of COVID-19 deaths and—to a lesser extent—of circulatory
disease causes, while we observe negative excess deaths from respiratory and mental
causes. For those over 80, observed deaths for all non-COVID-19 causes are below the
predicted levels.

3.3.3 COVID-19 and income-related inequality in mortality
Figure 3.3 shows the concentration curves for predicted all-cause mortality and for
COVID-19 mortality in 2020, again by age-sex group. All curves lie above the di-
agonal (i.e., mortality is more concentrated among the poor). However, COVID-19
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Figure 3.1

Note: Mortality trends before and during 2020, women and men. The y-axis represents mortality probab-
ilities in terms of deaths per 1000: the number of individuals who died during the year as a share of the
individuals at the start of the year. The x-axis is the years, and the solid line is the estimated trend based
on the observed mortality probabilities between 2015 and 2019 (including 95% confidence intervals), the
squares are observed total mortality probabilities in 2015–2020, the circle is trend-predicted mortality and
the triangle is non-COVID mortality in 2020. If observed total mortality (square) in 2020 exceeds trend-
predicted (triangle) mortality, we conclude that there is excess mortality. If at the same time non-COVID
mortality (triangle) is lower than trend-predicted (circle) mortality, this signals substitution.

mortality probabilities deviate further from the 45-degree line than predicted mortality
probabilities. This indicates that COVID-19-attributed deaths are more concentrated
among the lower income groups than predicted all-cause deaths. Second, relative in-
equality in both predicted and COVID-19 mortality is higher for the younger (under
80) than for the older (over 80) age groups.

3.3.4 Decomposing the inequality consequences of the emergence
of COVID-19 mortality

The CIs reported in the top row of Table 3.1 confirm that the pandemic has contrib-
uted to an increase in mortality inequality: the observed all-cause mortality is more
unequally distributed than the predicted all-cause mortality. This implies that excess
mortality in 2020 resulted in a more unequal distribution of deaths than predicted (see
the CI of excess mortality in Table 3.1, which is more negative than the CI of predicted
all-cause mortality).

In Table 3.1, total inequality in excess mortality is decomposed into the inequality con-
tribution of the new cause (COVID-19) and the inequality contribution of excess mor-
tality for non-COVID causes. Supplemental appendix table B5 provides more detailed
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Table 3.1: Decomposition of excess mortality by cause of death

Women Men
65–79 80+ 65–79 80+

CI observed total mortality −0.192 −0.0966 −0.176 −0.0792
CI predicted mortality −0.189 −0.0911 −0.165 −0.0723
CI excess mortality −0.238 −0.164 −0.256 −0.135

SE 0.106 0.0639 0.0506 0.031
Share of total observed deaths 0.0698 0.076 0.115 0.110

Contribution to CI total mortality −0.0166 −0.0124 −0.0293 −0.0149
COVID-19

CI observed mortality −0.326 −0.164 −0.236 −0.143
Share of total observed deaths 0.096 0.131 0.122 0.159

Contribution to CI excess mortality −0.031 −0.0215 −0.0284 −0.0227
Circulatory diseases

CI predicted mortality −0.232 −0.0749 −0.209 −0.0672
CI observed mortality −0.224 −0.0754 −0.187 −0.0673

Share of total observed deaths 0.175 0.258 0.205 0.245
Contribution to CI excess mortality 0.000553 0.000404 0.00273 0.0000997
Respiratory diseases

CI predicted mortality −0.334 −0.146 −0.312 −0.154
CI observed mortality −0.323 −0.141 −0.323 −0.128

Share of total observed deaths 0.072 0.058 0.063 0.076
Contribution to CI excess mortality 0.00681 0.00396 0.00212 0.00441
Mental disorder mortality

CI predicted mortality −0.278 −0.142 −0.259 −0.117
CI observed mortality −0.263 −0.134 −0.294 −0.106

Share of total observed deaths 0.040 0.119 0.030 0.077
Cause-specific contribution to CI 0.00211 0.00355 0.000377 0.00237

Cancer mortality
CI predicted mortality −0.107 −0.034 −0.0987 −0.0297
CI observed mortality −0.103 −0.0253 −0.109 −0.0351

Share of total observed deaths 0.411 0.145 0.38 0.213
Cause-specific contribution to CI 0.00149 0.00128 −0.00364 −0.000973

Other mortality
CI predicted mortality −0.233 −0.0951 −0.18 −0.0681
CI observed mortality −0.224 −0.0968 −0.191 −0.0635

Share of total observed deaths 0.205 0.29 0.2 0.229
Cause-specific contribution to CI 0.00346 −0.000133 −0.00251 0.0019

Notes: This table summarises the decomposition of total mortality inequality in 2020 into
causes of death categories. Mortality inequality is measured using the concentration index
(CI). Deaths are divided into six causes: COVID-19, circulatory deaths, deaths from mental
disorders, cancer deaths, respiratory disease deaths and other causes. For the full table, see
Table B5 in the supplemental appendix.
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Figure 3.2

Note: Excess mortality decomposition by causes of death, by four age-sex groups. This figure illustrates the
deficit/excess in deaths by causes in 2020 in the Netherlands. For circulatory disease, respiratory disease,
cancer, mental disorders and remaining causes, the deficit/excess in mortality is calculated as the difference
between predicted and observed values. Since predicted mortality for COVID-19 is zero, all COVID-19
deaths are excess.

results. Four observations can be made. First, in all demographic groups, COVID-
19 mortality is more concentrated among lower income groups (concentration indices
more negative) than predicted all-cause mortality.

Second, while an important COD for all demographic groups, COVID-19 deaths rep-
resent only a minor share of all deaths (between 9.5% and 16%), which implies that
the impact of inequality in COVID-19 mortality on inequality in all-cause mortality is
limited.

Third, inequality in observed mortality from specific non-COVID causes is often smal-
ler than predicted (the CI is less negative). For the causes for which observed deaths are
lower than predicted (e.g., respiratory diseases and mental disorders, see Figure 3.2),
this implies that the lower income groups experienced a larger reduction in deaths from
these causes (compared with predicted) than the higher income groups. For example,
the CI for predicted deaths from respiratory diseases for men in the over 80 group is
−0.154, while the CI for observed deaths is −0.128 indicating a less unequal distribu-
tion stemming from the fact that a relatively large number of deaths from respiratory



46

Figure 3.3

Note: Concentration curves of predicted and COVID-19 mortality. The concentration curves underlie the
concentration indices (twice the area under the concentration curve), which are used to measure income-
related inequalities for each of the age-sex groups. The x-axes represent the cumulative percentage of the
population (ranked by income ventile). The y-axis represents the cumulative percentage of either predicted
mortality (blue line) or COVID-19 mortality (red line). A concentration curve above the 45-degree line
(green)—or line of equality—implies that mortality is more concentrated among the lower income ventiles,
and a curve further away from the 45-degree line implies a higher degree of inequality.

diseases were displaced among the lower income groups.

Fourth, inequality in total (all-cause) excess mortality is a weighted combination of the
inequality in the new cause COVID-19 and the inequality in (negative) excess mortality
in non-COVID causes. Figure 3.4 shows the inequality contribution (CIC) of each
cause as a percentage of the inequality in total excess mortality. The contribution of
COVID-19 to the CI in excess mortality is generally larger than 100%, indicating a pro-
poor distribution of (negative) excess mortality in other causes. Respiratory diseases
and mental disorders (and cancer for the under 80 group) have the largest negative
weights, indicating that the reductions in the inequality in these causes have the largest
moderating impact on the inequality in total excess mortality.

For three of the demographic groups, the results are very similar: all other causes than
COVID-19 show a positive inequality contribution to excess mortality, meaning that
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Figure 3.4

Note: Cause of death contributions to inequality in excess mortality. This figure shows the weighted percent-
age contributions of six causes of death to the inequality in excess mortality. Inequality is measured using
a concentration index of mortality by income and each contribution is the product of the weight (shares)
and the concentration for mortality of each cause of death. The percentage is calculated by taking the ratio
between the contribution of each cause and excess mortality.

the inequality in deaths from these causes is lower (i.e., a less negative concentration
index) than predicted. There are only two instances where other causes have added
to the inequality-increasing effect of COVID-19: cancer deaths for men in both age
groups and other causes for men aged 65–79. Finally, only for men aged 65–79, the
largest inequality-enhancing cause (after COVID-19) is circulatory diseases.

3.4 Discussion

In the Netherlands, COVID-19 mortality exceeds excess mortality in 2020 for all sex,
age and income groups. Depending on the age group, the number of excess deaths
is between 5% and 42% lower than the number of COVID-19 deaths, which implies
an equally large decrease in deaths from non-COVID causes such as respiratory dis-
eases and mental disorders. COVID-19 deaths are strongly concentrated among the
low-income groups. At the same time, deaths from non-COVID causes are often less
unequal than predicted.
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The difference between excess and cause-attributed COVID-19 mor-
tality
First, our results suggest that the net effect of the COVID-19 pandemic on mortality
was smaller than the number of people registered as dying from COVID-19. This find-
ing is in line with the numbers reported by Statistics Netherlands for the entire popu-
lation: in 2020, over 20 000 COVID-19 deaths were registered in the death certificates
while the number of excess deaths was estimated at 15,000 (Statistics Netherlands,
2022b).

However, findings for other countries concerning the difference between excess mor-
tality and cause-attributed COVID-19 mortality are mixed (WHO, 2022; Wang et al.,
2022; Stang et al., 2020; Woolf et al., 2021). These differences could in part reflect
real differences in prior health of the population and in the societal responses to the
pandemic. A direct comparison is difficult, however, because of differences in the time
periods and the definition of COVID-19 mortality used in these studies.

The pandemic’s impact on mortality inequality
Second, the relative inequality in COVID-19 mortality favouring the rich is consid-
erably larger than inequality in total mortality in non-pandemic years. Bearing in
mind the methodological challenges of cross-study comparisons, similar socioeco-
nomic gradients in COVID-19 mortality were reported by some, studying either in-
equality in COVID-19 deaths or in excess mortality (Davies et al., 2021; Brant et al.,
2020; Krieger et al., 2020; Decoster et al., 2021), although others have found the
COVID-19 gradients to be broadly similar to all-cause gradients (Barnard et al., 2021).

Using the concentration index enables us to quantify these differences in relative in-
equality: the negative values of the concentration index for COVID-19 are between
30% and 80% larger (ie, more negative) than those for predicted total mortality.

Third, the inequality in deaths from non-COVID causes is often lower than predicted.
The most likely explanation is that displacement of other causes by COVID-19 oc-
curred more often among the lower income groups. However, other (indirect) effects
of the pandemic (eg, delayed treatments, lockdowns) might also have had an impact.
The reduction in inequality in non-COVID causes varies by sex and age: for all groups,
except men between ages 65 and 79, the largest decrease in inequality (in terms of the
contribution to inequality in all-cause excess mortality) is for respiratory diseases and
mental disorders. For men aged 65–79, the largest decrease in inequality is observed
for circulatory diseases. For men in both age groups, an increase in inequality is ob-
served for cancer deaths. The differences in the impact of changes in non-COVID
mortality on inequality across demographic groups may arise for several reasons that
we cannot explore: differences in underlying conditions, in the ability and efforts to
protect oneself from COVID-19 or in the effects of the societal response to the pan-
demic.
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Studies for other countries have found diverging socioeconomic gradients for deaths
from non-COVID causes during the pandemic (Stang et al., 2020; Woolf et al., 2021;
Brant et al., 2020; Michelozzi et al., 2020). There is limited comparability to these
other studies due to the methodological issues in terms of observation period, identi-
fication of COVID-19 deaths and differences across countries in the mortality trends
prior to 2020. A relatively similar study by Kontopantelis et al. (2021) has estimated
excess deaths due to COVID-19 and other causes in England and Wales by sex and
geographical region during the COVID-19 pandemic in 2020. Like us, they find neg-
ative excess deaths in the 65+ age group for other respiratory causes and (for most
groups) for cancer. Unlike us, they find positive excess mortality for cardiovascular
disease and other causes. They also find, like our results, that more deprived quintiles
report higher rates of excess deaths.

Limitations
The distinction between cause-attributed COVID-19 mortality and excess mortality
that we use throughout the paper relies on the quality of the COD coding. While there
have been serious efforts to internationally harmonise the COD registrations, it is not
impossible that in practice some differences across countries remain. We followed
the European Centre for Disease Prevention and Control recommendation by includ-
ing both test-confirmed and suspected cases of COVID-19 in mortality statistics. The
registration of COVID-19 deaths throughout the year may have depended on the test-
ing policy: while severe/hospitalised cases and individuals in certain professions were
tested from the start of the pandemic, testing only became available for the full popula-
tion after 1 June (McDonald et al., 2022; Hoekman et al., 2020). Similarly, estimates of
excess mortality depend crucially on the predictions based on historic trends in deaths.
Methodological differences in estimating these trends have been shown to impact the
estimates of excess mortality during the COVID-19 pandemic (Barnard et al., 2021).
Although our approach could also be applied to other countries, differences in the re-
porting and coding of causes of deaths will complicate comparisons.

Moreover, we only observe the main COD and not the other contributory causes. In
(part of) the cases where COVID-19 resulted in the sequence leading to death, the
contributory causes could well be the ones we find to be displaced by COVID-19 in
our analysis.

Our analysis is limited to the first year (2020) of the pandemic, as at the time of the
research data for 2021 were not yet available. It is quite likely that the effects on
inequality may have been different in the second year of the pandemic, when the roll-
out and uptake of both tests and vaccines, and the predominance of different variants
of COVID-19 may have had a different impact on mortality inequality.

Finally, we have not considered other short-term or long-term effects of a COVID-19
infection on health beyond mortality. More specifically, we have used annual mortality
in 2020 as our main outcome, which ignores any long-term effects on mortality. Al-
ternatively, one could estimate the years of life lost due to COVID-19 across income
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groups taking the prior health status of those who died of COVID-19 into account.

3.5 Conclusion
We find that the COVID-19 pandemic was not the ‘Great Unequalizer’ (Alsan et al.,
2021), but it did further increase the already long-existing inequalities in mortality by
income in the Netherlands. To some extent, COVID-19 deaths have displaced deaths
from other causes that were expected to be distributed unequally, but the displacement
was not enough to leave the total socioeconomic inequality unaltered: total mortality
inequality (encompassing all causes including COVID-19) was still larger than expec-
ted based on historic trends. This finding highlights the importance of equity concerns
for next pandemics. If future pandemic response policies are to avoid such a rise in in-
equality, greater investments in the pro-poor targeting of testing, vaccination and other
interventions may be required.
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Part II

Efficiency in nursing home care
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Chapter 4

Estimating the health value
added by nursing homes

With Pieter Bakx, Bram Wouterse & Eddy van Doorslaer
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Abstract

Measuring performance in healthcare remains a challenge. The use of health out-
comes rather than structure and process indicators is considered as the way forward,
but outcome-based results risk being biased by selection. Accounting for such selection
bias is more difficult in settings with small-sized providers and low chances of resident
health improvement, like in the case of nursing homes. In this paper we (i) measure
the health outcomes of Dutch nursing homes in terms of mortality and avoidable hos-
pitalizations among residents, (ii) we adopt a novel approach to test for selection bias
and (iii) we examine the relationship between outcomes and other nursing home qual-
ity indicators and characteristics. Using administrative data from more than 110,000
residents, we estimate the performance of the 849 largest nursing homes in the Nether-
lands in the period 2015-2019. Controlling for an extensive set of observable case-mix
variables, we first test for the presence of selection bias using a distance-based instru-
mental variable. We do not find any evidence for such a structural bias. While the wide
confidence intervals of the estimates display considerable imprecision, our results do
reveal substantial differences between top and bottom performing nursing homes. Be-
cause the outcome-based estimates turn out to be only weakly correlated with other
quality indicators, we conclude that our mortality and avoidable hospitalization-based
indicators provide important complementary information. When small sample issues
and case-mix differences are adequately accounted for, outcome-based indicators can
provide useful policy guidance for quality improvement in nursing homes.
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4.1 Introduction
Continued increasing demand and limited supply in nursing home care might reduce
incentives for nursing homes to improve quality (Ching et al., 2015; Nyman, 1988).
To stimulate quality improvements it is therefore important to inform consumers and
policy makers by evaluating their performance on a regular basis. While outcome-
based measures are commonly applied to enhance performance in other types of health-
care institutions, like in pay-for-performance schemes for hospitals, nursing home care
is still primarily evaluated on the basis of structure (e.g. staffing) or processes of care
(e.g. use of psychotropic drugs) in most countries (Barber et al., 2021). Since the rela-
tionship between structure, processes and outcomes of care is far from straightforward
(Donabedian, 2003), it is meaningful to complement such indicators with outcome-
based measures. The challenges in doing so for nursing homes are that appropriate
outcomes are less easily defined, one has to rely on self-reported measures and small
sample sizes, and that - similar to other sectors - it is uncertain whether quality differ-
ences persist after correction for observable case-mix differences.

In this paper, we study whether residents’ health outcomes may be used to evaluate
performance of nursing homes. We examine i) how much variation in health outcomes
there is across nursing homes; ii) whether this can be attributed to differences in per-
formance rather than to differences in unobserved resident characteristics; and iii) the
association of structure and process-based quality indicators with those. We use admin-
istrative data from over 110,000 nursing home admissions in the Netherlands linked to
data on mortality and avoidable hospitalizations and background characteristics, to es-
timate the health-value added of each of the 849 largest Dutch nursing homes. The
identification of these nursing-home-specific effects is complicated by the fact that
residents with high or low unobserved health might self-select into particular homes.
We address this econometric challenge by testing whether our case-mix corrected es-
timates can accurately predict the outcomes for (quasi-)randomly admitted residents
(i.e. those admitted to the nursing home closest to their prior residence1). Finally, we
correlate the outcome-based performance estimates to other quality indicators to verify
whether structure and process indicators can explain variation in outcomes to improve
understanding of the potential mechanisms involved.

Our paper makes the following contributions to the literature. First, it extends the eco-
nomic value-added literature by demonstrating that by estimating a forecast coefficient
when exploiting exogenous variation in provider choice, the value-added framework
can still be meaningfully employed to test for the presence of selection bias, even
when sufficient power to include individual instruments for each provider is lacking.2

1Geographical distance is an important determinant of nursing home choice and unlikely to be related to
outcomes (other than through nursing home choice). Since Newhouse and McClellan (1998), this instrument
has been used in many other settings in health and nursing home care (Cornell et al., 2019; Geweke et al.,
2003; Gowrisankaran and Town, 1999; Grabowski et al., 2013; Helsø et al., 2019; Huang and Bowblis,
2018).

2This alternative test also stems from the education literature (Angrist et al., 2016; Chetty et al., 2014;
Deming, 2014; Kane and Staiger, 2008), and has more recently been applied to the healthcare sector (Abal-
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We apply the value-added framework to evaluate the presence of selection bias in per-
formance on outcomes of relatively small entities like nursing homes. The existing
value-added literature mainly focuses on larger organizations, like schools, hospitals,
skilled nursing facilities or insurance plans, for which there is sufficient exogenous
variation to estimate the causal impact and bias for each entity separately (Abaluck
et al., 2021; Angrist et al., 2016; Chetty et al., 2014; Deming, 2014; Einav et al., 2022;
Helsø et al., 2019; Kane and Staiger, 2008). As in Abaluck et al. (2021), we use the es-
timated forecast coefficient to examine whether our case-mix corrected outcome scores
accurately predict causal variation in individual-level health outcomes.

Second, we contribute to the broader (health) economics literature by examining
the predictive validity of case-mixed corrected outcome indicators like mortality and
(avoidable) hospital (re)admission rates as measures of quality in the long-term care
sector. Prior evidence from the hospital sector is not equivocal: some studies sug-
gest that unobservable patient differences may generate misleading quality estimates
(Gowrisankaran and Town, 1999; Hull, 2020), others that risk-adjusted outcomes do
provide useful quality information (Doyle et al., 2019). These results cannot directly
be transferred to the long-term care setting, because of its focus on preventing health
deterioration rather than on improving health. The same holds for studies of Skilled
Nursing Facilities in the U.S. (Einav et al., 2022; Rahman et al., 2016), where the
hospital plays a more prominent role in choosing a facility, and many admissions are
short-stays aimed at a discharges back to the community.

Third, we contribute to a better understanding of health outcomes across nursing homes
by taking unobserved selection into account. The causal nursing home literature so far
has only considered impacts on outcomes of one – often binary – characteristic at
a time, like staffing levels, the presence of dementia special care units or ownership
(Friedrich and Hackmann, 2021; Grabowski et al., 2013; Gupta et al., 2021; Huang
and Bowblis, 2018; Joyce et al., 2018; Lin, 2014). However, since these characteristics
are often strongly correlated, it is difficult to isolate the impact of a single character-
istic, even with exogenous variation at the individual level (Konetzka et al., 2019).
In contrast, we analyze the total variation in outcomes that can causally be attributed
to provider differences. Prior research documenting overall differences in outcomes
across nursing homes either does not take selection on unobservables into account
(see for example Arling et al. (2007); Wouterse et al. (2023a)), or it focuses on short
stays in (U.S.) Skilled Nursing Facilities (see for example Einav et al. (2022); Rahman
et al. (2016)). It is essential to know the extent to which selection bias drives total
observed variation in outcomes across nursing homes (without attributing it to one
characteristic), e.g. for providing valid quality information to consumers, for making
fair comparisons of nursing homes’ relative performance or for assessing returns on
public healthcare spending (OECD and European Commission, 2013).

We find meaningful variation in mortality and hospitalization rates across Dutch nurs-
ing homes. We show the value of estimating performance using administrative data

uck et al., 2021; Helsø et al., 2019).
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which allows for controlling for a large range of resident characteristics. After extens-
ive case-mix correction, we find that the five percent best-performing nursing homes
have a 7 and 14 percentage points lower mortality and avoidable hospitalization rate
compared to the worst performing ones. The results from our selection bias test demon-
strate that this variation in outcomes is not attributable to unobservable heterogeneity
in resident characteristics. Our findings suggest that outcomes are weakly correlated
with only a small subset of process and structure indicators.

4.2 Background

4.2.1 Nursing homes in the Netherlands
Nursing homes may serve two groups. First, they serve residents - or clients3 - who
need long-term institutional care and who, once admitted, typically stay there for the
remainder of their life. Second, they may serve clients who are discharged from the
hospital for a (limited) period of rehabilitation care or post-acute care.4 In the Nether-
lands and elsewhere, there is a clear distinction between these two. In this study, we
focus on the first group; long-term institutional stays.5

For this group, the Netherlands has comprehensive social long-term care (LTC) in-
surance that pays for 99.9% of total nursing home care expenditures (Statistics Nether-
lands, 2017). Nursing home care, including costs for room and board, is covered by the
insurance for the entire population. Nursing home recipients pay a relatively low co-
payment that covers 11% of total expenditures (Rijksoverheid, 2017). The co-payment
depends on the recipient’s income and wealth but not on the type of care received or
the nursing home chosen (Tenand et al., 2021). This makes the Dutch nursing home
care accessible.

Elders need to apply for eligibility for a nursing home admission, which is granted if
someone needs supervision or care around the clock. This eligibility decision is made
by an independent government agency (CIZ). CIZ also decides on the care package
which indicates the intensity of nursing home care that the recipient is eligible for.6

Elders who are eligible for a nursing home admission may choose any nursing home
with availability for the desired care intensity package. The waiting time in each of the
regions in the Netherlands (during our study period) is limited: virtually all eligible
elders can move to a nursing home within the 6-week period that is set as the norm by
the government (NZa, 2021). However, some elders choose to delay their admission

3The terms nursing home residents and clients are used interchangeably throughout this paper.
4In the US, this care may be provided in skilled nursing facilities.
5Some Dutch nursing homes also offer day-care for elders who live at home or (short-term) rehabilita-

tion care. Elders receiving these types of nursing home care are not included in this study.
6Residents with lower care intensity (ZZP 4) need intensive support and extensive care, with dementia

care (ZZP 5) need a protective living facility with intensive dementia care, with higher care intensity (ZZP
6) need a protective living facility with intensive support and care, with highest care intensity (ZZP 7 and
8) need a protective living facility with very intensive care and treatment or support (CIZ, nd). A resident’s
care intensity package may change during his/her stay in a nursing home.



60

until their preferred nursing home has an opening and are then put on a nursing home-
specific waiting list while they temporarily live in another nursing home or receive
substitute home care.

All providers are private entities that are not allowed to make profit (Barber et al.,
2021).7 Nursing homes receive a per diem price per client up to a budget ceiling that are
negotiated with regional single-payers who contract long-term care providers. These
prices are specific for each care intensity package and are constrained by a maximum
price set by the government (Barber et al., 2021).

There are several measures in place to stimulate the provision of high-quality care.
First, since 2017, nursing home budgets are supplemented by a subsidy for quality
improvements. To receive this additional subsidy, nursing homes submit a quality
improvement plan. Second, the Healthcare Inspectorate monitors quality of care, e.g.
through unannounced visits. Its quality reports are published. Third, nursing homes
are required to provide information about processes of care to the government, which
is published online. Finally, nursing homes are obliged to facilitate residents and their
relatives to report their satisfaction with the nursing home. Almost all providers do this
through a public website called Zorgkaart Nederland. These online ratings are intended
to assist (relatives of) future nursing home residents in selecting a nursing home.

4.2.2 Measuring nursing home performance
Nursing home quality is multidimensional and can be classified into three dimensions,
namely structure, processes, and outcomes (Donabedian, 2003). In most countries,
nursing home quality measures focus on the structure and process dimension of quality
of care (Barber et al., 2021). Yet, Mor et al. (2003) and Werner et al. (2013) show that
nursing homes that perform well on structure and process-based quality measures do
not necessarily improve (health-related) outcomes of their residents. To provide a com-
prehensive set of quality information it is thus worthwhile to complement the widely
used structure and process-based measures with information on outcomes. This sub-
section discusses prior work on outcome measurement in the nursing home sector and
highlights two themes: the use of mortality and avoidable hospitalizations as outcomes
measures and why there may be a selection bias in performance indicators using such
outcomes.

Using mortality and avoidable hospitalizations as outcomes measures
According to Gupta et al. (2021) and McClellan and Staiger (1999) mortality has be-
come the ”gold-standard” for measuring quality in the health economics literature.
Several extensive literature reviews indicate that reduced risk of mortality is associ-
ated with higher well-being of older persons (Chida and Steptoe, 2008; Martín-María
et al., 2017), which makes it a good candidate for measuring nursing home outcomes.
Likewise, a hospital stay can not only be costly but, more importantly, is also found to
be traumatic, uncomfortable and disorienting for nursing home residents (Grabowski

7There is a small but increasing number of for-profit nursing homes (Bos et al., 2020; Hussem et al.,
2020). These nursing homes are not included in the analysis of this paper.

https://www.toezichtdocumenten.igj.nl/
https://www.zorginzicht.nl/
https://www.zorgkaartnederland.nl/verpleeghuis-en-verzorgingshuis
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et al., 2007; Ouslander et al., 2000). We believe that both mortality and potentially
avoidable hospitalizations are undesirable and that nursing homes with lower mortality
and lower avoidable hospitalizations – all else equal – are performing better.8

Research shows that variation in such health outcomes can at least to some extent be
attributed to factors influenced by the nursing home. For example, Cornell et al. (2019)
show that residents admitted to Skilled Nursing Facilities with higher STAR ratings
have lower mortality and fewer hospitalizations. Other channels through which nursing
homes are found to affect outcomes – like hospitalizations and mortality – are staffing
levels, private equity ownership, nonprofit status and the presence of a dementia special
care unit (Grabowski et al., 2013; Gupta et al., 2021; Joyce et al., 2018; Friedrich and
Hackmann, 2021). Therefore, we would expect at least some variation in terms of these
outcomes across nursing homes.

The outcomes that we measure are restricted to the health domain. Ideally, we would
measure outcomes that go beyond health, like individual level wellbeing and quality of
life. However, routinely measuring these on a large scale in such a vulnerable popula-
tion is not feasible. The main advantages of using mortality and avoidable hospitaliz-
ations as outcomes are that they are not self-reported, available for the full population
and not prone to measurement error. Furthermore, the econometric issues that we deal
with apply to all outcome measures, making this study a relevant illustration of nursing
home performance measurement problems more generally. As discussed in the previ-
ous two paragraphs, mortality and avoidable hospitalizations likely capture sufficiently
relevant aspects of nursing home performance to be indicative of other types of relevant
outcomes.

Selection bias in the nursing home setting
Variation in outcomes may be driven by selection bias. There are several reasons why
non-random selection could occur in the nursing home setting. First, some nursing
homes may selectively attract a certain type of clients. For-profit nursing homes might,
for example, have an incentive to attract more profitable or less costly clients, espe-
cially when they are close to their full capacity (Gandhi, 2023; He and Konetzka,
2015). Second, different types of individuals may choose a nursing home based on
different criteria, which could cause performance measures to be either positively or
negatively biased. On the one hand, elders (or their family members) who consider
themselves more likely to be more severely ill, and more dependent on care services,
may be more inclined to choose a nursing home that has a reputation to deliver higher
quality care. On the other hand, elders who are more severely ill may be less able
to “shop around” for quality care, especially after a sudden impairment and end up
choosing a nursing home with no waiting list, instead of one with higher perceived

8As some hospitalizations may be unavoidable, we focus on those that are potentially avoidable. We
do not focus on potentially avoidable causes of death as most classifications of avoidable causes of death
are based on premature mortality, defined as dying before the age of 70 (OECD, 2009). Since our sample
is restricted to those aged 70 and older, applying such a classification would be inappropriate. Additionally,
we do not expect that euthanasia has a large contribution to differences in mortality across nursing homes
since euthanasia occurred only 286 times (i.e. 1 percent, according to the number of deaths in our sample in
the same year) in total in nursing homes in 2017 (Heins et al., 2019)
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quality (Castle, 2003; Schmitz and Stroka-Wetsch, 2020). Also, prospective residents
who are more responsive to quality might be wealthier and better educated (Bensnes
and Huitfeldt, 2021) or have better informal networks. Elders with such an advantage-
ous environment can generally be expected to have a better (unobserved) health status,
and they may also be more responsive to quality indicators when choosing other types
of healthcare providers (Bensnes and Huitfeldt, 2021; Cornell et al., 2019). In sum,
some degree of nursing home selection may be expected, but it seems hard to predict
the direction of any bias a priori.

The literature on selection bias in nursing home outcome measures is limited and, like
most research on nursing home quality (Lippi Bruni et al., 2019), generally focuses on
Skilled Nursing Facilities (SNFs) in the United States.9 Arling et al. (2007) demon-
strate that shifts occur in SNF quality rankings when more observable differences in
client characteristics are accounted for. This indicates that there may also be some
selection on observable characteristics of SNF clients. However, how much selection
does remain when many observable characteristics are already accounted for? Rahman
et al. (2016) report wide variation in risk-adjusted re-hospitalization rates across SNFs
(i.e. 15 percentage points between the five percent best and worst performing facil-
ities). They show that these rates are an accurate prediction of the re-hospitalization
risk of individuals admitted to these SNFs a few years later, suggesting that variation
in risk-adjusted re-hospitalization rates is not driven by selection on unobservables. In
contrast, Einav et al. (2022), do find evidence of selection bias driven by unobservably
healthier clients being more likely to be admitted to SNFs that generate larger health
improvements.

It is still an open question how any of the prior results on selection bias from the U.S.
SNF may have relevance for the Dutch nursing home setting. Although both types of
facilities offer institutional care mainly to older clients who cannot live at home yet or
anymore, the Dutch system, like in many other developed countries, almost exclusively
concerns on long-stays rather than short-stays and has a much more comprehensive so-
cial system for long term care (Barber et al., 2021). On the one hand, the role of
selection likely plays a more prominent role in the U.S. setting due to financial incent-
ives to admit short-stay non-Medicaid patients (see also Gandhi (2023)). Moreover, the
focus on nonprofit nursing homes - which forms the largest part of all nursing homes
in the Netherlands (Bos et al., 2020) – may induce a smaller role of non-random selec-
tion since nonprofit nursing homes may be less inclined to selectively attract healthier
clients. On the other hand, the choice process may be more selective for long-stays
since it requires the decision on where to reside until death (Bom, 2021), compared to
where to stay for 26 days – the average length of stay in post-acute care in the U.S.
(Cornell et al., 2019).

9When looking at the hospital setting, the evidence on this topic is mixed: where some studies find
evidence for non-random selection in hospital outcomes (Geweke et al., 2003; Gowrisankaran and Town,
1999; Hull, 2020), others find that selection bias only plays a minor role (Doyle et al., 2019; Helsø et al.,
2019).
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4.3 Data

4.3.1 Sample selection
Nursing home residents

We use administrative data provided by Statistics Netherlands encompassing the full
Dutch population (more detailed information about the data sources can be found in
Appendix C). Our sample consists of individuals who were admitted to a nursing home
for the first time between January 2015 and July 2019.10 We use individual-level in-
formation on provider codes and addresses from the municipal registry, to link 87 per-
cent of the 2015-2017 population to the nursing homes that they were admitted to.11

We complement this sample by individuals who entered a nursing home in 2018 to July
2019 that we could match to nursing homes using information on addresses only. As a
first step to make the resident populations across nursing homes more comparable, we
dropped 9,438 (7%) admissions of residents whose age was younger than 70 at the time
of admission12, followed by 3,627 (3%) admissions for individuals for whom we have
missing data on background characteristics. Our final study sample includes 119,699
nursing home residents in the mortality analyses, and 83,056 residents in the hospital-
ization analyses: data on hospitalizations is only available until December 2017.13

Nursing homes

Our data contains an anonymized provider code, but not the location. We do observe
where individuals live and therefore identify nursing home locations by an address on
which at least 5 individuals receive care within the same time period provided by the
same provider (based on the provider code). Nursing home facilities belonging to the
same chain organization can use the same provider code, but are distinguished using
the address information. We use the provider codes combined with postal codes to link
the information on quality indicators. Descriptive statistics about the quality indicators
of the included nursing homes can be found in Appendix Table C1.

We include the 849 largest nursing home facilities, with at least 50 new admissions
during the entire study period, in our main analysis.14 Figure 4.1 shows the variation

10We focus on people with care packages 4-8, which are for long-term nursing home stays. That is, we
exclude people who are eligible for palliative care (care package 10) or geriatric rehabilitation (care package
9).

11In 31,688 cases, address information was missing and the provider code belonged to multiple nursing
home facilities within an organization. For this group, we imputed to which nursing home facility the resident
was admitted using admission data of the nearest neighbour with the same provider code and non-missing
address information.

12Although this is a significant share of our sample, being admitted to a nursing home before the age of
70 is a rare event (i.e. between 0 to 0.5 percent depending on the age-group) in the Netherlands.

13We did not exclude residents who switched nursing homes during the study period because this may
underestimate variation in performances, as they may switch from low to high quality homes.

14Individuals who are admitted to nursing homes with fewer admissions are generally in better health
(i.e. lower care needs, lower healthcare expenditures - results available upon request), which may have
implications for our results. However, we follow (Einav et al., 2022) by excluding the smaller nursing
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Figure 4.1: Total number of newly admitted admissions per nursing home
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Notes: This figure shows the total number of admissions per nursing home on the x-axis and the frequency,
representing the number of nursing homes, on the y-axis. All nursing homes to the right of the red vertical
line are included in the main analyses.

in size, in terms of the number of newly admitted residents across nursing homes. To
ensure sufficient statistical power, we do not attempt to estimate performance for the
nursing homes with fewer admissions (to the left side of the red line in Figure 4.1). The
21 percent of residents who are admitted to one of these 1,008 smaller nursing home
facilities are included in the reference category in the analyses.

4.3.2 Health outcome measures

We focus on two outcomes, namely mortality and avoidable hospitalization. We define
hospitalizations as potentially avoidable if they are related to a main diagnosis that
could have been prevented or treated in the nursing home. For example, hospitaliza-
tions resulting from falls in nursing homes may be preventable by hip protectors (Vu
et al., 2006) or by adaptations to the environment like an optimized light design for res-
idents with cataract or height adjusted chairs (Becker and Rapp, 2010). The diagnoses
that we classify as such (see also C2 in the Appendix) are based on two studies on am-
bulatory care-sensitive hospitalizations for the elders population (Carter, 2003; Walker
et al., 2009), to which we add hospitalizations due to falls and fractures, wounds and
rehabilitation as potentially preventable or treatable in a nursing home- thus being po-
tentially avoidable. More than half of the avoidable hospitalizations are due to falls and
fractures, about 8 percent to pneumonia, 6 percent to asthma and COPD, 5 percent to
rehabilitation and 4 percent to kidney or urinary tract infections (Appendix Table C2).

We construct binary outcomes (equal to one if the individual died or had an avoidable
hospitalization within 180 days after admission) as our main dependent variables to

homes to obtain more reliable estimates.
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limit the influence of right censoring.15,16 The 180-day cut-off is somewhat arbitrary,
but in line with the nursing home literature (Cornell et al., 2019; Intrator et al., 2004;
Vossius et al., 2018). Additionally, Kaplan-Meier survival curves in Figures C1a and
C1a in the Appendix confirm that most variation in time until death and until an avoid-
able hospitalization occurs in the first half year after nursing home admission. The
robustness checks examine the sensitivity of our results to the use of different cut-offs.
In our sample, the average 180-day mortality and avoidable hospitalization rates are 21
and 13 percent respectively (Table 4.1).17,18

4.3.3 Case-mix controls
We control for observable differences in nursing home residents’ characteristics by in-
cluding an extensive set of case-mix controls in our analyses: age at admission; gender;
whether someone lives in an rural municipality, defined by an average of at least one
thousand addresses per square kilometer; yearly disposable household income, stand-
ardized by household size; wealth from assets and savings; and a comprehensive set of
proxies for health: whether the person visited the hospital within 30 days prior to nurs-
ing home admission (also to account for potential hospital re-admissions); the Charlson
comorbidity index based on 12 comorbidities like dementia, cancer and pulmonary
diseases19; the number of different types of medicine consumed; and healthcare ex-
penditures from the year before nursing home admission. Furthermore, we include
care needs as measured by the care intensity package as determined by the independ-
ent eligibility assessment agency. An overview and more extensive explanation of all
covariates can be found in Appendix Table C4.

15While mortality is already a binary event by nature, we could measure the hospital outcome as the
number of avoidable hospitalizations. However, as this may be influenced by re-admissions, we use the
count in our robustness tests only.

16As data on mortality is available up until 2019 and only 7 percent of individuals left the nursing home
before their death, we are not concerned about right-censoring in this outcome measure. Hospitalizations
are not accounted for censoring from deaths.

17The 180-day mortality rate is similar to that in skilled nursing facilities in the U.S. (Cornell et al., 2019)
and slightly higher than in care homes in Norway (Vossius et al., 2018).

18Table C3 shows that, of the 23,165 residents who had at least one hospitalization within half a year
after nursing home admission, 37 percent experienced a hospitalization that was potentially avoidable. Both
this percentage and the 180-day hospitalization rate are higher in comparison to other studies (Carter, 2003;
Intrator et al., 2004; Walker et al., 2009), likely resulting from the inclusion of falls and fractures as an
avoidable cause.

19The Charlson comorbidity index is an indicator for disease burden and/or a predictor of mortality
(Sundararajan et al., 2004). We use the updated version constructed by (Quan et al., 2011) which reflects a
weighted score based on 12 comorbidities, among which dementia, diabetes and cancer.



Table 4.1: Case-mix controls by outcome

Died within 180 days after nursing home admission
Had an avoidable hospitalization within 180 days

after nursing home admission
All No Yes Difference All No Yes Difference

(79.3%) (20.7%) Yes (-) No se (87.1%) (12.9%) Yes (-) No se
Women (%) 0.649 0.674 0.553 -0.121*** (0.003) 0.65 0.649 0.663 0.014*** (0.005)
Age 85.027 84.786 85.951 1.166*** (0.046) 84.948 85.054 84.229 -0.826*** (0.066)
Care intensity1 (%)

Lower 0.205 0.227 0.122 -0.104*** (0.003) 0.202 0.197 0.239 0.043*** (0.004)
Dementia 0.49 0.498 0.457 -0.041*** (0.004) 0.459 0.475 0.35 -0.125*** (0.005)
Higher 0.294 0.264 0.407 0.143*** (0.003) 0.326 0.315 0.4 0.085*** (0.005)
Highest 0.011 0.011 0.014 0.003*** (0.001) 0.013 0.013 0.011 -0.003** (0.001)

Healthcare expenditures 1,347 13,437 13,553 117 (165) 10,290 9,819 13,477 3,658*** (173)
Wealth 83,185 81,992 87,760 5,768.** (2793) 85,895 87,366 75,954 -11,412** (4,445)
Std. household income 21,914 21,901 21,966 65 (75) 21,811 21,816 21,777 -39 (107)
Number of medicine 8.766 8.514 9.731 1.217*** (0.035) 8.82 8.637 10.057 1.42*** (0.051)
Charlson score 0.672 0.537 1.192 0.656*** (0.010) 0.703 0.687 0.816 0.129*** (0.016)
Hospital in last month (%) 0.169 0.142 0.272 0.130*** (0.003) 0.191 0.184 0.244 0.061*** (0.004)
Rural (%) 0.297 0.297 0.299 0.002 (0.003) 0.302 0.305 0.284 -0.021*** (0.005)
Year (%)

2015 0.25 0.248 0.258 0.010*** (0.003) 0.361 0.361 0.361 0.000 (0.005)
2016 0.31 0.301 0.344 0.043*** (0.003) 0.447 0.441 0.485 0.044*** (0.005)
2017 0.26 0.259 0.266 0.008** (0.003) 0.192 0.198 0.154 -0.044*** (0.004)
2018 0.115 0.122 0.087 -0.036*** (0.002)
2019 0.064 0.069 0.044 -0.025*** (0.002)

N 119,699 94,933 24,766 83,056 72,354 10,702

This table presents the averages or shares (%) of each case-mix control variable by the mortality and avoidable hospitalization outcome including differences between those
for whom the outcome equals one and zero; Age, care intensity, rural and year at moment of nursing home admission; healthcare expenditures, wealth, std. household income,
number of medicine and Charlson score from the (calendar) year before admission; Standard errors (se) between brackets.
* Difference is statistically significant at 10 percent; ** at 5 percent; *** at 1 percent.

1 Lower - intensive support and extensive care; Dementia - protective living facility with intensive dementia care; Higher - protective living facility with intensive support and
care; Highest - protective living facility with very intensive care and treatment or support.
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Table 4.1 shows how these covariates vary across the health outcomes of individuals.
Older male residents, those receiving a higher care intensity package, those who use
more medication, those with a higher Charlson comorbidity index or those who visited
the hospital within 30 days before nursing home admission, have a higher probabil-
ity of dying within the next half year. On the other hand, residents who experienced
an avoidable hospitalization within 180 days after admission are, on average, younger
and enter the nursing home receiving lower care intensity. This implies that health-
ier individuals (i.e. younger with lower care needs) are more likely to be admitted
to a hospital. Nonetheless, as we control for differences in underlying health across
nursing homes, we interpret a higher risk of avoidable hospitalizations an undesirable
outcome.

4.4 Empirical strategy

4.4.1 Observed performance
To quantify the effect of a nursing home j on the probability of an adverse health
outcome, we use a linear value-added framework:

E(Yi|Hi = j) = γXi +δ j +ρi, (4.1)

where Yi is the outcome for individual i conditional on being admitted to nursing home
j. The expected outcome depends on an individual’s observed characteristics Xi, which
include proxies for prior health, an unobserved individual component ρi, and a nursing
home specific effect δ j.20 δ j is the nursing home level estimate of interest: the value-
added of the nursing home, i.e. the nursing home’s impact on the outcome under the
condition of exogenous nursing home choice. We assume that the nursing home impact
is additive and homogeneous across residents.

We estimate a linear probability model using an ordinary least squares regression (with
robust standard errors) to obtain each nursing home’s performance on the two health
outcomes.21 The estimation equation is as follows:

Yi = α0 + γXi +
J

∑
j=1

δ jHi j +ρi, (4.2)

where Yi is a zero-mean dichotomous outcome variable for individual i - e.g. mortality
- and Xi are the individual level case-mix controls. α0 represents the reference category
which includes all individuals that were admitted to one of the smaller nursing homes.
Hi j is a dummy variable that equals one if individual i is admitted to nursing home j

20Our value-added model deviates from the classical ones in the sense that we include proxies for indi-
vidual’s health as right-hand side variables instead of the individual’s outcome Yi prior to admission. The
latter is simply not possible given the nature of our outcome variables.

21Estimating the same specification with a logit or random effects generates estimates that highly correl-
ate (> 0.99) with the ones from the OLS procedure.
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( j = 1,2, ..,J). The estimated parameter δ̂ j reflects the nursing home j’s effect on the
outcome – or the nursing home’s value added.

Our estimates δ̂ j , especially those for small nursing homes, are surrounded by
sampling imprecision. Like Angrist et al. (2017); Abaluck et al. (2021); Chetty and
Hendren (2018); Kane and Staiger (2008), we therefore account for the statistical noise
in our value-added estimates by applying a standard empirical Bayes correction (Mor-
ris, 1983). The empirical Bayes estimator of δ j is weighted average of the precisely
estimated grand mean (the average outcome across all nursing homes) and the im-
precisely estimated nursing-home-specific OLS estimate δ̂ j, where the weight of the
latter is proportional to its estimation error. As the estimation error is greater for small
homes, the shrinkage is larger for these homes than for large homes.22 We use these
empirical Bayes estimates when evaluating total variation in performance in Section
4.5.1 and when correlating performance on other quality indicators in Section 4.6.

4.4.2 Testing for selection bias
Individuals are not randomly assigned to nursing homes, but are to a large extent free
to choose the home that they prefer. We might therefore be worried about selection
bias.The question we want to address is, after we correct for observable differences in
individuals’ characteristics Xi, are the estimates of observed performance δ̂ j biased by
unobserved individual differences? This is the case if there is a correlation between and
individual’s unobserved health and the performance - i.e. value added - of the nursing
home he or she goes to (i.e. a correlation between ρi and Hi j in Equation 4.2).The
bias can be either positive or negative, as preferences for nursing home quality can be
both positively or negatively correlated to (unobserved) individual health (see Section
4.2.2).

The standard way of dealing with selection bias is to focus on plausibly exogenous
variation in nursing home choice and exploit this variation, using instrumental variable
analysis, to obtain (causal) estimates if δ j. In our case, this would entail instrumenting
each of the J = 849 nursing home dummies in Equation (4.2), which requires at least
849 instrumental variables to obtain a just or over-identified model. Although this can
be done in some settings (see Gowrisankaran and Town (1999); Hull (2020) using such
an approach for hospital care), in the setting of nursing home care, with many small-
sized providers, this is not feasible because the lack of power likely causes a many
weak instruments problem (Angrist et al., 2016).23

22We use the following estimator δ EB
j = τ j δ̂ j +(1− τ j)δ̄ j , where δ̂ j is obtained by estimating Equation

(4.2), δ̄ j is equal to the average of δ̂ j across all nursing homes, and the shrinkage factor τ j is equal to
σ2

δ

σ2
δ
+se2

δ

with σ2 being the between nursing home variation minus the average noise and se2
δ

being equal to the within
nursing home variation. Under the assumption that the nursing-home specific effects are independent, this
estimator is equivalent to an empirical Bayes estimate of the nursing home specific effects given that both
the prior and likelihood function come from a normal distribution (Angrist et al., 2017; Chetty and Hendren,
2018; Kane and Staiger, 2008; Morris, 1983).

23In a recent working paper, Einav et al. (2022) estimate the added health value of skilled nursing fa-
cilities in the U.S., using a control-function approach (which is quite similar in spirit to an IV-approach) to
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Instead of trying to obtain a ‘causal’ IV-estimate for each nursing home, we test ex-
post whether the observed performance measures δ̂ j – estimated by Equation (4.2) - are
biased (see also Abaluck et al. (2021); Angrist et al. (2016); Chetty et al. (2014); De-
ming (2014); Helsø et al. (2019)). The intuition behind the test is as follows. Suppose
we already estimated the case-mix corrected – or value-added - scores from Equation
(4.2) and then afterwards could randomly assign a new group of individuals over the
J nursing homes. If the estimated performance scores δ̂ j would be unbiased, then
these scores would perfectly predict the (average) outcomes for the randomly assigned
group. We could run the following regression on the sample of randomly assigned
individuals:

Yi = γXi +λ δ̂i j + εi, (4.3)

with δ̂i j the estimated performance score of the nursing home to which individual i has
been assigned to. This regression would provide a simple test of (average) selection
bias based on the forecast coefficient λ : if the values of δ̂i j represent (on average)
the true causal effects of nursing homes on the outcome, then λ should be equal to
one.24). If, on the other hand, the estimates suffer from selection bias then λ will be
either smaller or larger than one. If there is a positive correlation between unobserved
health and nursing home quality (healthier clients are more likely to choose better
nursing homes) then λ will be larger than one. We then overestimate nursing homes’
performance, in the sense that the observed performance is better than true performance
for high quality homes and lower than true performance for low quality homes. If the
correlation between unobserved health and nursing home quality is negative, then the
observed performance is an underestimation of the true effect.

4.4.3 Instrumental variable approach
In practice, we cannot randomly assign a group of clients over the different homes, and
thus have to rely on quasi-exogenous variation instead. If there is a subgroup within our
population for which it is credible that nursing home choice is not related to expected
outcomes, then we can use this group to perform a test similar to that for the imaginary
randomly assigned group in Equation (4.3).

The source of variation we exploit is geographical distance from a client’s home to a
nursing home. Distance is an important driver of nursing home choice. Both earlier
and more recent literature report distance to be a strong, if not the dominant, driver of
nursing home choice (Castle, 2003; Gadbois et al., 2017; Hackmann, 2019; Schmitz
and Stroka-Wetsch, 2020; Shugarman and Brown, 2006). As a result, location-based
instruments are used widely to predict provider choice both in and beyond the nursing
home literature (Einav et al., 2022; Gandhi, 2023; Gowrisankaran and Town, 1999;
Grabowski et al., 2013; Hull, 2020; Newhouse and McClellan, 1998). Moreover, a

correct for potential selection on unobserved health. The average number of treated patients in these facil-
ities, aimed at rehabilitation, is substantially higher than in the permanent residential homes we investigate.
Also, Einav et al. (2022) seem to use a relatively restrictive model for patient choice.

24Although λ = 1 implies that there is no bias on average across nursing homes, this does not rule out
the possibility that the scores of some specific homes are biased (see Angrist et al. (2017); Hull (2020)
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location-based instrument is unlikely to be related to the unobserved component of
the individual’s outcome as regional differences in health are expected to be small in
our setting, especially since we control for an extensive set of health proxies at the
individual level.

To implement the forecast test using quasi-exogenous variation in nursing home choice
based on distance, we perform an IV using two-stage least squares (similar to Abaluck
et al. (2021); Deming (2014); Helsø et al. (2019)). In the first stage, we predict the
observed performance score δ̂i j of the nursing home j that individual i actually goes
to using the observed performance score δ̂Closest

i j of the nursing home that is closest to
individual’s i former residence:

δ̂i j = β0 +µXi +θδ̂
Closest
i j +ϕi. (4.4)

In the second stage, we use the first stage predictions of the performance score δ̃i j to
examine the effect of the nursing home performance scores on the outcomes (only)
for individuals who move to a nursing home because it is the closest to their prior
home. We do this by regressing individuals’ outcome on the first-stage prediction of
the performance score:

Yi = α0 + γXi +λ δ̃i j + εi, (4.5)

If our instrument is valid (the performance of a nursing home in uncorrelated with
the unobserved health of the clients that live closest to it) 25, the interpretation of the
forecast coefficient λ̂ is the same as in Equation (4.3); if δ̂ j is an unbiased estimate of
the true effect of a nursing home on clients’ outcomes, it should (on average) perfectly
predict the outcomes for clients who go a particular home solely because it’s the closest
to their prior residence. A forecast coefficient that is not equal to one then signals that
observed performance is, on average, biased.

4.4.4 Instrumental variable assumptions
We first reflect on the assumptions that must hold to interpret λ̂ as the impact of nursing
home performance on a random individual’s outcome. Two of these assumptions of the
IV approach are that the instrumental variable – in our case performance of the closest
nursing home - is (i) relevant and (ii) valid. A third condition is monotonicity.26 We

25We further have to assume that the effect of δ̂ j is homogeneous (i.e. constant for all individuals).
Lambda is also affected by how compliers are distributed over the range of values that the treatment variable
takes. If this distribution is not the same as in the full sample and if there are heterogeneous treatment
effects, a deviation in lambda from one might not only be caused by selection bias (i.e. selection of low-
mortality patients into low-mortality nursing homes) but also by systematic variation in the distribution of
compliers over heterogeneous treatment effects. Our LATE would then deviate from one not because of a
bias, but due to the high mortality estimates getting a lower weight due to lower compliance on that side of
the distribution. We argue that this is unlikely to be an issue in our setting as almost every nursing home
– irrespective of its performance – is the closest one to at least 20 people in our sample and is (in 99% of
the cases) chosen by at least 5 percent of those. In other words, the distribution of the compliers over the
treatment variable is likely the same as the distribution of the entire study population.

26This condition has received limited attention in other studies using the value-added framework, partly
due to the nature of their instruments (Angrist et al., 2017; Chetty et al., 2014).
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Figure 4.2: Relationship between nursing home choice and distance
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(b) Ranked by distance; 1 is the closest

Notes: Figure (a) shows the share of individuals being admitted to a nursing home within x kilometers from
the individual’s prior home. The x-axis represents the kilometers (rounded down) between one’s prior home
to admission and the chosen nursing home. Figure (b) shows the share of individuals being admitted to the
closest nursing home from the individual’s prior home. The x-axis indicates whether the chosen nursing
home was the closest (at x = 1) or the second closest (x =2) and so forth. In both figures the y-axis states the
cumulative share of the full sample.

discuss the weak monotonicity assumption, which is sufficient for causal interpretation
(Frandsen et al., 2019), in Appendix C. In the following subsections we pay more
attention to why the relevance and validity assumption are likely to hold in this setting.

Relevance

The instrument is relevant if it has strong predictive power for nursing home choice.
Prior studies argue and show that travel distance is the most important determinant
of nursing home choice (Castle, 2003; Gadbois et al., 2017; Gandhi, 2023; Hackmann,
2019; Schmitz and Stroka-Wetsch, 2020; Shugarman and Brown, 2006). In our setting,
we therefore expect that, all else equal, individuals prefer a nursing home that is closer
to their prior home. Figure 4.2a confirms that most residents choose a nursing home
that is close to their prior home: more than 60 percent of our sample is admitted to a
nursing home within 5 kilometers from his or her prior home. Figure 4.2b shows that
21 percent chooses the nursing home that is closest to their former home. This suggests
that the instrument is likely to be relevant.

The results from the first stage regression (Equation (4.4)) confirm that the instrument
is strong. Table 4.2 shows that the first stage coefficient is economically and statist-
ically significant. The partial F-statistics, which are equal to 7,189 and 18,545, both
affirm the relevance of our instrument for both outcome variables (Staiger and Stock,
1997).27

27The reported F-statistics are extremely high. This is not surprising since the instrument directly links
to the endogenous variable and our sample size is relatively large.
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Table 4.2: First stage results

Endogenous variable:
Performance of the chosen nursing home (δ̃i)

Mortality
Avoidable

hospitalization
Instrumental variable:
Performance of the closest
nursing home (δ̂Closest

i j )
Coefficient (θ ) 0.315*** 0.497***

(0.004) (0.004)

(Partial) F-statistic 7,189 18,545

Covariates Yes Yes
N 94,905 65,265

This table reports the estimated coefficient, standard error and partial F-statistic from the
first stage (Equation (4.4)) which is a linear regression of endogenous performance of the
chosen nursing on performance of the chosen nursing home.
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1

percent; ∗∗ at 5 percent; ∗ at 10 percent.
The sample is restricted to those that are admitted to one of the 849 largest nursing

homes.

Validity

The instrument is valid if the unobserved health and other characteristics of individu-
als (εi in Equation (4.5)) are not correlated with the performance of the closest nursing
home. That is, performance of the closest nursing home should only be related to an
individual’s outcome through choice. The validity assumption could be violated if un-
observably (un)healthy clients are systematically located closer to the same nursing
homes – keeping all individual observable characteristics fixed. This might be the case
if better nursing homes are more likely to be located closer to prior homes of indi-
viduals with better underlying health (Helsø et al., 2019). This could be an important
concern as previous research shows that, at least in the US, high quality nursing homes
are more likely to be located in – or closer to - wealthier areas (Konetzka et al., 2015).28

We expect the influence of this issue to be limited in our setting since we include in-
dividual level and precisely measured covariates like income and wealth as covariates
when estimating performance.29 Furthermore, (Cornell et al., 2019; Rahman et al.,

28In spite of this, distance-related instrumental variables are frequently used to correct for non-random
selection into hospitals and nursing homes (Cornell et al., 2019; Geweke et al., 2003; Gowrisankaran and
Town, 1999; Grabowski et al., 2013; Helsø et al., 2019; Huang and Bowblis, 2018; Newhouse and McClellan,
1998).

29The likelihood and severity of violations of the validity assumption is small in the Dutch context for
several other reasons. First, financial constraints do not play a role when choosing a nursing home, because
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2016) show that including zip code fixed effects limits the influence of regional differ-
ences that may be related to unobserved health and living close to a well-performing
nursing home. In two robustness tests in Section 4.5.4, we therefore include neigh-
bourhood characteristics as controls and neighbourhood fixed effects. We find that
these additions do not change our main results.30 This could either imply that the loc-
ation of well performing nursing homes is not related to the health of neighbouring
individuals in the Netherlands, or that our extensive set of covariates – encompassing
individual level socio-economic indicators and proxies for the individuals’ health –
already controls for regional variation in health.

4.5 Results

4.5.1 Observed performance
Figure 4.3 presents the observed performance estimates (δ̂ j from Equation (4.2) after
shrinkage) on the y-axis for all 849 largest nursing homes in groups of ten, ranked by
their performance.31 There is a 7 percentage point difference in performance on mor-
tality and a 14 percentage point difference in avoidable hospitalizations between the
five percent best-performing and five percent worst-performing nursing homes. How-
ever, the wide 95% confidence intervals show that the individual estimates are impre-
cisely estimated, related to the relatively small size of most homes. The imprecision
of our estimates does not facilitate the interpretation of observed differences, i.e. it
remains hard to ascertain whether these are driven by true differences in performance
or by imprecision.

4.5.2 Test for selection bias
As discussed throughout the paper, the variation observed in the figures above may be
driven by unobserved heterogeneity in resident characteristics across nursing homes.
In this subsection we present the results for our test for such a selection bias. More
specifically, after obtaining predicted performance in the first stage (see also Equation
(4.4) and Table 4.2), we obtain an estimate for the forecast coefficient through Equation
(4.5). We test whether the estimated forecast coefficient λ̂ is equal to one. If we fail
to reject this test, we interpret our estimated performance estimates as unbiased on
average.

the co-payment is the same in all nursing homes. This means that selection related to socioeconomic status
is likely much more limited than in the US and many other countries. Second, elders are unlikely to select
their place of residence (where they lived prior to nursing home admission) according to the performance of
the nursing homes since most elders have lived in the same neighborhood for many years before they enter
a nursing home (Diepstraten et al., 2020).

30We do not include neighbourhood fixed effects in our main specification because the small number
of people per neighbourhood moving to a nursing home minimizes the within-neighbourhood variation in
which of the nursing homes is the closest one. This significantly reduces the power of the first stage, which
in turn decreases the precision of our forecast coefficient.

31Estimates are published in groups of ten as, for privacy reasons, the results for individual nursing
homes cannot be published.
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Figure 4.3: Observed performance
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(a) Mortality
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(b) Avoidable hospitalization

Notes: This figure displays the nursing home performances on 180-day mortality (a) and avoidable hos-
pitalizations (b). We present estimated performance (by Equation (4.2)) after empirical Bayes shrinkage.
Nursing homes are ranked on their performances and subsequently divided into 84 equally sized groups of
10 to 11 nursing homes. The x-axis represent these nursing home groups. The y-axis indicates average
observed performance of each of these groups and its confidence intervals, which are calculated based on
the standard error from a randomly chosen nursing home within each group.

The forecast coefficients λ̂ are economically and statistically not significantly differ-
ent from one (Table 4.3). The estimated forecast coefficients deviate only minimally
from one: choosing a nursing home with an above average mortality of 2 percentage
points instead of one of 1 percentage point, increases the risk of dying by 1.07 percent-
age points.32 These minor deviations from one are for both outcomes not statistically
significant different (p = .408 and p = .104). This implies that observed performance
is, on average, unbiased and is likely to predict true differences in performance across
nursing homes.

4.5.3 Subgroup analysis

One of the assumptions of the value-added model is that nursing home performance
scores are homogeneous across residents (see Section 4.4.3). When estimating the
relevance of observed performance for clients with different care needs, we shed light
on whether this assumption is plausible: i.e. is observed performance representative
for all clients. For this, we use the forecast coefficient estimated through Equation (4.5)
replacing predicted performance by observed performance of the chosen nursing home
to compare deviations of λ̂ from one for the different subgroups. This test provides
insights on whether observed performance is more informative for specific groups,
which also is a relevant question on itself.

32To compare, the absolute deviation of the forecast coefficient from one lies within the ones found in
studies on hospital performance including extensive controls by Helsø et al. (2019) (λ̂ = 0.956) and Hull
(2020) (λ̂ = 1.086).
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Table 4.3: Forecast coefficient

Individual level outcome (Yi)

Mortality
Avoidable

hospitalization
Predicted performance of the chosen
nursing home (δ̃i j)

Forecast coefficient (λ̂ ) 1.067*** 1.070***
(0.085) (0.042)

Forecast bias test (λ̂ = 1)
χ2 statistic 0.68 2.64

p-value 0.408 0.104

Covariates Yes Yes
N 94,905 65,265

This table reports the regression results from the second stage (from Equation
(4.5)), which estimates the impact of predicted performance of the chosen nursing
home on the individual level outcome, either mortality or avoidable hospitaliza-
tion. The test statistic report the χ2 statistic and the p-value when testing λ̂ = 1.
Standard errors are reported between parentheses and p-values between (squared)
brackets.
Standard errors between brackets. ∗∗∗ Statistically significantly different from

zero at 1 percent; ∗∗ at 5 percent; ∗ at 10 percent.
The sample is restricted to those that are admitted to one of the 849 largest nursing

homes.

The regression results in Table C5 in the Appendix show that the estimates on both
outcomes are predictive for residents of all care needs, but for some more accurately
than for others. We find that the variation in observed performance on mortality is (on
average) slightly overestimated (λ̂ < 1) for individuals with lower and the highest care
needs. Although these results suggest that the estimates on outcomes are somewhat
heterogeneous across care need groups, this does not affect the IV result from Section
4.5.2.33

4.5.4 Robustness

We examine the robustness of our results with two additional sets of checks: (i) by
including larger sets of controls; and, (ii) by using different definitions for our health
outcome measures. We inspect how they correlate with our baseline estimates and
whether the result of no structural bias (from Section 4.5.2) is robust to these adjust-
ments.

33From additional instrumental variable analyses by subgroup, we observe that performances on both
outcomes are unbiased for clients of all care needs, except for performance on avoidable hospitalizations for
people with higher care needs. Nevertheless, in this case the 1 lies only just outside of the 95% confidence
bounds of λ̂ . These results are available upon request.
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First, in Section 4.4.4 we reflected on the validity of our instrumental variables. We
mentioned that any systematic differences in unobserved health that are related to
the location of someone’s prior home are threats to this validity. Therefore, in two
robustness checks, we include either neighbourhood characteristics that might be re-
lated to someone’s health as additional control variables (i.e. average property (house)
value, average household income and the share of households living below the poverty
threshold at the neighbourhood level as measures of neighbourhood living standards)
or include neighbourhood fixed effects. Columns 1-2 in Table 4.4 demonstrate that our
results are to a large extent robust to the inclusion of these covariates and neighbour-
hood fixed effects: performance estimates from both models are highly correlated with
our baseline estimates. Additionally, at least with 95% certainty, we cannot reject that
the forecast coefficients λ̂ are equal to one when including neighbourhood controls or
fixed effects.34

Second, by estimating different specifications of our outcome measures, we verify
whether they are sensitive to how they are defined. If performance varies across differ-
ent stages of admissions, e.g. between the first 90 and 180 days, having a strict cut-off
within the outcome measure may not be appropriate. Nevertheless, we find that per-
formance on our main outcomes is highly correlated – with correlations of at least 0.8
– with those of the other specifications in columns 3-5 in Table 4.4. This also holds for
using only falls and fractures instead of all avoidable hospitalizations as an outcome.
However, we find a statistically significant bias in observed performance on one-year
mortality, discouraging the usage of this outcome as a quality measure.

34One thing to note is that the forecast coefficient in the model including neighbourhood fixed effects
(Column 2) is imprecisely estimated. The fact that λ̂ is only weakly to not statistically significant from
zero for both outcomes implies that the within neighbourhood variation in nursing home performance is
not predictive for an individual’s health outcome, likely because there are relatively few nursing homes per
neighbourhood.
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Table 4.4: Robustness tests

Neighbourhood Other outcome
controls specifications

Charact-
eristics

Fixed
effects

90 days 365
days

# days
alive

(1) (2) (3) (4) (5)
Outcome = mortality

A. Correlation baseline estimates .999 .881 .830 .792 -.915

B. Forecast coefficient (λ̂ ) 1.067*** 1.143* 1.102*** 1.221*** 1.091***
– performance chosen NH (δ̃i j) (.086) (.632) (.087) (.083) (.081)

C. Forecast bias test (λ̂ = 1)
χ2 statistic .65 .05 1.46 7.32*** 1.34
p-value .420 .815 .227 .007 .247

Covariates Yes Yes Yes Yes Yes
N (individuals) 83,501 94,605 94,905 88,619 94,905

Outcome = avoidable hospitalization
A. Correlation baseline estimates .9996 .805 .898 .770 .953

B. Forecast coefficient (λ̂ ) 1.076*** .683 1.065*** 1.041*** 1.042***
– performance chosen NH (δ̃i j) (.044) (.684) (.053) (.062) (.049)

C. Forecast bias test (λ̂ = 1)
χ2 statistic 2.85* .22 1.46 .44 .70
p-value .091 .639 .227 .510 .402

Covariates Yes Yes Yes Yes Yes
N (individuals) 64,004 64,992 65,265 65,265 65,265

Panel A shows how our baseline performance estimates correlate to the ones specified in each of the columns. Panel B
reports the forecast coefficient, which is equal to the coefficient of predicted performance of the chosen nursing home
(by the first-stage regression) in a regression with the individual level outcome as a dependent variable. Panel C tests
whether the forecast coefficient λ̂ is different from zero.
Column 1 includes average property (house) value, average household income and the share of households living be-

low the poverty threshold at the neighbourhood level as additional control variables. Column 2 includes neighbourhood
fixed effects. In the remaining columns, the outcome variables are specified respectively as 3) the occurrence of an
adverse health outcome within 90 days; 4) within 365 days for mortality and being hospitalized due to a fall or fracture
for avoidable hospitalization; 5) the number of days alive within 180 days after admission for mortality and the number
of avoidable hospitalizations within 180 days.
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1 percent; ∗∗ at 5 percent; ∗ at

10 percent.
Column 1 excludes individuals from very small neighbourhoods, as there is no data available for those. Estimates

in Panel A are correlated to estimates obtained from this sample (excl. small neighbourhoods), but with the baseline
model (no neighbourhood characteristics). Column 2 excludes individuals for whom the neighbourhood could not be
identified. Column 4 for the mortality outcome excludes those admitted to a nursing home from January 2019 onward.
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4.6 Correlations with quality indicators

In this section we examine to what extent quality indicators on other dimensions – like
process and structure – can explain observed variation in outcomes. We explore the
association of observed performance to publicly available measures of nursing home
quality that are often used in comparisons (Castle and Ferguson, 2010; Spilsbury et al.,
2011).35 We use these results to evaluate whether performance on outcomes could
complement the available indicators based on the other dimensions of quality.

4.6.1 Process and outcome quality indicators

The nursing home mortality scores are positively correlated with high levels of psycho-
tropic medicine use which is a process-based indicator of low quality that is reported
by the Dutch Health and Youth Care Inspectorate (Table 4.5). 180-day mortality in
nursing homes in which all clients use psychotropic medicines is 2 percentage points
higher compared to nursing homes in which none of its clients uses psychotropic medi-
cine. Although the coefficient is rather small, the sign of the correlation is in line with
the medical literature (Bronskill et al., 2009). Psychotropic medicine use may be re-
lated to mortality through side effects that may be more harmful to an older population,
like diarrhea (Lindsey, 2009) and delirium. On the other hand, the relationships may
also be confounded by (unobserved) other types of nursing home quality. Phillips et al.
(2018) argue for example that the number of registered nurse hours is one of the main
drivers of antipsychotic medication use among nursing home residents, which may in
turn affect mortality through other channels or processes.

Moreover, we find that nursing homes with high rates of avoidable hospitalizations
(low quality) have lower pressure sores rates (high quality). At first sight, this correla-
tion may appear to be opposite to what one would expect. However, the negative asso-
ciation with pressure sores may well be a result of residents spending a relatively long
time in their nursing home beds, which increases the risk of pressure sores. However,
at the same time, spending a lot of time in bed could prevent nursing home residents
from falling, which is one of the main contributors of avoidable hospitalizations. In
that case, the negative associations are plausible, although it may raise questions about
the interpretation of the avoidable hospitalization outcome. Other possible explana-
tions are that pressure sores may be under-reported in the bottom performing nursing
homes (Kaltenthaler et al., 2001), or that the (uncorrected) variation in pressure sores
is driven by case-mix differences which causes the relationship with performance to be
negative if those in worse health (pressure sores ↑) are more likely to be admitted to
better performing nursing homes (avoidable hospitalizations ↓).

35Almost every characteristic that we consider is an average over multiple years between 2015 and 2018.
The descriptive statistics and a more elaborate description of these characteristics can be found in Appendix
Table C1.
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Table 4.5: Bi-variate regression with quality measures

Mortality Avoidable
hospitalizations

(1) (2) (3) (4) (5)
Regression: Coefficient Constant Coefficient Constant N
I. Psych. medicine use 0.020*** 0.007*** -0.015 0.001 705
(↓= better) (0.005) (0.002) (0.010) (0.004)

II. Physical restraint use 0.008* 0.012*** -0.002 -0.004 719
(↓= better) (0.004) (0.001) (0.009) (0.003)

III. Pressure sores -0.005 0.015*** -0.098** 0.000 693
(↓= better) (0.019) (0.001) (0.039) (0.002)

IV. Online rating -0.000 0.015** 0.001 -0.010 709
(1 = worst;10 = best ) (0.001) (0.007) (0.002) (0.015)

Regression results of eight (2×4 (I-IV)) separate bi-variate regressions at the nursing home level with either
performance on mortality (column 1-2) or avoidable hospitalization (column 3-4) as dependent variables. It
uses the performance estimates obtained in Equation (4.2) after shrinkage. Nursing home characteristics are
also at the nursing home facility level. Descriptive statistics of nursing home characteristics can be found in
Appendix Table C1
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1 percent; ∗∗ at 5

percent; ∗ at 10 percent.

4.6.2 Structure quality indicators
Table 4.6 presents associations between nursing home characteristics – or structure
characteristics – and their mortality and avoidable hospitalizations outcomes. Most
estimated coefficients are relatively close to zero. This may mean that, although the
multivariate regression includes various observed characteristics36, the results may be
confounded by (unobserved) other types of nursing home quality, such as managerial
quality, which may have offsetting effects: it may reduce the number of staff or higher
educated nurses by empowering nurse aids, which in turn could improve outcomes
(Barry et al., 2005). Yet, the very weak correlations may also imply that existing
structure-based quality indicators do not accurately capture variation in performance
on the health outcomes that we measure.

Nevertheless, there are some structure quality indicators that show a somewhat stronger
association with performance on outcomes. For instance, we find that a relatively long
waiting list is (weakly) negatively associated with nursing home mortality: having a
one standard deviation larger waiting list to client ratio (of 12 percent) is associated
with a 0.28 percentage points lower mortality rate. Caution is warranted as this asso-
ciation may be due to reverse causality; when nursing home mortality is low, turnover

36When examining correlations of the same characteristics in bi-variate regressions, we find very similar
results. The only difference is that staff absenteeism becomes statistically significant at 10 percent when
excluding the other characteristics as covariates.
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of clients is also low, which may in turn result in longer waiting lists. On the other
hand, even in a situation in which mortality rates are not publicly available – as in the
Netherlands – there may also be some perception of quality that makes nursing homes
with lower mortality more popular.

Our results do not provide evidence for strong relationships between various staff-
ing indicators and performance on health outcomes. This may seem surprising since
some studies report that adverse outcomes are related to, for example, lower (re-
gistered) nurse employment (Friedrich and Hackmann, 2021; Lin, 2014) and higher
nurse turnover (Antwi and Bowblis, 2018). However, the findings from a literature re-
view (see Spilsbury et al. (2011)) suggest that the evidence on this topic has been con-
tradictory. Our results do indicate that nursing homes with larger shares of specialists
– like geriatricians and psychologists – relative to total staffing are likely to have lower
mortality. Although this relationship is statistically significant, in economic terms it is
relatively weak.

Finally, the reported coefficients in Table 4.6 suggest that the size of nursing home or-
ganizations is linked to performance on avoidable hospitalizations. Keeping the other
observed characteristics fixed, an organization with 6 additional facilities (equal to one
standard deviation) is associated with a 0.6 percentage points higher avoidable hospit-
alization rate. This implies that nursing homes that belong to a larger (chain) organiza-
tion score worse on avoidable hospitalization performance. This finding is in line with
quantitative evidence from the United States (Grabowski et al., 2016; You et al., 2016),
who argue that this relationship could be explained by chain targeted nursing homes
being of lower quality because of, for example, a poor financial situation, both before
and after acquisition. Qualitative evidence suggests that differences between low and
high hospitalization nursing homes are related to how the staff approaches the decision
to hospitalize (Cohen et al., 2017). Nursing homes with low rates generally make this
decision case-by-case, whereas those with higher rates are more likely to approach it as
an algorithmic process. The decision process may well be related to whether the nurs-
ing home belongs to a non-chain organization since they are characterized by having
more autonomous staff (Kruzich, 2005), being more flexible in care provision (Lucas
et al., 2007) and since staff may have a more personal relationship with the residents.
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Table 4.6: Multi-variate regression with nursing home characteristics

Mortality
Avoidable

hospitalization
(1) (2)

Facility level
Number of people on waiting list -0.023* 0.008

(0.013) (0.020)
Number of clients -0.000 -0.005

(0.002) (0.004)
Organisation level
Number of facilities 0.000 0.001**

(0.000) (0.000)
Operating profit margin -0.000 0.001

(0.000) (0.001)
Solvency ratio 0.000 0.000

(0.000) (0.000)
Liquidity 0.000 -0.000

(0.000) (0.000)
FTE per client 0.009 0.005

(0.006) (0.017)
Percentage high educated nurses 0.004 -0.000

(0.008) (0.012)
Percentage specialists -0.070** -0.137

(0.028) (0.125)
Staff turnover -0.027 -0.010

(0.018) (0.047)
Staff absenteeism -0.039 0.287

(0.115) (0.251)
Expenditures on external staff 0.036 -0.003

(0.029) (0.063)
Constant 0.014 -0.004

(0.014) (0.025)
R-squared 0.036 0.053
N (facilities) 540 540
n (clusters = organizations) 177 177

Regression results of two multivariate regressions with either nursing home specific
performance on mortality (column 1) or avoidable hospitalization (column 2) as de-
pendent variables. It uses the performance estimates obtained in Equation (4.2) after
shrinkage. Nursing home characteristics are either at the nursing home facility level or
at the organisation level, which are copied to all facilities within the same organisation.
Descriptive statistics of nursing home characteristics can be found in Appendix Table
C1
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at

1 percent; ∗∗ at 5 percent; ∗ at 10 percent.
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4.7 Conclusion and discussion
As the quality of care in nursing homes has been the subject of vigorous public de-
bate for decades, the sector might benefit from improved performance measurement
based on health outcomes to complement the often-used structure and process meas-
ures (Barber et al., 2021; OECD, 2005; OECD and European Commission, 2013).
However, quality estimates tend to rely on self-reported outcomes, be based on a small
sample of residents, and be hampered by selection bias. The question is whether these
challenges can be addressed and how outcome information can be used best to evaluate
performance.

We have addressed the following three questions in this paper. First, how large is the
variation in health outcomes across nursing homes? Second, to what extent can this
variation be attributed to differences in performance of the nursing homes rather than
to unobservable differences in case-mix? Third, is there any relationship with quality
indicators based on structure and processes? If such existing indicators to a large extent
explain variation in health outcomes, then complementing information on structure and
processes with information on outcomes may be of less importance.

We use detailed administrative data to estimate variation in performance on outcomes -
mortality and avoidable hospitalization risk – when correcting for observable case-mix
differences. In addition, we apply a novel test developed in the value-added literature
to examine the role of selection bias in nursing home outcomes. Finally, we examine
how these outcomes relate to nursing home characteristics on other dimensions.

After controlling for differences in case-mix, we find substantial heterogeneity in cli-
ents’ health outcomes across Dutch nursing homes. Due to the small population
sizes, the estimates are relatively imprecise, but we can statistically distinguish top
performers from bottom performers. We find that the probability of dying or being
hospitalized within 180 days after admission is 7 to 14 percentage points higher in the
five percent worst performing nursing homes compared to the best. The variation in
the avoidable hospitalization outcome is comparable to the variation in rehospitaliza-
tion rates of Skilled Nursing Facilities in the United States reported by (Rahman et al.,
2016), 2016. Moreover, we do not find that unobserved heterogeneity in client charac-
teristics due to non-random selection into nursing homes leads to biased performance
estimates. The correlation with other indicators of provider quality is limited, indicat-
ing that outcome-based estimates supplement existing process and structure indicators.

Although our findings suggests that nursing homes vary in terms of outcomes, the im-
precision in the point estimates is large compared to the observed differences. This
means that even when using detailed data and noise-reducing methods like empirical
Bayes, it remains difficult to measure variation in outcomes of small-scale providers.
As a consequence, differentiating between nursing homes based on performance on
outcomes, for example when benchmarking and in pay-for-performance schemes,
should be executed with caution, especially when considering the non-extremes.
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Our results imply that the observed variation in nursing home outcomes unbiasedly
predicts variation in causal mortality and avoidable hospitalization performance. This
is important, as it means that case-mix adjustment based on observable characteristics
is sufficient for measuring nursing home performance based on outcomes, at least on
average. However, selection bias may still be an issue in other settings: this study only
includes non-profit nursing homes and things may be different in other institutional
settings, e.g. for-profit nursing homes may have stronger incentives to attract health-
ier clients (Gandhi, 2023). Also the exclusion of nursing homes with fewer than 50
admissions is important: since our descriptive results show that there is at least some
selection into larger vs smaller nursing homes based on observables, there might also
be selection based on unobserved characteristics into these smaller homes.

While our results may be seen as reassuring with respect to selection at the aggregate
level, they do not imply that observed performance is unbiased for every nursing home
separately. Any selection bias due to unobserved heterogeneity may cancel out if it
happens to be in the negative direction for some nursing homes and in the positive
one for others. While the average bias could then be zero, it may still result into
misclassification of certain high performers as some of the lowest, as was observed
in the case of hospitals (Geweke et al., 2003; Gowrisankaran and Town, 1999; Hull,
2020). However, given that estimating a bias for individual entities requires sufficient
statistical power, this investigation was not feasible in our setting with small providers.
The question of whether case-mix adjusted performance on outcomes can be used to
promote quality improvements through pay-for-performance incentives remains thus
an open question.

All in all, our results suggest that in designing policies to improve the quality of nursing
home care, such as public reporting of quality, the dashboards should be expanded with
outcome measures. This is especially important in the long-term care sector for which
expenditures are expected to grow but for which information on outcomes is limited.
Having such additional information is useful, both for nursing homes themselves to
identify where improvements may be achievable, and for users aiming to make more
informed choices. As our findings suggest that there is no detectable selection bias
at the aggregate level, directing users to the nursing homes with the best observable
case-mix adjusted outcomes could generate positive benefits in terms of health.
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Abstract

We study negative spillovers of delayed nursing home admissions on hospitalisations.
Using Dutch administrative data at the individual level, we exploit plausibly exogen-
ous variation in within-region congestion for admission to nursing homes to account
for a potential selection bias in delays. Our instrumental-variable approach suggests
that delaying a nursing home admission by one month increases the risk of an urgent
hospitalisation by 1.4 percentage points (11% of the mean urgent hospitalisation prob-
ability). The effect is twice as large for individuals with dementia. We find similar
effects when we restrict hospitalisations to falls and document an increase in the num-
ber of days spent in a hospital conditional on a hospital visit. This implies that the
returns of policies and investments targeted at improving access to nursing homes can
spill over to the hospital sector.
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6.1 Introduction
Ensuring timely access to health care and long-term care is a major policy concern in
many OECD countries (OECD, 2021a). Population ageing and limited public funds
likely generate increases in excess demands and thus limit access further. These con-
cerns are particularly acute in the long-term care sector, which is labour intensive and
predominantly provides care to the older population (OECD, 2020b), which mean the
amount of excess demand may increase rapidly in the future. Understanding inter-
sectoral spillovers of excess demand for long-term care is important for decisions on
the optimal allocation of public funds across sectors and setting appropriate incentives
for healthcare providers and patients.

We study spillovers of excess demand for long-term care to the hospital care sector.
Excess demand for long-term care may create spillovers when less or less timely long-
term care may lead to health problems that require medical care, such as emergency de-
partment visits caused by falls or malnutrition (Crawford et al., 2021; Serrano-Alarcón
et al., 2022).1 Such spillovers impose a cost on society through the value of a health
loss and the additional cost of treating it.

Specifically, we evaluate if delayed nursing home admissions generate a negative ex-
ternality to the hospital sector through urgent hospitalisations. Whether delayed ad-
missions increase health care use is an empirical question. Delayed admissions are
to a large extent driven by waiting lists, which may be a successful way of triage if
they allocate scarce care to those who need it the most by incentivizing individuals
who benefit most from care to seek care at an alternative provider with no waiting
list. However, this is not necessarily the case in long-term care for three reasons. First,
people with severe cognitive impairment or other limitations may underestimate the be-
nefits of receiving care (Finkelstein and Notowidigdo, 2019). Second, if waiting times
are stochastic, individuals with low care needs may switch to low-demand providers
which increases the waiting times for everyone, including people with high care needs
(Leshno, 2022). Third, nursing home care providers decide on who is prioritized and
may have an incentive to admit healthier individuals to reduce costs or workload, espe-
cially when the nursing home is close to full capacity (Gandhi, 2023; He and Konetzka,
2015).

We exploit administrative data for the full population from the Netherlands on hospit-
alisations and nursing home admissions in 2015-2019. For each individual, we meas-
ure how long individuals wait before accessing a nursing home, and whether they are
hospitalised urgently (according to the physician in place) within a year. To address
non-random selection into delays, we adopt an instrumental variables approach. In line
with (Godøy et al., 2019; Hoe, 2022; Prudon, 2023), we instrument individual’s delay
to access a nursing home with congestion within the region of residence. Congestion is
measured by the average delay of other individuals with similar care needs who enter

1Spillovers could also occur if patients waiting for appropriate care receive health care that is an imper-
fect substitute, for example when hospitals keep patients longer than necessary because all nursing homes
are full (Gaughan et al., 2015; Moura, 2022).
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the waiting list for a nursing home admission around the same time. We show that
these fluctuations strongly predict the individual’s delay and explain that the timing of
eligibility is plausibly exogenous.

We find that individuals who experience longer delays to be admitted to a nursing home
are more likely to be hospitalised. More precisely, delaying a nursing home admission
by one additional month increases the probability of an urgent hospitalisations by 1.4
percentage points, equal to 11 percent of the average urgent hospitalisation rate. This
effect is mostly concentrated amongst individuals with moderate dementia care needs
and those who were hospitalised following a fall. We also explore possible underlying
mechanisms and show that our finding is likely to be explained by delays causing a
shorter exposure to the protective environment of a nursing home rather than health
deterioration while waiting for a place in a nursing home.

We make two contributions to the literature. First, we contribute to the literature (re-
viewed in more detail below) on spillover effects between health and long-term care.
Previous work on this topic focused on the spillovers of limited availability driven by
spending cuts, additional supply of care teams, cost-sharing or eligibility requirements
(Bakx et al., 2020b; Crawford et al., 2021; Forder, 2009; Kim and Lim, 2015; Moura,
2022; Serrano-Alarcón et al., 2022; Tenand et al., 2021). Our paper is the first to focus
on delays, which are a consequence of triage through waiting list. This differs from
rationing through cost-sharing or eligibility requirements as i) it is both demand and
supply driven; ii) the supply side plays a role in the allocation of care; and iii) they can
vary over time and across regions. Understanding the consequences of delays is im-
portant as they are a natural consequence of excess demand when prices are regulated,
which is the case in virtually all countries (Barber et al., 2021).

Second, we contribute to the literature on the causal effect of delayed treatments by
focusing on the long-term care sector and by evaluating the consequences in another
sector. Prior studies investigated the effect of delayed health care (e.g. longer waiting
times for coronary bypass surgery, hip replacement surgery or psychotic treatments)
on health outcomes (Moscelli et al., 2016; Nikolova et al., 2016; Reichert and Jac-
obs, 2018), or disability insurance on labour market outcomes (Bolhaar et al., 2019;
Deshpande and Li, 2019). Unlike the literature mentioned above, we look at outcomes
that are not a direct consequence of the treatment itself. There are two other studies
by Godøy et al. (2019) and Prudon (2023) who investigate spillover effects of wait-
ing times for orthopedic surgeries and mental health care on the labour market. Our
study focuses on the impact of delays for long-term care on health care use. This is
particularly relevant because these sectors share common resource, such as nurses and
public budgets, and treat the same patients but are typically organized and financed
separately.
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6.2 Background

6.2.1 Related literature

Our study contributes to the broader literature on spillover effects within and across
sectors. For example, within the health sector, Pinchbeck (2019) provides evidence
that improved access to primary care can reduce hospital emergency visits in Eng-
land, therefore generating a positive spillover from primary to secondary health care.
Within the long-term care sector, there is extensive literature investigating the inter-
face between informal care (e.g. provided by a spouse) and formal care (e.g. provided
by a professional or care provider). For example, Kim and Lim (2015) find that sub-
sidies to formal home care reduced informal care provision. In the opposite direction,
there is evidence that informal care provision reduces nursing home and home care use
(Charles and Sevak, 2005; Van Houtven and Norton, 2004).

Our focus is specifically on the interface and possible spillover effects between health
and formal long-term care on which there is a growing literature within a causal frame-
work.2 The relationship can go in both directions: from post-acute health care to nurs-
ing homes (Einav et al., 2021; Eliason et al., 2018) or from nursing homes to health
care (Bakx et al., 2020b; Gaughan et al., 2015; Moura, 2022; Serrano-Alarcón et al.,
2022). For example, entry and reimbursement rules in the United States post-acute care
sector are found to reduce nursing home care utilization. Einav et al. (2021) find that
the entry of post-acute care hospitals can substitute care provided in nursing homes and
creates inefficiencies as care provided in hospitals is more costly. Similarly, Eliason
et al. (2018) shows that post-acute care providers respond to financial reimbursement
incentives by discharging patients later to nursing home facilities.

We focus on spillovers from care provided by nursing homes to the health care sector.
Related studies use regional variation to examine the effect of long-term care on health
care utilisation. For example, Gaughan et al. (2015) and Moura (2022) exploit regional
variations in the supply of nursing home care in the United Kingdom and Portugal
and find that it increases hospital length of stay. Other studies consider differences in
public long-term care spending cuts or expansions across countries (Costa-i Font and
Vilaplana-Prieto, 2022) and across smaller geographical units (Crawford et al., 2021;
Forder, 2009). Their findings generally support the evidence of spillovers from long-
term care to health care, documenting negative effects of long-term care spending on
emergency department utilization and health care spending, though Crawford et al.
(2021) find no effect on inpatient admissions or outpatient visits. There are a few
other studies in which spillovers are identified using the introduction of long-term care
insurance (Feng et al., 2020) or plausibly exogenous variation in eligibility for long-
term care insurance benefits (Bakx et al., 2020b; Kim and Lim, 2015; Serrano-Alarcón
et al., 2022). The latter three studies compare individuals whose access to long-term
care insurance benefit is determined by the leniency of a randomly assigned eligibility
assessor (Bakx et al., 2020b; Serrano-Alarcón et al., 2022) or by an eligibility threshold

2See Spiers et al. (2019) for an overview including non-causal studies.
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(Kim and Lim, 2015). All studies find evidence of spillovers from long-term care to
(urgent) health care use or spending. Still, the impact of the actual use of nursing
home care and the mechanisms behind the spillovers reported remains unexplored. We
contribute to this evidence by focusing on delayed admissions to nursing homes in the
context of the Netherlands.

6.2.2 Institutional context
Organization and financing of formal long-term care in the Netherlands
Nursing home care is organized and financed through the universal Long-term Care
Act (in Dutch: Wet langdurige zorg). This care is coordinated by regional single-
payers which contract providers, with whom they negotiate volume caps and prices.

Providers are private organizations. These organizations are subject to regulation. For
example, they should adhere to certain quality standards, and they are prohibited from
making a profit (Bakx et al., 2021). There is a small, but increasing, number of for-
profit providers. Capacity is fixed in the short run because of personnel and real estate
shortages and the contract requirements set by the regional single-payers are seen as
an obstacle to enter the market (ACM, 2021).

Providers receive a per diem rate, which is adjusted for the intensity of care, but not
for the income or wealth of residents or other factors.

Individuals apply for insurance benefits at an independent agency. The main eligibility
criterion is that the applicant requires round-the-clock supervision and/or care.3 The
agency decides on i) whether the applicant meets the eligibility criteria; and ii) the
intensity of care that the person is eligible to receive, which is referred to as a care
profile.4

Recipients pay a relatively low co-payment, which is dependent on their income,
wealth (Tenand et al., 2021) and whether they receive care in the nursing home or
in their own home, but the co-payment does not depend on the provider from whom
they receive care. This means there are no price differences across providers for the
care recipient.

Individuals who are eligible for insurance benefits choose between: i) in-kind nurs-
ing home care; ii) in-kind care at home (in Dutch: Modulair Pakket Thuis or Volledig
Pakket Thuis); or iii) a voucher to contract a provider themselves (in Dutch: Per-
soonsgebonden Budget). Given that the latter group would never use their voucher for
an admission to a regular nursing home, we focus on recipients of in-kind care (93% of
all eligible in 2020 (Statistics Netherlands, 2023c,b)), for whom all costs are covered,
including room and board in case of a nursing home admission.

In the Netherlands, like in various other OECD countries, nursing home care mainly
refers to long-term institutionalized care, which is medicalised and typically serves an

3The eligibility process is depicted in Figure E1 in the Appendix.
4The decision should be exclusively driven by care needs, and hence not be affected by waiting lists

(Bakx et al., 2021).
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older population with multiple and complex (mental) health conditions, such as heart
disease and dementia (de Bienassis et al., 2020; SCP, 2021). Most nursing homes
organisations employ medical staff which take over most primary and medical care
services, except for hospital visits. Similar as in the United States, some nursing homes
also provide short-term rehabilitation or post-acute care at separate departments or
locations. These individuals are financed through another scheme which means we do
not observe them in our data. Nonetheless, the majority of nursing home residents in
the Netherlands move permanently, implying that most people who are admitted to a
nursing home stay there for the remainder of their life (Bom, 2021).

The alternative to a nursing home admission is to receive formal care at home. This
may involve regular visits of a care professional, washing and dressing and other daily
tasks, depending on what the individual needs (SCP, 2019b). For individuals who
are eligible for long-term care insurance benefits who choose to receive care at home,
this home care can be (and is often) complemented by resources and medical care
services from two other schemes, such as the provision of a wheelchair, visits to the
general practitioner and medication.5 This implies that people who receive in-kind
care at home may be more likely to consume services beyond the Long-term Care Act
compared to people who receive in-kind nursing home care.

Delays in access to nursing homes
People who are eligible to receive care paid for through the Long-term Care Act can
choose any provider that is available at that point. Preferences for where to receive
care - either in at home or in a nursing home - and choice of provider are given to
their regional care office, who can connect them to their preferred provider. If the
recipient’s preferred provider has no bed available, the recipient has two options: i)
either temporarily receive in-kind care at home while waiting for an available bed; or
ii) be immediately admitted to another nursing home. In both cases, they may be placed
on the waiting list for a bed at their preferred location. If there are no beds available at
any provider within the recipient’s region of residence, this alternative provider can be
located in a different region.6 Some individuals applied for eligibility out of precaution
and choose to wait and receive care in their own home, even if there is a bed available
at their preferred provider.

Management of waiting lists for nursing homes
The waiting lists are managed by nursing home providers and monitored by the re-
gional care offices. Nursing homes decide which recipients to admit based on the time
of application and level of urgency (Hanning and van Vliet, 2016). The regional care
offices monitor the waiting lists with a focus on preventing eligible individuals exper-
iencing a very long waiting time. The maximum acceptable waiting time for nursing
home care – set by a group of representatives consisting of care providers and insurers

5The Social Support Act (Wmo) organizes and finances assistance in daily living, such as help with
cleaning or groceries. This care is organized by municipalities(Bakx et al., 2021). In addition, the Health
Insurance Act, covers medical care, such as visits at the general practitioner or hospital, medication. Both
schemes have universal coverage and also provide home care to individuals who are not eligible for a nursing
home admission.

6In practice, it never happens that all nursing home beds in the Netherlands are occupied.
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– during our study period was 1.5 months (NZa, 2021). However, given excess de-
mand, this target became infeasible and the maximum wait has been increased to 6 up
to 12 months in 2021, depending on whether they wait for a preferred provider (12
months) or not (6 months) (Actiz, nd). In 2022, 11 percent of the individuals on the
waiting list waited longer than the maximum period of 12 months (Zorgverzekeraars
Nederland, 2023).

6.3 Data

6.3.1 Data sources
We use administrative data at the individual and household level from Statistics Neth-
erlands. To identify delays of nursing home admissions, we link data on an individual’s
eligibility status required to access a nursing home (including the effective date) from
the Central assessment agency (CIZ) to data on long-term care use from the Central
administration office for long-term care insurance (CAK). At the individual level, we
also link data on inpatient hospital admissions (including date and diagnoses) from all
hospitals in the Netherlands from Dutch Hospital Data. Linkages are based on an exact
match using (pseudonymized) identifiers for each individual. More information about
the data and corresponding sources can be found in Appendix Table E4.

6.3.2 Study population
The study population consists of individuals who became eligible to receive care in
a nursing home between 1 April 2015 and 31 December 2018.7 Because individuals
have been assessed as being eligible and hence require round-the-clock supervision
or care, this population is well suited to analyse the impact of postponing nursing
home admissions, as lack of round-the-clock supervision could, for this group, lead to
adverse health outcomes.

We restrict the study population in five ways (see also Appendix Table E3 for the exact
numbers). First, we create a more homogeneous population by removing those who
purchase nursing home care via personal budgets before admission8, and those who

7We restrict to 1 April 2015 to be able to construct the instrumental variable (which is based on people
who were eligible up to 3 months before). We restrict to 31 December 2018 to observe hospitalisations
within one year after eligibility but prior to the pandemic.

8Instead of receiving in-kind services, one could also opt for receiving an earmarked personal budget
(PGB) to self-purchase long-term care services, for instance at a for-profit provider. This scheme is increas-
ingly being used, but it only constitutes 7 percent of all care recipients within the Long-term Care Act in
2019 (Statistics Netherlands, 2022a). Because we do not have full information about the care that these
individuals use, they are excluded from this study. In some cases, in 2017 approximately five thousand,
individuals utilize the in-kind scheme for formal home care from the Long-term Care Act to receive nursing
home care at a for-profit facilities and pay room and board out of pocket (Hussem et al., 2020). We do not
identify these individuals, and they are therefore (mis)classified delaying their nursing home admission. If
anything, we expect this would bias our results to zero, and our estimate would be a lower bound of the true
effect since these individuals may benefit from receiving care in a nursing home while they are reported to
be waiting at home.
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are at younger than 65 years at eligibility. Second, we exclude those who delayed their
admission by more than one year, as this likely reflects a strong preference to receive
care at home instead of in the nursing home. Third, we drop those admitted out of
a critical situation, identified by receiving their eligibility while in a hospital, also to
limit the influence of hospital re-admissions. Fourth and most notably, to equalize the
exposure to hospitalisations to one year, we exclude those who died within one year
after eligibility. We examine whether selection on survival affects our results in Section
6.5.5. To focus on permanent nursing home admissions only, we exclude individuals
if they (temporarily) moved out of the nursing home after their first admission and
within one year after eligibility. Finally, we drop individuals with missing data on the
covariates. This results in a sample of 72,762 individuals.

6.3.3 Care profiles
Because nursing home residents constitute a particularly heterogeneous group, our
sample is split into three groups, defined by a (combination of) care profile(s) (in
Dutch: Zorgzwaartepakket - ZZP). A care profile is set by an independent agency when
granting eligibility and reflects the individual’s care needs. We use the care profiles
that grant access to admission to a nursing home and make three groups (see also Ap-
pendix Table E2).9 First, we differentiate between people with moderate vs high care
needs.10 Then, among the people with moderate care needs, we split between people
who require care for dementia or related conditions and people who require care for all
other somatic morbidities. We make this additional split because providers generally
have separate departments (and therefore separate waiting lists) for these two groups
because of their different needs: whereas people with dementia need space to won-
der around and protection to prevent them from walking away, people with physical
impairments require assistance with getting out of bed, washing, eating and drinking.
The high-need group also includes people with dementia or related conditions, but they
only make up for 4 of all high-need individuals.

6.3.4 Measuring delays
Our variable of interest is the delay in nursing home admission. As shown in Figure 6.1,
we define this as the number of days between the date on which the central assessment
agency decides that an individual is eligible for admission to a nursing home and the
(first) admission to the nursing home (Basis Wettenbestand, 2018).11,12 The date of
admission to the nursing home is the date when an individual starts paying co-payments
for receiving institutionalized care within the Long-term Care Act. For example, if

9Individuals eligible for rehabilitative or palliative care are excluded.
10We do not have a low-need group as all individuals who are granted eligibility require a minimum level

of care needs.
11In some cases, for example, if eligibility is received in the hospital or another crisis situation, eligibility

can be adjusted retrospectively to the date of the request. To limit the influence of such adjustments, we drop
those who received their eligibility while staying in the hospital.

12In practice, people can have multiple eligibility assessments, for example, when they require additional
care and move to another care profile. We focus only on an individual’s first positive assessment.
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Figure 6.1: Timeline for someone admitted to a nursing home six months after eligib-
ility

At home In the nursing home

Care Needs
Assessment Centre

Hospitalizations
occurring while

at home

Hospitalizations
occurring while in
the nursing home

Start of
eligibility

Nursing home
admission

One year after
eligibility

Variable of interest:
waiting time/delay

Outcome variable: having an
urgent hospitalization within one

year after eligibility

Notes: Figure depicts an example of someone admitted to a nursing home within 6 months after eligibility.
The figure shows that: i) delays to nursing home admissions are measured by the number of days between the
start of eligibility to receive care in a nursing home and the admission to a nursing home; and ii) outcomes
are measured over a one-year period after the start of eligibility, and can be observed either during the delay
period at home or in the nursing home.

someone’s eligibility decision is made on January 1st 2017, and they start incurring
costs for receiving nursing home care on July 1st 2017, their delay is 181 days. As
mentioned in the previous paragraph, we drop all individuals who delay by more than
one year, which is the maximum acceptable waiting time when waiting for a preferred
provider (Actiz, nd). We cannot observe whether an individual delays a nursing home
admission because of preferences to receive care in at home or because there are no
beds available at the preferred provider.

Figure 6.2 shows that the distributions of delays are right-skewed for all three care pro-
files: most people have no or short waits. While many individuals experience delays of
less than 10 days (between 35% and 55%), a significant proportion (22% to 43%) have
delays of more than 42 days (i.e. the maximum acceptable waiting time of 6 weeks).
There is heterogeneity in delays across care profiles, with those with the highest care
needs (Higher care profile) having the shortest delays.

6.3.5 Urgent hospitalisations
Our outcome of interest is the occurrence of an urgent hospitalisation. A hospitalisa-
tion is classified as urgent if the hospitalisation occurred within 24 hours following a
decision to admit from a physician. More than 90 percent of urgent hospitalisations
in our sample in 2018 are redirected from the emergency department.13 The most
common (main) diagnoses for the first urgent hospitalisation are: hip fractures (15%),
heart failures (8.9%), pneumonia (8.0%), disorders of the urinary system (including

13We only observe information on re-directions from the emergency department in the year 2018.



CHAPTER 6 109

Figure 6.2: Distribution of delays in nursing home admissions by care profile

Notes: Figure shows the distribution of delays by care profile. The x-axis represent the number of days of
delay for a nursing home admission in bins of 10 days. The y-axis represent the share of all individuals with
the specific care profile that delayed by the number of days within each of the bins.

urinary tract infections) (6.9%), and stroke (4.6%) (the 20 most common diagnoses are
reported in Appendix Table E5). Focusing on urgent hospitalisations only limits the
influence of possible anticipation effects (for example, associated with planned care)
that might also influence the timing of a nursing home admission.

To evaluate the impact of nursing home admission delays on hospitalisation risk, we
measure whether each individual in our sample had an urgent hospitalisation within
one year following eligibility for a nursing home (see also Figure 6.1). This implies
that for most individuals, the period covers both the time spent at home while waiting
for a place in the nursing home and the time spent in the nursing home since admission
to the nursing home. Some individuals will be admitted directly to a nursing home
after eligibility, that is, they have a waiting time of zero days.
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6.3.6 Control variables
We control for various proxies for an individual’s underlying health to limit the po-
tential bias occurring from differences in health between people who delay and people
who do not (or briefly) delay. Table E4 provides a full overview of all control variables
and definitions.

To control for demographics, we include sex and age at eligibility (in 5-year age
groups). Additionally, we correct for underlying health using information on the indi-
vidual’s care profile and prior care utilisation. These include: i) care profile at eligibil-
ity, either dementia, less intense or more intense care needs; ii) healthcare expenditures
for primary and hospital care services covered by the basic insurance package in the
calendar year prior to eligibility for nursing home care (i.e. defined at the start of
our observation period); iii) an indicator for whether an individual was hospitalized
in the month before eligibility; iv) 17 dummies for Charlson co-morbidities (see also
Sundararajan et al. 2004), based on diagnoses following a hospital visit in the year
prior to eligibility; v) 18 dummies for relevant types of medicines consumed in the cal-
endar year prior to eligibility, selected using Lasso14; and vi) an indicator for whether
someone received eligibility status during the flu season. Furthermore, we include the
individual’s household wealth (excluding housing wealth) in the calendar year before
eligibility and whether they were a house owner.15

Finally, we include year and regional fixed effects to account for differences across
regions and years that could affect delayed admissions to nursing homes and hospital
care use, for example, the supply of nurses. Regions are based on 31 regional care
office areas within which long-term care is purchased and facilitated. They vary in
terms of size and demographics, ranging from a population size of 180 thousand to 1.3
million with a proportion of 65 years and over between 74 and 80 percent (Statistics
Netherlands, 2023a), and consequently face different levels of demand and supply for
long-term care. For example, the northern regions have the lowest shares of individuals
on waiting lists (less than 6 %), compared to some of the the south-eastern regions
(more than 16 %) (see NZa 2021 for a greater discussion of differences in long-term
care across these regions).

6.3.7 Descriptive statistics
Table 6.1 presents descriptive statistics for the full sample and separately by care pro-
file. Across the whole sample, 68.6% are women, 54% are 80-89 years old, 4.4% had
a hospitalization in the 30 days prior to eligibility. On average, the sample incurred
e3,819 on hospital expenditures and e352 on general practitioners care in the cal-
endar year prior to eligibility. About 34 percent of the sample owned a house in the
calendar year prior to eligibility. One third received the eligibility status during the flu

14Selected from a linear model with our urgent hospitalisation outcome as a dependent variable and all
3-digit ATC-codes as explanatory variables.

15We also considered disposable household income, but wealth is more informative as a proxy of so-
cioeconomic status for the age group we study(Spiers et al., 2022).
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Table 6.1: Descriptive statistics of study sample, total and by care profile

By care profile
Full sample Moderate

somatic care
needs

Moderate
dementia
care needs

High care
needs

Outcome: Urgent hospitalization (%)
15.9 20.0 12.9 18.1

Variable of interest: Delays (in days)
63.6 64.9 73.0 38.3

Instrumental variable: Average delays in region, period and care profile
52.5 54.6 60.6 29.2

Covariates (excl. medication and Charlson comorbidity dummies):
Women (%) 68.6 72.5 67.9 65.1
Age-group (%)

65-69 years 3.5 2.0 3.1 6.4
70-74 years 7.5 4.7 7.9 9.9
75-79 years 14.6 10.9 16.2 15.2
80-84 years 25.1 23.5 27.0 22.2
85-89 years 28.9 32.6 28.9 24
90-94 years 16.4 20.9 14.0 16.8

95+ years 4.1 5.3 2.9 5.5
Healthcare exp. on GP care (x1000e) 0.352 0.366 0.332 0.386
Healthcare exp. on hospital care
(x1000e)

3.819 4.236 2.587 6.395

Hospitalization in last 30 days 4.4 4.8 3.3 6.3
Wealth (%)

<e5,000 21.5 22.5 20.1 23.5
e5,000-e20,000 25.9 28.8 25.0 24.7
e20,000-e50,000 23.9 24.2 24.2 22.7

>e50,000 28.7 24.4 30.7 29.1
Home ownership (%) 34.4 28.6 37.4 34.4
Eligibility in flu season (%) 29.5 29.1 30.1 28.7
Year of eligibility (%)

2015 16.5 15.7 16.6 17.3
2016 24.9 24.6 24.7 25.8
2017 27.5 28.1 27.5 26.8
2018 31.1 31.6 31.3 30.0

Observations 72,762 19,556 38,125 15,081
(%) 100 26.9 52.4 20.7
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season, and the largest proportion of the sample (31 percent) in the year 2018. In addi-
tion, people who are about to enter a nursing home with dementia care needs constitute
52 percent of the sample and are generally a bit younger, more wealthy, and consumed
less medical care prior to eligibility compared to the average.

6.4 Empirical Strategy

6.4.1 Baseline estimation
Our regression model is specified as the following linear probability model16:

Hospirc = α +βDelayirc +Xiγ +νr +ρc + εirc, (6.1)

where Hospirc is a binary variable that represents whether individual i in region r with
care profile c had at least one urgent hospitalisation within one year after eligibility, α

is the constant, and εirc is an idiosyncratic error term. We are interested in the impact
of Delayirc, which is the number of days an individual’s nursing home admission was
delayed. The parameter of interest, β , represents the effect of a one-day delay in
nursing home admission on the risk of having an urgent hospitalisation within one
year following eligibility. A hospitalisation, within one year of eligibility, can occur
while the individual is at his/her place of residence or already at the nursing home.

Since health can be both related to the urgency of the nursing home admission and
hospital use, insufficient control for differences in health and need for health care may
create bias in the key relationship of interest between delays and hospitalisation. There-
fore, we include a vector of individual level controls Xi (see also Section 6.3.6). The
impact of delays for nursing home admissions on hospital care use could also be biased
by (unobserved) regional differences, for example, if there is regional variation in un-
observed care needs, or in labor supply, which may both affect the long-term care and
health care sectors. To control for such between region variation, we include a region
fixed effect νr. The same holds for differences across care profiles, as these have differ-
ent (health)care needs. At the same time, while formally there are no separate waiting
lists, the allocation of nursing home beds is likely organized within care profiles, as
they require different resources, such as a closed unit for people with dementia vs as-
sistance with getting out of bed for others. To account for this, we include care profile
fixed effects ρc and estimate the regression for the three care profiles separately.

6.4.2 Potential sources of endogeneity
The aim of this paper is to estimate the causal impact of delaying a nursing home
admission on the risk of being hospitalised. Delays should therefore be exogenous to

16While our measure of outcome, hospitalisation, is binary, we prefer to specify the model as a linear
probability model (LPM) to enable the use of two-stage least squares estimation to deal with the potential
endogeneity of nursing home delay. Given the proportion of hospitalisations recorded does not fall close
to 0 or 1 (the proportion of urgent hospitalisations range from 0.13 (moderate dementia care needs sample)
to 0.20 (lower care needs sample) - see Table 6.1 - and that sample sizes are large, estimation from a LPM
should approximate well estimates from a probit model.
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other (unobserved) factors determining urgent hospital use. However, we identify two
possible threats to identification.

First, both delays and the risk of hospitalisation may be driven by an individual’s un-
derlying health. We expect nursing home admissions to be more urgent for individuals
who are most ill. On the demand side, sicker individuals may be less inclined to post-
pone their admission. On the supply side, providers may give priority to the most
urgent cases. Both result in shorter delays. Unobserved health factors are likely to
underestimate the causal estimate of the impact of delays on hospital care use if more
severely ill clients are also more likely to be hospitalised. To mitigate these concerns,
our empirical model includes a range of control variables related to patient health, such
as healthcare expenditures in the past year, previous hospitalisations, prescribed med-
ication, and a set of dummy variables for co-morbidities. We also estimate Equation
(6.1) on sub-samples defined by care profiles.

Second, while delays in nursing home admissions may impact hospitalisations, hospit-
alisations may also impact delays. If someone is hospitalised and is assessed to be too
frail to return home, they are put on an urgent waiting list to be admitted to an available
nursing home as soon as possible (Zorgverzekeraars Nederland, 2023). This implies
that a hospitalisation while waiting for a nursing home is likely to lead to a shorter
waiting time, causing a downward bias in our estimate of interest.

6.4.3 Instrumental variable analysis
Defining the instrument
To account for potential endogeneity of the delay in nursing home admission, we fol-
low Bensnes and Huitfeldt (2021), Godøy et al. (2019), Hoe (2022) and Prudon (2023)
by exploiting plausibly quasi-random variation in congestion within regional markets
over time. We define waiting list congestion as the average delay across all individuals,
j = 1, . . . ,Ji, ( j ̸= i) who became eligible in the time window starting 45 days before
and ending 45 days after individual i’s eligibility commenced, who reside in the same
region, r, and have the same care profile, c, as individual i:

Congestionirc =
∑

Ji
j=1 Delay j

Ji
. (6.2)

Variation in congestion is therefore derived from differences in the timing of eligib-
ility, region of residence, and the care profile to which individual i belongs. We use
the measure for congestion as an instrumental variable for the potentially endogenous
nursing home delay in combination with region and care profile fixed effects in the
first- and second-stage. With this, we exploit within region and care profile variation
only.

Within regional variation in congestion (i.e. average delays) can be driven by (quasi-)
random shocks in nursing home care demand or supply. The red line in Figure 6.3
shows how delays vary over time by care profile in the largest region in our sample
(Utrecht). The differences between the red (actual average monthly delay) and the
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blue line (predicted monthly delay) illustrates shocks in congestion used for identi-
fication: the unexplained within region and care profile variation in delays over time.
We observe that delays are in some periods systematically lower/higher than expected
based on the characteristics of individuals entering the wait list (e.g. higher in Septem-
ber 2015 - September 2016 for people with moderate dementia care needs and lower
in September 2016 - September 2017 for people with high care needs). Such system-
atic variations in delays arise, for instance, after a new nursing home facility enters the
market, and if increasing salaries in other sectors create staff shortages in the nursing
home market, and are expected to increase the delay of individuals who enter the wait
list in this period.

Figure 6.3: Average and predicted delays for largest region in the sample

Notes: Figure shows for region with most observations in the sample (Utrecht) by care profile the actual
average monthly delays (red thin line) and expected average monthly delays (blue thick line). Expected
delays are predicted at the individual level using the coefficients of a regression with delays as a dependent
variable and all covariates, year and influenza season fixed effects, and afterwards averaged over regions and
care profiles.

First-stage equation
To obtain the causal impact of a delay to a nursing home admission on the risk of
hospitalisation, we estimate a two-stage least squares (2SLS) regression with robust
standard errors. The first stage exploits within regional variation in congestion by care
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profile as an instrumental variable such that:

Delayirc = λ +δCongestionirc +Xiθ +µr +ρc + εirc, (6.3)

where Delayirc is the delay (in days) in the nursing home admission of individual i in
region r with care profile c. Congestionirc represents the instrumental variable, defined
in Equation (6.2). By including region and care profile fixed effects (µr and ρc), iden-
tification relies on within region and within care profile variation in congestion.

6.4.4 Assumptions
Identification requires the instrument satisfies the following three assumptions: i) wait-
ing list congestion should strongly predict an individual’s delay (relevance); ii) conges-
tion levels should be exogenous within region, year and care profile groups (independ-
ence); and iii) nursing home congestion should affect hospital use only through delayed
nursing home admissions (exclusion). There are two main threats to these identifying
assumptions. First, shocks to the local health care economy that impact both nursing
home congestion and hospital capacity. For example, a (sudden) shortage in nurse la-
bour supply, could cause shocks in the hospital sector and affect the amount of care
provided in nursing homes. This would violate the exclusion restriction if it affects
hospitalisation rates. Given that we focus on urgent hospitalisations only for which
such constraints are irrelevant, these shocks are unlikely to affect our outcome directly.
In Appendix E we show there is no strong correlation between fluctuations in nursing
home congestion and fluctuations in urgent hospitalisations among the population aged
65 years and over.17

A second threat is that the composition of individuals who receive eligibility may differ
in times of congestion than when access is more readily available. This could happen
if unhealthier people opt out of the system by seeking care in the for-profit market,
or where individuals strategically apply for eligibility in advance to attain a more fa-
vourable place on the waiting list when congestion is particularly acute. We expect
these factors to be of little influence since the for-profit market in the Netherlands is
relatively small (the share of beds in the for profit market is estimated at less than 5
percent of all nursing home beds during our study period (SCP, 2019a)). In addition,
if individuals behave strategically in times of congestion by applying for eligibility at
an early stage than they would otherwise, then we would expect to observe the share of
negative eligibility assessment results to vary with the level of congestion since assess-
ments are based solely on the care needs of applicants (Bakx et al., 2021). In Section
6.5.2 and Appendix E we show that congestion is neither (strongly) related to the share
of negative eligibility assessment results, nor to the share of people purchasing care
with personal budgets (partly used for the for-profit sector), nor to observable proxies
for individual health.

17The assumption would also be violated if there are specific time periods in the year in which congestion
is especially high or low in both nursing homes and hospitals, such as in December or in the flu season. We
therefore include becoming eligible during the flu season as an additional control, and include month-by-year
fixed effects as a sensitivity test.
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We estimate a local average treatment effect (LATE), which is driven by those who
delay during periods of congestion (i.e. the compliers), for example, because they
decide to wait for an available bed at their preferred provider. It excludes i) those
who do not delay when there is congestion (i.e. never-takers), for example, because
their admission is very urgent; and ii) those who delay when there is no congestion
(i.e. always-takers), for example, because they would always prefer to postpone their
admission to maintain independent living. We rule out defiers - individuals who delay
when there is no congestion and do not delay when there is congestion. In the Section
6.5.2, we argue that the monotonicity assumption is likely to be satisfied.

6.5 Results

6.5.1 Main results
Full sample
Panel A of Table 6.2 presents the second stage results, β̂ , from Equation (6.1). Full
sample results, presented in column (1), suggest that a one-day delay to a nursing home
admission increases the probability of an urgent hospitalisation by 0.047 percentage
points. The estimated coefficient is statistically significant at the 1 percent level and
economically meaningful: individuals who delay by one additional month are 1.4 per-
centage points more likely to have an urgent hospitalisation within the year following
eligibility. This is equivalent to a 11% increase relative to the mean and implies longer
delays in accessing nursing home care increase urgent hospitalisations, at least at the
extensive margin.

By care profile
To examine heterogeneity in the estimated effect, we differentiate between groups
based on an individual’s care profile at eligibility. This is useful for identifying groups
that are particularly vulnerable to the consequences of delayed access to nursing home
care. The results in columns (2) to (4) in Table 6.2 demonstrate that the estimated
impact for the full sample (column (1)) is largely driven by people with dementia care
needs. These constitute the largest group in our sample. For these individuals an ad-
ditional month of delay increases the probability of at least one urgent hospitalisation
within the year following eligibility by 3.1 percentage points. This represents a 24%
increase relative to the mean for this group. While the effect size for individuals with
high care needs is economically meaningful, it is too imprecisely estimated to neglect
the possibility of a null effect. Even though the first stage results in columns (2) to (4)
of Table 6.2 (Panel B) point to sufficiently strong first stages, particularly for the mod-
erate dementia and high care needs groups, the second-stage estimated coefficients are
somewhat imprecisely estimated. Accordingly, we interpret these results with some
caution.

Delays having the largest effect on hospitalisations for individuals with dementia ap-
pears plausible. First, the disease profile and the appropriate treatment for mental
health conditions such as dementia may be less obvious than for physical impairments.
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Table 6.2: The effect of delayed nursing home admissions on urgent hospital use

By care profile
Full sample Moderate

dementia
care needs

Moderate
somatic
care needs

High care
needs

(1) (2) (3) (4)
Panel A: Second stage result (outcome = urgent hospital use)
D̂elay (in days) 0.00047*** 0.00101* 0.00013 0.00038

(0.00018) (0.00056) (0.00084) (0.00047)

Panel B: First stage result (endogenous var = delay in nursing home admission)
Instrument: congestion 0.652*** 0.335*** 0.312*** 0.676***

(0.0282) (0.0518) (0.0599) (0.0656)

F-statistic 534.0 41.8 27.1 106.2
Care profile fixed effects Yes No No No
Observations 72,762 38,125 19,556 15,081
Mean dept. var 0.1588 0.1291 0.1993 0.1813

All models include all covariates and year, region and care profile fixed effects. The reported F-statistic denotes
the effective F statistic on the excluded instrument (see also Footnote 20).
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1 percent; ∗∗ at 5 percent;
∗ at 10 percent.

As a result, assessing the urgency of someone’s nursing home admission (either by an
individual, their relatives or a professional) may be more ambiguous for this group.
Second, people with moderate somatic care needs mainly require assistance with daily
activities like dressing and feeding, while people with dementia also require a protect-
ive environment. Extensive home care, consisting of regular visits to the care recipient,
can more easily provide assistance with such daily activities, but may fail to create a
consistent protective environment. Formal home care may, therefore, be more success-
ful in substituting nursing home care to prevent hospitalisations for people requiring
assistance with daily activities than for people who need round-the-clock supervision
or care.

Comparison to OLS results
We report the results from a regression without accounting for selection bias from
unobservables and reverse causality in Panel A of Appendix Table E6. The OLS-
estimate for the full sample is 23% smaller compared to the IV-estimate reported in
Table 6.2. This is in line with our expectations as we presumed a negative bias driven
by: i) individuals with better underlying health likely having longer delays and a lower
risk to be hospitalised; and ii) hospitalisations while waiting for a nursing home bed
causing shorter delays (see also Section 6.4.2).

While the IV-estimate is larger than the OLS-estimate for the moderate dementia group,
it is the other way around for individuals with moderate somatic and high care needs.
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The difference could occur if the relationship between unobserved health and the hos-
pitalisation risk or delayed admissions differs across care needs groups. Although we
do not observe pronounced differences based on observable proxies for health (results
available upon request), the decision to delay or not and the allocation of beds may dif-
fer between care profiles. Another potential explanation is that the group of compliers
could alter between care profiles.

6.5.2 Assessing the instrumental variable assumptions
We argue that our instrument satisfies the assumptions required to obtain a causal es-
timate of delays on urgent hospitalisation by considering its relevance, the exclusion
restriction and independence.18

Relevance
Panel B of Table 6.2 reports the first-stage results and provides support that variation in
congestion strongly predicts individual level delays. Individuals who become eligible
to receive nursing home care in a period in which the average delay (i.e. congestion)
in their region for their care profile is one day longer on average wait 0.65 days longer
to be admitted to a nursing home. The F-statistic to test the null hypothesis that the
instrument has no effect on delays is large at 534 for the full sample estimates, and is
far greater than conventional ‘rule-of-thumb’ values and more contemporary suggested
values (for example, F as large as 105 to ensure a test with significance level 0.05, Lee
et al. (2022)) to secure instrument relevance.19,20 This suggests that our instrument is
sufficiently strong.

Exclusion restriction
As discussed in Section 6.4.4, the exclusion restriction would be violated should shocks
that affect nursing home congestion also affect hospital capacity, and therein hospit-
alisation rates. We cannot formally test this, but we can check whether within year,
region and care profile variation in congestion correlates to within year and region
variation in the number of urgent hospitalisations among all 65+ year-olds (see also
Appendix E). The correlation equals -0.077, suggesting that variation in congestion
in the nursing home sector is not strongly related to variation in urgent hospitalisa-
tions. Additionally, in Section 6.5.5 we show our results are robust to the inclusion of
month-by-year fixed effects and hence not biased by seasonal differences.

18We also assume monotonicity, which in our setting means that individuals who delay when there is
no congestion should also delay if they become eligible for nursing home care in another region or period
when there is congestion. Appendix Figure E3 and E4 demonstrate that the relationship between congestion
and individual delays is strictly positive for every level of congestion and subgroups of different care needs.
Frandsen et al. (2023) argue that such findings at the group level are sufficient at least for a weaker monoton-
icity assumption as long as every individual complies to sufficient levels of congestion in sufficient region
and time period combinations. According to the authors, under the other instrumental variable assumptions,
the weaker monotonicity assumption is sufficient for a causal interpretation.

19See Lal et al. (2021) for a wider discussion.
20We report the effective F-statistic which is robust to heteroskedasticity and compare it to the Montiel

Olea and Pflueger (2013) critical value of, in our case, 37.4 with a maximum bias of 5 percent and 23.1 with
a maximum bias of 10 percent.
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Independence
The independence assumption requires the composition of individuals (related to hos-
pitalisation risk) to be independent of our instrument, nursing home congestion. We as-
sess the plausibility of this assumption by examining the relationship between a broad
set of individual characteristics and our measure of congestion. Table E7 in the Ap-
pendix demonstrates that the observed characteristics are unrelated to congestion (con-
ditionally on year, region, care profile and influenza fixed effects, and on the other
characteristics contained in Equation (6.1)). Almost all coefficients are not statistically
different from zero at the 5 percent level. There are a few exceptions, but the mag-
nitudes of these coefficients are relatively small when compared to the relationship
with individual level delays (endogenous variable). This suggests that the observed
characteristics of individuals who receive eligibility in times of high congestion are
not different from those of individuals who receive it at times of low congestion.21

The test above does not rule out selection on unobserved characteristics. A part of
the individuals’ underlying health at baseline (eligibility) might not be measured by
our proxies, but might be observable to the eligibility assessor. Hence, if individuals
who apply for eligibility in times of congestion are in better (worse) unobservable
health, we would expect the eligibility assessment result to be negative (positive) more
often during these periods. However, we find no correlation (ρ = 0.0020) between
congestion and the share of negative eligibility assessment results over time (results
are reported in Table E) in the Appendix. This suggests that the individuals who apply
for eligibility when there is congestion are not in (unobservably) better or worse health.

6.5.3 Characterising compliers
As shown in subsection 6.5.1, our IV-estimate exceeds the OLS-estimate. The differ-
ence can be attributed not only to a negative bias, but also to the composition of a
Local Average Treatment Effect (LATE), particularly when the effect of delays on ur-
gent hospitalisations for the group affected by the instrument (compliers) differs from
the treatment effect among those who are not. To better understand whether the LATE
is driven by treatment effects of individuals with specific characteristics, we estimate
the first-stage for relevant subgroups separately. Examining the characteristics of com-
pliers is a relevant policy question on itself, as it sheds light on which subgroups are
most affected by the consequences of shortages of nursing home care.

Appendix Figure E4 shows the coefficient and 95 percent confidence intervals of the in-
strument congestion in the first stage regression using individual delays as an outcome
for different sub-samples. Although most coefficients fall within each other’s confid-
ence bounds, there are some small differences. The coefficients are somewhat larger

21As an additional check, we examine the coefficient stability of the instrument by estimating the
reduced-form regression with our urgent hospitalisation outcome on the instrument including and exclud-
ing our usual covariates (see also Appendix table E6). We find that the reduced-form coefficient is stable
when including (observable) individual characteristics. This may give some confidence for that the relation-
ship between our instrument and urgent hospitalisations is not confounded by selection, at least based on
observable characteristics (Oster, 2019).
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among individuals who had higher expenditures on GP and hospital care in the calen-
dar year prior to receiving the eligibility status, and for those with a higher predicted
probability to be hospitalized in the year after eligibility based on observed character-
istics. On the other hand, delays of individuals who were hospitalised in the last 30
days before eligibility seem to be least affected by congestion, possibly because they
would never delay as they likely require a very urgent admission to a nursing home.

This means that individuals with higher health care consumption, with the exception
of those who were recently hospitalised, are more strongly affected by congestion and
more representative in the group that drives the LATE. This is in line with our expect-
ations as individuals in better health may always prefer to delay, and receive long-term
care in their own home, irrespective of congestion in the market, while individuals in
poorer health and with higher care needs will only delay when they need to.

6.5.4 Other outcomes
Hospitalisation related outcomes
In addition to examining the impact of delays on the probability of an urgent hospital-
isation, we evaluate its impact on other related outcomes. The results are presented in
Table 6.3. The first two columns show that the estimated coefficient for the probability
of any hospitalisation within the year after eligibility is almost completely driven by
urgent hospitalisations22, and that the impact on the probability of non-urgent hospit-
alisations is economically small and statistically insignificant. If a longer exposure to
nursing home care increases hospital care use because caregivers are more likely to no-
tice health problems, we may expect a negative effect on non-urgent hospitalisations.
We do not observe this.

We also consider the main diagnose for urgent hospitalisations, namely being hospit-
alised following a fall.23 In our sample, 4.3% were hospitalised after suffering a fall
within the year following eligibility. The estimated coefficient in column (3) of Table
6.3 shows that this risk was larger for those who delayed their nursing home admission
by a longer period: delaying by an additional month increases the risk of such a hos-
pitalisation by 0.5 percentage points (= 0.00017× 30.5), which is more than 10% of
the average and explains about 30% of the effect on all urgent hospitalisations. Being
admitted to a nursing home earlier may prevent falls due to the constant presence of a
caregiver (Serrano-Alarcón et al., 2022).

Columns (4) and (5) show the impact of delays on the number of days spent in hospital
(for urgent visits) within the year after eligibility. The result in column (4) captures
both the impact on the extensive margin, and the intensive margin. The sample in
column (5) is conditional on having an urgent hospitalisation, and measures the impact
only on the intensive margin: do people who were urgently hospitalised remain longer
in hospital if they delayed their nursing home admission? The results indicate that,
conditional on being urgently hospitalised, delaying a nursing home admission by one

22Contrast estimates in columns (1) and (2) of Table 6.3 with our main estimate of 0.00047 in Table 6.2
23We use information on both primary and secondary diagnoses to identify falls.
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additional month increases the length of stay for an urgent hospitalisation by 0.9 days
(= 0.02896×30.5). This could potentially be suggestive evidence of delays resulting
in bed-blocking: the situation in which individuals remain longer in a hospital because
they cannot be discharged to a nursing home. This would be consistent with the em-
pirical literature (Gaughan et al., 2015; Moura, 2022). Nonetheless, this finding could
also reflect a composition effect because people who delay might be hospitalised for
different reasons, and hence require longer stays than people who do not delay.

Table 6.3: 2SLS results - Other outcomes

Hospitalisation-related outcomes:
All hospit-
alisations

Non-
urgent
hospital-
isations

Hospitalisa-
tion due to
fall

# days in
hospital
(urgent)

# days in
hospital
(urgent) if
urgent hos-
pitalisation

(1) (2) (3) (4) (5)
D̂elay (in days) 0.00049** 0.00010 0.00017* 0.00819*** 0.02896***

(0.00019) (0.00012) (0.00009) (0.00245) (0.01109)
Observations 72,762 72,762 72,762 72,762 11,553
Mean dept. var 0.2030 0.0583 0.0433 1.3300 8.3768

2SLS results for other outcomes of interest. Outcomes are measured in the 365 days following eligibility;
All models include all covariates and year and region fixed effects in both the first and second stage.
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1 percent; ∗∗ at 5

percent; ∗ at 10 percent.

6.5.5 Sensitivity checks
We test the robustness of our main results to three types of changes. First, we examine
how sensitive our results are to the exclusion of individuals who were not living in
a nursing home after one year following eligibility, either because they moved out or
died within one year after eligibility. These individuals are excluded in the main ana-
lysis because we focus on permanent nursing home moves only and delays are directly
affected by deaths. However, excluding individuals who died may also introduce a bias
through a selective sample as survivors are likely in better health and therefore more
likely to delay and less likely to be hospitalised. Nonetheless, we find that excluding
this groups does not affect the main results as we find similar results when we include
these individuals (see Column (1) of Appendix Table E8).

Second, to further analyse whether our results are driven by sudden shocks that affect
both nursing home congestion and hospitalisations (violating the exclusion restriction),
we include month-by-year fixed effects in our two-stage least squares regression. Our
results are robust to this inclusion (Column (2) of Appendix Table E8).

Finally, we run the analyses using four different specifications of the instrumental vari-
able, which in our main specification is the average delay of other individuals with the
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same care profile, living in the same care office region, receiving the eligibility status
in the 46 days before and after the individual’s own eligibility. We test the follow-
ing adaptations: i) use smaller regions (i.e. municipalities); ii) use a narrower time
window of 30 days instead of 46 days before and after the individual’s own eligibil-
ity; iii) we shift the time window to 92 days before the individual’s own eligibility;
and iv) calculate a weighted average of delays using distances from the individual’s
place of residence to the other individuals’ residences for who we calculate the aver-
age. Though the main result deviates slightly in terms of the magnitude, overall the
result seems robust to all of these changes to our preferred specification (Column (3) -
(6) of Appendix Table E8). The same holds for the analyses by care profile (results are
available upon request).

6.5.6 Hospitalisations at home vs in the nursing home

The impact of delaying a nursing home admission on hospital care utilisation may
run via two channels. First, delaying a nursing home admission results in residing
at home for a longer period, which increases the risk of an urgent hospitalisation if
nursing homes act as a protective environment. This will occur when the risk of certain
events or conditions that require medical services are lower in a nursing home, for
example a fracture following a fall (Ouslander et al., 2010), or complications from an
urinary tract infection (Grabowski et al., 2007). Second, delayed admissions may also
increase the hospitalisation risk after the nursing home admission if an individual’s
health deteriorates faster in the community than it would otherwise do in a nursing
home. For example, medication may be better monitored in a nursing home compared
to at home. Conditional on similar underlying health at eligibility, individuals who
delay their nursing home admission may be in poorer health once they are eventually
admitted due to having experienced longer exposure to a potential (faster) deterioration
in health and wellbeing.

Our main analysis measures a composite of the above two effects. The section be-
low explores the extent to which the impact of delays leading the hospitalisations is
driven by hospitalisations occurring at home or in the nursing home. We construct a
new sample in which all individuals are admitted to a nursing home within six months
following eligibility and everyone survives up to at least one year after eligibility. We
then run the same analysis as previously for two different outcomes: i) urgent hospit-
alisations occurring within zero to six months following eligibility; and ii) for urgent
hospitalisations occurring within six to twelve months following eligibility (see also
Figure 6.4). While the first outcome measures hospitalisations occurring in ones own
home and in the nursing home, the second outcome only measures those occurring in a
nursing home as everyone is resident in a nursing home six months following eligibility
by construction.

The results of Table 6.4 demonstrate that the impact of postponing a nursing home
admission by one additional month (i.e. 30.5 days) increases the probability of an ur-
gent hospitalisation within six months following eligibility by 2.5 percentage points
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Figure 6.4: Timeline - differentiating between protection and deterioration effect

All at home All in the nursing home

Start of
eligibility

Six months after
eligibility

One year after
eligibility

All admitted to the nursing
home at some point during

this period

Notes: In this sub sample, everyone is admitted to a nursing home between the start of eligibility and 6
months after. Hospitalizations occurring within 0-6 months after eligibility capture both the protection
and the deterioration effect, while those occurring within 6-12 months only capture the deterioration effect,
assuming that protection does not accumulate over time.

(Column 1).24 In the period following the initial six months, when everyone has been
admitted to a nursing home, this impact decreases to 1 percentage point and is not
statistically different from zero at the 10 percent level (Column 2). This implies that
once admitted to a nursing home, delays have less impact on hospitalisations. This
is despite individuals being slightly older, and hence more frail.25 This suggests that
nursing homes provide a more protective environment which is sufficient to counter-
act any deterioration in health caused through a delayed admission (together with an
ageing effect). Hence, delayed admission to a nursing home largely impacts hospital-
isations from their own home, and less so once an individual has been admitted into
nursing facility.

24This result also shows that the direction of our estimate from the main specification in Table 6.2 is
robust to choosing a different time frame.

25Another potential explanation is that individuals are in better health during the second period (6-12
months), as some will have recently been discharged from a hospital, potentially in better health than they
were prior to the hospitalisation. However, when we run the same analysis, but excluding those with an
urgent hospitalisation in the first period (1-6 months), the impact of a delay remains small (coefficient =
0.00026) and non-significant (p-value = 0.409).



124

Table 6.4: 2SLS results - Hospitalisations at home vs in a nursing home

Outcome:
Urgent hospitalisation
within 0-6 months
(both at home and in a
nursing home)

Urgent hospitalisation
within 6-12 months (in
a nursing home only)

(1) (2)
Second stage (outcome = urgent hospitalisation):
D̂elay (in days) 0.00081** 0.00032

(0.00038) (0.00032)
Covariates Yes Yes
Year fixed effects Yes Yes
Region fixed effects Yes Yes
Observations 63,330 63,330
Mean dept var 0.0990 0.0641

The coefficient of the instrument in the first stage equals 0.273 with a standard error of 0.015.
The F-statistic of the excluded instrument equals 308.
All models include all covariates and year, region and care profile fixed effects.
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1 percent;
∗∗ at 5 percent; ∗ at 10 percent.

6.6 Discussion

Excess demand for long-term care can create spillovers to the hospital sector, e.g. if
limited access to long-term care causes health problems which require medical care.
Such spillovers are inefficient and impose a cost to society, for example if the additional
expenditures of hospital treatments exceed those of an immediate nursing home stay.
In this paper, we quantify these spillovers by examining the effect of delayed nursing
home admissions, driven by excess demand, on hospital use.

We find that delays in nursing home admissions increase hospital care use: a one-
month delay increases the probability to be hospitalised at least once within the year
after eligibility by 1.4 percentage point (11%). This effect is notably large, especially
considering that a substantial proportion of individuals experience delays exceeding
three months. The effect is largest among individuals with dementia care needs, to a
large extent (30%) driven by hospitalisations that occur after a fall, and is predomin-
antly explained by hospitalisations that occur while waiting at home.

Our results reveal three signs of inefficiencies of delayed admissions to nursing homes.
First, the falls suggest that they create additional health problems which, besides a
burden on the individual, require costly medical care. Second, nursing home care may
be imperfectly substituted by hospital care as, conditional on being hospitalised, people
who delay their nursing home admission longer spend more days in the hospital. Third,
while waiting lists in times of excess demand should ration out people with lower care
needs for efficient allocation of care, we find evidence for the opposite. Our results
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suggest that people with high care needs are more likely to delay their admission to a
nursing home longer in a period of congestion. The latter could be explained by people
with high care needs being more likely to underestimate the benefits of an immediate
admission (Finkelstein and Notowidigdo, 2019), or by the provider side being likely
to be more selective in admitting healthier clients when they are close to full capacity
(Gandhi, 2023; He and Konetzka, 2015).

These findings have several implications for policy. First, the evidence of spillovers
suggests that improving timely access to nursing home care, for instance by expanding
capacity, generates gains in the healthcare sector. These gains should be acknowledged
in decisions about the allocation of scarce resources, such as budgets and labor, across
sectors. Policy makers and care providers should aim to minimize the spillovers, for in-
stance by improving the alternatives for nursing home care (like other types of assisted
living facilities), improving care that is provided at home or by prioritizing vulner-
able groups that may benefit most from nursing home care. The latter is important, at
least in the Dutch context, as the current form of rationing through waiting lists, where
waiting times fluctuate over time and care providers are in charge of the order in which
people on the waiting list are admitted, seems ineffective in allocating care to those
with high care needs in times of congestion.
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Chapter 7

Discussion

Ageing populations raise policy concerns about the distribution of mortality gains and
the provision of care to a population that is increasingly growing older. This thesis
addresses these concerns by i) analysing income-related disparities in mortality; and
ii) assessing the efficiency of nursing home care provision and allocation for the older
population.

Main findings

Part I: Income-related inequality in mortality at older ages
Reducing inequalities in mortality has been a long-standing worldwide goal (Com-
mission on Social Determinants of Health, 2018), but defining appropriate policies
aimed at reducing these disparities requires insights into the drivers of these inequal-
ities. Because mortality improvements have been shifting from younger to older ages
(OECD, 2023b) and because the sheer number of people surviving up to ages 65 and
over (United Nations, 2022), it is particularly important to obtain a better understand-
ing of how and why disparities in the mortality of older age groups have changed
over the last decades. The COVID-19 pandemic highlighted the relevance of older age
groups when examining inequalities further as older and lower-income groups were
most affected by the pandemic. Part I of this thesis analyses mortality disparities at
older ages and contributes to a better understanding of its drivers, aiding in directing
policies and new research areas.

Chapter 2 of this thesis shows that disparities in mortality at older ages by income
have been increasing over the last two decades. While mortality has been falling in
all income groups between 1996 and 2016 for ages 65 and over, the reductions were
typically larger among the rich compared to the poor, particularly among 80+ women.
Among this group the drop in mortality for the richest decile was almost 1.5 times as
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large as for the poorest decile. This implies that the recent improvements in mortality
have increased disparities by income at older ages, which stands in contrast to the
decreasing disparities at younger ages. In addition, the findings show that mortality
(and its disparities) at older ages can to some extent be attributable to avoidable causes,
meaning there is still room for improvement.

The COVID-19 pandemic exposed and increased existing health disparities at older
ages. Chapter 3 shows that cause-attributed COVID-19 mortality was more concen-
trated among poorer groups, contributing to increasing inequalities in mortality at older
ages by income in 2020. This contribution of unequal COVID-19 deaths was mitigated
because COVID-19 deaths displaced deaths from other causes that are more prevalent
among poorer groups. This suggests that the pandemic’s impact on disparities at older
ages is largely explained by underlying health differences across income groups. This
underscores the fact that the already worse off were disproportionately affected negat-
ively by the COVID pandemic, which is to be borne in mind when preparing for a next
pandemic.

Part II: Efficiency in nursing home care
There are substantial efficiency differences in care provision across nursing home pro-
viders, as outlined in Chapters 4 and 5. These chapters document wide variation in
health outcomes across nursing homes: even after adjusting for resident case-mix dif-
ferences, the 5 percent best-performing nursing homes had a 7 percentage points lower
180-day mortality rate compared to the worst-performing ones in 2015-2019. This
difference was exacerbated in 2020-2021 during the COVID-19 pandemic, in which
the 20 percent nursing homes with lowest excess mortality had close to zero excess
deaths, and the 20 percent with highest excess mortality had 6 per 100 more deaths
than expected. The considerable variation in (excess) mortality and avoidable hospit-
alisations reflect large differences in the performance of nursing homes in preventing
these adverse outcomes, indicating there is a scope for improving outcomes for the
worst performing providers.

While adopting novel methods from the value-added literature (Abaluck et al., 2021;
Angrist et al., 2017; Chetty et al., 2014; Deming, 2014; Kane and Staiger, 2008),
Chapter 4 shows that mortality rates and avoidable hospitalisations at the nursing home
level causally predict an individual’s own outcomes. This implies that adjusting for
observed resident characteristics is sufficient for correcting biases when measuring
nursing home outcomes, at least at the average level. As value-added models correct
for such individual-level characteristics, they are a useful tool for generating unbiased
indicators based on health outcomes and could be used for quality reporting in the
nursing home sector.

Nursing home performance as measured by resident outcomes is not fully captured by
indicators related to the organisational structure and care processes in nursing homes.
Chapters 4 and 5 reveal weak associations between publicly reported provider charac-
teristics in the Netherlands and nursing home outcomes. While some staffing-related
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characteristics, such as the share of specialists (Chapter 4), spending on external staff
and absenteeism (Chapter 5), appear to be statistically significantly related to out-
comes, they lack economic relevance because they are very small. The weak asso-
ciations suggest that the publicly reported information on structure and processes is
insufficient for prospective residents wishing to select the nursing home with the best
outcomes, and for regional purchasing offices whose responsibility it is to purchase
high-quality care (Bakx et al., 2021).

Chapter 6 explores the consequences of delayed admissions to nursing homes as a con-
sequence of prolonged waiting times. The findings show that individuals who enter a
wait list during busy periods, have to wait longer to enter a nursing home, and as a
result use more hospital care, predominantly due to falls and likely occurring at home.
Individuals with dementia care needs are particularly vulnerable to the adverse con-
sequences of prolonged delays. These findings suggest that timely access to a pro-
tective environment, such as a nursing home facility, induces positive outcomes which
spill over to the healthcare sector.

Policy implications

Tackling income-related inequalities in mortality
Policymakers should actively invest in reducing mortality inequalities at older ages.
Part I of this thesis highlights that: i) the largest inequalities (in absolute terms) are
among 65+ year-olds; ii) the recent changes in mortality at older ages favoured the
richer groups; and iii) these unequal changes can at least to some extent be attribut-
able to avoidable causes. Nonetheless, there is little attention for reducing mortality
inequalities at this particular age-group in public policy.

Policies targeted at improving health behaviour of poorer individuals may be effect-
ive in reducing mortality inequalities, also at older ages. Current policies related to
health behaviours in the Netherlands, for example those outlined in the Preventieak-
koord (Ministerie van Volksgezondheid, Welzijn en Sport, 2018), often concentrate
on preventing unhealthy behaviours, such as increasing the starting age of smoking
and drinking, primarily focusing on younger age groups. Although policies targeting
early-life behaviour likely yield substantial long-term benefits, interventions aimed at
improving the health behaviour of poorer older individuals can still play an important
role in reducing inequalities. The findings in Chapter 2 underscore the relevance of
health behaviours at older ages, especially among older women for whom mortality
due to preventable causes has been increasing in the last decades. While these trends
are possibly driven by increasing smoking rates among women in the past (Long et al.,
2021), focusing smoking cessation interventions on poorer older women remains im-
portant since smoking cessation at older ages may still have beneficial survival effects
(Gellert et al., 2012).

Addressing health-related inequalities among older ages requires a long-term proactive
attitude from the government, as health disparities are persistent. Major events affect-
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ing health of older individuals, such as a pandemic – but potentially also increasing
public expenditures aimed at reducing waiting times for various types of care (Mack-
enbach et al., 2011) –, have the potential to disproportionately harm poorer groups or
benefit wealthier ones due to inherent health differences. It is therefore important to
actively tailor policies towards poorer groups if the goal is to mitigate the consequences
of major health shocks on inequalities. Examples of such include greater investments
in the pro-poor targeting of testing and vaccinations during the COVID-19 pandemic,
ensuring access to (health) care for the poor through the public system in times of
shortages, or through paying more attention to the nursing home sector during health
emergencies, like the COVID-19 pandemic. The latter is particularly important be-
cause nursing homes generally serve the poorer and most vulnerable individuals (Bom
et al., 2020). Nonetheless, De Onderzoeksraad voor Veiligheid (2022) argued that the
nursing home sector received low priority in the advise and decision making process
during the outbreak of the COVID-19 pandemic in the Netherlands; a phenomenon
that, according to (Werner et al., 2020), also manifested in the United States. Specific-
ally targeting these most vulnerable groups in decision making could serve as a way
towards less socioeconomic inequalities in longevity.

Insights for policy in nursing home care
Rapidly ageing populations raise concerns about the future organisation and financing
of nursing home care (Barber et al., 2021; Gruber et al., 2023). Important questions that
should be discussed in the policy debates in all countries, including the Netherlands,
involve: should the increasing care needs of the ageing population be met at home or in
a nursing home? How should one deal with scarcity of nursing home beds? How can
nursing home providers be incentivized to produce improve outcomes? The findings
of this thesis provide valuable insights into these questions.

Policies aimed at reducing use of nursing home care may have broader welfare implic-
ations
To mitigate the impact of rising care needs on the public budget and care workforce,
recent policy changes and future ambitions in the Netherlands focus on reducing and
discouraging the use of nursing home care. These changes include stricter eligibility
requirements for institutional care, higher co-payments for nursing home care, a large
reform of the long-term care system aimed at encouraging individuals to receive care at
home, and potentially restricting supply by limiting the number of nursing home beds
(Alders and Schut, 2019; Helder, 2022). Along the same lines, recently defined pro-
grams, such as the WOZO (Ministerie van Volksgezondheid, Welzijn en Sport, 2022),
aim to separate care provision from housing arrangements (in Dutch: Scheiden wonen
en zorg), for example through reforming the financing of institutional care (NZa, 2023).

Focusing on limiting nursing home care usage is a political decision, but policymakers
should consider that such a choice can transfer the burden of increasing care needs to
other sector(s). This thesis illustrates that delaying use of nursing home care can create
spillover effects, leading to additional demand for hospital care services. Similarly,
less access to nursing home care is found to increase demand for other healthcare
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subsectors – home care (Bakx et al., 2020b) and care provided by general practitioners
(Forder et al., 2019) – but possibly also to the labour market through informal care
provision (Kim and Lim, 2015) and the housing market. Ignoring these broader costs
and benefits could result in an underestimation of policies’ impacts on budgets and
societal welfare.

To mitigate the negative externalities of policies aimed at reducing use of nursing home
care, such policies should go hand in hand with with enhancing the alternatives to nurs-
ing home care. Diepstraten et al. (2020) show that this could be achieved by improving
home environments through adjustments which can enhance the feasibility of receiv-
ing care at home. The development of new forms of housing arrangements within
neighbourhoods in which older people with similar care needs live together and nurses
can efficiently deliver home care could potentially also offer a viable solution. These
strategies may aid in accommodating the increasing care needs among the older popu-
lation while preserving scarce nursing home beds for the most vulnerable cases.

An efficient allocation of nursing home care is important when there is limited capacity
To optimally allocate scarce resources, various public bodies, such as NZa (2023), ar-
gue that the government should provide more guidance about which individuals should
receive care in a nursing home, and which should receive care at home. This thesis un-
derlines the importance of more guidance in how nursing home beds can be allocated
to the most severe cases because limited access to nursing home care can have detri-
mental effects for specific groups, for instance among individuals with high dementia
care needs.

Despite the policy efforts aimed at discouraging use of nursing home care, the in-
creasing care needs and therefore preferences for receiving nursing home care causes
waiting lists to increase (TNO, 2019). Because waiting lists are managed by nursing
homes, the providers are responsible for the allocation of beds among individuals on
their wait list. This may lead to sub-optimal outcomes if providers sub-optimally prior-
itise the less severely ill, possibly because they lack crucial information about the care
needs of individuals on the wait list. To optimise the allocation of nursing home beds,
the Dutch government could either define narrower and more detailed care profiles to
improve the information about wait-listed individuals or reduce the responsibility for
providers by organizing the allocation of nursing home care at a central point within
regions. Another option would be to reduce demand by eliminating access to nursing
home care for the lowest care profile (in Dutch: Zorgzwaartepakket 4) and with this
increase the minimum level of care needs that grant entry to a nursing home, which is
still relatively low in comparison to other countries (Bakx et al., 2023).

Nursing home quality indicators should include performance on resident outcomes
Enhancing efficiency in the provision of nursing home care would be an effective
policy direction as it improves overall outcomes, while keeping the impact on pub-
lic and individual budgets fixed (Rijksoverheid, 2023). This thesis shows that, while
providers generally receive more or less the same per diem price, some providers pro-
duce better health outcomes for similar residents than others, meaning there is indeed
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room for improving efficiency for some nursing homes. However, the lack of pub-
licly available information in resident outcomes creates minimal external incentives
for nursing homes to improve the outcomes of their residents.

The available information on nursing home quality primarily focuses on inputs and pro-
cesses of care, while the link between these indicators and patient outcomes is rather
weak (Chapters 4 and 5, Bakx et al. 2020a). This means that prospective users and re-
gional care purchase offices can only select nursing homes based on indicators that do
not necessarily contribute to better outcomes. Systematically collecting and reporting
information on relevant outcomes in an accessible way – see for an example the US
website Nursing Home Compare – and including information on outcomes in quality
frameworks (in Dutch: Kwaliteitskader) can be helpful for regional offices who are
responsible for purchasing high quality care and may encourage individuals to select
a nursing home with better outcomes (Cornell et al., 2019; Perraillon et al., 2019b).
This potentially incentivizes providers to improve resident outcomes for competitive
advantage – though adverse provider incentives to selectively admit healthier residents
should be considered (Perraillon et al., 2019a) through case-mix corrections, poten-
tially by adopting value-added models as demonstrated in Chapter 4 of this thesis.
Additionally, focusing on resident outcomes may mean that some of the process in-
dicators no longer need to be collected. Registering such outcomes may be perceived
as less of a burden for nursing staff, especially if they can be retrieved from existing
administrative records.

Recommendations for future research
More research on the drivers of mortality disparities at older ages
To define effective policy strategies aimed at reducing disparities in mortality at older
ages, it is important to understand the underlying factors driving these disparities. This
thesis highlights that the increasing old-age mortality gap is to some extent attribut-
able to avoidable causes, suggesting a potential for improvement. However, the actual
drivers remain unclear. Insights could be further improved by examining whether spe-
cific behaviours, cohorts, medical advancements or policy developments contributed to
the decreasing mortality rates of the older population, and whether these contributions
varied by income.

This thesis highlights at least two potential avenues for further exploration. First, the
findings in Chapter 2 indicate a potentially important role for preventable causes of
deaths in explaining mortality disparities by income. Analysing the role of prevention
in a causal way is complicated because of self-reporting biases and because the benefits
of preventive behaviour (such as the mortality effects of smoking, exercising) may only
become apparent much later in life. Nonetheless, the availability of supermarket scan-
ner data on food purchases linked to regional income (Allcott et al., 2019; Oster, 2020),
tracking data from wearable technologies (Handel and Kolstad, 2017) or longitudinal
survey data on health behaviours linked to to registry data on deaths and healthcare use
enables to study such topics over longer periods. Second, future research could focus

https://www.medicare.gov/care-compare/


CHAPTER 7 133

on analysing cohorts rather than time trends alone (see for example Jokela 2014). This
approach could offer a better understanding of whether the increasing disparities are
driven by developments in medical care or social policies of the last two decades, or
whether they reflect an ageing cohort with particularly unequal characteristics.

New data (linkages) required to study the full nursing home market
Access to linkable data on all aspects of the nursing home market is essential for an-
swering a broader range of policy questions that researchers have not been able to
investigate yet. Two notable examples are: i) should governments embrace, com-
bat and/or intervene in the rise of private equity owned nursing homes? and ii) how
should nursing homes and governments deal with labour market shortages, for instance
through applying technological advancements? These questions require sufficient data
on for-profit providers and the nursing home workforce, both of which are challenging
to access and often lack linkages to other data sources in Netherlands and most other
European countries.

The rise of private equity investments in nursing home care is sometimes seen as a
partial solution to capacity problems. However, evidence from the United States shows
that private equity ownership of nursing homes may have detrimental effects on the
quality of care and outcomes of residents (Gupta et al., 2021; Grabowski et al., 2013).
Nonetheless, the evidence on settings outside of the United States is limited due to a
lack of available information on the for-profit nursing home market.

Like in many other public sectors, labour market shortages threaten the sustainability
of care provision to the ageing population. These shortages may have drastic implic-
ations, especially in the nursing home sector: according to Friedrich and Hackmann
(2021) and Stevens et al. (2015), lower nurse employment substantially increase mor-
tality among nursing home residents. More insights into drivers and consequences of
nurse shortages, including the mechanisms, may aid in shaping policies aimed at mit-
igating the negative effects on resident outcomes. Unfortunately, while detailed data at
the nursing home staff member-level is in some cases available, for example through
payroll information (Gandhi et al., 2021), it cannot always be linked to resident-
level outcomes. Facilitating the link between comprehensive individual-level staff
records, resident-level outcomes and characteristics, and provider-level information
would provide researchers with the opportunity to contribute to the limited research on
care workforces.
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Table A1: Causes with the largest changes between 1996 and 2016

Cause of death (ISHMT classification) with largest absolute change between
1996 and 2016 by age-group, sex and avoidable mortality category.

Preventable Treatable Both Other
Women
Age 0-4 Other infectious and

parasitic diseases
(28.1%)

Disorders related to
short gestation and
low birth weight
(35.7%)

Congenital malform-
ations, deformations
and chromosomal
abnormalities
(62.7%)

Age 5-19 Transport accidents
(56.6%)*

Other malignant
neoplasms (35.4%)

Age 20-49 Malignant neo-
plasms of trachea,
bronchus and lung
(25.2%)

Malignant neoplasm
of breast (64.6%)

Cerebrovascular dis-
eases (48.9%)

Other malignant
neoplasms (26.1%)

Age 50-64 Malignant neo-
plasms of trachea,
bronchus and lung
(53.6%)

Malignant neoplasm
of breast (49.5%)

Acute myocardial
infarction (57.9%)

Other malignant
neoplasms (18.1%)

Age 65-79 Malignant neo-
plasms of trachea,
bronchus and lung
(51.9%)

Pneumonia (29.3%) Acute myocardial
infarction (52.2%)

Other malignant
neoplasms (15.7%)

Age 80+ External causes
other than transport
accidents (41.3%)*

Pneumonia (33.5%) Acute myocardial
infarction (49.6%)

Dementia (36.6%)

Men
Age 0-4 Congenital malform-

ations, deformations
and chromosomal
abnormalities
(24.1%)

Disorders related to
short gestation and
low birth weight
(49.0%)

Congenital malform-
ations, deformations
and chromosomal
abnormalities
(35.9%)

Age 5-19 Transport accidents
(76.5%)*

Other malignant
neoplasms (29.9%)

Age 20-49 Transport accidents
(29.6%)*

Pneumonia (20.2%) Acute myocardial
infarction (65.5%)

Other malignant
neoplasms (27.7%)

Age 50-64 Malignant neo-
plasms of trachea,
bronchus and lung
(33.5%)

Malignant neoplasm
of colon, rectum and
anus (23.0%)

Acute myocardial
infarction (69.7%)

Conduction dis-
orders and cardiac
arrhythmias (19.3%)

Age 65-79 Chronic obstructive
pulmonary disease
and bronchiectasis
(25.4%)

Pneumonia (27.4%) Acute myocardial
infarction (57.3%)

Other malignant
neoplasms (22.4%)

Age 80+ External causes
other than transport
accidents (36.8%)*

Malignant neoplasm
of colon, rectum and
anus (21.3%)

Acute myocardial
infarction (58.9%)

Dementia (26.0%)

Notes: This table presents the causes of death (using the ISHMT classification of ICD-10 codes) that experienced the
greatest changes (either positive or negative) between 1996 and 2016 in terms of absolute number of deaths within
each age-group, sex and cause of death category. The percentage between brackets indicates the share of the total
absolute change in deaths that is explained by the given cause within the corresponding category, age-group and sex.
*ICD-10 chapters V, W, X and Y are not part of the ISHMT list and are therefore here classified using ICD-10 blocks.
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Table A2: Slope coefficients of fitted regression lines in Figure 2.3 including constants

Poverty gradient of change in mortality between 1996 and 2016
(slope coefficients and intercepts from fitted regression lines in Figure 3)

Preventable Treatable Both Other
Coeff Cons Coeff Cons Coeff Cons Coeff Cons

(1) (2) (3) (4) (5) (6) (7) (8)
Women

Age 20-49 -.007 -.052 -.000 -.089 -.005 -.045 -.008 -.035
(.001)*** (.009)*** (.001) (.009)*** (.002)*** (.009)*** (.002)*** (.014)***

Age 50-64 -.005 .312 -.004 -.402 -.040 -.350 .003 -.346
(.015) (.090)*** (.008) (.049)*** (.007)*** (.045)*** (.014) (.088)***

Age 65-79 .081 .668 .022 -1.373 -.028 -4.342 .071 -1.490
(.028)*** (.176)*** (.022) (.134)*** (.033) (.203)*** (.035)** (.217)***

Age 80+ .254 1.114 .008 -6.547 .326 -19.533 .242 -.038
(.054)*** (.332)*** (.075) (.465)*** (.170)* (1.054)*** (.215) (1.334)

Men
Age 20-49 -.028 -.053 -.004 .003 -.009 -.097 -.010 -.071

(.009)*** (.054) (.001)*** (.007) (.003)*** (.016)*** (.004)** (.025)***
Age 50-64 .018 -.867 .005 -.229 -.052 -1.360 -.026 -.610

(.011) (.071)*** (.006) (.039)*** (.017)*** (.107)*** (.020) (.124)***
Age 65-79 .085 -5.106 -.022 -1.425 -.006 -8.947 .105 -3.674

(.060) (.374)*** (.023) (.143)*** (.075) (.464)*** (.049)** (.303)***
Age 80+ -.009 -8.210 -.023 -7.884 .007 -23.764 .192 -3.588

(.187) (1.159)*** (.127) (.789)*** (.146) (.907)*** (.201) (1.249)***

Notes: Table A2 reports the estimated slope coefficients (Coeff) and intercepts (Cons) from a regression
of the change in mortality between 1996 and 2016 on poverty deciles, as plotted in Figure 2.3, by cause
category, sex and age-group. Standard errors are between brackets.
* statistically significant from zero at 10%; ** statistically significant from zero at 5%; *** statistically
significant from zero at 1%.
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Appendix Figures

Figure A1: Poverty gradients in preventable mortality by gender, age group and year

Note: This figure plots one-year mortality rates (smoothed over three years) from potentially preventable
causes across poverty deciles by gender, age group and year. Poverty decile 1 contains 10 per cent of
the population living in the wealthiest municipalities and decile 10 contains those living in the poorest
municipalities. Mortality rates are age-adjusted using one-year age bins, keeping the age composition within
each age group and gender similar to the one in 1995. The slope coefficients of the fitted regression lines
can be found in columns 1–3 of Table 2.3.
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Figure A2: Poverty gradients in treatable mortality by gender, age group and year

Note: This figure plots one-year mortality rates (smoothed over three years) from potentially treatable causes
across poverty deciles by gender, age group and year. Poverty decile 1 contains 10 per cent of the population
living in the wealthiest municipalities and decile 10 contains those living in the poorest municipalities.
Mortality rates are age-adjusted using one-year age bins, keeping the age composition within each age group
and gender similar to the one in 1995. The slope coefficients of the fitted regression lines can be found in
columns 4–6 of Table 2.3.
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Figure A3: Poverty gradients in preventable mortality by gender, age group and year

Note: This figure plots one-year mortality rates (smoothed over three years) from causes that could be both
preventable and treatable across poverty deciles by gender, age group and year. Poverty decile 1 contains
10 per cent of the population living in the wealthiest municipalities and decile 10 contains those living
in the poorest municipalities. Mortality rates are age-adjusted using one-year age bins, keeping the age
composition within each age group and gender similar to the one in 1995. The slope coefficients of the fitted
regression lines can be found in columns 7–9 of Table 2.3.



APPENDIX A 165

Figure A4: Poverty gradients in preventable mortality by gender, age group and year

Note: This figure plots one-year mortality rates (smoothed over three years) from causes that are not labelled
as preventable or treatable across poverty deciles by gender, age group and year. Poverty decile 1 contains
10 per cent of the population living in the wealthiest municipalities and decile 10 contains those living
in the poorest municipalities. Mortality rates are age-adjusted using one-year age bins, keeping the age
composition within each age group and gender similar to the one in 1995. The slope coefficients of the fitted
regression lines can be found in columns 10–12 of Table 2.3.
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B Appendix - Has COVID-19 increased inequality in
mortality by income in the Netherlands?

Measurement of mortality
Crucial 2020 mortality concepts in our approach are (i) the trend-predicted mortal-
ity, (ii) total observed mortality, (iii) COVID-19 cause-of-death mortality, (iv) excess
mortality, and (v) non-COVID mortality. Figure 1 shows a graphical exposition of
how these concepts are related. In 2020, the observed total mortality probability can
differ from the trend-predicted probability because of a new cause (COVID-19) or be-
cause the mortality probabilities for non-COVID causes have changed. To determine
what the mortality in 2020 would have been in the absence of COVID-19, we compute
trend-predicted mortality (Mpred

a,s,i,2020) in 2020 by estimating linear trends for each age-
sex-income group for the years 2015-2019, and then predict the mortality probability
in 2020.

Figure B1: Illustration of Mortality Concepts

Note: Figure B1 graphically illustrates the mortality concepts used in this paper using hypothetical data. The
blue squares represent total observed mortality (in deaths per 1000) in 2015-2019, which are used to fit the
time trend (solid line) to be extrapolated (dotted line) to obtain trend-predicted mortality in 2020 (circle).
Excess mortality, defined as the difference between trend-predicted (circle) and observed mortality (blue-red
square). The latter can be decomposed into (cause of death defined) COVID-19 and non-COVID mortality
(triangle). We call the difference between COVID-19 and excess mortality substitute mortality, which is by
definition equal to trend-predicted minus non-COVID mortality.

By subtracting trend-predicted from observed total mortality, we obtain an estimate of
total excess mortality for each age (a), sex (s), and income (i) group: Mexc

a,s,i = Mobs
a,s,i −

Mpred
a,s,i . It reflects how observed total mortality in 2020 differs from what would be

expected from a simple linear age-, sex- and income-group-specific trend extrapolation.
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Total excess mortality is the sum of Covid-19 mortality (Mcov
a,s,i) and excess mortality in

all J other causes (∑J
j=i

[
Mobs

a,s,i, j −Mpred
a,s,i, j

]
). This gives the following decomposition of

total mortality that we will use throughout the remainder of the paper:

Mobs
a,s,i = Mpred

a,s,i +Mcov
a,s,i +

J

∑
j=i

[
Mobs

a,s,i, j −Mpred
a,s,i, j

]
. (1)

Decomposition of inequality by cause of death
To assess how the emergence of COVID-19 mortality has affected inequality in total
mortality, and how this effect depends on differential substitution of non-COVID mor-
tality across groups, we start from the identity in Equation (1) and decompose the
inequality in observed total mortality (in 2020) as a weighted sum of the inequality
measured in trend-predicted total mortality plus COVID-19 mortality plus excess mor-
tality for all other causes. We use the convenient property of the concentration index
that it can be decomposed into sources or factors. For any variable that can be written
as a sum of components, the concentration index of the sum equals the weighted sum
of the concentration indices of these factors or components, with the weights equal to
the relative shares of each component:

C(Mtot
a,s) = wpred

a,s C(Mpred
a,s )+wcov

a,s C(Mcov
a,s )

+
J

∑
j=1

[
wobs

a,s, jC(Mobs
a,s, j)−wpred

a,s, jC(Mpred
a,s, j )

]
,

(2)

where C(Mtot
a,s) denotes the concentration index of the observed total mortality probab-

ility for age a and sex s. The other concentration indices are defined analogously for the
trend-predicted total mortality probability C(Mpred

a,s ), the COVID-19-attributed mortal-
ity probability C(Mcov

a,s ), the non-COVID cause-specific observed and trend-predicted
mortality probabilities, C(Mobs

a,s, j) and C(Mpred
a,s, j ), with j denoting the cause. The weights

of each component are based on the shares of deaths relative to the total number of

observed deaths in an age-sex group in 2020: wpred
a,s =

∑
20
i=1 Mpred

a,s,i

∑
20
i=1 Mtot

a,s,i
, wcov

a,s =
∑

20
i=1 Mcov

a,s,i

∑
20
i=1 Mtot

a,s,i
,

wobs
a,s, j =

∑
20
i=1 Mobs

a,s,i, j

∑
20
i=1 Mtot

a,s,i
, and wpred

a,s, j =
∑

20
i=1 Mpred

a,s,i, j

∑
20
i=1 Mtot

a,s,i
.

The last term of Equation (2) allows us to compare the relative inequality in predicted
mortality to actual mortality for each cause, and assess to which extent (negative) ex-
cess mortality for each cause has contributed to an in- or decrease of inequality in
total mortality. To ease the interpretation, and by labeling the Concentration Index
Contribution of cause j as CIC(M j

a,s) = wobs
a,s C(Mobs

a,s )−wpred
a,s C(Mpred

a,s ), we can rewrite
Equation (2) as:
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C(Mtot
a,s)−wpred

a,s C(Mpred
a,s )︸ ︷︷ ︸

Inequality in excess mortality in 2020

= wcov
a,s C(Mcov

a,s )︸ ︷︷ ︸
Inequality contribution of COVID

+

J

∑
j=1

[CIC(Ma,s)
j]︸ ︷︷ ︸

Inequality contribution of other causes

(3)

The left-hand side term measures the inequality in excess mortality in 2020, namely
how much more unequal mortality has become compared to what was expected based
on the trend. The right-hand side shows the contribution to the inequality in excess
mortality as the weighted sum of inequality in COVID-19 mortality plus the inequality
contributions of each of the J causes of death. The last term is now written as the
(simple, unweighted) sum of the ‘inequality contributions’ of each cause of death. Note
that these contributions can be positive or negative. Equation (3) is the identity used to
disentangle the separate contributions of death causes to total observed inequality.
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Appendix Tables
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Table B5: Decomposition of excess mortality by cause of death

Women Men
65-79 80+ 65-79 80+

CI Total Mortality -0.192 -0.0966 -0.176 -0.0792
CI Predicted Mortality -0.189 -0.0911 -0.165 -0.0723
CI Observed Excess Mortality -0.238 -0.164 -0.256 -0.135

Std. Error 0.106 0.0639 0.0506 0.031
Weight Excess Mortality 0.0698 0.076 0.115 0.11

Contribution to CI Total Mortality -0.0166 -0.0124 -0.0293 -0.0149
COVID-19

Weight Observed 0.095 0.131 0.121 0.159
CI Observed mortality -0.326 -0.164 -0.236 -0.143

Cause-specific Contribution to CI -0.031 -0.022 -0.028 -0.023
Percentage contribution 187% 173% 97% 152%

Circulatory diseases
Weight Predicted 0.17 0.266 0.196 0.247

CI Predicted Mortality -0.232 -0.0749 -0.209 -0.0672
Weight Observed 0.173 0.259 0.205 0.245

CI Observed Mortality -0.224 -0.0754 -0.187 -0.0673
Cause-specific Contribution to CI 0.000553 0.000404 0.00273 0.0000997

Percentage contribution -3% -3% -9% -1%
Respiratory diseases

Weight Predicted 0.0889 0.0829 0.0714 0.0924
CI Prediction Mortality -0.334 -0.146 -0.312 -0.154

Weight Observed 0.071 0.058 0.0624 0.0764
CI Observed Mortality -0.323 -0.141 -0.323 -0.128

Cause-specific Contribution to CI 0.00681 0.00396 0.00212 0.00441
Percentage contribution -41% -32% -7% -30%

Mental Disorder Mortality
Weight Predicted 0.0458 0.136 0.0352 0.0906

CI Predicted Mortality -0.278 -0.142 -0.259 -0.117
Weight Observed 0.0403 0.118 0.0297 0.0771

CI Observed Mortality -0.263 -0.134 -0.294 -0.106
Cause-specific Contribution to CI 0.00211 0.00355 0.000377 0.00237

Percentage contribution -13% -29% -1% -16%
Cancer Mortality

Weight Predicted 0.412 0.146 0.382 0.219
CI Prediction Mortality -0.107 -0.034 -0.0987 -0.0297

Weight Observed 0.413 0.146 0.38 0.213
CI Observed Mortality -0.103 -0.0253 -0.109 -0.0351

Cause-specific Contribution to CI 0.00149 0.00128 -0.00364 -0.000973
Percentage contribution -9% -10% 12% 7%

Other Mortality
Weight Predicted 21% 29% 0.201 0.241

CI Prediction Mortality -0.233 -0.0951 -0.18 -0.0681
Weight Observed 0.207 0.289 0.203 0.229

CI Observed Mortality -0.224 -0.0968 -0.191 -0.0635
Cause-specific Contribution to CI 0.00346 -0.000133 -0.00251 0.0019

Percentage contribution -21% 1% 9% -13%

Notes: This table is the full Table 3.1. It shows the decomposition of total mortality inequality in
2020 into causes of death categories. Mortality inequality is measured using the Concentration
Index. Deaths are divided into six causes: COVID-19, circulatory deaths, deaths from mental
disorders, cancer deaths, respiratory disease deaths and other causes. The Concentration Index is
calculated for each cause of death and its predicted probability. The contribution to total excess
mortality is shown as the cause-specific contribution.
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Appendix Figures
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Figure B2: Total mortality, predicted mortality (with 95% confidence intervals) and
non-COVID-19 mortality by 20 income ventiles, by four age-sex groups

(a)

(b)

Note: This Figure depicts the mortality income gradient in 2020 for total, predicted, and non-Covid mortality
over 20 income groups in the Netherlands, with the y-axis symbolizing deaths per 1000 and the x-axis
symbolizing the income group. Total mortality, represented by a square, is the mortality observed in 2020.
Predicted mortality is calculated by age-sex-income group using 5-year trend probabilities and is shown
as a circle. Non-Covid mortality is all mortality attributable to causes of death that are not COVID-19,
represented by a triangle. Total mortality is above predicted mortality for 2020, while non-Covid mortality
is below what would have been expected for 2020.
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C Appendix - Estimating the health value added by
nursing homes

Data sources
We use administrative data provided by Statistics Netherlands encompassing the full
Dutch population. The data on individuals’ nursing home care use and care needs,
determined by the independent eligibility assessor, comes from the Dutch Central Ad-
ministrative Office (CAK). We combine the anonymized provider codes and admission
dates included in the nursing home use data with data on addresses from the mandatory
municipal registry to link individuals to their chosen nursing home.

We obtain mortality data from the municipal registries, which includes the exact date
of death. Data for our other outcome variable on hospital visits comes from NZa
(Nederlandse Zorgautoriteit) and includes both ICD-10 and DBC (in Dutch: Diagnose
Behandeling Combinatie) codes.

We also obtain age and sex from the municipal registries, and supplement this with the
following data sources to define our other covariates: medicine consumption by ATC-
code from SGZ (Gezondheid en Zorg); income and wealth data from tax registries; and
healthcare expenditures from insurance data provided by Vektis.

Monotonicity assumption
An IV estimate can only be interpreted as a local average treatment effect (LATE)
under the monotonicity assumption. Because our (non-binary) instrument has multiple
values, we can interpret λ as a weighted sum of multiple LATEs defined by different
pairs of values of the instrument (Imbens and Wooldridge, 2009). We can only interpret
λ as LATE if the value of the treatment variable (δ̂i j) is increasing (or decreasing) with
every increment in the value of the instrument, and if the monotonicity assumption
holds for any two values of the instrument.

In our case, monotonicity means that if a person chooses a low mortality nursing home
far away because the closest nursing home has slightly higher-than-average mortality –
e.g. 1 percentage point above average –, this person should also choose a low mortality
nursing home if the closest nursing home has even higher mortality — e.g. 2 percent-
age points above the average. The same person should also choose a low mortality
nursing home if it was to be the closest one.

While we cannot test this directly, we can do the following: first, we plot the average
performance estimate of the chosen nursing home (the endogenous treatment variable)
against the instrument. Figures C2a and C2a shows that the endogenous performance
estimates on average monotonically increase with the instrument. Second, we follow
Frandsen et al. (2019) and run the first-stage regressions for a wide range of subgroups.
We find positive and statistically significant coefficients for all of them. This is sug-
gestive evidence in favor for the weak monotonicity assumption, which is sufficient for
causal interpretation (Frandsen et al., 2019).
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Appendix Tables

Table C1: Descriptive statistics nursing home quality indicators

Variable Description Mean Std. dev. N

Facility level
Psychotropic medi-
cine use

Share of clients using psychotropic medi-
cine

0.370 0.166 705

Physical restraint use Share of clients to whom physical restraints
are applied

0.303 0.184 719

Pressure sores Share of clients with pressure sores 0.042 0.041 693
Online rating Online rating according to Zorgkaart

Nederland (1-10)
7.761 0.826 709

Number of people on
waiting list

Number of people actively or passively
waiting per nursing home

0.092 0.119 540

Number of clients Number of clients 100.263 54.119 540

Organisation level
Number of facilities Number of facilities belonging to organiza-

tion (= 1 if no chain)
6.921 6.104 177

Operating profit mar-
gin

Operating profit divided by total revenue
multiplied by 100

1.376 2.603 177

Solvability Equity-to-asset ratio: equity divided by
total revenue multiplied by 100

38.290 15.299 177

Liquidity Current ratio: current assets divided by cur-
rent liabilities multiplied by 100

177.882 112.499 177

FTE per client Care-related FTE per nursing home client 0.697 0.174 177
Percentage high edu-
cated nurses

Percentage of employed nurses that is high
educated (in terms of FTE)

0.331 0.239 177

Percentage special-
ists

Percentage of care-related FTE that is spe-
cialized staff (i.e. geriatricians, medical
doctors, psychologists and nurse practition-
ers)

0.026 0.031 177

Staff turnover Staff turnover measured by outflow divided
by average staffing (in terms of FTE)

0.143 0.063 177

Staff absenteeism Percentage staff absenteeism 0.063 0.011 177
Expenditures on ex-
ternal staff

Percentage of salary expenses on external
staffing

0.066 0.045 177

This table lists the nursing home quality indicators used in Section 4.6 in this paper. It reports a more elaborate
description of each of the indicators, the mean, standard deviation and number of unique observations. Some
indicators are reported at the facility level, while others are reported at the organisation level.
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Table C2: Avoidable hospitalization diagnoses

Diagnoses Percent
Anaemia 2.50
Angina pectoris 2.24
Asthma & COPD 6.32
Dehydration 0.44
Diabetes 3.59
Falls & fractures 52.82
Gastroenteritis 1.51
Grand mal seizure disorders 2.37
Hypertension 0.98
Infections skin 2.66
Infections other 1.25
Kidney or urinary tract infections 4.14
Pneumonia 8.16
Rehabilitation 5.02
Sepsis 3.14
Wounds 2.85
Total (n = 10,702) 100

This table lists the diagnoses of hospitalizations that we identify
as potentially avoidable, which is based on Carter (2003);
Walker et al. (2009).

Table C3: Hospitalization by avoidable and type of stay

Avoidable hospitalization
Type No (%) Yes (%) Total (%)

Outpatient stay 78.2 63.6 72.9
Inpatient stay - one-day 4.0 2.3 3.4
Inpatient stay - overnight 17.8 34.0 23.7

Total (n = 18,968) (n = 10,702) (n = 29,670)

This table reports whether the hospitalization within 180 days after nursing home
admission was an outpatient, a one-day inpatient stay or an overnight inpatient stay. It
includes individuals who had at least one hospitalization within 180 days after nursing
home admission and separates by those of which at least one of them was potentially
avoidable or not.
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Variable Explanation Data source(s)
Health outcomes Yi j

Mortality Binary outcome variable that equals one if
resident i died within 180 days after nurs-
ing home admission.

Data on the date of death is obtained
from (municipal) death registries.

Avoidable
hospitalization

Binary outcome variable that equals one if
resident i had a potentially avoidable hos-
pitalization. Diagnoses for which a hospit-
alization is perceived as potentially avoid-
able are listed in Table C2.

NZa (NederlandseZorgautoriteit) and
including both ICD-10 and DBC (in
Dutch: Diagnose Behandeling Com-
binatie) codes

Case-mix controls Xi
Women Equals one if resident i is a woman (Mandatory) municipal registries

Age Age of at admission Date of birth from (Mandatory) muni-
cipal registries

Care intensity A care intensity package (in Dutch: Zorg-
zwaartepakket (ZZP)) is a proxy for the in-
tensity of nursing home care that the recipi-
ent needs according to an independent care
assessor from the Care Assessment Centre
(CIZ). Residents with lower care (ZZP 4)
intensity need intensive support and extens-
ive care, with dementia care (ZZP 5) need
a protective living facility with intensive
dementia care, with higher care intensity
need a protective living facility with intens-
ive support and care, with the highest care
intensity (ZZP 7 and 8) need a protective
living facility with very intensive care and
treatment or support (CIZ, nd).

Centraal Administratie Kantoor
(CAK)

Healthcare
expenditures

Yearly healthcare expenditures in logar-
ithmic form from the calendar year before
admission, obtained from claims data.

Insurance claims data provided by
Vektis

Wealth Wealth from assets and savings (excluding
home equity) of the household in the calen-
dar year prior to admission. Variable enters
the control function in logarithmic form.

Tax office administration

Standardized
household in-
come

Yearly disposable household income in the
calendar year before admission from tax
registries, standardized for household size.
Variable enters the control function in log-
arithmic form.

Tax office administration

Number of
medicine

Is equal to the number of different types of
medicine resident i received in the calen-
dar year before admission. Types are dis-
tinguished based on ATC3 codes.

4-digit ATC-code consumption
(either Yes/No) from Zorginstituut
Nederland - SGZ (Gezondheid en
Zorg)

Continued on next page
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Table C4 – continued from previous page
Variable Explanation Data source(s)
Charlson score The Charlson comorbidity index is a

weighted score based on 12 different co-
morbidities: congestive heart failure, de-
mentia, pulmonary disease, connective tis-
sue disorder, liver disease, diabetes, dia-
betes complications, paraplegia, renal dis-
ease, cancer, metastatic cancer, severe liver
disease and HIV (Quan et al., 2011). Dia-
gnoses are obtained from hospital visits in
the 365 days before nursing home admis-
sion.

Date of admission and discharge and
diagnose from Dutch Hospital Data

Hospital in
last month

An indicator for whether the individual had
an hospitalization within the last 30 days
before the individual were admitted to a
nursing home.

Date of admission and discharge from
Dutch Hospital Data

Rural This binary variable indicates whether the
resident’s prior home was in a rural (equals
1) or urban (equals 0) municipality. We cat-
egorize a municipality as urban if the area
is at least moderately urbanised (> 1,000
addresses per square kilometer) (Statistics
Netherlands, nd).

(Mandatory) municipal registries

Year Indicates in which year the individual is ad-
mitted to a nursing home.

Centraal Administratie Kantoor
(CAK)

Table C4: Variable specifications
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Table C5: Subgroup analysis

Outcome: Mortality

By care intensity
Lower Dementia Higher Highest

Performance chosen NH (δ̂i j)
Coefficient 0.774*** 0.991*** 1.135*** 0.669**

(0.053) (0.038) (0.055) (0.279)

Constant -0.461*** -0.521*** -0.310*** -0.935**
(0.068) (0.052) (0.062) (0.392)

Controls Yes Yes Yes Yes
R-squared 0.065 0.066 0.093 0.078

N 17,923 46,144 29,703 1,135

Outcome: Avoidable hospitalization

By care intensity
Lower Dementia Higher Highest

Performance chosen NH (δ̂i j)
Coefficient 1.004*** 0.850*** 1.155*** 1.200***

(0.053) (0.033) (0.043) (0.216)

Constant 0.135 -0.061 0.429*** 0.353
(0.089) (0.049) (0.058) (0.345)

Controls Yes Yes Yes Yes
R-squared 0.054 0.029 0.057 0.044

N 11,811 29,869 22,693 892

For this exercise we distinguish between four groups: (1) clients with a lower level of care
intensity; (2) clients with a higher level of care intensity; (3) clients with the highest level
of care intensity; and (4) clients with dementia care needs. These are identified by the care
intensity package, as explained in Footnote 6 and Appendix Table C4. For each of these
groups, we regress the individual level outcome – mortality or avoidable hospitalization –
on the observed performance score of the nursing home to which the individual is admitted
(δ̂i j).
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1

percent; ∗∗ at 5 percent; ∗ at 10 percent.
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Appendix Figures

Figure C1: Kaplan-Meier survival curves by care intensity
0.

00
0.

25
0.

50
0.

75
1.

00

Half year One year Two years Three years
 

Time since nursing home admission

ZZP 4 ZZP 5

ZZP 6 ZZP 7/8

Care intensity package

Mortality
Kaplan-Meier survival estimates

(a) Time to death

0.
00

0.
25

0.
50

0.
75

1.
00

Half year One year Two years Three years
 

Time since nursing home admission

ZZP 4 ZZP 5

ZZP 6 ZZP 7/8

Care intensity package

Avoidable hospitalization
Kaplan-Meier survival estimates

(b) Time without avoidable hospitalization

Notes: This figure shows Kaplan-Meier survival curves for time to death (mortality) and time to an avoidable
hospitalization by care intensity package. Time to death for those who enter the nursing home with a higher
care intensity is, on average, shorter than for those with a lower care intensity. On the other hand, those who
have relatively high or dementia care needs, stay longer without having an avoidable hospitalization. This
can partly be explained by this group dying earlier.

Figure C2: Non-parametric relationship instrument and endogenous variable
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(b) Avoidable hospitalization

Notes: This figure (nonparametrically) shows the relationship between performance of the chosen nursing
home (i.e. the endogenous variable) and performance of the closest nursing home (i.e. the instrumental
variable) for both outcomes: mortality (a) and avoidable hospitalization (b). The size of the data points
reflect the group size on which the average is based.
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E Appendix - Do delayed admissions to nursing homes
increase hospital use?

Assessing the validity of the instrument
As discussed in Section 6.5.2, to assess the validity of our instrument we evaluate how
fluctuations in average delays (congestion) vary with two other variables that repres-
ent threats to the exclusion or independence assumption. First, to examine if conges-
tion would affect hospitalisations directly we look at the number of all hospitalisations
among the full population of 65 years and older. Second, to evaluate whether the com-
position of individuals in terms of their care needs changes with congestion, we look
at the percentage of applicants for long-term care who receive a negative eligibility
assessments, which indicates lower care needs.

We first calculate the average delays by region, care profile and month-by-year. Then
we remove the between care profile, region and year variation by using the residuals of
a regression of the average delays on care profile, region and year fixed effects. This
approach comes close to our identification strategy as our model specification includes
care profile, region and year fixed effects. We do the same with the between region and
year variation for the other two variables and correlate these to the previously obtained
monthly variation in delays. The correlation coefficients are reported in Column 1 of
Table E1. We repeat this process by care profile and report the coefficients in Column
2-4.

The results show that the monthly regional variation in delays is not strongly related
to the variation in the number of urgent hospitalisations among all 65+ year-olds. The
shocks that affect congestion in the nursing home market are therefore not expected
to directly affect hospital care utilisation in general (exclusion restriction). Addition-
ally, the weak correlations between monthly regional delays and negative eligibility
assessments suggests that the individuals who apply for eligibility in times of high
congestion are not systematically different in terms of their care needs (as observed by
the independent care needs assessor) compared to those who applied when there is low
congestion (independence).
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Table E1: Correlations between monthly delays, urgent hospitalisations of all 65+
year-olds and negative eligibility assessments

Monthly variation in delays per region, excluding
care profile, region and year fixed effects

Full sample By care profile
Moderate
dementia
care
needs

Moderate
somatic
care
needs

High
care
needs

(1) (2) (3) (4)
Monthly variation per region, excluding care profile, region and year fixed effects:
Urgent hospitalisations 65+ all
year-olds (N)

-0.0771 -0.0517 -0.1236 -0.0645

Negative eligibility assessment
results (%)

0.0020 0.0165 0.0070 -0.0173

Observations 4185 1395 1395 1395

Table reports correlation coefficients between the number of urgent hospitalisations among the full pop-
ulation of 65+ year-olds and the share of negative eligibility assessment results.
The number of observations is equal to the number of regions (31 health care office regions) × number

of periods (45 months-by-years) × care profiles (3 profiles).
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Appendix Tables

Table E2: Care profile definitions

Dementia or related condition
No Yes

Care needs Moderate Moderate somatic care needs Moderate dementia care needs
High High care needs

Table E3: Sample restrictions

Sample size before
exclusion

Number of in-
dividuals ex-
cluded

Percentage
excluded (%)

Used personal budget to purchase care 150,900 2,551 1.7
Aged younger than 65 years 148,349 4,011 2.7
Delayed by more than one year 144,338 8,811 6.1
Received eligibility in hospital 135,527 13,375 9.9
Died within one year after eligibility 122,152 35,196 28.8
Moved out of nursing home within one
year after eligibility

86,956 12,738 14.6

Missing information on covariates 74,218 1,456 2.0
Final sample size 72,762
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Variable Explanation Data source(s)
(Main) outcome variable

Urgent hospital-
ization

Binary indicator that equals one if individual had
an urgent hospitalization within one year after
the start of eligibility. Hospitalizations are as-
sessed as urgent if the hospitalization should be
realized within 24 hours after the judgment of
the physician.

Date of admission and dis-
charge, diagnose and identifier
for urgency from Dutch Hospital
Data

Variable of interest
Delay of the
nursing home
admission

Number of days between the start of eligibility
and the start of the first nursing home admission

Start date of eligibility from
Centrum Indicatiestelling Zorg
(CIZ); Start and end date of LTC
use, type and intensity of LTC
use from Centraal Administratie
Kantoor (CAK)

Covariates
Care profile A care profile (in Dutch: Zorgzwaartepakket

(ZZP)) is a proxy for the intensity of nursing
home care that the recipient needs according to
an independent care assessor from the Care As-
sessment Centre (CIZ). We define three categor-
ies: residents with moderate dementia care needs
(ZZP 5); with moderate somatic care needs (ZZP
4) ; and with high care needs (ZZP 6-8)

Care profile at start eligibility
from Centrum Indicatiestelling
Zorg (CIZ); and Care intens-
ity at start of nursing home ad-
mission from Centraal Adminis-
tratie Kantoor (CAK)

Woman Equals one if resident i is a woman (Mandatory) municipal regis-
tries

Age Age at eligibility. In the analyses transformed to
five-year age groups.

Date of birth from (mandatory)
municipal registries; and date of
eligibility from Centrum Indic-
atiestelling Zorg (CIZ)

Healthcare ex-
penditures

Yearly healthcare expenditures in e1000 (within
the basic insurance package) either on GP care
or on hospital care in the calendar year prior to
eligibility

From Health Insurers, facilitated
by Vektis

Hospitalization
in last 30 days

Binary indicator that equals one if individual was
hospitalized in 30 days prior to eligibility

Date of admission and discharge
from Dutch Hospital Data

Medicine con-
sumption

(Prescribed) medicine consumed within the
standard insurance package during the calendar
year prior to the year of eligibility per ATC-code
(3 digits). 18 relevant ATC-codes to include in
analyses are selected using Lasso plugin estim-
ators

4-digit ATC-code consumption
(either Yes/No) from Zorgin-
stituut Nederland

Charlson co-
morbidities

17 dummies for co-morbidities that are generally
used to calculate a Charlson comorbidity score
(Sundararajan et al., 2004). Co-morbidities are
identified using information on all hospitaliza-
tions in the year prior to eligibility

Date of admission and discharge
and diagnose from Dutch Hos-
pital Data

Continued on next page
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Table E4 – continued from previous page
Variable Explanation Data source(s)
Household
wealth

Total wealth of household, excluding the value of
own property and mortgage, in the calendar year
prior to eligibility, categorized: <5 thousand e;
5-20 thousand e; 20-50 thousand e; >50 thou-
sand e

Tax office administration

Home owner-
ship

Equals one if resident i owned a house at the end
of the calendar year prior to eligibility

Tax office administration

Eligibility in flu
season

Received eligibility status during the flu season,
using flu starting week and period identified by
Nivel (nd).

Start date of eligibility from
Centrum Indicatiestelling Zorg
(CIZ).

Table E4: Definitions of included variables and its source
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Table E5: Most common diagnoses of urgent hospitalisations

By care profile
Full sample Moderate

dementia
care needs

Moderate
somatic care
needs

High care
needs

ICD-10 block (World Health Organ-
ization, 2016)

(1) (2) (3) (4)

Injuries to the hip and thigh 15.1 24.6 7.6 8.6
Other forms of heart disease (incl.
heart failure)

8.9 5.7 13.1 8.7

Influenza and pneumonia 8.0 7.2 8.6 8.7
Other diseases of the urinary system 7.0 6.2 5.3 10.5
Cerebrovascular diseases (incl.
stroke)

4.6 4.6 5.1 4.0

Chronic lower respiratory diseases 4.1 2.2 5.8 4.9
Injuries to the head 3.3 3.9 3.3 1.9
Symptoms and signs involving the
circulatory and respiratory systems

3.2 2.2 4.9 2.8

General symptoms and signs 3.0 3.2 3.3 2.2
Episodic and paroxysmal disorders 2.6 2.0 2.7 3.3
Other diseases of intestines 2.4 2.0 2.2 3.3
Ischemic heart diseases 2.1 1.5 3.3 1.7
Complications of surgical and med-
ical care, not elsewhere classified

1.8 1.3 1.7 2.7

Other bacterial diseases 1.7 1.5 1.3 2.6
Disorders of gallbladder, biliary tract
and pancreas

1.7 1.4 1.8 1.9

Injuries to the abdomen, lower back,
lumbar spine, pelvis and external gen-
itals

1.4 2.1 1.1 0.7

Mental disorders due to known
physiological conditions

1.4 2.1 1.1 0.7

Other diseases of the digestive system 1.4 1.3 1.5 1.6
Nutritional anemias 1.3 1.2 1.3 1.4
Metabolic disorders 1.3 1.1 1.4 1.3

Table reports share of twenty most common diagnoses for the full sample, and by care profile. When
individuals had multiple hospitalisations, only the first main diagnose is used to construct this table.
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Table E6: Ordinary least squares results

By care profile
Full sample Moderate

dementia
care needs

Moderate
somatic
care needs

High care
needs

(1) (2) (3) (4)
Panel A: Ordinary least squares (including covariates):
Delay (in days) 0.00036*** 0.00037*** 0.00021*** 0.00056***

(0.00002) (0.00002) (0.00003) (0.00005)
Panel B: Reduced form includig all covariates (OLS):
Congestion 0.00031** 0.00034* 0.00004 0.00026

(0.00012) (0.00019) (0.00026) (0.00032)
Panel C: Reduced form excluding health covariates (OLS)
Congestion 0.00031** 0.00033* -0.00007 0.00024

(0.00012) (0.00019) (0.00027) (0.00032)
Observations 72,762 38,125 19,556 15,081
Mean dept. var 0.1588 0.1291 0.1993 0.1813

All regressions show the results of an ordinary least squares regression with a binary indicator for whether
the individual had at least one urgent hospitalization in the year after eligibility as an outcome. Panel A
includes delays as an explanatory variable, and Panel B and C the instrument. All models include year,
region and care profile fixed effects. Panel A and B include all covariates and Panel C only an indicator
for whether someone received eligibility during a flu season.
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1 percent; ∗∗ at 5

percent; ∗ at 10 percent.
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Table E7: Relationship delays and congestion with covariates

Delay Congestion
Woman 2.714*** (0.764) -0.111 (0.105)
Age 65-69 1.159 (1.811) 0.182 (0.267)
Age 70-74 3.476*** (1.345) -0.409** (0.185)
Age 75-79 5.104*** (1.078) -0.0224 (0.143)
Age 80-84 1.715* (0.888) -0.298** (0.119)
Age 90-94 -4.177*** (0.989) 0.139 (0.138)
Age 95+ -8.838*** (1.622) -0.299 (0.246)
HC exp. on GP care (x1000) 0.689 (1.487) 0.0217 (0.213)
HC exp. on hospital care (x1000) -0.420*** (0.0352) -0.00560 (0.00658)
Hospitalization in last 30days -18.68*** (1.353) 0.0949 (0.231)
Wealth 5-20k 2.702*** (0.945) 0.0374 (0.131)
Wealth 20-50k 1.979** (0.981) 0.0316 (0.136)
Wealth >50k -0.224 (0.974) 0.0338 (0.135)
Home ownership 0.675 (0.731) 0.00444 (0.0995)
ATC_A02 1.790** (0.742) 0.0434 (0.101)
ATC_A10 0.400 (0.833) -0.158 (0.116)
ATC_B01 -0.193 (0.776) -0.118 (0.107)
ATC_B03 -0.487 (0.950) 0.113 (0.133)
ATC_B05 1.053 (4.196) -0.294 (0.677)
ATC_C01 0.0436 (0.965) 0.275** (0.137)
ATC_C03 -1.142 (0.716) 0.0245 (0.101)
ATC_C07 0.371 (0.725) 0.201** (0.1000)
ATC_C08 0.115 (0.794) 0.175 (0.112)
ATC_G04 0.276 (1.027) -0.193 (0.143)
ATC_H02 1.032 (0.997) 0.255* (0.143)
ATC_J01 0.830 (0.719) -0.131 (0.0982)
ATC_L04 -4.280 (2.699) -0.231 (0.410)
ATC_M04 -2.796 (1.702) -0.165 (0.246)
ATC_N02 -1.779** (0.817) 0.0669 (0.116)
ATC_N03 -0.853 (1.305) -0.293 (0.190)
ATC_R03 -0.00518 (0.956) 0.153 (0.135)
ATC_V03 13.17** (5.509) 0.0198 (0.811)
Congestive heart failure -15.12*** (1.975) 0.0161 (0.336)
Peripheral vascular disease -13.02*** (4.141) 0.670 (0.798)
Stroke -31.57*** (0.914) -0.243 (0.183)
Dementia -29.59*** (6.834) 0.0349 (0.919)
Pulmonary disease -5.073* (2.609) -0.727* (0.420)
Connective tissue disorder 7.634 (11.26) 1.441 (1.757)
Peptic ulcer disease -26.75*** (6.227) -0.322 (1.117)
Liver disease 1.404 (15.38) -0.822 (2.271)
Diabetes -15.17*** (4.042) 0.714 (0.669)
Diabetes complications 8.027 (16.88) 0.383 (2.796)
Paraplegia -31.99*** (7.910) -2.076 (1.694)
Renal disease -10.48* (6.315) 1.593 (1.150)
Cancer -9.989*** (2.753) 0.316 (0.433)
Metastic cancer -14.83** (6.774) -1.398 (1.278)
Severe liver disease -20.77 (16.96) -1.685 (3.620)
Constant 82.87*** (3.163) 69.81*** (0.505)
Care profile fixed effects Yes Yes
Year fixed effects Yes Yes
Region fixed effects Yes Yes
Influenza dummy Yes Yes
F_test joint significance 37.82 1.317
p_value 0 0.0694
Observations 72762 72762

Standard errors between brackets. ∗∗∗ Statistically significantly different from
zero at 1 percent; ∗∗ at 5 percent; ∗ at 10 percent.
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Table E8: 2SLS results - Sensitivity tests

Including
incomplete
observa-
tions (e.g.
deaths)

Add
month-by-
year fixed
effects

Instrument definitions
Smaller re-
gions (mu-
nicipalities)

Narrower
time win-
dow (30
days before
and after
eligibility)

Change
time win-
dow to 92
days before
eligibility

Weighted
average
based on
inverse
distance
to other
eligible
individuals

(1) (2) (3) (4) (5) (6)
Panel A: Second stage result (outcome = urgent hospital use)
D̂elay (in
days)

0.00051*** 0.00045** 0.00054*** 0.00039** 0.00070*** 0.00060***

(0.00017) (0.00020) (0.00017) (0.00019) (0.00019) (0.00018)

Panel B: First stage result (endogenous var = delay in nursing home admission)
Instrument:
congestion

0.660*** 0.610*** 0.247*** 0.535*** 0.611*** 0.292***

(0.0195) (0.0291) (0.0111) (0.0252) (0.0278) (0.0138)

F-statistic 823 440 495 449 485 449
Observations 119,444 72,762 71,708 72,762 72,648 72,757
Urgent hos-
pitalisation
rate

0.2017 0.1588

Table reports first and second stage results of the main analyses with small corrections to analyse the robustness
of the main results. Column (1) includes all previously deleted individuals because they either died or moved out
of the nursing home within one year after eligibility. Column (2) includes month-by-year fixed effects in both
the first and second stage regression. Columns (3) to (6) tests how robust the main result is to changes in the
definition of the instrumental variable, namely using fluctuations in delays within smaller regions (i.e. municip-
alities), using a narrower time window of 30 instead of 46 days before and after the individual’s own eligibility,
replacing the time window to include other individuals who received eligibility just before the individual’s own
and calculating a weighted average of delays by distances from the individual’s place of residents to the other
individuals’ residents who have the same care profile and are eligible in the same region and period.
All first and second stage regressions include all covariates and care office region, year and care profile fixed

effects.
Sample sizes slightly deviate between the instrument specifications due to the omission of very small municip-

alities in Column (3), dropping observations who received eligibility on April 1 or 2 to construct an instrument
using data from January 1 2015 of all eligible individuals 92 days before in Column (5) or with missing detailed
address data.
Standard errors between brackets. ∗∗∗ Statistically significantly different from zero at 1 percent; ∗∗ at 5 percent;
∗ at 10 percent.
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Appendix Figures

Figure E1: Process from eligibility to the nursing home admission

(I) At
home, either

receiving
(in)formal
home care
or no care

(II) Request
eligibility to
receive care
in long-term

care act

(III) Eligibil-
ity assessment

(IV) Receives
eligibility

status,
including

type of care

(V.B)
Admitted

to a nursing
home directly

(V.A) Waits
at home

with formal
home care

(VI.A)
Admitted to a
nursing home
at some point
in the future

Notes: The Figure demonstrates the process of applying for an eligibility status up to the nursing home
admission. Eligibility can also be requested by a physician if one requires a nursing home admission after a
hospitalisation. The process of such an urgent admission slightly deviates from the process depicted in this
Figure in which the recipient may first receive care in a crisis facility.
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Figure E2: 31 care office regions (in Dutch: Zorgkantoorregio’s)

Notes: Figure shows the variation across 31 regions in the number of nursing home facilities in 2018 (left)
and the average delay among people with moderate dementia care needs (right). Data on the number of
facilities comes from TNO (2019) and average delays from own calculations.

Figure E3: Congestion and average individual delays

Notes: Figure shows the distribution of the instrument (i.e. nursing home congestion) and the non-parametric
relationship with individual delays (endogenous variable). The average delay for instrument level X is
removed if it was based on fewer than 50 observations
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Figure E4: First stage result by subgroup

Notes: Figure shows the first stage results for various sub-samples, composed using information on the
covariates. Predicted hospitalisation quintiles are constructed by estimating a linear regression of urgent
hospitalisations on all covariates, then predicting one’s probability to be hospitalised using the estimated
coefficients and subsequently dividing the sample into five quintiles from low to a high probability. The red
dots depict the first-stage coefficient of the instrument congestion in a regression on endogenous individual
delays as an outcome, with the 95 percent confidence intervals reported by the blue lines.
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Summary

Populations are increasingly growing older across the entire developed world. While
these ageing populations are partly a result of falling mortality rates at older ages,
indicating improvements in overall population health, they also raise questions about
the distribution of mortality improvements across socioeconomic groups. The recent
COVID-19 pandemic further amplified these concerns as it had a large sudden impact
on mortality, particularly affecting the old and poorer population. Beyond consider-
ations about mortality inequality, ageing populations bring challenges regarding the
sustainability of care provision for the growing oldest age groups. One of the central
policy questions is how access to high quality care for the increasing number of older
individuals can be ensured without exhausting the public budget or workforce. Enhan-
cing the efficiency of care for the older population may be a potential way to address
this issue. This thesis explores these areas by studying: i) income-related inequality in
mortality at older ages; and ii) efficiency in nursing home care.

Part I: Income-related inequality in mortality at older ages
Overall survival at older ages has been improving over the last decades. However,
some groups may have benefited more than others. For example, wealthier individu-
als may derive more advantages from medical advancements compared to those with
lower incomes, who encounter more financial barriers in accessing such medical care.
When individuals with higher incomes experience larger mortality improvements, it
exacerbates the existing mortality gap. Such widening disparities are undesirable and
reducing them has been a long-standing policy goal. Part I of this thesis offers insights
into the trends and potential drivers of mortality inequality by income, which are key
for designing strategies how to reduce them.

Chapter 2 of this thesis reveals diverging mortality inequality trends among the young
and the old in the Netherlands between 1996 and 2016. At younger ages, mortality
improvements – particularly those stemming from preventable or cardiovascular re-
lated causes of death – favoured individuals from poorer regions, thereby reducing
the disparities in mortality, at least at the regional level. In contrast, among the 65+,
mortality disparities by income increased. Notably, among 80+ women, the drop in
mortality within the wealthiest decile was 1.5 times as large as the drop in the poorest
decile. Whether these increasing inequalities at older ages can be attributed to avoid-
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able causes of death is not straightforward. However, rising death rates from prevent-
able causes among women explain part of the widening disparities. These findings
highlight the importance of considering older age-groups and the potential role of pre-
ventive health behaviour in explaining disparities by income.

Chapter 3 further considers the older population, using the recent COVID-19 pandemic
as a case to examine mortality inequalities by income. The pandemic constitutes a ma-
jor unexpected shock to mortality at older ages, leading overall mortality among the
65+ year population in 2020 to be, on average, 4 percent higher than expected based
on historic trends. While the pandemic affected the whole (older) population, cause-
attributed COVID-19 deaths were more concentrated among poorer groups. Yet, the
pandemic’s impact on overall mortality disparities was mitigated by a reduction in
deaths from other causes of death, which mainly occurred among poorer groups. This
suggests that the unequal distribution of cause-attributed COVID-19 deaths mainly
reflect pre-existing socioeconomic health disparities, as COVID-19 deaths likely dis-
placed deaths that might have otherwise been driven by other causes. Nonetheless, the
displacement of other causes was insufficient to prevent an overall increase in inequal-
ities, resulting in total mortality inequality in 2020 exceeding the expected levels based
on historic trends.

Part II: Efficiency in nursing home care
Ageing populations increase the demand for care services, continuing to rise (public)
care expenditures and the burden on the workforce. These concerns are particularly
acute in the nursing home sector due to it being expensive, labour intensive and mainly
provided to the older population. Optimising the provision and allocation of nursing
home care might mitigate the impact of increasing care needs on the public budget at
workforce. The second part of this thesis provides new insights into the efficiency of
provision and allocation of nursing home care by examining differences in outcomes
across nursing home providers and studying the consequences of waiting times.

The findings in Chapters 4 and 5 document substantial differences in health outcomes
across Dutch nursing homes. Even after adjusting for resident case-mix differences,
the mortality probability in the top 5 percent nursing homes is 7 percentage points
lower than that in the bottom 5 percent (Chapter 4). This difference extends to a 14
percentage points difference in the avoidable hospitalisation rate (Chapter 4) and a
10 percentage points difference in excess mortality during the COVID-19 pandemic
(Chapter 5). Using exogenous variation in the proximity to varying performance levels,
Chapter 4 shows that the variation in health outcomes across nursing homes is not
driven by selection bias. The considerable variation in (excess) mortality and avoidable
hospitalisations thus reflects large variability in the performance of nursing homes in
preventing adverse health outcomes. This suggests there is a scope for improving
outcomes, particularly among the lowest-performing providers.

The variation in resident outcomes before and during the COVID-19 pandemic is not
captured by quality indicators related to the organisational structure and care processes
of nursing homes. Chapters 4 and 5 reveal weak relationships between (excess) mor-
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tality and avoidable hospitalisation and various nursing home characteristics, including
staffing indicators, care processes and user-reported online ratings. The weak relation-
ships suggest that information on resident outcomes could serve as a useful comple-
ment to the publicly available information on nursing home characteristics. Adding
information on outcomes to quality frameworks would provide additional insights for
prospective residents or other users of quality information wishing to select a nursing
home with good outcomes.

Chapter 6 indicates that inefficiencies in the allocation of nursing home beds can cause
spillovers to the hospital sector. These spillovers can occur when individuals delay
their admission to a nursing home due to long waiting times. Such a delay increases
hospital utilisation: a one-month delay increases the probability to be urgently hospit-
alised by 1.4 percentage points (equivalent to 11 percent of the average urgent hospit-
alisation rate). The impact is primarily driven by individuals requiring dementia care,
can for more than 30 percent be attributed to falls and disappears as soon as one is
admitted to a nursing home. These findings suggest that timely access to a protective
environment, such as a nursing home facility, induces positive outcomes which spill
over to the healthcare sector. This implies that policies restricting access to nursing
homes have consequences for the broader healthcare system, which should be con-
sidered when evaluating the impact of such policies on budgets and societal welfare.
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Samenvatting

In de gehele ontwikkelde wereld worden mensen steeds ouder. Terwijl deze vergrijzing
deels het gevolg is van dalende sterftecijfers op oudere leeftijd, wat wijst op verbeterin-
gen in de algehele gezondheid van de bevolking, roepen ze ook vragen op over mo-
gelijk ongelijk verdeelde verbeteringen in sterfte over sociaaleconomische groepen.
De recente COVID-19 pandemie heeft deze zorgen verder versterkt, gezien de grote
plotselinge impact op de sterfte met name onder ouderen en de armere bevolking.
Naast overwegingen over ongelijkheid in sterfte brengt vergrijzing andere uitdagin-
gen met zich mee die betrekking hebben tot de houdbaarheid van zorgverlening voor de
groeiende oudste leeftijdsgroepen. Eén van de centrale beleidsvragen is hoe toegang tot
kwalitatief goede zorg voor het toenemende aantal ouderen gewaarborgd kan worden
zonder het publieke budget of personeel uit te putten. Het verbeteren van de efficiëntie
van zorg voor de oudere bevolking kan een mogelijke manier zijn om dit probleem aan
te pakken. Dit proefschrift verkent deze gebieden door te kijken naar: i) inkomensgere-
lateerde ongelijkheid in sterfte op oudere leeftijd; en ii) efficiëntie in verpleeghuiszorg.

Deel I: Inkomensgerelateerde ongelijkheid in sterfte op oudere leeftijd
Over het algemeen zijn de sterftecijfers op oudere leeftijd in de afgelopen decennia
flink verbeterd. Sommige groepen hebben echter mogelijk meer geprofiteerd dan an-
deren. Bijvoorbeeld, welgestelde individuen profiteren mogelijk meer van medische
vooruitgang in vergelijking met mensen met lagere inkomens, die relatief meer finan-
ciële barrières ondervinden bij het verkrijgen van (medische) zorg. Wanneer groepen
met hogere inkomens grotere verbeteringen in sterfte ervaren wordt de bestaande kloof
in sterfte verergerd. Dergelijke toenemende ongelijkheden zijn ongewenst en het ver-
minderen ervan is al jaren een beleidsdoel. Deel I van dit proefschrift biedt inzicht
in de trends en mogelijke drijfveren van ongelijkheid in sterfte naar inkomen. Deze
inzichten zijn essentieel zijn voor het bepalen van strategieën om deze ongelijkheden
te verminderen.

Hoofdstuk 2 in dit proefschrift onthult uiteenlopende trends in ongelijkheid in sterfte
tussen jongeren en ouderen in Nederland tussen 1996 en 2016. Op jongere leeftijd
waren sterfteverbeteringen - met name die voortkwamen uit vermijdbare of hart- en
vaatziekten gerelateerde doodsoorzaken - voordeliger voor personen uit armere regio’s,
waardoor de ongelijkheid in sterfte verminderden, althans op regionaal niveau. Daar-
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entegen nam onder de 65-plussers de ongelijkheid in sterfte naar inkomen toe. Onder
vrouwen van 80 jaar en ouder was de daling in sterfte binnen het rijkste deciel zelfs 1,5
keer zo groot als de daling in het armste deciel. Of deze toenemende ongelijkheden
op oudere leeftijd kunnen worden toegeschreven aan vermijdbare doodsoorzaken is
niet eenduidig, maar toenemende sterfte door vermijdbare oorzaken bij vrouwen lijkt
in ieder geval deels de groeiende ongelijkheden te verklaren. Deze bevindingen ben-
adrukken het belang van het overwegen van oudere leeftijdsgroepen en de potentiële
rol van preventief gezondheidsgedrag bij het verklaren van ongelijkheid in sterfte naar
inkomen.

In hoofdstuk 3 ligt de focus vervolgens verder op de oudere bevolking en wordt de
recente COVID-19 pandemie als casus gebruikt om ongelijkheid in sterfte naar inko-
men te onderzoeken. Deze pandemie vormt een grote onverwachte schok in sterfte
op oudere leeftijd, waarbij de algehele sterfte onder de 65-plussers in 2020 gemid-
deld 4 procent hoger lag dan verwacht op basis van historische trends. Hoewel de
pandemie de gehele (oudere) bevolking heeft getroffen, waren COVID-19 gerelat-
eerde sterfgevallen meer geconcentreerd onder armere groepen. Toch werd het ef-
fect van de pandemie op de algehele ongelijkheid in sterfte verzacht door een afname
van sterfgevallen door andere doodsoorzaken, die voornamelijk plaatsvond onder arm-
ere groepen. Dit suggereert dat de ongelijke verdeling van COVID-19 gerelateerde
sterfgevallen voornamelijk een weerspiegeling is van bestaande sociaaleconomische
gezondheidsverschillen, en dat COVID-19 gerelateerde sterfgevallen waarschijnlijk
sterfgevallen hebben verdrongen die zonder pandemie door andere oorzaken zouden
zijn veroorzaakt. De verdringing van andere oorzaken was echter onvoldoende om
een algehele toename in ongelijkheid te voorkomen, wat in 2020 resulteerde in een
totale ongelijkheid in sterfte die de verwachte niveaus op basis van historische trends
overschreed.

Deel II: Efficiëntie in de verpleeghuiszorg
De vergrijzende bevolking verhoogt de vraag naar zorgdiensten, waardoor (publieke)
uitgaven aan zorg blijven stijgen en de druk op de beroepsbevolking toeneemt. Deze
zorgen zijn met name acuut in de verpleeghuissector vanwege de hoge kosten en in-
tensieve arbeid die deze zorg vraagt en omdat deze voornamelijk wordt verleend aan
oudere cliënten. Het optimaliseren van de verstrekking en toewijzing van verplee-
ghuiszorg kan de impact van toenemende zorgbehoeften op het publieke budget en
de beroepsbevolking helpen verminderen. Het tweede deel van dit proefschrift biedt
nieuwe inzichten over de efficiëntie van de verstrekking en toewijzing van verplee-
ghuiszorg door verschillen in uitkomsten tussen verpleeghuizen te onderzoeken en de
gevolgen van wachttijden te bestuderen.

De bevindingen in hoofdstukken 4 en 5 tonen aanzienlijke verschillen aan in gezond-
heidsuitkomsten tussen Nederlandse verpleeghuizen. Zelfs na correctie voor verschil-
len in de case-mix van bewoners, is de kans op sterfte in de top 5 procent verplee-
ghuizen 7 procentpunten lager dan die in de onderste 5 procent (hoofdstuk 4). Het
verschil tussen de top en onderste 5 procent voor vermijdbare ziekenhuisopnames is
gelijk aan 14 procentpunten (hoofdstuk 4) en voor oversterfte tijdens de COVID-19
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pandemie gelijk aan 10 procentpunten (hoofdstuk 5). Met behulp van exogene variatie
in de nabijheid van verpleeghuizen met verschillende uitkomsten, laat hoofdstuk 4 zien
dat de variatie in gezondheidsuitkomsten tussen verpleeghuizen niet wordt veroorzaakt
door selectiebias. De aanzienlijke variatie in (over)sterfte en vermijdbare ziekenhuiso-
pnames weerspiegelt dus een grote variabiliteit in de prestaties van verpleeghuizen bij
het voorkomen van ongunstige gezondheidsresultaten. Dit suggereert dat er ruimte is
voor verbetering van deze uitkomsten, met name onder de slechtst presterende aan-
bieders.

De variatie in uitkomsten van bewoners voor en tijdens de COVID-19 pandemie wordt
niet volledig verklaard door kwaliteitsindicatoren gebaseerd op de organisatiestruc-
tuur en zorgprocessen van verpleeghuizen. Hoofdstukken 4 en 5 onthullen zwakke
relaties tussen (over)sterfte en vermijdbare ziekenhuisopnames en verschillende ken-
merken van verpleeghuizen, waaronder personeelsindicatoren, zorgprocessen en door
gebruikers gerapporteerde online beoordelingen. De zwakke relaties suggereren dat
informatie over bewonersuitkomsten een nuttige aanvulling kan zijn op de openbaar
beschikbare informatie over de kenmerken van verpleeghuizen. Het toevoegen van in-
formatie over uitkomsten aan kwaliteitskaders zou aanvullende inzichten bieden voor
toekomstige bewoners of andere gebruikers van kwaliteitsinformatie die een verplee-
ghuis met goede uitkomsten willen selecteren.

De bevindingen in hoofdstuk 6 laten zien dat inefficiënties in de toewijzing van ver-
pleeghuisbedden kunnen leiden tot negatieve gevolgen die overlopen naar de zieken-
huissector. Deze gevolgen kunnen optreden wanneer mensen hun opname in een ver-
pleeghuis uitstellen vanwege lange wachttijden. Een dergelijke vertraging van een op-
name verhoogt het ziekenhuisgebruik: een vertraging van één maand verhoogt de kans
op een urgente ziekenhuisopname met 1,4 procentpunten (gelijk aan 11 procent van
het gemiddelde urgente ziekenhuisopnamepercentage). Het effect wordt voornamelijk
veroorzaakt door personen die dementiezorg nodig hebben. Daarnaast kan meer dan
30 procent worden toegeschreven aan ziekenhuisopnames na een val en verdwijnt het
negatieve effect van de vertraging zodra iemand wordt opgenomen in een verplee-
ghuis. Deze bevindingen suggereren dat tijdige toegang tot een beschermende omgev-
ing, zoals een verpleeghuis, positieve resultaten teweegbrengt die doorstromen naar de
bredere gezondheidszorgsector. Dit impliceert dat beleidsmaatregelen die de toegang
tot verpleeghuizen beperken, gevolgen hebben voor het bredere gezondheidszorgsys-
teem. Deze gevolgen zullen in overweging genomen moeten worden bij het evalueren
van de invloed van dergelijke beleidsmaatregelen op budgetten en maatschappelijk
welzijn.
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